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Abstract

Saudi Arabia’s expanding rehabilitation of historic places requires decision tools that con-
nect monitored performance with conservation priorities and carbon consequences. This
study develops a carbon-aware heritage decision twin for a traditional mud-brick dwelling
in Ushaiger using indoor–outdoor monitoring from September 2025 to September 2026.
Quality control yielded 10,757 unique paired records, including 10,755 observations on a
17,109-step half-hour grid. A hybrid piecewise cubic Hermite interpolating polynomial
(PCHIP)–Extreme Gradient Boosting (XGBoost 3.4.1) reconstruction was tested with artifi-
cial gaps of 7–61 days; the mean indoor-temperature mean absolute error (MAE) increased
from 0.93 to 1.35 ◦C across these gap lengths. XGBoost with SHapley Additive exPlanations
(SHAP 0.52.0) associated indoor temperature with accumulated outdoor forcing, with 3
and 24 h means receiving the largest contributions in the revised model. Non-dominated
Sorting Genetic Algorithm II (NSGA-II) optimization at a fixed effective ventilation cou-
pling reduced degree-hours above 35 ◦C by 2.62%; a joint coupling–persistence sensitivity
produced 0.62–6.91% under the tested assumptions. Of 124 hot days, 45 entered the
operational-ventilation class, 35 the combined or alternative reversible-measure classes,
and 44 escalation review. Threshold and reconstruction-error tests showed that these counts
remain scenario dependent. A screening life-cycle assessment (LCA) resulted in 9.7–29.1 kg
carbon dioxide equivalent (CO2e) for assisted ventilation versus 242.6–727.7 kg CO2e for
localized cooling within a fixed 588 h comparison window. The framework combines
evidence confidence, explainable artificial intelligence (AI), passive-cooling opportunity,
life-cycle carbon, and heritage compatibility to prioritize the least intrusive adequate action.
The framework is presented as a single-building proof of concept; its decision architecture
may support future multi-building applications, but its numerical thresholds and interven-
tion rules require validation across additional Saudi heritage buildings, climatic contexts,
and monitoring locations before portfolio-scale deployment.

Keywords: Ushaiger; earthen heritage; Saudi Arabia; digital twin; decision support; AI;
XGBoost; SHAP; multi-objective optimization; LCA; embodied carbon; operational carbon;
minimum intervention; adaptive reuse

1. Introduction
Saudi Arabia’s heritage agenda is moving from preservation as an isolated conser-

vation activity toward a broader model of rehabilitation, public access, adaptive reuse,
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tourism, and living cultural heritage. Vision 2030 reporting emphasizes expanded restora-
tion, documentation, and accessibility of historic places, while Heritage Commission
program materials frame rehabilitation around cultural values, structural condition, com-
patibility of contemporary use, and the principle of adding or removing as little as possi-
ble [1,2]. The existence of a dedicated Saudi Historical Building Code (SBC 902) further
reinforces that intervention decisions must be compatible with a specific regulatory context
rather than treated as ordinary building retrofits [3].

This national context creates a decision problem. Earthen heritage buildings in cen-
tral Saudi Arabia are culturally significant and inherently climate responsive, but their
thermal behavior changes with season, building condition, opening state, solar exposure,
and accumulated heat. Traditional Najdi settlements use thick mud-brick walls, compact
morphology, shaded passages, courtyards, and controlled openings to moderate severe
solar loads and large diurnal temperature swings [4–8]. Ushaiger Heritage Village is partic-
ularly relevant because restored and deteriorated dwellings coexist with active tourism,
agricultural land, palm vegetation, open ground, and a wadi-edge microclimatic context [9].

Thermal mass can attenuate daytime extremes and improve passive survivability, but
the same stored heat can delay nighttime recovery [10–14]. Consequently, a conservation
manager needs more than an annual mean temperature or a comfort plot. The practical
questions are sequential: Is the observed state reliable enough to act on? Is the building
experiencing beneficial heat retention, ordinary hot conditions, or severe heat accumulation?
Is cooler night air available? Can the problem be addressed through operation alone, or
should a reversible intervention be tested? At what point should a case be escalated for
detailed engineering and authority review?

Current research does not fully answer this sequence. Saudi studies have developed
valuable frameworks for sustainable reuse and periodic evaluation of heritage buildings,
including Ushaiger and Historic Jeddah [9,15,16]. Ushaiger also has a site-specific LCA
benchmark comparing mud, limestone, decorative plaster, blended hydraulic cement,
and ready-mix concrete for restoration [17]. This is an important local evidence base,
but it is a material- and project-level assessment rather than a time-resolved operating
rule. International research has separately demonstrated digital-twin thermal decision
support [18], multi-criteria post-reuse evaluation [19], machine learning (ML)-assisted
multi-objective retrofit optimization [20], and heritage-specific extensions of LCA that
warn against treating cultural significance as an ordinary environmental metric [21]. In
the reviewed literature, the missing link is, therefore, more specific than an absence of
either AI or LCA: an operational framework is not yet evident that connects uncertain
field evidence and state-dependent thermal need to the marginal life-cycle carbon of the
least intrusive available action while keeping cultural significance and regulatory approval
outside the optimizer.

A previous Ushaiger pilot linked monitoring, computer-aided design (CAD) documen-
tation, simplified simulation, and digital-twin concepts [22]. The present work advances
that pilot in six connected steps. First, extended monitoring gaps are reconstructed with
quantified error while retaining a measured/reconstructed flag. Second, explainable AI
identifies the thermal-memory variables governing the indoor response. Third, unsu-
pervised learning converts the annual sequence into recurrent thermal states. Fourth,
multi-objective optimization tests the conditional benefit and limitation of night ventila-
tion. Fifth, these outputs are translated into a Saudi heritage action matrix that prioritizes
monitoring, operational control, reversible interventions, and escalation review. Sixth, a
screening-LCA gate compares the marginal product-stage modules A1–A3 and operational-
energy module B6 burden of escalating actions using Ushaiger-specific material evidence
and Saudi grid-carbon scenarios.
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The novelty, therefore, lies less in applying AI or LCA as isolated tools and more in
integrating evidence confidence, thermal-state diagnosis, cooling opportunity, marginal
life-cycle carbon, and minimum-intervention action within one decision process. The
carbon gate is deliberately subordinate to significance and safety: it asks which technically
acceptable action carries the lowest additional carbon burden, but it never treats a material
with low global warming potential (GWP) as permission to alter culturally significant
fabric. This formulation also makes uncertainty part of the conservation decision itself:
reconstructed periods can support seasonal planning and reversible trials, but they cannot
independently justify fabric-altering action.

The study addresses the following seven research questions:

RQ1: Can extended monitoring gaps be reconstructed with quantified error rather than
hidden by ordinary interpolation?
RQ2: How do linear and nonlinear data-driven models compare under seasonally blocked
indoor-temperature validation?
RQ3: Which climatic and temporal variables dominate the learned indoor response?
RQ4: Can unsupervised learning reveal distinct thermal operating regimes that annual
averages obscure?
RQ5: What trade-off between high-temperature exposure and intervention burden emerges
when adaptive night ventilation is optimized?
RQ6: How can these outputs be translated into an evidence-gated, minimum-intervention
decision framework relevant to heritage-building management in Saudi Arabia?
RQ7: How does marginal life-cycle carbon change the escalation hierarchy among opera-
tional, reversible, localized active, and fabric-based interventions?

2. Background and Research Gap
2.1. Thermal Performance of Earthen Buildings

Earthen construction moderates heat through a combination of thermal storage, de-
layed heat transfer, moisture exchange, and interaction with ventilation and solar exposure.
Reviews of monitored earthen buildings show that wall thickness, moisture state, finishes,
roof construction, openings, and climatic boundary conditions can change the apparent
benefit of thermal mass substantially [10,23]. Hot-climate studies likewise show that large
thermal inertia can attenuate daytime peaks without guaranteeing acceptable indoor con-
ditions during prolonged heat events [11,12,14]. Recent two-year monitoring of historic
adobe structures confirms the value of time lag and decrement factor as physical indicators
rather than relying on mean temperature alone [24].

For Najdi heritage, the evidence base remains much thinner. Traditional dwellings
combine thick mud-brick walls, compact urban form, courtyards, shaded circulation, and
controlled openings, but their present-day condition introduces cracks, missing doors,
roof damage, uncontrolled airflow, and changed occupancy [4–7]. The earlier Ushaiger
pilot established short-term monitored evidence and a digital-twin feasibility workflow
but explicitly lacked a seasonal record capable of testing whether the observed buffering
persists across winter, transition, and extreme-summer conditions [22]. The first gap is,
therefore, not a lack of knowledge that adobe has thermal mass; it is a lack of long-duration,
state-resolved evidence for deteriorated Najdi buildings that distinguishes mean offset,
amplitude attenuation, time lag, and nighttime heat release.

Beyond wall mass alone, the environmental performance of earthen heritage should be
interpreted as the result of a coupled material–architectural–microclimatic system. Studies
of adobe, cob, rammed earth, and other earth-based constructions show that thermal inertia,
moisture exchange, and low-impact material cycles can provide important environmental
benefits, but their effectiveness remains strongly dependent on material composition, mois-

https://doi.org/10.3390/buildings16204130

https://doi.org/10.3390/buildings16204130


Buildings 2026, 16, 4130 4 of 42

ture state, ventilation, shading, and climatic exposure [25–29]. Courtyard configuration,
shaded circulation and controlled natural ventilation further influence heat dissipation
and indoor environmental conditions in hot climates, including Saudi and wider regional
heritage contexts [30–33]. From a conservation and adaptive-reuse perspective, these
environmental mechanisms should be considered together with material compatibility,
minimum intervention and cultural continuity, favoring compatible repair, roof and en-
velope maintenance, reversible shading and controlled openings before more intrusive
measures are introduced [15,34,35]. In Ushaiger, this broader perspective is particularly
relevant at the agricultural and wadi edge, where vegetation, irrigation, exposed ground,
soil moisture and local airflow may modify the boundary conditions affecting heat and
moisture exchange; however, because these landscape drivers were not independently
measured in the present campaign, they are treated as contextual microclimatic influences
rather than demonstrated causal effects.

2.2. Monitoring Continuity and Data Reconstruction

Continuous heritage monitoring is difficult because sensors operate in buildings with
restricted access, weak infrastructure, maintenance interruptions, and changing exposure.
Building ML reviews increasingly identify preprocessing, missing-value treatment, tempo-
ral feature engineering, and validation design as determinants of model reliability rather
than minor technical details [36]. This is especially important for long gaps: ordinary
linear interpolation can create visually complete records while understating uncertainty
and suppressing real seasonal structure.

The methodological gap is consequently one of evidence provenance. Building-AI
studies commonly emphasize predictive accuracy on available records, whereas conserva-
tion decisions also require knowing whether each state is directly measured, reconstructed,
or counterfactual. The present study addresses this by retaining a measured/reconstructed
flag, validating reconstruction with deliberately withheld seasonal blocks, and prevent-
ing reconstructed evidence from independently triggering fabric-altering action. This
treatment aligns data quality with decision authority rather than treating imputation as
invisible preprocessing.

2.3. Heritage Digital Twins

Digital twins in heritage are moving beyond static building information modeling
(BIM)-based heritage documentation toward sensor integration, predictive diagnostics,
maintenance, and operational decision support. Systematic reviews, nevertheless, describe
the field as immature, constrained by sparse empirical data, heterogeneous data capture,
multi-source integration, incomplete validation, and limited performance-based manage-
ment logic [37,38]. Earlier scan-to-model studies establish an important geometric evidence
layer. Rolfsen et al. compared 3D laser-scanning data with BIM reference geometry for
dimensional quality assurance, demonstrating how model-to-reality verification can expose
deviations in the as-built state [39]. In a directly heritage-specific context, Shabani et al.
combined expert preliminary survey with 3D laser scanning of historic timber log houses to
document geometry, structural details, condition, and vulnerability-relevant evidence [40].
A recent heritage digital-twin case has further shown that sensed data and simulation can
guide thermal interventions while preserving building fabric [18].

International applications to earthen heritage provide further relevant precedents.
Puertas et al. developed a preventive-conservation Digital Twin for the rammed-earth
Tower of Muhammad at the Alhambra in Granada [41], combining continuous monitoring,
architectural inspections, nondestructive testing, numerical modeling, and data fusion.
Similarly, Wang and Li established a dynamic Digital Twin for the rammed-earth Great Wall
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in China [42], integrating point-cloud-derived deterioration indicators into a monitoring–
assessment–warning framework for preventive conservation. These studies show the
growing use of Digital Twin methods for earthen heritage in different geographical contexts,
although they primarily emphasize structural condition and deterioration monitoring
rather than the integrated thermal, operational, carbon, and minimum-intervention decision
process developed in the present study. Together, these studies establish credible geometric,
condition, and sensing foundations, while the reviewed heritage digital-twin literature still
reports limited integration of longitudinal performance evidence with explicit intervention-
level decision logic [37,38].

Building digital-twin research outside heritage provides stronger evidence that in-
tegrated sensing, BIM, probabilistic models, and ML can support operational decisions
rather than visualization alone. Hosamo et al. demonstrated a digital-twin approach that
linked BIM, real-time building data, occupant feedback, and predictive maintenance to
decision-making for indoor performance [43]. That capability is transferable conceptually,
but heritage adds constraints that ordinary facility management does not: authenticity,
reversibility, minimum intervention, structural fragility, and authority review. The second
major gap is, therefore, a lack of an uncertainty-aware heritage twin that converts environ-
mental evidence into an explicit level of intervention, not merely a predicted temperature
or an optimized set-point.

Parallel developments in monitored simulation and data-driven operational control
further demonstrate how high-resolution environmental data can support predictive as-
sessment and scenario testing. Data-driven ventilation and indoor-climate analysis have
shown the potential of monitored environmental information to inform operational build-
ing decisions [44]. Similarly, monitored IDA ICE and dynamic building-modeling studies
demonstrate the importance of reliable boundary conditions, calibration and scenario defi-
nition when evaluating indoor climate, retrofit performance and overheating risk [45–48].
For heritage applications, these precedents support using simulation as a subsequent val-
idation and scenario-testing layer rather than as a replacement for measured evidence,
particularly where conservation decisions depend on distinguishing directly observed
conditions from reconstructed or counterfactual states.

2.4. Explainable AI and Optimization

ML and multi-objective optimization are increasingly combined to reduce the com-
putational burden of retrofit exploration. Recent historic-building work integrates inter-
pretable ML with multi-objective optimization across energy, cost, carbon, and comfort [20].
More generally, uncertainty-aware retrofit optimization now combines measured-data
calibration, NSGA-II, XGBoost surrogates, and SHAP interpretation [49]. These studies
demonstrate that explainability and Pareto analysis can make complex retrofit trade-offs
more transparent.

The cited optimization studies remain dominated by conventional building-performance
objectives, such as energy, cost, carbon, and comfort [20,49]. They do not explicitly test
whether the same thermal service can be achieved through operation before equipment,
through a reversible measure before fabric alteration, or whether reconstructed evidence
is strong enough to justify escalation. Natural-ventilation research also confirms that
performance depends strongly on timing, temperature difference, opening configuration,
wind, and climatic context [50,51]. The optimization gap addressed here is, therefore,
narrower and more conservation-specific: optimize the least intrusive feasible thermal
response while treating heritage intervention burden and evidence confidence as decision
constraints rather than as ordinary weighted objectives.
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2.5. Saudi Heritage Decision Frameworks

Saudi heritage governance already supplies important normative boundary conditions.
Heritage Commission program materials emphasize cultural-value identification, structural
assessment, compatible use, conservation principles, and minimum intervention, while
the Saudi Historical Building Code creates a dedicated regulatory context for historic
structures [2,3]. Research on Historic Jeddah similarly calls for recurring assessment across
function, fabric, safety, legal, economic, and heritage dimensions [16]. Ushaiger studies
show that successful reuse depends on cultural, environmental, social, and economic
performance together [9,15].

The reviewed Saudi heritage sources do not provide a quantitative daily operating
rule between those principles and monitored thermal evidence [2,9,15,16]. A heritage
manager can accept the principle of minimum intervention yet still lack a defensible
trigger for moving from monitoring to opening control, reversible shading, use scheduling,
localized cooling, or detailed retrofit design. Multi-criteria heritage methods can rank
alternatives [19], but they are normally applied at project appraisal rather than updated
from a continuous environmental state. The Saudi decision gap is, thus, an evidence-to-
action translation problem: how to make routine monitoring informative enough for triage
without allowing an algorithm to override cultural significance or regulatory review.

2.6. Life-Cycle Carbon in Heritage Interventions

The carbon evidence is also fragmented. Ushaiger already has a site-specific LCA
comparing mud, limestone, decorative plaster, blended hydraulic cement, and ready-mix
concrete for restoration using an 80 m2 external-wall functional unit (FU) [17]. Saudi
building LCA studies show that electricity-intensive operation can dominate life-cycle
impacts in cooling-dependent buildings [52]. At the same time, heritage-LCA research
warns that conventional environmental indicators do not capture authenticity, cultural
significance, traditional-material specificity, or restoration logic adequately [21]. Green-
heritage scholarship, therefore, places minimal intervention and prevention alongside
environmental assessment rather than beneath it [53].

A further issue is temporal uncertainty. Hosamo et al. show that dynamic building
LCA is affected by scenario, parameter, technology, operational, and future-grid uncer-
tainties and argue for closer integration of BIM, monitoring, Internet of Things sensing,
and predictive analytics in LCA [54]. That observation is directly relevant here because the
carbon consequence of a thermal decision depends on when, how often, and for how many
years an intervention operates. Across the reviewed LCA and heritage-decision literature,
the unresolved gap is, therefore, not the absence of an LCA number; it is the lack of a rule
that activates embodied- or operational-carbon comparison only after a thermal need has
been verified and then asks whether the additional carbon is proportionate to the required
heritage service [17,21,54].

2.7. Research Gap and Contribution

The literature, therefore, contains strong components but weak integration. Table 1
summarizes how the principal evidence streams lead to the seven research questions and
clarifies what this study adds before introducing the methodological workflow.

Taken together, the research gap is a missing carbon-aware evidence-to-action bridge
for Saudi earthen heritage. The contribution is an integrated decision architecture that
combines the following:

1. Provenance-aware monitoring and reconstruction uncertainty;
2. Explainable AI thermal diagnosis;
3. State-dependent passive-cooling opportunity;
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4. Multi-objective testing of a reversible operational strategy;
5. Marginal life-cycle carbon of escalation;
6. A minimum-intervention hierarchy in which significance, safety, compatibility, and

regulatory review remain hard constraints.

Table 1. Literature-supported research gaps and this study’s corresponding contribution.

Evidence Stream What Is Established Remaining Gap Response in This Study

Earthen thermal
performance

Thermal mass, time lag and
attenuation are climate and
condition dependent [10,24]

Limited annual,
state-resolved evidence for

deteriorated Najdi dwellings

Seasonal monitoring
metrics and

thermal-regime analysis

Monitoring and ML
data quality

Missing-data treatment and
preprocessing materially affect

model robustness [36]

Long gaps are often filled
without carrying uncertainty

into the decision

Blind-tested reconstruction
with

measured/reconstructed
provenance

Digital twins

BIM and laser scanning
support geometric verification
and heritage documentation,
while sensor-connected twins

support prediction and
building decisions [37–40,43]

Heritage twins rarely
translate multi-source

evidence into an
intervention level

Evidence-gated decision
twin with explicit
escalation states

Explainable
optimization

SHAP and Pareto methods
expose performance trade-offs

[20,49]

Heritage intervention
intensity and evidence
confidence are usually
outside the objective

structure

Explainable thermal
surrogate plus

minimum-intervention
NSGA-II screening

Saudi heritage
management

Minimum intervention,
compatibility and recurring
assessment are established

principles [2,16]

Reviewed sources do not
provide a quantitative daily
operating rule linking sensor
evidence to those principles

Saudi heritage action
matrix for monitoring,
reversible action and

escalation

Life-cycle carbon
Local Ushaiger material LCA
and Saudi operational-carbon

evidence exist [17,52]

Carbon is not linked to
state-dependent thermal

need and may conflict with
cultural value

Marginal A1–A3/B6
carbon gate subordinate to

heritage compatibility

Dynamic LCA and
uncertainty

Time, technology and scenario
assumptions can change
building LCA results [54]

Static carbon comparisons
do not reflect repeated

seasonal control decisions

588 h seasonal and 20-year
carbon sensitivity linked to

the action ladder

The framework is a research decision-support layer rather than an official Heritage
Commission or Saudi Building Code procedure.

3. Materials and Methods
3.1. Case Study and Digital Representation

The case study is a traditional mud-brick dwelling in Ushaiger Heritage Village,
located close to the interface between compact settlement fabric, cultivated land, and
the wadi system. At the time of monitoring, the dwelling was abandoned and partially
deteriorated, with damaged or missing envelope elements and no regular occupant use.
Consequently, no controlled opening schedule or occupancy pattern was available for
direct logging; airflow through existing openings and envelope discontinuities, therefore,
remained an uncontrolled boundary condition.

Figure 1 shows the location and ground-floor configuration, while Figure 2 links the
architectural plan to the indoor and outdoor monitoring positions. The supplied 3D CAD
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model, shown in Figure 3, provides the geometric layer of the digital representation. Its role
as an evidence-organizing reference is conceptually consistent with scan/BIM verification
workflows and heritage preliminary-survey practice, where geometric models support
comparison, condition documentation, and subsequent assessment [39,40]. In the present
study, this geometry is used to organize sensors, envelope zones, and future conservation
scenarios; the new AI results are derived from the measured environmental record rather
than from an uncalibrated physics-based simulation.

Figure 1. Location of the monitored wadi-edge dwelling and ground-floor spatial configuration
derived from the architectural documentation. (a) View of the site; (b) Plan of the building.

Figure 2. Ground-floor monitoring layout and field photographs of the sensor locations. (a) External
sensor location; (b) Internal sensor location.

 
View 1. View 2. 

Figure 3. CAD-based 3D representation of the monitored dwelling. The geometry forms the spatial
layer for the data-driven digital-twin workflow.
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3.2. Monitoring and Data Quality

The monitoring platform follows the instrumental configuration reported for the pre-
vious Ushaiger campaign [22]. Indoor variables include air temperature, relative humidity
(RH), carbon dioxide (CO2), barometric pressure, and noise, while the outdoor module
records air temperature and RH. The supplied exports have a nominal 30 min cadence. The
consumer-grade sensor accuracy is approximately ±0.3 ◦C for temperature and ±3 percent-
age points for RH; the results are, therefore, interpreted primarily through repeated patterns,
indoor–outdoor contrasts, and seasonal behavior rather than reference-grade metrology.

Six source files cover 10 September 2025 to 1 September 2026. A row was retained
for paired environmental analysis when indoor temperature, outdoor temperature, indoor
RH, outdoor RH, and indoor CO2 were numeric. Sixty overlapping timestamps were
removed, leaving 10,757 unique valid rows. Two isolated bridge records occurred on the
hour rather than at 15/45; they were retained in the descriptive audit but excluded from
the regular-grid reconstruction. The reconstruction grid, therefore, contains 17,109 30 min
timestamps, of which 10,755 are measured, and 6354 require reconstruction. The resulting
measured-data coverage and the two principal interruptions are shown in Figure 4.

 
Figure 4. Measured daily paired-data availability before reconstruction. The two major interruptions
are visible from mid-February to late March and from late May to late July 2026.

The deterministic analysis of the supplied exports is specified through implementation
settings, withheld dates, daily classifications, and optimization outputs in Appendix B.
Duplicate timestamps are resolved by retaining the first valid record in the ordered source
files. The two off-grid bridge observations remain available for descriptive auditing but do
not enter regular-grid models.

For supplementary climatic sensitivity analysis, hourly Open-Meteo regional climate
data were supplied for the Ushaiger location over the monitoring period [55]. The external
dataset included shortwave solar radiation, 10 m wind speed, and 10 m wind direction.
These variables were used only as regional boundary-condition indicators and were not
treated as direct site measurements because the regional data cannot resolve building-scale
shading, courtyard airflow, vegetation, or opening conditions.

3.3. Hybrid Data Reconstruction

Long gaps were reconstructed as a slow daily component plus a learned diurnal
residual. For indoor temperature, outdoor temperature, indoor RH, and outdoor RH, daily
means were calculated from days containing at least 12 valid paired half-hour observations.
PCHIP interpolates these daily anchors and is evaluated at calendar-day midnight; the
resulting backbone value is applied to all timestamps in that day. This explicit convention
avoids ambiguity about sub-daily evaluation of the seasonal trend.
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The sub-daily residual rt = yt − ȳd was then learned with XGBoost [56] using cyclic
hour-of-day and day-of-year features and their first-order interactions. The completed
value is

ŷt = ȳd + r̂t.

Measured values always replace modeled values where observations exist, so re-
construction does not modify the original record. Each timestamp also carries a mea-
sured/reconstructed flag. Because the PCHIP backbone uses observed daily states on
both sides of each interruption, the procedure is a retrospective annual reconstruction for
analysis and planning rather than an online forecasting algorithm. A live decision twin
would require causal filtering or forward prediction that only uses information available
up to the decision time.

The residual XGBoost models use 300 trees, a maximum depth of 3, a learning rate
of 0.04, a subsample of 0.9, full feature sampling, an L2 regularization of 1, histogram
tree construction, and a random seed of 2026. The predictors are sine/cosine hour and
day-of-year terms and their four pairwise hour–year interactions. The residual training
targets subtract the observed mean of the same calendar day. The reconstructed RH is
bounded to 0–100%; the measured values are retained exactly.

Gap-length sensitivity was evaluated with 7-, 14-, 28-, 42-, and 61-day artificial in-
terruptions. Six eligible windows per length were selected deterministically across the
available dates; each had at least 75% paired observations and at least 12 measured records
on every day before masking. All four variables were removed throughout each test win-
dow, and both the backbone and residual models were refitted from the remaining record.
Errors are scored only against withheld measurements. Some long windows overlap, so
they are stress tests rather than independent replicates. The eligible 28–61-day windows
fall in October–February; the data do not permit an equally long measured summer test.
Appendix B reports dates, coverage, and error by gap length.

3.4. Explainable Temperature Modeling

A separate indoor-temperature surrogate was fitted for interpretation. Its predictors
are measured outdoor temperature and RH, trailing 3, 6, 12, and 24 h outdoor-temperature
means, the trailing 24 h temperature range, and sine/cosine annual and diurnal terms. A
row is eligible only when the target is measured, and every outdoor rolling window is
complete with measured values; 8314 rows satisfy this rule. No indoor-temperature lag
or reconstructed predictor is included. The retrospective blocked tests may use training
records before and after a withheld week and are not forward-forecast tests.

Ridge regression, random forest, and XGBoost were evaluated on identical seven-day
blocks starting on 20 September, 5 November, and 15 December 2025 and 15 January and
10 August 2026. Ridge uses standardized features and a regularization of 10. Random
forest uses 300 trees, a maximum depth of 12, and a minimum leaf size of 5. XGBoost
uses the reconstruction settings with 500 trees. SHAP is evaluated for all 8314 eligible
measured targets using tree-path-dependent attribution [57]. Equal-season samples of 300,
900, and 2000 observations were drawn without replacement 30 times per size to test the
rank stability. A separate SHAP summary uses the 1830 eligible measured observations
above 35 ◦C. No June target is measured, so sampling cannot create June evidence.

3.5. Thermal Regime Identification

Seven standardized daily variables were clustered: mean indoor and outdoor tem-
perature, their mean difference, indoor and outdoor diurnal amplitudes, and indoor and
outdoor absolute humidity. Candidate cluster counts k = 2–6 were compared with inertia,
silhouette score, and the Davies–Bouldin index. Each fit uses 25 k-means initializations.
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Stability was assessed with 20 additional seeds and 20 bootstrap resamples; bootstrap-fitted
models predict labels for all original days, which are compared with the reference labels
using the adjusted Rand index (ARI). The four-cluster solution is retained as an operational
partition, while the statistical preference for a simpler solution is reported explicitly. Cluster
names are assigned from centroid temperatures and offsets after fitting. These clusters and
the A–D decision quadrants are separate classifications.

3.6. Multi-Objective Ventilation Optimization

The optimization stage tests a virtual, reversible night-ventilation intervention from
1 May to 1 September 2026. It is a counterfactual digital-twin scenario rather than a
claim that the monitored building was operated according to the optimized schedule.
The measured/reconstructed indoor series provides the no-intervention baseline, Tb(t). A
cooling-deviation state, δt, represents the incremental effect of a controlled opening strategy:

Tcf,t = Tb,t + δt,

δt+1 =

⎧⎨⎩ρδt + η(Tout,t − Tcf,t), ventilation active,

ρδt, otherwise,

where ρ = 0.865 is the previously reported reference half-hour persistence of residual indoor
thermal deviations, and η is an effective coupling parameter rather than a directly measured
air-change rate. Ventilation is permitted only within the candidate night window, when the
outdoor air is cooler than the current counterfactual indoor state by at least the optimized
trigger, ∆Ttr, the outdoor RH is below 70%, and the outdoor absolute humidity does not
exceed the indoor absolute humidity by more than 2 g m−3.

The effective coupling is a scenario assumption: values of 0.02–0.10 represent a cor-
rection of 2–10% of the instantaneous indoor–outdoor temperature difference per active
half-hour step. They are not measured airflow rates or experimentally calibrated bounds. In
an isolated first-order relaxation interpretation, this fraction corresponds to approximately
24.7–4.7 h e-folding times, but the full counterfactual also includes residual persistence.
The reference values are η = 0.061 and ρ = 0.865. A joint grid tests η = 0.02, 0.03, 0.05,
0.061, 0.07, 0.09, and 0.10 against ρ = 0.75, 0.80, 0.865, 0.90, and 0.95; physical calibration
remains necessary.

Three schedule variables are optimized: start hour (17:00–23:00, 0.5 h resolution), avail-
able duration (4–12 h, 0.5 h resolution), and cooling trigger (0.5–5.0 ◦C, 0.1-◦C resolution).
Effective coupling is fixed within each run. The two objectives are degree-hours above the
screening temperature and active ventilation hours. Removing η from the burden objective
prevents the same parameter from simultaneously defining physical efficacy and interven-
tion cost. Active hours are an operating-effort proxy, not a quantified impact on heritage
fabric. The reference run uses η = 0.061, with separate reoptimized runs at 0.03 and 0.09. The
35 ◦C threshold is a case-specific high-temperature exposure screen, not a formal comfort
limit. A formal thermal-comfort model was not applied because the monitored dwelling
was abandoned during the campaign and, therefore, had no stable occupant population, oc-
cupancy schedule, clothing level, metabolic activity, or subjective thermal-response data. In
addition, the available monitoring did not include all environmental variables required for
a robust PMV-type assessment, particularly local air speed and mean radiant temperature.
The 35 ◦C metric is, therefore, used only as a first-stage heat-exposure screening indicator
to identify periods requiring further assessment; it should not be interpreted as defining
human thermal acceptability. For future occupied or tourism-related reuse, complement
the screening layer with an adaptive-comfort assessment and field-based thermal-sensation
feedback collected under actual patterns of use.
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NSGA-II uses a population of 100 for 200 generations, simulated binary crossover
probability of 0.9, distribution index of 15, polynomial mutation probability of 1 per
individual, 1/3 per variable, and a distribution index of 20 [58]. Random seeds 2026–2030
are tested; duplicate genotypes are removed. Candidate schedules are rounded to the
declared search resolutions before evaluation. Cooling generated at step t affects step t + 1,
with zero initial deviation. The knee minimizes Euclidean distance to the ideal pair after
each objective is normalized by its non-dominated-set range. Convergence is assessed
using normalized hypervolume with reference point (1.05, 1.05). An exhaustive check
evaluates all 10,166 schedules on the declared grid. The temperature screen is also varied
to 30, 32, 37, and 40 ◦C, with schedule reoptimization at each value.

3.7. Heritage Decision-Support Framework

The final analytical layer translates the digital-twin outputs into a conservation screen-
ing decision. Figure 5 organizes this layer into three linked parts: non-negotiable core crite-
ria, five sequential decision gates, and a five-level intervention-maturity ladder. Heritage
significance, structural condition, minimum intervention and reversibility, SBC 902/au-
thority review, and grid/LCA context constrain every decision before analytical outputs
are allowed to trigger escalation. Table 2 shows how these Saudi heritage principles are
converted into computational rules. The framework deliberately separates thermal need
from permission to intervene: a severe thermal state can justify escalation for investigation,
but it does not automatically justify alteration of significant fabric.

Figure 5. Carbon-aware Saudi heritage decision-support layer proposed in this study. Non-negotiable
heritage and safety criteria constrain five sequential evidence, thermal, opportunity, use-context, and
carbon gates; the resulting maturity ladder escalates from monitoring to operational control, reversible
additions, localized services, and finally fabric review. The green upper layer shows the core criteria
that guide all decisions. The blue middle layer shows the five decision gates: evidence, thermal
assessment, opportunity, use context, and carbon. The orange lower layer shows the intervention
levels, progressing from monitoring to operational control, reversible additions, localized services,
and, finally, fabric review. The colors, therefore, separate conservation criteria, decision steps, and
intervention levels.
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Table 2. Translation of Saudi heritage decision principles into the proposed digital-twin logic.

Heritage Decision Principle Digital-Twin Implementation Decision Consequence

Cultural value and
significance

Heritage significance remains an external
constraint rather than an optimization

variable inferred from sensors

Thermal benefit alone cannot justify
modification of significant fabric

Structural condition and safe
reuse

Structural assessment is a hard gate before
Level 4 action

A thermal alert can trigger inspection,
not structural intervention

Compatible contemporary
function

Use context includes visitor timing,
occupancy, and feasible opening periods

Operational scheduling can be tested
before physical alteration

Minimum intervention and
reversibility

Escalation ladder progressing from
monitoring and operational control to
reversible additions, localized services,

and, only when necessary, fabric review

Least-intrusive effective action
is prioritized

Documentation and
traceability

Every timestamp retains
measured/reconstructed provenance and

daily evidence confidence

Reconstructed periods support
planning but require measured

confirmation for irreversible action

Carbon proportionality
Marginal A1–A3 and B6 GWP are

screened only after thermal need and
action feasibility are established

Where heritage-compatible actions
provide similar service, the

lower-carbon option is preferred

Regulatory compliance SBC 902/authority review sits outside and
above the analytical optimizer

The digital twin supports screening
and prioritization; it does not

replace approval

Daily heat severity is quantified as

Hd = ∑
t∈d

max(Tin,t − 35, 0)∆t,

where ∆t = 0.5 h. The daily night-cooling opportunity, Cd, is the number of hours between
20:00 and 07:00 that satisfy a fixed diagnostic operating screen: an outdoor temperature of
at least 1.40 ◦C below the indoor temperature, an outdoor RH below 70%, and an outdoor
absolute humidity of no more than 2 g m−3 above the indoor absolute humidity. The
35 ◦C value remains a study-specific high-temperature exposure indicator, not a statutory
comfort threshold.

The 20:00–07:00 opportunity window and 1.40 ◦C temperature advantage are held
fixed as diagnostic definitions when the reference controller is revised. They describe the
available cooling opportunity and are not asserted to be the newly selected optimum. The
35 ◦C value was selected to retain comparability with the initial severe-heat screening case;
it was not estimated as a physiological or statutory boundary. Threshold sensitivity reports
both locally recalculated hot-day medians and the fixed 35 ◦C median splits.

For the 124 days with Hd > 0, the completed-series medians, H* = 37.741 degree-
hours/day and C* = 6.5 h/day are used as case-specific screening splits rather than universal
policy limits. Four hot-day decision classes follow: (A) lower heat severity with higher
cooling opportunity, favoring operational night ventilation; (B) higher severity with higher
opportunity, favoring ventilation plus reversible solar control; (C) lower severity with lower
opportunity, favoring reversible shading and/or use scheduling; and (D) higher severity
with lower opportunity, triggering escalation review and consideration of localized services
in low-significance spaces. Days with Hd = 0 remain at Level 0 routine monitoring.

A second gate captures evidence confidence using the fraction of each day that is
directly measured: high confidence >75%, moderate confidence 25–75%, and low confidence
<25%. Low-confidence reconstructed states may trigger monitoring, additional sensing, or
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reversible trials, but they are not treated as sufficient evidence for irreversible fabric change.
Any Level 4 envelope or structural intervention remains conditional on field inspection,
significance assessment, structural evaluation, and applicable authority/code review.

Evidence confidence uses measured records divided by 48 nominal half-hour positions
per calendar day, including the partial final day. Class A denotes H ≤ H* and C ≥ C*; B
denotes H > H* and C ≥ C*; C denotes H ≤ H* and C < C*; and D denotes H > H* and
C < C*. Equalities are, therefore, assigned deterministically. The partial final day is retained
for transparency, with incomplete-day evidence flagged.

The opportunity gate in Figure 5 asks whether repair/maintenance, passive night
cooling, reversible shading, or use scheduling can provide an adequate and resilient
response before services or fabric change are considered. “Repair cost-effectiveness” is
used here as a qualitative proportionality screen rather than a monetized life-cycle-cost
calculation, because project-specific repair quantities and Saudi cost data were not available.
The maturity levels, therefore, represent escalation authority, not a numerical ranking in
which a higher level is automatically preferable. The framework is visually coded by
function: green identifies non-negotiable conservation constraints, blue identifies the
sequential analytical decision gates, and orange identifies the escalating intervention-
maturity levels.

Uncertainty propagation perturbs reconstructed values only. First, systematic indoor-
temperature shifts of −0.97 and +0.97 ◦C test the previously used error scale. Second,
200 draws resample contiguous seven-day, four-variable residual blocks from the 28–61-day
blind tests, preserving within-block temporal and cross-variable dependence; RH remains
bounded to 0–100%. The reference class splits and controller are held fixed. Annual and
June/July A/D counts and ventilation benefit are recalculated. The resulting 5th–95th
percentile envelopes are scenario intervals rather than calibrated confidence intervals, since
long summer gaps have no matching ground truth.

3.8. Screening LCA and Carbon Constraint

The carbon layer is a transparent screening LCA rather than a full comparative building
LCA. Its purpose is to test whether the intervention ladder remains rational after adding
life-cycle carbon to the thermal decision, not to declare environmental equivalence between
fundamentally different conservation actions. The screen, therefore, quantifies only the life-
cycle modules for which defensible intervention-scale information is available: A1–A3 for
newly added material and B6 for electricity used by assisted ventilation or localized cooling.
Transport, installation, maintenance other than the stated shading replacement, refrigerant
leakage, heating, ventilation, air-conditioning (HVAC)-embodied impacts, and end-of-life
modules are excluded because project-specific quantities and equipment specifications are
not yet available. These exclusions make the active-cooling results conservative rather
than punitive.

For an intervention scenario, s, the incremental cradle-to-gate material burden is
calculated from the quantity of each added product and its A1–A3 emission factor:

GWPA1−A3,s =
n

∑
i=1

qi,s EFi,A1−A3,

where qi,s is the scenario quantity expressed in the reference unit of the corresponding
environmental product declaration (EPD) or LCA dataset, and EFi,A1−A3 is its cradle-
to-gate GWP factor. For the reversible timber-screen example, the material quantity is
obtained from area and equivalent solid thickness, q = At = 10 m2 × 0.015 m = 0.15 m3,
per installation.
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Annual operational carbon for an electricity-using intervention is calculated as

GWPB6,yr = Pel hop EFgrid,

where Pel is the electrical input (kW), hop is the annual operating time (h), and EFgrid is the
grid emissions intensity (kg CO2e/kWh). The common operating window is 588 h, a fixed
reference comparison window independent of the revised controller’s active hours. This
common window isolates the carbon consequence of power intensity rather than assuming
that every option would operate continuously. Saudi Electricity Company (SEC) reports a
2024 grid emissions intensity of 0.55 t CO2e/MWh (numerically 0.55 kg CO2e/kWh) and a
2030 target of 0.40t CO2e/MWh [59]; both are evaluated.

For a decision horizon, H, and a replaceable material intervention with service cycle,
Ls, the number of installations and the cumulative A1–A3 burden are

Ns =

⌈︃
H
Ls

⌉︃
, GWPA1−A3,H = Ns GWPA1−A3,s

The corresponding screening total over the horizon is

GWPscreen,H = GWPA1−A3,H + H GWPB6,yr

Equation is applied only to modules explicitly included for each scenario. For the
timber shade, GWPB6,yr = 0 in the present screen; for assisted ventilation and localized
cooling, equipment A1–A3 is unavailable and is, therefore, set outside the quantified
boundary rather than assumed to be zero. Consequently, the active-service totals are
lower-bound screening values.

Three intervention families are screened. Assisted night ventilation is parameterized at
30–90 W to represent low-power fans where secure natural opening is insufficient. Localized
active cooling is parameterized at 0.75–2.25 kW as a deliberately broad service-power
sensitivity for a limited refuge/occupied zone; these are scenario inputs, not measured
equipment ratings. A reversible timber solar screen is represented by 10 m2 of shading
with 15 mm equivalent solid timber thickness (0.15 m3 per installation). The Stora Enso
EPD guide reports an A1–A3 fossil GWP of 33.9 kg CO2e/m3 for Classic Sawn timber [60].
This value is a fossil GWP (GWP-fossil) manufacturing proxy, not a total GWP (GWP-total)
result under European Standard EN 15804:2012+A2:2019 [61] including biogenic-carbon
accounting; it is, therefore, used here only as a positive-emissions screening input and
should not be interpreted as the complete climate balance of timber. A 10-year service cycle
is assumed, resulting in two installations over the 20-year decision horizon. The published
Ushaiger material LCA is retained separately as a local contextual benchmark rather than
added to the shading/energy scenarios, because its products have different functions and
its FU is an 80 m2 external wall over a 100-year building life [17].

The assumptions used in the screening calculations are summarized in Table 3. They
are intentionally visible so that future project-specific EPDs, equipment powers, operating
hours, service lives, and transport distances can replace the present screening inputs
without changing the decision architecture.

Figure 6 summarizes the complete analytical sequence. It separates four stages: moni-
tored/CAD inputs and quality control; uncertainty-aware state reconstruction and physical
validation; explainable AI, Pareto control, and the carbon gate; and a final heritage decision
twin. The lower provenance band distinguishes direct measurements from reconstructed
states and from counterfactual/carbon-screen outputs so that evidence type remains visible
when decisions are interpreted.
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Table 3. Scope and assumptions for the carbon-aware intervention screening.

Input/Scope Screening Value Sensitivity/Source Decision Interpretation

Carbon comparison
window 588 h/year

Fixed common runtime for
power-intensity

comparison

Common runtime for
comparing power intensity

Saudi grid B6 factor 0.55 kg CO2e/kWh SEC 2024 reported
intensity [59]

Current-grid screening
case

2030 grid B6 factor 0.40 kg CO2e/kWh SEC 2030 target [59] Decarbonized-grid
sensitivity

Assisted ventilation 30–90 W Parametric low-power fan
range

Operational/reversible
Level 1 action

Localized cooling 0.75–2.25 kW Parametric limited-zone
power range

Level 3 service escalation;
equipment embodied

carbon excluded

Reversible timber
shade

10 m2, 15 mm equivalent timber;
10 y cycle

33.9 kg CO2e/m3 A1–A3
fossil GWP [60]

Level 2 reversible-addition
screen

Ushaiger material
benchmark

Published 80 m2 external-wall
FU

Site-specific LCA [17]

Context for Level
4 material review; not

functionally
interchangeable

Excluded modules

Transport and construction
(A4–A5); maintenance, repair,

replacement, and refurbishment
(B2–B5); end-of-life (C1–C4);
equipment and refrigerants

Data unavailable at
intervention-design stage

Reported values are
screening burdens, not

complete whole-life totals

Figure 6. Workflow from fragmented monitoring to a carbon-aware heritage decision twin. Measured
sensor/CAD inputs pass through quality control, hybrid reconstruction and blind validation, physical
and explainable thermal analysis, Pareto control and carbon screening before being combined as
evidence, opportunity, carbon, and heritage information in the decision output.

4. Results
4.1. Annual Reconstruction and Validation

The completed time series contains 17,109 nominal half-hour steps: 10,755 measured
(62.9%) and 6354 reconstructed (37.1%). Figure 7 distinguishes measured and reconstructed
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indoor and outdoor temperatures with separate line colors, including minor gaps, as well
as the two principal interruptions. The revised reconstruction preserves every available
measured value.

Figure 7. Completed temperature record. Blue/green traces denote measured indoor/outdoor
temperatures, and orange traces denote reconstructed values. Line segments are broken when their
evidence category changes.

Across the six seven-day tests, indoor-temperature reconstruction has a mean MAE of
0.93 ◦C, median MAE of 0.87 ◦C, and mean RMSE of 1.11 ◦C. Mean indoor MAE increases to
1.14, 1.31, and 1.35 ◦C at 28, 42, and 61 days, respectively. At 61 days, outdoor-temperature
mean MAE reaches 3.08 ◦C and outdoor-RH mean MAE 14.99 percentage points. Table 4
reports the short-block results; Table A1 reports all gap lengths. The longer-gap uncertainty
is, therefore, larger, particularly for external forcing and moisture. The absence of long
measured summer windows prevents direct validation of the May–July interruption.

Table 4. Blind seven-day gap-reconstruction performance across six seasonal blocks.

Variable Mean MAE Median MAE Mean RMSE Scope

Indoor temperature (◦C) 0.93 0.87 1.11 Short-block empirical error;
longer tests in Table A1

Outdoor temperature (◦C) 1.26 1.31 1.50 Short-block empirical error;
longer tests in Table A1

Indoor RH (percentage points) 3.27 3.36 4.23 Short-block empirical error;
longer tests in Table A1

Outdoor RH (percentage points) 5.10 5.42 6.29 Short-block empirical error;
longer tests in Table A1

Table 5 reports monthly means and measured coverage for the revised reconstruction.
June is entirely reconstructed and is estimated at 35.7 ◦C indoors and 34.6 ◦C outdoors;
July is estimated at 38.2 and 38.0 ◦C, with 19.2% measured coverage. These estimates
describe model-supported monthly states and do not replace unobserved measurements.
Temperature and RH uncertainty are propagated separately to decision outcomes.
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Table 5. Completed monthly environmental statistics. Measured (%) denotes coverage within the
available monitoring window; the September periods are partial months.

Month Measured
(%)

Indoor T
(◦C)

Outdoor
T (◦C)

Difference
(◦C)

Indoor
RH (%)

Outdoor
RH (%)

2025-09 97.6 35.3 34.9 +0.4 17.7 22.3

2025-10 90.5 30.1 28.2 +1.9 20.1 26.4

2025-11 95.8 25.3 22.0 +3.3 22.9 30.7

2025-12 95.0 22.4 17.6 +4.8 38.2 58.1

2026-01 94.6 21.7 16.2 +5.5 28.5 41.8

2026-02 51.5 24.6 21.4 +3.2 27.4 37.5

2026-03 4.0 27.4 26.0 +1.4 27.0 34.9

2026-04 77.5 27.1 26.3 +0.8 38.0 52.0

2026-05 46.9 32.6 32.9 −0.3 21.9 27.3

2026-06 0.0 35.7 34.6 +1.1 20.3 25.1

2026-07 19.2 38.2 38.0 +0.2 17.6 22.7

2026-08 91.0 37.1 38.4 −1.3 17.7 22.4

2026-09 100.0 35.9 35.3 +0.6 19.9 25.5

4.2. Measured Thermal Buffering

The original observations remain the evidential basis for physical interpretation.
Across all 10,757 unique valid paired observations, mean indoor and outdoor temper-
atures were 28.38 and 26.32 ◦C. Indoor temperature ranged from 15.5 to 41.6 ◦C, compared
with 7.7–45.8 ◦C outdoors. Figure 8 shows only measured temperature data and, therefore,
preserves visible interruptions.

Figure 8. Measured indoor and outdoor temperatures. Lines are broken across missing periods; no
reconstructed values are used in this figure.

Phase-based analysis of the measured record shows a seasonal reversal in envelope
function. The winter mean indoor temperature was 4.55 ◦C higher than the outdoor
temperature, and the indoor diurnal amplitude was only 0.99 ◦C compared with 6.70 ◦C
outdoors, corresponding to a damping ratio of 0.15. In late summer, the mean indoor offset
changed to −1.07 ◦C, while the indoor amplitude remained only 3.67 ◦C compared with
9.75 ◦C outdoors. Peak delays from the phase-mean profiles were approximately 1–2 h.
The phase-specific damping and lag metrics are summarized in Table 6.
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Table 6. Measured thermal-buffering metrics by monitoring phase.

Phase n Mean ∆T
(◦C) Ain (◦C) Aout (◦C) fd Peak Lag (h)

Early autumn 3709 +2.04 2.73 9.16 0.30 1.0
Winter 3513 +4.55 0.99 6.70 0.15 2.0

Spring transition 1875 +0.18 3.17 8.54 0.37 1.5
Late summer 1660 −1.07 3.67 9.75 0.38 2.0

Figure 9 shows the corresponding hourly reversal between daytime attenuation and
nighttime heat release.

Figure 9. Measured mean diurnal indoor–outdoor temperature difference. Warm-phase afternoons
show strong attenuation, while positive nighttime values show delayed heat release.

During late summer, 306 measured observations occurred with Tout ≥ 42 ◦C. The mean
outdoor temperature in those periods was 43.38 ◦C, and the mean indoor temperature was
38.65 ◦C, producing a 4.74 ◦C mean attenuation. Conversely, when the late-summer outdoor
temperature was at or below 34 ◦C, the interior remained 2.12 ◦C warmer on average. The
extreme sequence in Figure 10 demonstrates that the envelope protects against daytime
peaks but stores enough heat to limit nighttime recovery.

Figure 10. Measured extreme-summer sequence around the highest-recorded outdoor temperature.
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The measured absolute humidity averaged 6.99 g m−3 indoors and 8.41 g m−3 out-
doors. This confirms that the lower indoor RH is accompanied by a lower vapor content
and is not solely a temperature artefact. The absolute-humidity correlation weakens during
extreme summer, indicating stronger indoor–outdoor decoupling, although the available
instrumentation cannot isolate moisture sorption, infiltration, ventilation, and local land-
scape effects. Figure 11 shows the measured/derived absolute-humidity sequence used for
this interpretation.

Figure 11. Measured/derived indoor and outdoor absolute humidity during available monitor-
ing periods.

4.3. Explainable AI Results

Table 7 and Figure A1 report the revised identical-fold comparison. Random forest
produces the lowest mean and median MAE (0.64 and 0.47 ◦C), compared with 0.82 and
0.72 ◦C for Ridge and 0.81 and 0.57 ◦C for XGBoost. XGBoost is retained as the explanation
model and not claimed to be the most accurate model. The paired climate-expanded
XGBoost comparison is discussed in Section 5.7.

Table 7. Indoor-temperature surrogate performance across five seasonally blocked validation weeks.

Model Mean MAE (◦C) Median MAE (◦C) Mean RMSE (◦C) Role

Ridge 0.82 0.72 0.97 Linear reference

Random forest 0.64 0.47 0.84 Lowest errors in revised tests

XGBoost 0.81 0.57 0.96 SHAP explanation model

SHAP for all 8314 eligible measured targets assigns mean absolute contributions
of 1.62 ◦C to the 3 h outdoor-temperature mean, 1.32 ◦C to the 24 h mean, 0.97 ◦C to
the 6 h mean, and 0.96 ◦C to the instantaneous outdoor temperature (Figure 12). The
12 h mean contributes 0.09 ◦C in this implementation. The 3 h feature ranks first in all
90 season-stratified repeated samples and in the measured high-temperature subset; rank
correlations with the equal-season reference are at least 0.991 (Table A3). The association
with accumulated outdoor forcing is reproducible within this model; a uniquely dominant
12 h response is not supported. Correlated rolling features share predictive information, so
SHAP does not identify a unique physical time constant.

https://doi.org/10.3390/buildings16204130

https://doi.org/10.3390/buildings16204130


Buildings 2026, 16, 4130 21 of 42

Figure 12. Mean absolute SHAP contributions for all eligible measured-target observations in the
revised XGBoost surrogate. Correlated rolling means are predictive associations, not independent
causal effects.

4.4. Thermal Regime Classification

The four-cluster operational partition contains 99 winter heat-retention days, 34 mild-
transition days, 79 hot-transition days, and 145 extreme-heat days (Table 8 and Figure 13).
Winter centroids are 23.4 ◦C indoors and 18.8 ◦C outdoors, with a +4.59 ◦C offset. Extreme-
heat centroids are 35.7 ◦C indoors and outdoors, with a near-zero mean offset, while indoor
and outdoor daily amplitudes are 3.9 and 9.1 ◦C. The silhouette and Davies–Bouldin criteria
favor k = 2 over k = 4 (0.398 versus 0.290 and 0.999 versus 1.191). For k = 4, seed ARI
has a median of 1.000 and a minimum of 0.968; bootstrap ARI has a median of 0.840 and
a minimum of 0.649. These diagnostics support reproducibility of the fitted operational
partition but do not establish four objectively optimal or transferable regimes (Table A2
and Figure A4).

Table 8. Thermal regimes identified from standardized daily variables.

Regime Days Outdoor
Mean (◦C)

Indoor
Mean (◦C)

Difference
(◦C)

Outdoor
Amplitude (◦C)

Indoor
Amplitude (◦C)

Winter heat retention 99 18.8 23.4 +4.59 7.7 2.0

Mild transition 34 24.4 26.1 +1.73 7.2 2.4

Hot transition 79 26.7 28.3 +1.55 8.6 3.0

Extreme-heat buffering 145 35.7 35.7 −0.01 9.1 3.9

4.5. Ventilation Optimization

The revised hot-season baseline contains 4838.1 degree-hours above 35 ◦C and
1886.5 exposure hours (Figure 14). At η = 0.061 and ρ = 0.865, the reference knee starts at
17:30, has a 10 h availability window, and uses a 1.50 ◦C trigger. It reduces degree-hours
by 2.62% and exposure hours by 2.84%, with 361.5 active ventilation hours. Figure 15
shows 90 unique non-dominated schedules in the seed-2026 final set. All five seeds pro-
duce identical knee objective values; one run selects an equivalent 18:00/9.5 h window.
Exhaustive evaluation of 10,166 schedules results in the same knee degree-hours and active
hours, although several schedules share those objectives. Absolute final-50-generation
hypervolume changes are below 0.006% (Table A7 and Figure A5).
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Figure 13. Daily indoor versus outdoor temperature colored by AI-derived thermal regime. The
dashed line represents equal indoor and outdoor mean temperatures.

Figure 14. Available August hot-week baseline and the revised counterfactual controller. The
counterfactual is an assumed ventilation scenario, not an observed treatment.

Figure 15. Revised Pareto front at fixed η = 0.061 and ρ = 0.865. Blue points show the 90 unique non-
dominated schedules in the seed-2026 final set; the orange star identifies the minimum normalized-
distance knee. The burden axis is the active time without a coupling multiplier.
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The joint η–ρ sensitivity with the reference schedule fixed produces degree-hour
reductions from 0.62% to 6.91% (Table 9). At the reference persistence, reoptimizing at
η = 0.03 and 0.09 results in 1.51% and 3.46% reductions, respectively. The exact percentage
is parameter dependent, while the tested scenarios consistently indicate modest passive
relief rather than elimination of seasonal heat exposure. These are conditional estimates
of operational potential, not measured intervention efficacy or a guaranteed physical
upper bound. Field or calibrated airflow/thermal-model validation is required before
implementing a schedule.

Table 9. Reduction in degree-hours above 35 ◦C (%) across the joint coupling–persistence grid, with
the reference schedule and trigger held fixed.

η per Step ρ = 0.750 ρ = 0.800 ρ = 0.865 ρ = 0.900 ρ = 0.950

0.020 0.62 0.75 1.06 1.42 2.90

0.030 0.90 1.08 1.51 2.01 3.99

0.050 1.39 1.65 2.27 2.99 5.57

0.061 1.64 1.93 2.62 3.40 6.07

0.070 1.82 2.13 2.84 3.67 6.35

0.090 2.16 2.48 3.21 4.02 6.80

0.100 2.30 2.61 3.36 4.15 6.91

4.6. Heritage Decision-Support Outcomes

Figure 16 places the 124 hot days against daily heat exposure and the fixed night-
cooling opportunity indicator. The revised local medians are H* = 37.741 degree-hours/day
and C* = 6.5 h/day. They are screening splits for this building and temperature threshold,
not national compliance limits. The k-means thermal regimes do not determine the four
decision quadrants.

Figure 16. Ushaiger hot-day decision matrix. The four classes separate days that can initially be
addressed through operation from those needing reversible solar/use measures or escalation review.
Median splits are case-specific analytical thresholds, not regulatory limits.

Table 10 reports 233 routine-monitoring days and 124 hot days. The hot-day counts are
45 in Class A (36.3%), 18 in Class B (14.5%), 17 in Class C (13.7%), and 44 in Class D (35.5%).
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Classes A–C, therefore, account for 80 hot days (64.5%) that initially favor operational
or reversible responses. Table 10 includes low-, moderate-, and high-confidence counts
and percentages within each class; these are coverage categories rather than probability
estimates of model accuracy.

Table 10. Ushaiger decision classes and evidence confidence derived from the completed annual
digital-twin sequence.

Decision Class Days Hot-Day
Share (%)

Low
Confidence

Moderate
Confidence

High
Confidence Initial Action

0—Routine monitoring 233 – 54 (23.2%) 26 (11.2%) 153 (65.7%) Maintain monitoring

A—Operational response 45 36.3 27 (60.0%) 1 (2.2%) 17 (37.8%) Test opening control

B—Combined passive response 18 14.5 14 (77.8%) 0 (0.0%) 4 (22.2%) Ventilation and
reversible solar control

C—Shading or use scheduling 17 13.7 2 (11.8%) 3 (17.6%) 12 (70.6%) Reversible shading or
use scheduling

D—Escalation review 44 35.5 17 (38.6%) 1 (2.3%) 26 (59.1%)
Detailed assessment

before localized service
or fabric change

Confidence percentages use the number of days within each row as the denominator. High coverage
is >75%, moderate coverage 25–75%, and low coverage < 25% of 48 nominal daily half-hour positions.
Partial-day coverage is not treated as a full day of evidence.

Within Class D, 26 days (59.1%) have high measured coverage, 1 (2.3%) moderate
coverage, and 17 (38.6%) low coverage. The severe, low-opportunity state is, therefore,
present in predominantly measured days, although reconstructed days materially affect
annual totals. Low-confidence Class D states justify additional sensing and reversible trials,
not irreversible fabric intervention.

Figure 17 shows the seasonal distribution: June contains 22 Class A and 8 Class B days,
all dependent on reconstruction; July contains 17 Class D days and August 26. Sensitivity
to the temperature threshold changes the number of hot days from 183 at 30 ◦C to 25 at
40 ◦C. With threshold-specific medians, Class A spans 32.6–44.0% of hot days and Class
D 31.5–40.0%; reoptimized ventilation reduction spans 0.95–2.62%. Counts using fixed
35 ◦C splits are reported separately in Table A5. The 35 ◦C counts are, therefore, a scenario
snapshot, not invariant intervention requirements.

Figure 17. Monthly decision-class counts for the revised reconstruction at 35 ◦C. June has no measured
target observations; uncertainty envelopes for June and July are reported in Table A6.
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For Saudi heritage management, the present results demonstrate building-scale deci-
sion support and suggest a possible future portfolio-scale application. At building scale,
the framework provides an operating rule for openings, visitor timing, and reversible
heat-control trials. Subject to multi-building validation, the same indicators could in
the future support triage across monitored heritage buildings, with sites repeatedly ex-
hibiting high-confidence Class D states prioritized for detailed hygrothermal modeling,
structural/condition surveys, conservation design, and funding. This turns continuous
sensing into a resource-allocation tool rather than a dashboard alone.

With fixed decision splits, −0.97 and +0.97 ◦C shifts in reconstructed indoor tem-
peratures change hot-day totals to 117 and 136, Class A totals to 34 and 53, and Class
D totals to 51 and 33. The opposite A/D movements reflect changes in both severity
and the indoor–outdoor cooling advantage. Across 200 joint residual-block scenarios, the
5th–95th percentile envelopes are approximately 115–129 hot days, 23–41 Class A days,
and 37–57 Class D days; the fixed controller’s degree-hour benefit spans 1.00–4.14%. June
and July outcomes vary substantially (Table A6). These envelopes are stress scenarios; the
long-gap summer uncertainty remains uncalibrated.

4.7. Life-Cycle Carbon Screening

The carbon screen changes the meaning of escalation because the same 588 h thermal-
management window produces very different A6 burdens depending on the power in-
tensity. Figure 18 compares assisted ventilation and localized cooling at the reported
2024 SEC grid intensity; Table 11 also reports the 2030 grid-intensity target. Under the
0.55 kg CO2e/kWh case, 30–90 W assisted ventilation produces only 9.7–29.1 kg CO2e per
hot season, whereas 0.75–2.25 kW localized cooling produces 242.6–727.7 kg CO2e. At the
central sensitivity points, the 1.50 kW cooling case produces 485.1 kg CO2e compared with
19.4 kg CO2e for a 60 W fan: a factor of 25 for the same operating hours. The 2030 target
reduces both burdens proportionally but does not reverse their ranking.

Figure 18. Annual B6 carbon at 0.55 kg CO2e/kWh within a fixed 588 h comparison win-
dow. Error bars cover the stated low/high-power assumptions. Paired low-, central-, and high-
ventilation/cooling powers each give ventilation 4% of cooling carbon, or 96% less. Thermal services
are not assumed equivalent; equipment-embodied impacts remain excluded.

At paired low, central, and high powers, ventilation has 4% of localized-cooling B6
carbon, corresponding to a 96% reduction or a 25-fold ratio. Pairing is essential: indepen-
dently choosing endpoints produces different ratios. This comparison quantifies power
intensity over equal hours and does not demonstrate equivalent delivered thermal comfort.
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The 588 h carbon reference is retained as a standardized scenario rather than substituted
for the revised controller’s 361.5 active hours.

Table 11. Operational GWP sensitivity for the fixed 588 h reference comparison window.

Scenario Electricity (kWh/Season) GWP at 0.55 kg CO2e/kWh GWP at 0.40 kg CO2e/kWh

Assisted ventilation, 30 W 17.64 9.7 kg 7.1 kg
Assisted ventilation, 60 W 35.28 19.4 kg 14.1 kg
Assisted ventilation, 90 W 52.92 29.1 kg 21.2 kg
Localized cooling, 0.75 kW 441 242.6 kg 176.4 kg
Localized cooling, 1.50 kW 882 485.1 kg 352.8 kg
Localized cooling, 2.25 kW 1323 727.7 kg 529.2 kg

The numerical values underlying Figure 18 are reported in Table 11 so that the
screening calculation remains auditable. The table also shows that grid decarboniza-
tion lowers operational carbon by about 27% between the two SEC intensity cases, but a
high-power intervention remains substantially more carbon intensive than a low-power
operational measure.

Figure A2 shows the long-horizon implications. Repeating the same seasonal operating
window for 20 years produces 0.19–0.58 t CO2e for assisted ventilation at the reported
grid intensity and 0.14–0.42 t CO2e under the 2030 target. Adding two assumed reversible
timber-screen installations produces positive-emissions screening sums of approximately
0.20–0.59 and 0.15–0.43 t CO2e, respectively; the timber increment uses GWP-fossil and is
not a complete GWP-total balance including biogenic carbon. In contrast, the operational
component of localized cooling reaches 4.85–14.55 t CO2e at the reported grid intensity
and 3.53–10.58 t CO2e under the target. Because the active-cooling calculation excludes
equipment production, replacement, refrigerant leakage, and maintenance, these figures
should be interpreted as a lower-bound screening burden rather than complete whole-
life GWP.

A second decision scale concerns fabric intervention. Figure A3 places the dynamic
operating scenarios beside a site-specific material context without treating the materials as
functionally interchangeable. The previously published Ushaiger LCA reports A1–A3 fossil
GWP values of 46.48 kg CO2e for decorative plaster, 94.46 for limestone, 169.22 for mud,
170.00 for ready-mix concrete, and 189.03 for blended hydraulic cement for its stated 80 m2

wall FU [17]. These values are summarized in Table 12. Their decision value is contextual:
a lower numerical GWP cannot justify replacing authentic mud with a material of different
physical, hygrothermal, visual, or cultural function.

Table 12. Published Ushaiger A1–A3 fossil-GWP values used as the local fabric-intervention bench-
mark [17].

Material/Product in Published
Ushaiger LCA

A1–A3 Fossil GWP (kg CO2e
per Stated 80 m2 FU) Use in This Study

Decorative plaster 46.48 Contextual restoration-material benchmark

Limestone 94.46 Contextual restoration-material benchmark

Mud 169.22 Traditional-material benchmark; authenticity
remains a separate constraint

Ready-mix concrete 170.00 Modern-material benchmark; not assumed
compatible with earthen heritage

Blended hydraulic cement 189.03 Modern-material benchmark; not assumed
compatible with earthen heritage
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The resulting carbon-aware action hierarchy is summarized in Table 13. It does not
replace the thermal decision matrix; it adds a proportionality test after a need has been
identified. The practical implication is that Classes A–C should normally remain operational
or reversible while the thermal service is still adequate, because their marginal carbon
burden is small relative to sustained active cooling. Class D can justify localized active
cooling where use, health, collections, or visitor protection requires it, but the decision
twin can now expose the carbon cost of that escalation and restrict it to the smallest zone
and time window that delivers the required service. Level 4 fabric change remains a
conservation-design decision supported by local LCA evidence, not an automatic response
to high temperature.

Table 13. Carbon-aware interpretation of the heritage action ladder.

Decision Level Preferred Thermal Response Carbon Evidence from Screening Decision Rule

Level 0 Monitor/document Negligible incremental action
carbon

Do not intervene without verified
need

Class A/Level 1
Manual opening or

low-power assisted night
ventilation

9.7–29.1 kg CO2e/season at 2024
SEC intensity

Prefer operation while safe
night-cooling opportunity exists

Classes B–C/Level 2 Ventilation plus reversible
shading/use scheduling

Approx. 0.20–0.59 t CO2e
positive-emissions screen over

20 y for fan + two timber-screen
cycles

Add reversible solar control before
permanent fabric change

Class D/Level 3 Smallest feasible localized
conditioned refuge or service

4.85–14.55 t CO2e over 20 y
B6-only screening

Escalate only with verified thermal
need; minimize zone, power, and

runtime

Level 4 Fabric/construction review
Use Ushaiger-specific LCA plus

project-specific EPDs and
quantities

Carbon informs, but significance,
compatibility, safety, and authority
approval remain hard constraints

5. Discussion
5.1. Uncertainty-Aware Digital Twin

The principal advance of this study is not the production of a continuous-looking
curve. It is the explicit separation of three evidence classes: direct measurements, AI-
reconstructed states, and counterfactual optimized states. This distinction responds to data-
quality and validation concerns identified in building and heritage digital-twin reviews,
where heterogeneous observations and modeled states require explicit provenance [36–38].
Here, measured-only analyses establish the physical behavior of the earthen envelope;
reconstructed data extend seasonal continuity; and optimization is performed only after
uncertainty and model assumptions are stated.

The revised long-block tests show why a weekly error cannot characterize a multi-
week interruption: mean indoor MAE rises from 0.93 ◦C at seven days to 1.35 ◦C at 61 days,
while outdoor-temperature and RH errors rise more sharply. Overlapping cool-season tests
establish gap-length stress sensitivity but do not validate an unmeasured summer sequence.
Monthly reconstructed states and decision counts are, therefore, accompanied by scenario
envelopes, and no point estimate for June is given the evidential status of a measurement.

5.2. Thermal Memory and Explainable AI

Measured damping and delayed heat release remain the primary physical evidence for
thermal buffering. The revised explanation model assigns its largest SHAP contributions
to 3 and 24 h outdoor-temperature means, and repeated seasonal samples preserve that
ranking. This supports an association with accumulated external forcing, but the allocation
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among strongly correlated rolling means is model dependent. Feature rank alone, therefore,
does not identify a thermal time constant or causal heat-transfer mechanism.

The revised identical-fold comparison favors random forest rather than XGBoost on
both the mean and median error. XGBoost is retained to examine an explicit nonlinear
surrogate with SHAP, while both the linear baseline and the better-performing ensemble
remain visible. Retrospective seasonal holdouts reveal error variation across available
regimes; they do not establish prospective prediction skill or performance during entirely
unmeasured months.

5.3. State-Dependent Thermal Performance

The four clusters convert the seasonal story into discrete operating states. Winter is
dominated by beneficial heat retention, whereas the extreme-heat regime is dominated
by amplitude attenuation with little mean cooling advantage. The hot-transition and
mild-transition states lie between those extremes. This state dependence is important
for conservation because the best intervention is unlikely to be constant throughout the
year. Measures that aggressively increase heat loss could undermine winter protection,
while summer strategies need to target stored heat and solar gains without removing the
beneficial thermal capacity of the earthen fabric.

Cluster diagnostics prefer a two-way separation statistically. Four states are used only
to describe operationally useful subdivisions of the observed seasonal trajectory. Their high
seed agreement and lower bootstrap agreement show that numerical repeatability under
initialization does not remove sensitivity to the observed days. The four-regime names and
centroids require new validation and recalibration in another building.

The regime framework also provides a practical structure for future physics-based
calibration. Instead of fitting one model to the entire year, a future IDA Indoor Climate and
Energy model or other hygrothermal model can be calibrated and independently checked
within representative regime windows. Parameters related to thermal capacity, infiltration,
openings, roof exposure, and shading can then be assessed against amplitude, offset, and
lag targets specific to each state.

5.4. Limits of Night Ventilation

The revised ventilation calculation produces a 2.62% reduction at the reference cou-
pling and persistence, while the joint parameter envelope spans 0.62–6.91%. This difference
prevents the precise reference percentage from being treated as a robust field-effect estimate.
The direction of benefit and its limited scale persist across the tested assumptions, but
neither a measured air-change rate nor a formal physical cooling ceiling has been estab-
lished. The new active-hours objective also separates operating effort from the assumed
cooling coupling.

For conservation practice, the implication is that night ventilation should be combined
with measures that reduce daytime heat storage or increase safe heat rejection. Candi-
date scenarios include compatible roof repair, reversible external or courtyard shading,
solar-gain reduction at openings, and ventilation strategies triggered by both temperature
and moisture. These options should be tested in a calibrated physics-based model before
intervention because the present coupling coefficient is an effective scenario parameter, not
a measured air-change rate. The thermal indicators used in this study should also be distin-
guished from formal occupant-comfort assessment. The 35 ◦C exposure metric was selected
as a simple screening variable for identifying severe heat accumulation in an unconditioned
and currently abandoned heritage dwelling; it does not represent a comfort boundary
for residents or visitors. PMV-based assessment would require additional information on
metabolic rate, clothing, local air speed, and mean radiant temperature, while an adaptive-
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comfort interpretation is most meaningful when actual occupants are present and able to
adapt their behavior and report their thermal perception. Because these conditions were
absent during the monitoring campaign, applying either framework retrospectively would
imply a level of human-response precision that the available evidence cannot support. For
future adaptive reuse, particularly where Ushaiger buildings accommodate visitors, staff,
or residents, the proposed decision framework should, therefore, incorporate a second
human-centered layer. This should combine operative-environment measurements with
occupancy and use schedules and short thermal-sensation/acceptability surveys. In that
future application, the present 35 ◦C exposure indicator would remain an initial screening
signal, while comfort-based evidence would determine whether observed thermal states
actually produce unacceptable conditions for specific user groups and periods of use.

5.5. Saudi Heritage Decision Implications

The decision-support layer addresses a different question from conventional retrofit
optimization. Standard optimization asks which design minimizes energy, discomfort, cost,
or carbon. Heritage practice must first ask whether a physical intervention is justified at all.
The Heritage Commission’s emphasis on cultural values, structural safety, compatible reuse,
and minimum intervention [2] makes this sequencing particularly relevant. The proposed
ladder, therefore, treats the optimizer as a screening component inside a conservation
process, not as an autonomous design authority.

At the 35 ◦C reference screen, Classes A–C contain 80 of 124 hot days (64.5%); Class
D contains 44 (35.5%). Twenty-six Class D days have high measured coverage. However,
threshold changes and multivariable reconstruction-error scenarios change the class totals
materially. The framework, therefore, uses repeated measured severe states to prioritize
assessment, with reconstructed states informing sensing priorities and reversible trials; it
does not convert a single threshold-based count into a mandatory retrofit decision.

The framework also creates a transparent link between Saudi adaptive-reuse research
and digital-twin analytics. Existing Saudi assessment models emphasize periodic evalua-
tion of function, authenticity, repair, safety, and legal/economic considerations [9,16]. The
proposed digital layer can support these assessments with time-resolved environmental
evidence while retaining human and regulatory decisions about cultural significance. This
division of roles is important: sensors can quantify heat severity and AI can estimate
missing states, but neither can infer the cultural acceptability of replacing a roof element,
modifying an opening, or adding a visible shading device.

Although the present framework is developed and tested on one principal monitored
dwelling, an independent thermal study previously conducted on a different mud-brick
house within Ushaiger Heritage Village provides useful comparative evidence [22]. In
that study, short-term monitoring during August and September 2025 showed that the
earthen envelope reduced daytime heat transmission and attenuated diurnal temperature
fluctuations. During the August campaign, the mean indoor temperature was 38.12 ◦C
compared with 40.22 ◦C outdoors. The indoor diurnal temperature variation remained
approximately 3–4 ◦C compared with approximately 12–15 ◦C outdoors, while the in-
door thermal response lagged by approximately 1–3 h relative to external temperature
peaks. Table 14 compares the main thermal-buffering indicators for the two independently
monitored Ushaiger dwellings.

This comparison provides preliminary intra-site corroboration rather than full external
validation. Both dwellings are located within Ushaiger Heritage Village and, therefore,
share broadly similar climatic, material, and cultural conditions. Furthermore, the previ-
ously published study was based on short summer monitoring windows and was explicitly
presented as a pilot feasibility investigation rather than a fully validated digital-twin as-
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sessment. Accordingly, the agreement between the two cases strengthens confidence in the
repeatability of the observed thermal-buffering mechanism within Ushaiger, but it does
not demonstrate transferability to different heritage settlements, climatic regions, building
typologies, or conservation conditions.

Table 14. Comparison of the measured thermal-buffering behavior in two independently monitored
Ushaiger dwellings.

Indicator Present Study Previously Monitored Ushaiger
Dwelling [22]

Monitoring scope September 2025–September 2026 August–September 2025

Hot-season indoor–outdoor mean
temperature difference −1.07 ◦C, late summer −2.10 ◦C, August

Indoor diurnal temperature
amplitude 3.67 ◦C approx. 3–4 ◦C

Outdoor diurnal temperature
amplitude 9.75 ◦C approx. 12–15 ◦C

Estimated indoor peak lag approx. 2 h approx. 1–3 h

Main observed behavior Reduced amplitude and delayed
response

Reduced amplitude and delayed
response

The proposed transferability should, therefore, be understood at the level of the
decision architecture rather than as the direct transfer of numerical thresholds between
buildings. The transferable components are the sequence of evidence-quality assessment,
thermal-state diagnosis, passive-cooling opportunity screening, carbon proportionality, and
conservation-based escalation. By contrast, numerical parameters such as thermal-regime
centroids, high-temperature exposure thresholds, night-cooling opportunity, effective venti-
lation coupling, and intervention performance must be recalibrated using building-specific
monitoring and condition information. Applying it to another heritage building would,
therefore, require an initial monitoring period, evidence-quality assessment, local thermal-
state characterization, and validation of the relevant operational thresholds before using
the action matrix for decision support.

Subject to further multi-building and multi-context validation, the method could be
developed in the future as a portfolio triage protocol for wider Saudi heritage applications.

A practical portfolio deployment would, therefore, proceed in stages:

1. Install a standardized low-cost monitoring package;
2. Establish the proportion of measured versus reconstructed evidence;
3. Derive building-specific thermal states and passive-cooling opportunity;
4. Test reversible operational responses;
5. Escalate only those buildings that repeatedly exhibit high-confidence, high-severity,

and low-opportunity conditions.

Buildings with different morphology, conservation state, use pattern, or climatic ex-
posure would retain the same decision sequence but would not be assumed to share the
Ushaiger numerical thresholds. Before portfolio-scale implementation, the framework
should, therefore, be tested across multiple buildings and multiple indoor and outdoor
measurement points, including different orientations, envelope conditions, levels of deterio-
ration, use patterns, and Saudi climatic regions. Such validation should determine whether
the decision classes remain stable, whether building-specific recalibration is sufficient,
and whether the proposed escalation logic performs consistently when spatial thermal
variability is explicitly represented.
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A standardized low-cost sensor package could provide the environmental layer; the
evidence gate would distinguish directly observed from reconstructed conditions; the
action matrix would identify buildings repeatedly entering severe low-opportunity states;
and only those cases would progress to detailed simulation, significance assessment, con-
dition survey, and SBC 902/authority review. Such a sequence aligns digitalization with
conservation capacity building and with the broader Saudi emphasis on documenting,
rehabilitating, and keeping heritage places accessible as living assets [1].

5.6. Carbon-Aware Intervention Escalation

The screening LCA adds a decision dimension that is absent from a thermal-only
optimizer. Saudi building LCA literature has already shown why this matters: in electricity-
intensive buildings, the operational phase can dominate life-cycle impacts [52]. The present
heritage case reaches the same conclusion in a more targeted form. A 1.50 kW localized-
cooling scenario operated for the same 588 h window has 25 times the B6 carbon of a 60 W
assisted-ventilation scenario. Over repeated hot seasons, this difference accumulates to tons
of CO2e even before the active system’s equipment and refrigerant burdens are counted.

Grid decarbonization improves all electricity-using options but does not remove
the proportionality question. SEC reports 0.55 t CO2e/MWh for 2024 and targets
0.40 t CO2e/MWh by 2030 [59]. Applying the lower factor reduces the 20-year cooling
screen from 4.85–14.55 to 3.53–10.58 t CO2e, yet low-power ventilation remains roughly an
order of magnitude lower. This result strengthens the minimum-intervention logic with
an environmental argument: when operational or reversible measures provide adequate
service, they conserve both the fabric and carbon budget.

The Ushaiger material benchmark adds a second layer of local relevance. The site-
specific LCA demonstrates that restoration materials carry distinct A1–A3 and maintenance
burdens [17]. Nevertheless, those values cannot be interpreted as a simple ranking of
acceptable heritage substitutes. Heritage-LCA research explicitly identifies cultural value,
traditional materials, and restoration-specific processes as gaps in conventional LCA frame-
works [21]. The decision twin, therefore, keeps heritage significance as a hard external
constraint and uses carbon only to compare technically and culturally admissible actions.
This separation is central to the proposed novelty: the optimum is not the action with the
smallest GWP, but the least intrusive admissible action whose thermal service is adequate
and whose marginal carbon is proportionate to the verified need.

5.7. Wadi-Edge and Moisture Effects

The agricultural and wadi-edge setting remains a plausible boundary-condition influ-
ence, but the new AI analysis does not convert that context into causality. Local wind, radia-
tion, irrigation, soil moisture, and comparative core-settlement weather were not measured.

Supplementary regional climate information comes from the supplied Open-Meteo
CSV [55]. It contains 8568 uninterrupted hourly records from 10 September 2025 00:00 to 1
September 2026 23:00 in Asia/Riyadh (UTC+3), with shortwave radiation, 10 m wind speed,
and wind direction. Its reported grid location is 25.25◦ N, 45.25◦ E at 704 m, approximately
11.4 km from the Netatmo location (25.33949◦ N, 45.19436◦ E). The CSV does not identify
its underlying weather model or archive query. Accordingly, it is described as Open-Meteo
regional climate data; an exclusive ERA5 provenance or resolution is not asserted. Regional
variables cannot reproduce façade shading, courtyard airflow, or opening-level conditions.

Regional variables were interpolated in local time onto the half-hour timestamps
and compared only with measured paired observations (n = 10,755). Shortwave radiation
correlates with outdoor temperature at r = 0.305, indoor temperature at r = 0.150, and
indoor–outdoor temperature difference at r = −0.509. Wind speed has r = −0.125 with that
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difference. These descriptive associations are compatible with daytime buffering and weak
regional wind correspondence but do not identify landscape or airflow causality. Table 15
presents the source characteristics and measured-only correlations.

Table 15. Supplementary Open-Meteo regional climate characteristics and associations with measured
thermal response.

Regional Variable Full-Record Characteristic Measured Thermal
Association Scope

Shortwave radiation
Mean = 259.4 W/m2 across all

hours;
maximum = 1042 W/m2

r = −0.509 with Tin − Tout Regional indicator, not
façade radiation

10 m wind speed Mean = 3.79 m/s;
maximum = 12.99 m/s r = −0.125 with Tin − Tout Does not resolve opening

airflow

10 m wind direction 0–360◦; modeled with sine and
cosine

No directional causal effect
inferred

Underlying archive not
identified in CSV

Adding regional radiation, wind speed, and sine/cosine wind direction to XGBoost
uses exactly the same eligible target rows, blocked dates, and training exclusions as the base
model. Mean MAE changes from 0.806 to 0.734 ◦C, median MAE from 0.570 to 0.558 ◦C,
and mean RMSE from 0.961 to 0.896 ◦C (Table A8). The improvement is modest and does
not remove the need for direct site measurements.

Outdoor RH is also the least accurately reconstructed variable. Any claim that the
wadi or vegetation directly causes the indoor moisture pattern would, therefore, exceed the
evidence. A next campaign should add synchronized edge/core stations, wind speed and
direction, shortwave radiation, and irrigation logs so that microclimatic drivers can enter
the twin as measured predictors rather than contextual hypotheses.

5.8. Study Limitations

The study has nine principal limitations. First, the sensors are consumer-grade and
were not reference-calibrated on site. Second, 37.1% of the regular annual grid is recon-
structed; reconstructed values are useful for seasonal continuity but are not equivalent to
observations. Third, the hybrid reconstruction is retrospective because the seasonal PCHIP
backbone uses observations on both sides of each long interruption, and it cannot recreate
unobserved short-lived weather extremes. The added 7–61-day stress tests quantify sensi-
tivity to gap length, but long measured summer windows are unavailable and the tested
cool-season windows overlap. Their errors do not fully calibrate June/July uncertainty.
The method should, consequently, not be interpreted as an online forecasting algorithm
or as a substitute for observations within the long gaps. Fourth, the four-regime k-means
solution is exploratory and physically interpretable but is supported by seed/bootstrap
diagnostics but remains statistically less separated than k = 2 and has not been shown to be
transferable. Fifth, the indoor-temperature surrogate represents one monitored location
and does not capture spatial gradients across the dwelling. Sixth, the night-ventilation opti-
mization is counterfactual and uses an effective coupling parameter; it must be validated
experimentally or in a calibrated airflow/thermal model before implementation.

Seventh, the study does not contain direct site measurements of local wind, solar
radiation, opening state, or occupancy, limiting causal attribution and control-model fidelity.
Supplementary Open-Meteo regional climate data were, therefore, used to examine the
sensitivity of the thermal interpretation to regional solar-radiation and wind conditions. The
archive model is not identified in the supplied CSV; these regional variables provide climatic
context but cannot reproduce local façade exposure, shading, courtyard airflow, vegetation
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effects, or air movement through individual openings. Direct solar-radiation sensing, local
wind measurement, opening-state logging, and occupancy monitoring, therefore, remain
priorities for future field campaigns. The absence of occupants also means that no thermal-
sensation, acceptability, or tourist-experience feedback could be collected. Consequently,
the study does not claim that the 35 ◦C screening threshold represents occupant comfort or
discomfort. Future monitoring of occupied or visitor-accessible heritage buildings should
combine environmental measurements with adaptive-comfort evaluation and structured
user feedback so that thermal-risk screening can be linked explicitly to human experience.

Eighth, the LCA is an intervention-screening exercise rather than a complete compar-
ative assessment compliant with International Organization for Standardization require-
ments. It uses scenario equipment powers, a common 588 h runtime, an external timber
GWP-fossil proxy, SEC grid-intensity cases, and a 20-year intervention horizon; it omits
most transport, installation, maintenance, end-of-life, HVAC-embodied, and refrigerant
impacts, and the timber proxy is not a full GWP-total result with biogenic-carbon account-
ing. The active-cooling carbon values are, therefore, conservative lower bounds, while the
timber-shading result should be replaced with project-specific Saudi sourcing and EPD
data at design stage.

Ninth, external generalizability remains limited because the complete decision-support
framework is developed and tested on one principal dwelling. A previously published
monitoring study of a second mud-brick dwelling in Ushaiger [22] provides preliminary
cross-building corroboration, showing comparable attenuation of outdoor temperature
fluctuations and delayed indoor thermal response. However, because both buildings
are located within the same settlement and climatic context, this comparison represents
intra-site corroboration rather than independent validation across different contexts. The
transferability of the framework, its thermal-regime classifications, and its intervention
thresholds should, therefore, be tested across buildings with different geometries, orienta-
tions, conservation states, envelope conditions, occupancy patterns, and climatic regions
before broader generalization is attempted.

These limitations define the next digital-twin stage: reference-sensor co-location, multi-
room sensing, weather and radiation measurements, opening-state logging, regime-based
physics calibration, project-specific LCA inventory development, a field test of the Pareto-
selected ventilation rule, and systematic multi-building validation across Ushaiger and
other Saudi earthen heritage contexts. The current AI/LCA layer is, therefore, a decision-
support and hypothesis-generation component, not a substitute for physical validation or
conservation design.

6. Conclusions
This study advances the Ushaiger project from long-term monitoring to an evidence-

gated digital twin designed for heritage action rather than visualization alone.
First, the annual grid preserves 10,755 measured and 6354 reconstructed timestamps.

The blind gap-length tests extend to 61 days; the mean indoor-temperature MAE rises from
0.93 ◦C at seven days to 1.35 ◦C at 61 days. Reconstructed states retain provenance, and
long-gap summer uncertainty remains uncalibrated despite the added stress tests.

Second, the measured observations confirm state-dependent thermal buffering. The
revised XGBoost interpretation associates indoor temperature with accumulated outdoor
forcing, with the 3 and 24 h means receiving the largest SHAP contributions. Repeated
seasonal sampling supports the revised ranking, while correlated-feature attribution does
not establish a unique thermal time constant.

Third, the reference counterfactual controller reduces degree-hours above 35 ◦C by
2.62% and exposure hours by 2.84%, with 361.5 active hours. Five NSGA-II seeds and an
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exhaustive schedule-grid check agree on the knee objective values. The joint η–ρ test spans
a 0.62–6.91% degree-hour reduction; these are conditional operational-potential estimates
requiring physical calibration before implementation.

Fourth, at the 35 ◦C reference screen, 233 days remain in routine monitoring and
124 are classified as hot: 45 Class A days, 35 combined Class B/C days, and 44 Class D
days. Twenty-six Class D days have high measured coverage. Threshold variation and
reconstruction-error propagation change the counts, especially in June and July; the classes,
therefore, guide staged assessment rather than invariant intervention prescriptions.

Fifth, the decision matrix makes minimum intervention computationally explicit
without pretending to quantify heritage value. The digital twin determines evidence
confidence, thermal severity, and passive-cooling opportunity; the conservation process
retains authority over cultural significance, structural safety, compatible use, and regulatory
approval. Reconstructed data can trigger monitoring and reversible trials, while fabric-
altering interventions require measured confirmation, field assessment, and applicable
heritage/code review.

Sixth, the screening LCA makes carbon proportionality explicit. Under the SEC
2024 grid-intensity case, 30–90 W assisted ventilation contributes 9.7–29.1 kg CO2e per
588 h hot-season window, while 0.75–2.25 kW localized cooling contributes 242.6–727.7 kg
CO2e. Repeated over 20 years, the positive-emissions screening sum for ventilation plus
two reversible timber-shading cycles is approximately 0.20–0.59 t CO2e, compared with
4.85–14.55 t CO2e for localized cooling before equipment-embodied impacts; the timber
component uses GWP-fossil and is not a full biogenic-carbon balance. The SEC 2030 grid
target reduces these values but does not reverse the intervention hierarchy.

Comparison with a previously monitored independent dwelling within Ushaiger
provides preliminary cross-building support for the repeatability of the observed thermal-
buffering behavior, particularly reduced indoor diurnal amplitude and delayed thermal
response. Nevertheless, this evidence remains intra-site and does not fully validate the
proposed decision-support framework externally. Future research should, therefore, extend
the approach to multiple heritage buildings and different Saudi climatic and morphological
contexts in order to evaluate the transferability of model parameters, thermal classifications,
and intervention thresholds. Accordingly, the present study proposes a transferable deci-
sion architecture, while multi-building validation is needed to establish the transferability
of its numerical parameters and intervention thresholds.

The resulting novelty is an integrated decision process combining monitoring,
uncertainty-aware reconstruction, explainable AI, thermal-regime identification, optimiza-
tion, screening LCA/carbon proportionality, and conservation action. For Saudi Arabia,
the study provides a proof-of-concept pathway that, after multi-building and multi-point
validation, could support future prioritization of operational measures, reversible interven-
tions, localized services, detailed engineering studies, and funding across a wider heritage
portfolio. Future work should validate the decision classes across multiple Najdi buildings;
add direct site measurements of solar radiation and wind, along with opening-state and oc-
cupancy monitoring; connect the data-driven layer to calibrated hygrothermal simulation;
replace screening LCA inputs with project-specific Saudi EPDs and measured equipment
performance; and field-test the selected ventilation strategy. Only after this multi-building
and multi-context validation should portfolio-scale deployment be considered.
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Appendix A. Secondary Figures

Figure A1. Revised mean MAE across the same five seven-day blocked tests. The fourth model adds
regional radiation, wind speed, and cyclic wind direction to XGBoost.

Figure A2. Twenty-year positive-emissions screening of escalating thermal-management actions.
The reversible-shading package includes two 0.15 m3 sawn-timber installations represented with an
A1–A3 GWP-fossil proxy rather than full GWP-total biogenic accounting; localized active cooling
includes B6 electricity only and is, therefore, a conservative lower-bound comparison.
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Figure A3. Site-specific Ushaiger restoration-material A1–A3 fossil-GWP benchmark reproduced
numerically from the published local LCA [17]. The products serve different restoration functions
and are shown as contextual carbon evidence, not as direct substitutes.

Appendix B. Reanalysis Methods and Robustness Diagnostics
All tables in this appendix derive from the supplied six Netatmo exports and regional

CSV using the declared revision script. The raw audit is unchanged. Source measurements
are never modified. Overlapping validation windows are not independent samples, and
scenario percentiles are not calibrated summer confidence limits.

Table A1. Gap-length sensitivity of blind reconstruction.

Gap (Days) Windows Tin Mean
MAE (◦C)

Tin Median
MAE (◦C)

Tout Mean
MAE (◦C)

RHin Mean
MAE (pp)

RHout Mean
MAE (pp)

7 6 0.93 0.87 1.26 3.27 5.10

14 6 0.83 0.87 1.55 3.20 5.13

28 6 1.14 1.10 2.08 5.98 11.57

42 6 1.31 1.04 2.15 7.17 11.11

61 6 1.35 1.25 3.08 7.79 14.99

Each length uses six deterministically selected windows from weekly candidate starts,
excluding the first/last seven days and requiring ≥75% measured coverage plus ≥12
observations per day. All fields are masked and models refitted. Seven-day starts: 17
September, 29 October, 3 December, and 31 December 2025; 4 February and 12 August 2026.
Full start/end dates and scored counts are supplied in validation_windows.csv. The 28-,
42-, and 61-day windows are restricted to October–February and overlap substantially.

Table A2. Cluster separation and stability.

k Inertia Silhouette Davies–Bouldin Seed ARI Median/min Bootstrap ARI Median/min

2 1379.3 0.398 0.999 1.000/1.000 0.961/0.849

3 1137.4 0.360 1.187 1.000/0.986 0.902/0.524

4 964.3 0.290 1.191 1.000/0.968 0.840/0.649

5 856.4 0.316 1.105 0.956/0.508 0.561/0.399

6 755.6 0.286 1.232 0.930/0.914 0.682/0.524
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Figure A4. Inertia, silhouette, and Davies–Bouldin diagnostics for k = 2–6. The four-state solution is
operational rather than the statistically best-separated partition.

Table A3. SHAP sampling robustness.

Sample Size Repeats Sampling Most Frequent First
Feature

First-Rank
Frequency

Minimum Rank
Correlation

300 30 Equal seasons 3 h outdoor mean 30/30 0.991

900 30 Equal seasons 3 h outdoor mean 30/30 0.991

2000 30 Equal seasons 3 h outdoor mean 30/30 0.991

All 8314 eligible measured targets are attributed before sampling. DJF, MAM, JJA,
and SON have 2595, 1256, 1449, and 3014 targets, respectively. The high-temperature
measured subset has 1830 targets and the same leading feature. June has no measured
target; a balanced seasonal sample, therefore, cannot validate June. Correlations compare
full feature rankings with the equal-season reference, with strongly correlated outdoor
means interpreted cautiously.

Table A4. Counterfactual assumptions and objective definitions.

Item Value or Definition Interpretation

η reference 0.061 per half-hour Effective scenario coupling, not measured
air-change rate

η sensitivity 0.02, 0.03, 0.05, 0.061, 0.07, 0.09, 0.10 2–10% driving-difference correction per
active step; uncalibrated range

ρ reference and grid 0.865; grid 0.75, 0.80, 0.865, 0.90, 0.95 Reported reference persistence retained; joint
scenario sensitivity

Thermal objective Degree-hours above each tested threshold Counterfactual high-temperature exposure

Burden objective Actual active hours, with η fixed within
each run

Operating effort separated from effective
coupling

Moisture eligibility Outdoor RH < 70%;
AHout ≤ AHin + 2 g/m3

Baseline moisture screen; no counterfactual
moisture dynamics

Decision opportunity 20:00–07:00; Tout ≤ Tin − 1.40 ◦C Fixed diagnostic definition independent of
the revised optimum

Carbon runtime 588 h, fixed reference Common power comparison; revised
controller uses 361.5 h

Shares use hot days at each threshold. The diagnostic cooling opportunity, coupling,
persistence, and moisture rules remain fixed; the three schedule variables are reoptimized
for each temperature threshold. Fixed 35 ◦C splits result in A/D counts of 29/67, 19/58,
45/44, 36/18, and 7/0 at 30, 32, 35, 37, and 40 ◦C, respectively. This comparison separates
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threshold effects from changes in the local median splits. Full B/C counts and schedules
are supplied in threshold_sensitivity.csv.

Table A5. Temperature-threshold sensitivity with locally recalculated medians.

Threshold (◦C) Hot Days Class A Class D H*/C* Reoptimized Reduction (%)

30 183 64 (35.0%) 58 (31.7%) 119.70/7.0 2.03

32 155 56 (36.1%) 51 (32.9%) 87.35/6.5 2.55

35 124 45 (36.3%) 44 (35.5%) 37.74/6.5 2.62

37 89 29 (32.6%) 28 (31.5%) 14.20/5.5 1.88

40 25 11 (44.0%) 10 (40.0%) 4.75/1.0 0.95

Table A6. Reconstruction-error propagation with fixed class splits and controller.

Scenario Hot Days A Days D Days Reduction (%) June A/D July A/D

Indoor shift −0.97 ◦C 117 34 51 0.42 16/2 1/23

Indoor shift +0.00 ◦C 124 45 44 2.62 22/0 3/17

Indoor shift +0.97 ◦C 136 53 33 5.78 16/0 4/7

Joint residual blocks 5th 115.0 23.0 37.0 1.00 2.0/0.0 1.0/9.0

Joint residual blocks median 122.0 31.0 47.0 2.45 9.0/4.0 2.0/17.0

Joint residual blocks 95th 129.0 41.0 57.0 4.14 18.0/11.0 5.0/23.0

Systematic shifts change reconstructed indoor temperatures only. The 200 joint draws
perturb all four reconstructed environmental fields using seven-day blocks drawn from the
≥28-day validation residuals. Measured timestamps, reference H*/C*, and the selected
controller remain fixed. Fractional day counts are empirical percentile interpolation. These
envelopes measure the tested scenario sensitivity; they are not calibrated probabilistic
confidence intervals for the missing summer observations.

Table A7. NSGA-II seed agreement and convergence.

Seed Start/Duration/Trigger Degree-Hours Active Hours Reduction (%) Schedules Final-50 HV
Change (%)

2026 17.5/10.0/1.5 4711.32 361.5 2.62 90 +0.00442

2027 17.5/10.0/1.5 4711.32 361.5 2.62 93 +0.00083

2028 18.0/9.5/1.5 4711.32 361.5 2.62 87 −0.00402

2029 17.5/10.0/1.5 4711.32 361.5 2.62 94 +0.00545

2030 17.5/10.0/1.5 4711.32 361.5 2.62 88 +0.00531

Population 100; 200 generations; SBX crossover probability of 0.9, distribution index
of 15; polynomial mutation individual probability of 1.0, per-variable probability of 1/3,
distribution index of 20; random real-valued sampling; rank/crowding survival; and
duplicate-genotype elimination. The retained schedules are rounded to 0.5 h, 0.5 h, and
0.1 ◦C. Hypervolume scales degree-hours by the no-intervention baseline and active hours
by available monitoring hours. The seed-2026 knee has a zero degree-hour and active-
hour difference from the exhaustive 10,166-schedule-grid knee. Schedule timings are
not uniquely identifiable where eligibility patterns and objectives coincide. The final-set
convergence is not proof of optimum outside the declared grid or physical validity.
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Figure A5. Hypervolume trajectories for the five declared NSGA-II seeds. Small final changes and
agreement with the exhaustive grid support numerical convergence within the declared scenario.

Table A8. Paired regional-climate model comparison.

Model Mean MAE
(◦C)

Median MAE
(◦C)

Mean RMSE
(◦C) Eligibility

XGBoost 0.806 0.570 0.961 Same five blocks and 8314 eligible targets

XGBoost + regional climate 0.734 0.558 0.896 Same five blocks and 8314 eligible targets

Wind direction is converted to sine/cosine components before time interpolation
to avoid the 0◦/360◦ discontinuity. These components, radiation, and wind speed are
interpolated from hourly regional records to half-hour timestamps. Both models use
the same measured targets, measured outdoor history, folds, exclusions, and XGBoost
parameters. Full block-level errors and sample sizes are supplied in surrogate_by_block.csv.
Source metadata do not independently establish ERA5 provenance.

Software versions: numpy 2.3.5, pandas 2.2.3, scipy 1.17.0, scikit-learn 1.8.0, xgboost
3.4.1, shap 0.52.0, numba 0.68.0, pymoo 0.6.2, and matplotlib 3.10.8. The analysis script
uses a random seed of 2026 unless a listed stability seed replaces it. Input filenames and
source timestamps are retained in the supplementary records.
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