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Abstract

Open hourly meter data are often used to infer how buildings respond to extreme heat,
but the interpretation can depend on the analytical baseline, institutional calendar, and
meter configuration. We examined 60 education and office buildings in the Building Data
Genome Project 2 using repeated whole-week validation, temperature-matched placebo
tests, 13 academic-calendar definitions, and same-building, common-hour carrier com-
parisons. A leakage-resistant change-point model that incorporated a previous-day, load-
derived operating-regime proxy reduced blocked-validation error relative to a conventional
model in 58 of 60 buildings; temperature binning provided no additional predictive benefit
after regime control. Recovery-related signals were uncommon: rebound was significant in
2 of 49 eligible buildings, load-shape disruption in 1 of 49, and the 72 h duration diagnostic
in 3 of 60. At Fox, the BASE calendar supported term and break comparisons through
39–42 ◦C, but neither building-use group differed significantly after false-discovery-rate ad-
justment; estimates above 42 ◦C were inconclusive. In the matched sample of 13 education
and 10 office buildings, no electricity-only, chilled-water-only, or weighted specification
provided robust evidence of a between-group difference. Across 99 combinations of carrier
weight, normalization, and temperature bin, every 95% interval included zero. Reliable
campus benchmarking therefore requires out-of-sample baseline assessment, explicit calen-
dar sensitivity, common-hour meter matching, and carrier-specific uncertainty reporting
before building-use rankings or resilience-related interpretations are made.

Keywords: sustainable campus energy management; building energy performance;
extreme heat; district cooling; chilled-water metering; operating-regime proxy; academic
calendar; measurement and verification

1. Introduction
Buildings and construction are central to climate mitigation and to the management of

heat-related energy demand. The latest Global Status Report for Buildings and Construction
estimates that the sector accounts for 28% of global energy consumption and 37% of
global CO2 emissions; operational emissions reached 9.9 Gt CO2 in 2024 [1]. During the
same year, electricity use in buildings rose by more than 600 TWh, or 5%, and accounted
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for almost 60% of the increase in global electricity demand. Increased air-conditioning
use during severe heatwaves was one of the main drivers [2]. These trends make the
careful interpretation of measured building loads under hot conditions important for
benchmarking, campus operations, and heat-event assessment.

Hotter summers increase cooling electricity demand, and operational meter data allow
this effect to be examined across large building samples. Urban overheating has been
associated with higher cooling demand and a smaller reduction in heating demand [3].
Reviews document the scale of this burden across the building stock [4], while recent outage
records show that heatwaves can also reduce electricity-system reliability [5]. At building
level, concurrent heat and power interruptions create practical trade-offs between energy
efficiency and resilience that affect operational planning [6].

Sustainable building performance in hot climates also depends on the design and
control of façades and daylighting systems. Recent multi-objective studies of corrugated,
perforated, and separated shading systems have examined trade-offs among useful day-
light, glare, illuminance uniformity, and external view in deep-plan and very-hot-climate
offices [7,8]. These studies address the physical design of high-performance buildings. The
present study examines the following complementary measurement question: whether
open meter data support reliable conclusions about heat response when the baseline,
academic calendar, and energy-carrier coverage are considered together.

University campuses are a useful setting for this question. They contain several
building types within a single estate, are often metered at building level, and commonly
use district cooling. In such systems, a central plant produces chilled water and dis-
tributes it through a pipe network instead of relying on a separate electric chiller in each
building [9–11]. The Building Data Genome Project 2 (BDG2) provides an open portfolio
for this purpose, with hourly electricity, chilled-water, and steam records, together with
weather data and building metadata [12].

District cooling affects both how a campus is cooled and how its energy use is
recorded. The thermal energy drawn for cooling is measured at the chilled-water in-
terface and is separate from the building’s electricity consumption. This distinction is
important when heat response is interpreted. A district-cooled building may appear only
weakly temperature-sensitive on its electricity meter because much of its cooling demand
is recorded on another meter.

The availability of these data has broadened the use of metered consumption from
estimating total energy use to examining building response and recovery during heat
events. Metered consumption has been used to estimate institutional heatwave loads and
peak demand [13], infer cooling and HVAC operation from whole-building electricity and
outdoor temperature [14,15], and derive indicators such as peak demand, load factor, and
ramp rate from smart-meter records [16]. Some studies describe these quantities in terms
of resilience or recovery.

Metered load is nevertheless an indirect indicator of building behavior. Electricity
demand varies with weather, but also with the baseline used to define normal operation,
the building’s operating schedule, and the way energy is supplied and metered. Although
each factor is recognized in the literature, they are seldom examined together within one
operational dataset. An apparent difference between building types, or an apparent absence
of difference, may therefore reflect the analytical baseline, calendar, or meter architecture
rather than the buildings themselves.

This study examines this interpretive risk through four linked checks. Repeated whole-
week validation and a four-model ablation identify the predictive baseline. Temperature-
matched placebo tests assess whether apparent event effects are specific to the heat episode.
Academic-calendar stratification is evaluated under 13 prespecified definitions, with ex-
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plicit checks of coefficient estimability and data support. The final check uses the same
buildings and common valid hours to separate electricity and chilled-water responses and
to test alternative carrier weights and normalization methods. Stability is quantified using
10,000 common building-level resamples, effect sizes, and multiplicity control. Figure 1
summarizes the workflow.

 

Figure 1. Workflow for the reliable interpretation of extreme-heat load response from open building
energy data. The analysis begins with portfolio selection and meter-coverage screening, followed by
baseline comparison, event and placebo diagnostics, academic-calendar and temperature-support
checks, and matched carrier analysis with sensitivity testing. Placebo diagnostics were restricted
to buildings with a mean blocked M3 CV-RMSE below 25%. Temperature-bin coefficients were
interpreted only when the relevant stratum contained at least 24 training hours; unsupported or
non-estimable bins were retained as inconclusive. Previous-day P10 operating regimes, common-hour
matching, bootstrap confidence intervals, multiplicity control, and sensitivity analyses were applied
throughout. These analyses assess robustness but do not provide physical validation.

The study addresses four research questions. RQ1 asks whether a leakage-resistant,
load-derived operating-regime baseline improves out-of-sample prediction relative to a
conventional change-point baseline, and whether any improvement arises from operating-
regime control or temperature binning. RQ2 asks whether event- and recovery-related
metrics can be distinguished from temperature-matched non-event periods. RQ3 examines
how the academic-calendar definition and temperature-bin support affect the estimated
load response and its interpretable temperature range. RQ4 asks whether an electricity-only
difference between office and education buildings remains stable after same-building and
common-hour restriction, carrier separation, alternative carrier weights, normalization
choices, bootstrap uncertainty, and multiplicity control.

The study contributes a reproducible procedure that combines leakage-resistant
operating-regime control, placebo calibration, prespecified calendar sensitivity, explicit
support and estimability checks, and meter-coverage auditing in one analysis based on pub-
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lic data. The four-model ablation identifies whether predictive improvement arises from
operating-regime control or temperature representation. The matched carrier analysis then
assesses whether an apparent difference between office and education buildings remains
consistent under changes in sample composition, carrier visibility, index construction,
normalization, and uncertainty treatment. The results do not support a chilled-water-
driven reversal of the building-use ranking. Rather, the ranking is too unstable to justify a
directional claim.

The scope is intentionally limited. The dataset contains separate electricity and chilled-
water loads together with building-use and operating-state information, but no data on
envelope construction, form, orientation, fabric properties, indoor temperature, or occupant
exposure. Accordingly, the study addresses building use, operation, and cooling infras-
tructure rather than design morphology. It does not measure thermal comfort, occupant
resilience, or passive survivability, nor does it assume that either building-use group is
inherently more resilient. Estimates without adequate data support, particularly above
42 ◦C, are reported as inconclusive.

The remainder of the paper is organized as follows. Section 2 reviews empirical
studies of heat-response interpretation, predictive baselines, operational calendars, and
metering structure. Section 3 describes the dataset and the four analytical checks. Section 4
reports the baseline, placebo, calendar, and meter-aware results. Section 5 discusses the
implications for the use of open meter data. Sections 6 and 7 present the limitations and
conclusions, respectively.

Figure 1 shows the full analytical sequence.

2. Related Work
2.1. Extreme Heat and Building Energy Demand

The influence of high outdoor temperature on building energy use is well established.
A review covering many cities estimated that urban heat islands increase cooling energy
use by about one-fifth on average, while partly reducing heating demand [17]. Field
measurements in Athens found that urban cooling loads could approximately double and
that peak cooling electricity could triple, relative to less dense surroundings [18]. City-scale
evidence from Tokyo shows the same direction of effect in both residential and commercial
buildings [19]. Much of the earlier evidence was simulation-based. Subsequent analyses of
operational meter records have provided direct empirical evidence of urban-overheating
effects [3], making measured-data studies increasingly attractive. The BDG2 portfolio used
here also supported the ASHRAE Great Energy Predictor III competition [20], continuing a
long tradition of predicting building loads from measured data [21].

2.2. Inferring Heat Response and Resilience from Measured Energy Data

Research based on smart-meter data has expanded rapidly. Such records have been
used to model residential demand under changing climate conditions [22], quantify the
effect of extreme temperatures on household electricity use [23], and review the methods
and datasets used across the wider residential smart-meter literature [24].

Energy indicators are sometimes interpreted using the language of resilience, although
formal definitions of thermal resilience usually rely on indoor thermal conditions and
simulation. Examples include thermal-resilience benchmarking frameworks [25], defi-
nitions of resilient cooling [26], and applications to educational buildings [27] and care
facilities [28]. These studies assess outcomes that energy meters cannot observe directly.
The question addressed here is narrower as follows: whether meter records alone justify
resilience-related language. Table 1 summarizes empirical studies that infer heat response,
cooling behavior, or recovery-related quantities from operational energy data, together
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with studies of predictive-baseline assessment, occupancy or calendar control, and meter or
carrier structure. Thermostat-based work on heat and outage planning [29] is discussed in
the text but is not included in the comparative table because it does not report building-level
energy-meter coverage.

Table 1. Selected empirical studies based on measured data that inform heat-response interpretation
and the following three analytical controls: predictive-baseline assessment, occupancy or calendar
control, and energy-carrier or meter control.

Reference Year Data and Setting Quantity
Inferred

Baseline
Out-of-Sample

Validation

Occupancy/
Calendar Control

Energy-
Carrier/Meter

Control

[14] Khalil-
nejad et al. 2021

432 commercial
buildings; 15 min
whole-building

electricity and outdoor
temperature

Cooling
setpoint-

setback savings
and HVAC

cooling share

No event-specific
out-of-sample
counterfactual

baseline reported

Yes, occupied and
unoccupied

cooling periods

Whole-building
electricity only;

no building-level
chilled-water

coverage check

[15]
Khalilnejad

et al.
2020

432 commercial
buildings; 15 min
whole-building

electricity

HVAC
operating
patterns,

baseload, and
scheduling

savings

No event-specific
out-of-sample
counterfactual

baseline reported

Yes, load-derived
occu-

pied/unoccupied
operating
patterns

Whole-building
electricity only

[16] Guo
et al. 2025

1.93 million residential
consumers across 134

ZCTAs, Harris County,
Texas; cooling seasons

2022–2023

Nine resilience-
related

electricity KPIs
and future

cooling-season
demand

No event-specific
counterfactual

baseline reported;
forecasting

performance
evaluated
separately

Not reported Residential
electricity only

[3] Su et al. 2021

Seoul; seven years of
measured building
energy linked to 54

weather stations

Urban-
overheating

effect on
cooling and

heating energy

Not reported Not reported

Cooling and
heating energy

distinguished; no
chilled-water

meter-coverage
assessment

[30]
Pickering

et al.
2018

Six commercial
buildings in California

and Texas; 15 min
electricity and weather

Operational
signatures,

HVAC
scheduling, and

temperature
sensitivity

Not reported

Operational
schedules

inferred from
load; no direct

occu-
pancy/calendar

variable

Whole-building
electricity only

[31] Kim
et al. 2020

One campus office
building; 3778 hourly
observations over 157

days; electricity,
occupant rate, and

weather

Electricity
prediction and
sensitivity to

occupancy and
weather inputs

Train/test
prediction

performance
reported; not a

heat-event
counterfactual

baseline

Yes, measured
occupant rate

Whole-building
electricity only

[32] Gui
et al. 2021

122 university
buildings in

subtropical Australia;
measured energy and

space-use data

Academic-
calendar effects

on university
energy use

Not reported

Yes,
semester/trimester

calendars and
teach-

ing/research
space use

No explicit
energy-carrier or
meter-coverage

assessment
reported
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Table 1. Cont.

Reference Year Data and Setting Quantity
Inferred

Baseline
Out-of-Sample

Validation

Occupancy/
Calendar Control

Energy-
Carrier/Meter

Control

[33] Gaspar
et al. 2022

83 academic buildings;
electricity, natural gas,

weather, and
COVID-19 lockdown

periods

Weather-
adjusted

avoided energy
during

lockdown

Weather-adjusted
period

comparison; no
out-of-sample
counterfactual

baseline
validation

Yes,
pre-lockdown,
lockdown, and

occupancy phases

Electricity and
natural gas; no

end-use or
chilled-water
submetering

[34] Zhao
et al. 2023

Operational
district-cooling system

serving multiple
buildings; measured

DCS energy and
weather forecasts

District-
cooling-system

energy
prediction

Predictive-model
testing reported;

not a
building-level
heat-response
counterfactual

baseline

No, occupancy
influence stated

as neglected

District-cooling
thermal-

energy/system
measurements;

no building-level
meter-coverage

comparison

[35]
Raymand

et al.
2023

BDG2; 1636 buildings;
hourly electricity and

chilled-water
consumption

Building
characteristics

for smart-meter-
based remote

auditing

Cross-validation
and held-out

testing for ML
pipelines; not a
heat-response
counterfactual

baseline

Not reported

Electricity and
chilled-water

features; chilled
water improved

accuracy by
7.2–13.5%

[36] Fu et al. 2021

One classroom
building in Texas;

chilled water, domestic
cold water, and

electricity

Occupancy-
proxy effects on

chilled-water
cooling-
baseline
accuracy

Model
performance

compared across
periods;

independent or
blocked

validation not
established

Yes,
domestic-water
and electricity
proxies tested

Chilled-water
outcome with

separate
domestic-

water/electricity
proxy meters

This study 2026

BDG2; six campuses;
hourly electricity,

chilled water, weather,
and metadata

Extreme-heat
load response

and
interpretability

of
resilience-style

claims

Yes, five-offset
repeated

whole-week
blocked

validation and
four-model

ablation
(CV-RMSE, BIC,

and residual
diagnostics)

Yes, previous-day
load-derived

operating
regimes; BASE

plus 12
prespecified

academic-
calendar

alternatives;
per-bin rank and

support audit

Yes, same-
building/common-

hour carrier
separation;

electricity/chilled-
water endpoints;

weight and
mean/P90/RMS

normalization
sensitivity

A targeted, reproducible literature search was used to develop Table 1; it was not
designed as a systematic or PRISMA review. The search covered English-language, peer-
reviewed journal articles published between 2000 and 28 July 2026 in Scopus, Web of
Science Core Collection, and Google Scholar. The following three groups of terms were
combined: measured building energy with heat response or recovery; campus operation
with occupancy or academic-calendar terms; and chilled water or district cooling with
meter coverage and interpretation. Candidate records were checked against publisher
pages and Crossref. Studies were included when they used measured operational data
and addressed at least one of the following topics: temperature–energy relationships,
event or recovery indicators, occupancy or calendar effects, carrier or meter structure,
or measured-data baseline validation. Simulation-only studies, non-peer-reviewed mate-
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rial, duplicate versions, and forecasting studies without clear relevance to temperature,
occupancy, calendar, or carrier structure were excluded.

The search was designed to identify a focused set of closely relevant studies rather
than to support an exhaustive claim about the entire literature. Exact database hit counts are
not reported because institutional access did not permit reproducible verification of record
counts in Scopus and Web of Science. As Table 1 shows, earlier empirical studies usually
address only part of the interpretability problem. Some use measured occupancy, load-
derived operating patterns, academic calendars, or lockdown periods. Others distinguish
electricity, gas, chilled water, or district-cooling measurements. Broader portfolio studies
have also used measured electricity data to compare temporal patterns and energy use
across commercial and office buildings [30,37,38]. Predictive testing appears in several
forecasting and building-characterization studies, but it is rarely designed as leakage-
resistant blocked validation of a heat-event counterfactual. Within the targeted literature
set, we did not identify a study that combined baseline assessment, occupancy or calendar
control, and an explicit test of whether separately metered chilled water changed an
apparent building-use contrast. This conclusion is limited to the stated search procedure.

2.3. Why the Three Controls Matter

Each control addresses a different source of error in the interpretation of metered load.
The baseline model determines what is treated as normal consumption and, in turn,

what is labeled as anomalous. Baseline choice affects predictive accuracy and the deviations
inferred from it [39,40]. Measurement-and-verification guidance places out-of-sample
assessment at the center of baseline credibility [41–43]. A model may fit its training data
closely and still perform poorly during the unusual conditions of a heat event.

Occupancy and the operating calendar determine when and how a building is
used. Incorporating measured occupancy can improve baseline accuracy and load
prediction [44,45]. On a campus, term and break periods shape annual energy use and often
overlap with the hottest part of the year [32]. Even the treatment of calendar boundaries can
alter change-point model parameters [46]. Lockdown studies further show that nominally
vacant academic buildings may continue to consume a substantial share of their usual
energy [33]. Without an operating-period control, a weak response during hot weather
may be attributed to demand-side performance when it simply reflects reduced use.

The energy carrier and meter arrangement determine whether cooling demand is
visible in the selected data stream. When cooling is supplied as chilled water, thermal
demand is recorded separately from building electricity, so an electricity-only analysis
may omit much of the cooling response. In BDG2-based models, chilled-water features
improved the estimation of building characteristics by 7.2–13.5% [35]. The present analysis
tests whether this meter structure also affects the interpretation of heat-response differences
between building-use groups.

3. Materials and Methods
The workflow is shown in Figure 1. Sections 3.1–3.7 describe its individual components.

3.1. Dataset, Site and Building-Use Selection, and Meter Coverage

BDG2 is an open dataset of hourly energy use for a large non-residential portfolio,
accompanied by weather series and building metadata [12]. Where available, electricity,
chilled water, and steam are recorded on separate building-level meters.

The dataset was selected because it provides electricity and chilled-water records
for the same buildings, together with weather and metadata, across a large shared port-
folio [12]. Its peer-reviewed descriptor and use in the ASHRAE Great Energy Predictor
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III competition [12,20] support reproducibility. Although the records cover 2016–2017,
the analytical issues examined here, including baseline sensitivity, calendar overlap, and
carrier separation, remain relevant to current meter-based studies. The age of the records is
considered in Section 6.

The analysis was restricted to campus sites and to education and office buildings,
which were sufficiently represented for within-site comparison. Laboratory and healthcare
buildings were too few within individual sites, whereas assembly buildings showed event-
driven load patterns that were inconsistent with the baseline design used here.

Sites were selected according to realized outdoor temperature rather than nominal
location. Fox reached the highest temperature range in the portfolio, with a 95th-percentile
outdoor temperature of 39.4 ◦C and a maximum of 48.3 ◦C and was therefore used as
the primary extreme-heat case. The full baseline and placebo workflow was repeated at
Panther as a prespecified moderate-heat comparison using the same education and office
design. Panther reached a 95th percentile of 31.7 ◦C and a maximum of 36.1 ◦C and was not
treated as a second extreme-heat case. Bull, Rat, Eagle, and Hog were retained to provide
context for calendar definition, temperature support, and meter coverage.

Electricity coverage was defined as the proportion of expected hourly timestamps with
a valid electricity reading. Missing readings were neither treated as zero nor interpolated
in the primary analyses; models used only hours for which all required variables were
available. Buildings with electricity coverage below 75% were excluded. This prespecified
threshold retained sufficient buildings for matched site and building-use comparisons
while supporting whole-week blocked validation. No separate maximum-gap exclusion
rule was applied. Within each site and building-use cell, eligible buildings were ranked first
by coverage and then by valid-hour count, and the 15 best-covered buildings were retained.
The longest uninterrupted missing period was recorded descriptively to distinguish overall
sparsity from temporal discontinuity.

Chilled-water availability and coverage were assessed separately because they deter-
mine eligibility for the meter check in Section 3.5. A building without a chilled-water meter
was treated as missing for that carrier, not as having zero cooling demand. This selection
procedure improves comparability and numerical stability but may favor buildings with
more reliable metering.

For each site, the heat event was defined as the contiguous 72 h period with the highest
mean outdoor air temperature in the available record. The event itself, the preceding 72 h,
and the following seven days were excluded from baseline fitting and validation. This pre-
vented the event and its immediate surroundings from influencing model selection. At Fox,
the selected event ran from 19 June 2017 at 10:00 to 22 June 2017 at 09:00, with a mean tem-
perature of 40.02 ◦C and a maximum of 48.30 ◦C. At Panther, the event ran from 5 July 2016
at 17:00 to 8 July 2016 at 16:00, with a mean of 30.33 ◦C and a maximum of 36.10 ◦C. Table 2
summarizes the resulting site, building-use, temperature, and meter-coverage profile.

Outdoor air temperature was divided into fixed 3 ◦C bins. This representation makes
the estimated response and its data support visible within each temperature band and
avoids extending a continuous slope into sparsely observed extremes. The trade-off is lower
within-bin resolution and potentially less statistical power than a continuous model. Coef-
ficients were interpreted only when the corresponding bin had adequate training support.
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Table 2. Dataset composition, temperature summary, and meter coverage by site and building-use
group. Chilled-water (CW) coverage is the median share of study hours with a valid reading among
CW-equipped buildings in each group. The penultimate column gives the highest temperature bin
supported in both term and break under the BASE calendar. For the strict Fox carrier comparison,
the same-building and common-hour audit retained 13 education and 10 office buildings. The
final column reports the range of electricity coverage and valid-hour counts across the 15 retained
buildings in each site and building-use cell.

Site Building-
Use Group

Buildings
n

With CW
(n)

CW Coverage,
Median (%) T P95 (◦C) T Max (◦C)

Highest
Supported Bin,

Center (◦C)

Electricity
Coverage and
Valid Hours,

Range

Fox Education 15 14 100 39.4 48.3 40.5 99.98–99.99%
17,540–17,543 h

Fox Office 15 10 100 39.4 48.3 40.5 99.91–99.99%
17,528–17,542 h

Bull Education 15 10 99.8 33.9 41.1 34.5 98.16–98.30%
17,221–17,246 h

Bull Office 15 9 99.8 33.9 41.1 34.5 91.87–98.40%
16,117–17,263 h

Rat Education 15 0 Not applicable 30.6 37.8 34.5 99.78–99.98%
17,506–17,541 h

Rat Office 15 0 Not applicable 30.6 37.8 34.5 99.57–99.98%
17,468–17,540 h

Eagle Education 15 14 100 28.9 35.6 31.5 98.79–99.93%
17,332–17,531 h

Eagle Office 15 13 99.9 28.9 35.6 31.5 98.97–99.52%
17,363–17,460 h

Panther Education 15 6 91.3 31.7 36.1 34.5 80.69–81.44%
14,157–14,287 h

Panther Office 15 4 88.3 31.7 36.1 34.5 80.68–81.87%
14,155–14,363 h

Hog Education 15 12 98.0 27.0 35.6 31.5 99.84–100.00%
17,516–17,544 h

Hog Office 15 10 98.0 27.0 35.6 31.5 100.00–100.00%
17,544–17,544 h

3.2. Baseline Models
3.2.1. Candidate Baseline Models

Interpreting heat response requires a baseline that estimates expected consumption
under normal operation. Baseline specification can affect predictive accuracy and the
deviations later classified as anomalous [39,40]. Four candidate models were compared in
an ablation design rather than selecting one model in advance.

M1 used a conventional heating-and-cooling change-point function with hour-of-day
and weekend controls, following established measurement-and-verification and inverse-
modeling practice [41–43]. M2 replaced the change-point terms with fixed 3 ◦C temperature
bins and included no operating-regime control. M3 added a load-derived operating-regime
factor to M1. M4 combined that factor with the binned-temperature representation. The
comparison separates the predictive contribution of operating-regime control from the
contribution of the temperature representation. Equation (1) defines the expected load for
building b at hour t under candidate model m.

Ê(m)
b,t = αb + g(m)

b (Tt) + γ
(m)T
b rb,t + δT

b ht + ηbWt (1)
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In Equation (1), Ê(m)
b,t denotes the expected load of building b at hour t under candidate

model m; αb is the building-specific intercept; g(m)
b (Tt) is the model-dependent temperature-

response component; rb,t is the operating-regime indicator vector; ht is the 23-element
hour-of-day indicator vector; and Wt is the weekend indicator. The regime-coefficient
vector γ

(m)
b is set to zero for M1 and M2 and estimated for M3 and M4. Hour 0 and the first

operating regime are the reference categories.
For M1 and M3, the temperature-response component takes the two-sided change-

point form defined in Equation (2).

gCP
b (Tt) = βc,bmax(Tt − Tc,b, 0) + βh,bmax(Th,b − Tt, 0) (2)

In Equation (2), Tc,b and Th,b are the building-specific cooling and heating change
points, while βc,b and βh,b are the corresponding slopes. The maximum operators impose
zero contribution below the cooling hinge and above the heating hinge. Cooling change
points were selected from 16 to 26 ◦C and heating change points from 8 to 18 ◦C, both in
2 ◦C increments, using training observations only.

For M2 and M4, the change-point component is replaced by the fixed binned-
temperature representation in Equation (3).

gBIN
b (Tt) = ∑

k∈KT

θb,k I(Tt ∈ Bk) (3)

In Equation (3), each Bk is a fixed temperature band with boundaries [−∞, 0), [0, 3),
. . ., [39, 42), and [42, +∞) ◦C; θb,k is the building-specific coefficient; and KT is the set of
non-reference bins. The omitted reference is the band centered nearest 18 ◦C. A bin was
considered supported when it contained at least 24 training hours. Unsupported or previ-
ously unseen bins were not interpreted in the response-curve analysis. Binning was used
to characterize the response curves and their support, not to select the predictive baseline.

3.2.2. Leakage-Resistant Operating-Regime Proxy

To avoid current-day target leakage, the primary regime assigned to day d was based
on the 10th percentile of the previous day’s 24 hourly loads. A training day required at
least 18 valid hours on both day d and day d − 1. The proxy was standardized using
training days only and clustered into K = 3 ordered groups by k-means, with 20 replicates
and a maximum of 500 iterations. Cluster labels were ordered from low to high proxy load
and assigned to every hour of day d. The resulting variable is an operating-state proxy
that may reflect occupancy, scheduling, and control conditions; it is not a direct occupancy
measurement. Current-day P10 and the median load from 00:00 to 05:59 were retained
only for sensitivity analysis. A regime was considered supported when it contained at least
168 training hours.

For comparisons across buildings, each binned-temperature coefficient was normal-
ized by the building’s mean training load, as defined in Equation (4).

θ∼b,k = θb,k/Eb,tr

Eb,tr = (1/|Tb,tr|) Σt∈T(b,tr) Eb,t
(4)

Here, θ∼b,k is the estimated coefficient for temperature band k, and Ēb,tr is the mean ob-
served load over the corresponding training observations. All comparisons of temperature-
response coefficients across buildings and building-use groups use the normalized coeffi-
cients; raw coefficients are not compared across buildings. Predictive baseline performance
is evaluated separately using CV-RMSE on the original load scale.
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3.2.3. Repeated Whole-Week Validation and Diagnostics

The non-event record was divided into calendar weeks and evaluated using five offset
whole-week validation folds. In fold f, every fifth eligible week beginning at offset f was
held out, so each non-event week served once as validation. Every candidate model was
refitted independently within each fold. The heat-event window and its exclusion buffer
were omitted from training and validation. For each building, the primary predictive
score was the mean CV-RMSE across the five folds; the fold-level standard deviation
and interquartile range described validation variability. Whole weeks were held out
because adjacent hourly observations are strongly autocorrelated. Equation (5) defines the
fold-level score.

CV-RMSEb,m
(f) =

√{(1/|Vb,f|) Σt∈V(b,f)(Eb,t − Ê(m,−f)
b,t )

2
}/Eb,f

val

CV-RMSE−
b,m = (1/5) Σf=1

5 CV-RMSEb,m
(f)

(5)

In Equation (5), Vb, f is the validation set for building b in fold f , Eval
b, f is its mean ob-

served load, and Ê(m,− f )
b,t is the prediction from model m fitted without the weeks assigned

to fold f . The primary building-level score is the arithmetic mean across the five offset
folds. Model complexity was assessed using the Bayesian information criterion [47].

The BIC definition used for this secondary complexity diagnostic is given in
Equation (6).

BIC( f )
b,m = ntr

b, f ln

RSS( f )
b,m

ntr
b, f

 + k( f )
b,mln

(
ntr

b, f

)
(6)

In Equation (6), ntr
b, f is the number of training observations, RSS( f )

b,m is the training

residual sum of squares, and k( f )
b,m is the effective model rank, including the two selected

change-point parameters where applicable. BIC was calculated on identical training obser-
vations for all candidate models within each fold and was treated as a secondary complexity
diagnostic. Model adequacy was also examined through residual autocorrelation at 1, 24,
and 168 h and Ljung–Box tests at 24 and 168 lags. Because temporal dependence remained
in all models, blocked CV-RMSE was the primary basis for model selection. Event hours
entered neither training nor validation.

3.3. Event and Placebo Diagnostics

Event over-demand and under-demand were measured as the mean positive and
negative normalized deviations across hours with both an observed load and a valid M3
prediction, as defined in Equation (7).

Db = (1/|εb
valid|) Σt∈ε(b,valid) (Eb,t − Êb,t)/Ēb (7)

The excluded fraction was reported, and a site and building-use cell would have been
treated as unreliable if more than 20% of event hours were excluded. The 24 h temperature-
bin support rule does not govern event predictions because the selected M3 baseline uses
continuous change-point terms. That rule applies only to the binned response curves in
Sections 3.4 and 3.5. Event-hour exclusions instead arose from missing observations, invalid
predictions, or unsupported operating-regime assignments. Equation (8) defines post-event
load-shape similarity using the mean-centered Pearson correlation with normal days.

ρ =
∑h (xh − x)(yh − y)√

∑h (xh − x)2∑h (yh − y)2
(8)
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Cosine similarity and other scale-invariant measures were not used because they
discriminate poorly among all-positive daily load profiles.

All event and recovery diagnostics were recomputed after baseline selection using
M3 with the previous-day P10 operating-regime proxy. Positive rebound and load-shape
disruption were compared with non-event windows whose mean temperature was within
±3 ◦C of the corresponding post-event window. For an upper-tail statistic, the empirical
p-value was calculated as p = [1 + Σ I(S_j ≥ S_obs)]/(B + 1), so ties remained in the
tail and could not increase apparent significance. The displayed placebo percentile was
Σ I(S_j ≤ S_obs)/B. Rebound and load-shape tests used B = 500 draws, giving a tail-
probability resolution of 0.002. The duration diagnostic used 2000 draws from contiguous
72 h non-event blocks. Its upper- and lower-tail p-values used the same plus-one correction,
and the two-sided value was min{1, 2 min(p_high, p_low)}. Contiguous blocks were
used because scattered hours would understate the strong serial dependence on the data.
Recovery-placebo tests were limited to buildings with mean blocked M3 CV-RMSE below
25%; the duration diagnostic included all buildings with a valid event-residual series. These
building-level thresholds were nominal and were not adjusted across metrics. Individual
findings were treated as exploratory, and the aggregate counts were considered relative to
the number expected at a 5% false-positive rate.

The controls were defined independently of their effect on the results. Baseline selec-
tion used out-of-sample prediction and BIC without reference to event residuals. Placebo
tests calibrated event specificity against each metric’s own null distribution. The meter
check was based on the physical location of cooling measurement. This separation prevents
the workflow from favoring a null result by construction.

3.4. Academic-Calendar Stratification

The load response to temperature was stratified by academic term and break. Because
BDG2 sites are anonymized, the BASE calendar approximated standard US semester dates
and was treated as an operating-calendar proxy rather than a direct measure of occupancy.
Robustness was assessed under 13 prespecified definitions as follows: BASE; boundary
shifts of −7, +7, −14, and +14 days; break expansion and contraction by 14 and 21 days; 8-
and 12-week summer sessions classified as term; exclusion of an 8-week summer session;
and exclusion of the final 14 days of term as an examination-period sensitivity. These
alternatives were fixed before the coefficients were inspected.

For every building, stratum, and calendar definition, the 18 ◦C reference band was
required to contain at least 24 training hours. Operating-regime and hour-of-day reference
levels were selected only from levels present in the fitted stratum. Nuisance columns
were retained only when they increased the design-matrix rank. A temperature bin was
interpreted only when term and break each contained at least 24 training hours and
coefficients were available for at least five buildings. Agreement between the calendar
and the previous-day P10 operating-regime proxy was assessed using Cramér’s V and
normalized mutual information (NMI).

3.5. Meter-Coverage Check

The Fox meter analysis was limited to buildings that passed the same-building and
common-hour audit as follows: 13 education and 10 office buildings. Every carrier specifica-
tion used the same timestamps with valid electricity, chilled water, and weather data, while
the operating-regime definition remained the previous-day electricity P10. Electricity-only
and chilled-water-only curves were treated as the primary carrier endpoints. Because
electricity and chilled water have different units and conversion efficiencies, their raw
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values were not added. The equal-weight normalized index in Equation (9) was retained
only as a sensitivity specification.

yidx
b,t =

1
2

Eb,t

Eb
+

1
2

Cb,t

Cb
(9)

The electricity weight varied from 0 to 1 in increments of 0.1, with the chilled-water
weight set to one minus the electricity weight. Each carrier was scaled by its training mean,
training 90th percentile (P90), or training root-mean-square (RMS) value. Weighting and
normalization can alter both the magnitude and shape of a combined index. Neither equal
weighting nor a non-significant result was treated as evidence of equivalence. Differences
between building-use groups were assessed with the Mann–Whitney rank-sum test [48]
and Cliff’s delta [49].

3.6. Robustness Analysis

Sensitivity to analytical choices was assessed by resampling the observed data; no
physical behavior was simulated. Equation (10) defines the hot-bin difference between office
and education buildings. For the matched carrier analysis, the same resampled building
identifiers were used for every carrier endpoint, weight, and normalization method.

∆(m) = medb

{
θ
(m)
b,hot}o f f ice − medb

{
θ
(m)
b,hot}education (10)

Buildings, rather than individual hours, were resampled with replacement because
consecutive observations within a building are strongly correlated and hour-level resam-
pling would produce intervals that are too narrow [50]. The primary analyses used
B = 10,000 common resamples and percentile-based 95% intervals defined by the 2.5th
and 97.5th percentiles. Comparisons between office and education buildings included
the observed difference, Mann–Whitney p-value, Cliff’s delta, bootstrap median and 95%
interval, and the probability that the difference exceeded zero. Benjamini–Hochberg false-
discovery-rate adjustment [51] was applied within the prespecified test families, and the
99 combinations of carrier weight, normalization, and temperature bin were also assessed
as one global family. The stage decomposition compared electricity in all selected buildings
(stage A), electricity in the matched meter sample (stage B), and the multi-meter speci-
fication in that same sample (stage C). These intervals quantify stability under building
resampling. They do not fully propagate uncertainty in the within-building coefficients,
dependence induced by common weather, or uncertainty associated with sampling a
single site.

3.7. Use of AI-Assisted Tools in Manuscript Preparation

ChatGPT 5.6 (OpenAI; accessed July 2026) and Claude Opus 4.8 (Anthropic (San
Francisco); accessed July 2026) were used during manuscript preparation for language
editing, assistance with MATLAB2023b code debugging, and support in the literature
searching. The authors executed all analyses, checked every numerical output, verified
the cited sources against publisher records, and made all methodological and interpretive
decisions. The tools were not used to generate or alter the underlying data, execute the
final analyses, or create the reported figures and numerical results.

4. Results
4.1. Repeated Blocked Validation Identifies the Contribution of Operating-Regime Control

Across the 60 buildings, the leakage-resistant operating-regime change-point model
(M3) had a lower mean blocked-validation error than the conventional change-point model
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(M1) in 58 cases. The median paired reduction in CV-RMSE was 1.055 percentage points
(Wilcoxon signed-rank p = 2.10 × 10−11; two-sided sign-test p = 3.18 × 10−15; and rank-
biserial effect size = 0.995). Median building-level CV-RMSE fell from 17.13% with M1 to
15.95% with M3. M3 improved all 15 Fox education buildings and all 15 Fox office buildings,
as well as 14 of 15 Panther education buildings and 14 of 15 Panther office buildings. Its
mean training-fold BIC was lower than that of M1 in all 60 buildings.

The ablation analysis attributed the predictive gain to operating-regime control rather
than to temperature binning. Adding the regime factor to the change-point model improved
58 of 60 buildings. Replacing the change-point terms with temperature bins without regime
control improved only 21 of 60 buildings and produced no significant median benefit
(Wilcoxon p = 0.060). Once regime control was included, M4 did not improve on M3 (median
M4 − M3 difference = +0.007 percentage points; p = 0.877). M3 was selected because it
achieved comparable held-out accuracy with fewer parameters (median 31 versus 40), a
lower median full-fit BIC (84,046 versus 84,057), and valid fold-level results for every
building. Event residuals also depended on the baseline as follows: replacing M1 with M3
reduced the absolute mean event deviation in 42 of 60 buildings, although the positive and
negative components did not change uniformly.

Substantial residual dependence remained. Median autocorrelation at lags of 1, 24,
and 168 h was 0.886, 0.580, and 0.564 for M1 and 0.869, 0.419, and 0.469 for M3. Operating-
regime control reduced daily and weekly structure but did not remove it; Ljung–Box tests
remained significant in every building at both 24 and 168 lags. Repeated whole-week
validation provides the primary evidence of predictive improvement, while BIC serves as a
secondary complexity diagnostic. Figure 2 summarizes the paired validation and ablation
results. The corresponding site- and building-use-level results for baseline validation, event
residuals, and placebo diagnostics are summarized in Table 3.

 

Figure 2. Repeated whole-week blocked validation and baseline ablation. (A) Paired building-level
differences in mean CV-RMSE between the selected load-derived operating-regime change-point
baseline (M3) and the conventional change-point baseline (M1) across the four site and building-use
cells. Negative values favor M3, and horizontal segments show cell medians. (B) Median building-
level changes in CV-RMSE are attributable to temperature binning and operating-regime control.
Error bars show 95% building-level bootstrap confidence intervals.
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Table 3. Repeated whole-week baseline validation, event residuals, and placebo diagnostics by
site and building-use cell. Columns are grouped under validation, event residuals, and placebo
diagnostics. Baseline columns compare the conventional change-point model (M1) with the selected
previous-day P10 operating-regime model (M3). Rebound and load-shape entries give the number of
significant buildings among those meeting the prespecified M3 baseline-quality threshold. Duration
entries give the median two-sided block-null p-value and the number of significant buildings among
all valid cases.

Validation Event Residuals Placebo Diagnostics

Site and
Building-
Use Cell

n

CV-
RMSE

(%)
M1/M3

Median
Training-Fold

BIC
M1/M3

M3
Better

CV/BIC

Over-
Demand
M1/M3

Under-
Demand
M1/M3

Absolute
Devia-

tion
Shrank

Rebound
Sig.

Load-
Shape

Sig.

Signed
Re-

bound
(Median)

Duration
p (Me-
dian;
Sig.)

Fox, edu-
cation 15 15.7

13.7
84,272
80,495

15/15
15/15

0.055
0.036

0.020
0.025 12/15 1/14 0/14 +0.002 0.81;

1/15

Fox,
office 15 18.2

17.0
77,597
77,252

15/15
15/15

0.020
0.033

0.062
0.065 9/15 1/12 0/12 +0.013 0.29;

1/15

Panther,
educa-

tion
15 17.4

16.1
66,776
62,864

14/15
15/15

0.042
0.036

0.034
0.040 10/15 0/11 0/11 −0.016 0.55;

0/15

Panther,
office 15 19.8

17.6
57,027
50,458

14/15
15/15

0.060
0.039

0.020
0.049 11/15 0/12 1/12 −0.029 0.50;

1/15

All 60 17.1
16.0

69,043
67,247

58/60
60/60

0.044
0.035

0.031
0.038 42/60 2/49 1/49 −0.011 0.50;

3/60

4.2. Recovery-Related Metrics Show Limited Event Specificity in Placebo Tests

Under M3, 49 of the 60 buildings met the prespecified mean blocked CV-RMSE thresh-
old of 25% and were eligible for the recovery placebo tests. At the nominal, unadjusted
0.05 level, positive rebound was significant in 2 of 49 eligible buildings and post-event
load-shape disruption in 1 of 49. The median temperature-matched percentile was 0.462 for
rebound and 0.466 for load shape, indicating that the typical event value lay near the center
of its matched non-event distribution. The median signed 48 h post-event residual integral
was −0.0106, providing no evidence of systematic net over-consumption after the event.

The independent 72 h block-null duration diagnostic was significant in 3 of 60 build-
ings, with a median two-sided p-value of 0.499. This number of isolated findings is con-
sistent with the number expected at a nominal 5% threshold. The tested recovery-related
signals were not reproducibly distinguishable from temperature-matched or duration-
matched non-event variation. This conclusion applies only to the specified metrics, win-
dows, and metered-load data and does not imply that physical recovery behavior is absent.
Figure 3 presents the three placebo diagnostics and their prespecified thresholds.

4.3. Calendar Definition Bounds the Supported Interpretation

Under the BASE calendar at Fox, the education and office curves satisfied the joint
support rule through 39–42 ◦C. No building-level fit was supported above 42 ◦C, so that
range remained inconclusive (Figure 4). Within the supported hot bins, no comparison
between term and break remained significant after false-discovery-rate adjustment within
the site and building-use family. For education, q = 0.670 at 36–39 ◦C and q = 0.962 at
39–42 ◦C; for office, q = 0.808 and q = 0.112, respectively. The BASE calendar provided no
reproducible evidence of a difference between term and break in either group.
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Figure 3. M3-based placebo diagnostics by site and building-use cell. Panels (A,B) show positive
rebound and post-event load-shape disruption as the percentile of each event value within its
temperature-matched null distribution; the dashed line marks the 0.95 significance threshold. Panel
(C) shows two-sided p-values from the contiguous 72 h block-null duration diagnostic; the dashed
line marks p = 0.05. Horizontal colored segments show cell medians. Panels (A,B) include the
49 buildings that met the prespecified M3 baseline-quality threshold, with 2 and 1 significant cases,
respectively. Panel (C) includes all 60 buildings, of which 3 were significant.

Figure 4. Load-response curves for term and break at Fox under the BASE academic-calendar
definition and the previous-day P10 operating-regime specification. Lines show the building-level
median normalized response, and shaded bands show 95% bootstrap confidence intervals. Filled
markers identify temperature bins that satisfy the joint support rule: at least 24 training hours in both
term and break, with coefficients available for at least five buildings. Open markers identify bins that
do not meet this rule. They are shown descriptively and are not used for inferential interpretation.

Across the 13 prespecified calendar definitions, joint support at Fox was retained
in 11 of 13 scenarios at 36–39 ◦C, 10 of 13 at 39–42 ◦C, and only 3 of 13 above 42 ◦C.
Education coefficients retained their BASE sign in 81.8% of supported 36–39 ◦C scenarios
and 80.0% of supported 39–42 ◦C scenarios. Office coefficients remained positive in every
supported scenario. When an 8- or 12-week summer session was classified as term, the
education coefficients changed from positive to negative in the hot bins. These sign changes
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indicate sensitivity to calendar assumptions but do not identify one alternative calendar as
uniquely correct.

Calendar labels and load-derived operating regimes overlapped only partly. Under
the BASE definition, median Cramér’s V was 0.234 for education and 0.179 for office, while
median NMI was 0.037 and 0.023. Calendar stratification and the previous-day P10 proxy
were retained as complementary controls rather than treated as interchangeable measures
of occupancy. Table 4 summarizes support, sign stability, and calendar-regime agreement.

Table 4. Matched-sample, carrier, and calendar robustness results for Fox. In Panels (A,B), ∆ denotes
the office minus education difference in the mean response across 36–42 ◦C. Intervals are 95%
building-level bootstrap intervals based on B = 10,000 resamples, and q is the BH-FDR-adjusted
p-value. Panel (A) separates electricity in all selected buildings, electricity in the matched sample, and
the multi-meter specification in the same matched sample. Panel (B) reports the carrier endpoints
and equal-weight normalization sensitivity. Panel (C) reports support and sign stability across
13 prespecified calendar definitions.

Panel A: Sample and carrier decomposition (mean 36–42 ◦C)

Specification n (E/O) Observed ∆
95% bootstrap

interval
Mann–

Whitney p Cliff’s δ BH-FDR q

A: electricity, all
buildings 15/15 0.104 [−0.022, 0.747] 0.051 0.422 0.223

B: electricity,
matched
buildings

13/10 0.048 [−0.105, 0.180] 0.556 0.154 0.828

C: multi-meter,
matched
buildings

13/10 0.094 [−0.233, 0.342] 0.780 0.077 0.828

Panel B: Carrier endpoints and equal-weight normalization sensitivity (matched buildings)

Specification n (E/O) Observed ∆
95% bootstrap

interval
Mann–

Whitney p Cliff’s δ BH-FDR q

Electricity only,
mean

normalization
13/10 0.048 [−0.105, 0.172] 0.515 0.169 0.975

Chilled water
only, mean

normalization
13/10 0.162 [−0.474, 0.725] 0.877 0.046 0.975

Equal weight,
mean

normalization
13/10 0.107 [−0.232, 0.373] 0.598 0.138 0.975

Equal weight,
P90

normalization
13/10 0.046 [−0.173, 0.252] 0.598 0.138 0.975

Equal weight,
RMS

normalization
13/10 0.102 [−0.197, 0.305] 0.926 0.031 0.985

Panel C: Academic-calendar robustness

Building-use
group

BASE top
supported bin

Support
36–39 ◦C

Support
39–42 ◦C

Support
> 42 ◦C

Sign preserved
36–39/39–42

BASE Cramér’s
V/NMI

Education 39–42 ◦C 11/13 10/13 3/13 81.8%/80.0% 0.234/0.037

Office 39–42 ◦C 11/13 10/13 3/13 100%/100% 0.179/0.023

Figure 4 shows the term and break response curves under the BASE calendar.
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4.4. Building-Use Contrasts Are Not Robust to Sample and Carrier Specification

In the electricity-only analysis of all selected Fox buildings, the observed difference
between office and education buildings across 36–42 ◦C was 0.104. This estimate was
statistically unstable: the Mann–Whitney p-value was 0.051, the BH-FDR-adjusted q-value
was 0.223, and the 95% bootstrap interval [−0.022, 0.747] included zero. The 39–42 ◦C bin
had a nominal p-value of 0.038, but its q-value was also 0.223 and its 95% interval included
zero. Restricting the electricity-only analysis to buildings retained in the matched meter
sample reduced the observed mean hot-bin difference to 0.048 (p = 0.556; 95% interval
[−0.105, 0.180]). The change from stage A to stage B indicates that meter availability also
altered the composition of the analyzed sample.

Applying the matched multi-meter specification to the same 13 education and 10 office
buildings produced an observed mean hot-bin difference of 0.094 (p = 0.780; 95% interval
[−0.233, 0.342]). The change from matched electricity to the matched multi-meter result
had a bootstrap median of 0.035 and a 95% interval of [−0.265, 0.281]. The probability
of attenuation was 0.425. These results provide no consistent evidence of attenuation,
amplification, or reversal after carrier inclusion.

The carrier-separated endpoints led to the same inference. In the matched common-
hour sample, the electricity-only mean hot-bin difference was 0.048 (95% interval
[−0.105, 0.172]; p = 0.515; Cliff’s δ = 0.169). The chilled-water-only difference was 0.162
(95% interval [−0.474, 0.725]; p = 0.877; Cliff’s δ = 0.046) (Figure 5). Equal weighting gave
observed differences of 0.107, 0.046, and 0.102 under mean, P90, and RMS normalization.
All three intervals included zero. Across all 99 combinations of carrier weight, normaliza-
tion, and temperature bin, every 95% interval included zero, no unadjusted Mann–Whitney
p-value was below 0.05, and no result remained significant after BH-FDR adjustment.

 

Figure 5. Carrier-separated heat-response curves for matched Fox buildings. Panel (a) shows
electricity-only responses and panel (b) chilled-water-only responses for the same sample (education
n = 13; office n = 10), using the previous-day electricity P10 operating-regime proxy and mean
normalization. Points show building-level medians and vertical bars show 95% bootstrap confidence
intervals. Only bins with joint support are interpreted. The region above 42 ◦C is marked as not
interpreted because it does not meet the support threshold.

Figure 6 separates electricity in all selected buildings (stage A), electricity in the
matched sample (stage B), and the multi-meter specification in that same sample (stage C).
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The point estimate decreased after sample restriction, whereas the change associated with
carrier inclusion remained too uncertain to support a directional conclusion. Table 4 reports
numerical decomposition and carrier sensitivity.

Figure 6. Decomposition of the difference between office and education buildings at Fox. Stage A
uses electricity-only data for all selected buildings (education/office n = 15/15). Stage B restricts
the electricity-only analysis to buildings retained in the matched meter sample (n = 13/10). Stage
C applies the matched multi-meter specification to that same sample. Points show the observed
differences, vertical bars show percentile-based 95% bootstrap intervals, and the boxes below the
panels report the bootstrap median and 95% interval for each stage. Panel (a) covers 36–39 ◦C, panel
(b) 39–42 ◦C, and panel (c) the mean of the two hot bins. Every bootstrap interval includes zero.

The remaining campuses provide information about temperature support rather than
an independent replication of the Fox analysis at 36–42 ◦C. Under the BASE calendar, Pan-
ther and Rat were supported only through 33–36 ◦C, Bull had limited support at 36–39 ◦C,
and Eagle and Hog were supported only at lower temperatures. The implication is there-
fore methodological: meter coverage, common-hour availability, sample composition, and
index construction must be documented before differences between building-use groups
are interpreted.

Figure 5 shows the matched carrier-separated response curves.

5. Discussion
5.1. What a Meter Records and What It Does Not

The distinction between a building as designed and a building as operated is familiar
in building-performance research. The results show that the same distinction applies to
operational meter data. A meter records the outcome of a particular operating regime,
meter architecture, and pattern of data availability; it does not describe the building in
isolation. At Fox, the estimated difference between office and education buildings changed
after restriction to buildings with common carrier coverage and changed again under
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alternative carrier weights and normalization methods. Every corresponding 95% interval
included zero, so the data do not support a stable ranking of the two building-use groups.

Open energy datasets remain valuable because they provide scale and reproducibility
that are difficult to obtain through individual audits. Their interpretation, however, de-
pends on a clear definition of what was observed. The baseline, operating calendar, meter
coverage, common-hour availability, and carrier construction determine which buildings
and which forms of cooling enter the comparison. These choices define the measurement
basis and should not be treated as secondary reporting details.

5.2. Meter Availability, Sample Composition, and Carrier Visibility

District cooling matters because cooling demand may appear on a chilled-water meter
rather than on the building’s electricity meter. The analysis also shows that carrier visibility
cannot be separated from sample composition. Restricting the all-building electricity
analysis to the matched meter sample reduced the mean hot-bin point estimate from
0.104 to 0.048. Applying the multi-meter specification to those same buildings changed
the point estimate to 0.094, but the interval for the carrier-related change was wide and
included zero. Accordingly, the results do not support the conclusion that chilled-water
inclusion causes the difference to disappear or reverse.

The weighting and normalization analysis leads to the same conclusion. Electricity-
only, chilled-water-only, and equal-weight results all had intervals that included zero, and
none of the 99 prespecified tests were significant either before or after multiplicity adjust-
ment. Although the numerical value of a combined index changed with its construction,
the inferential result did not: the data did not identify a stable difference between office
and education buildings.

A meter audit should therefore precede any campus ranking used to prioritize retrofits,
establish performance targets, or structure energy contracts. When carrier availability
affects both what is measured and which buildings remain in the comparison, the resulting
ranking may reflect the data architecture more strongly than the buildings’ response to heat.

5.3. Building Use and Calendar as First-Order Operational Variables

Education and office buildings differ in both their physical use and annual operat-
ing schedules. The BASE calendar supported comparisons through 39–42 ◦C at Fox, yet
neither group showed a statistically significant difference between term and break after
FDR adjustment. Across the prespecified alternatives, office coefficients remained positive
whenever support was available, whereas education coefficients changed sign under differ-
ent summer-session assumptions. The estimated education response therefore depends on
how term and break are defined.

Calendar labels showed only limited agreement with the previous-day P10 operating-
regime proxy. The following two controls contain different information: the calendar
identifies institutional periods, whereas the load-derived regime reflects the operating state
realized in the meter data. Neither is a direct measure of occupancy. Used together, they
show whether an interpretation depends on the nominal schedule, the observed load state,
or both.

The data also impose a clear upper boundary on interpretation. Support above 42 ◦C
was available in only 3 of the 13 calendar scenarios, and the BASE fit was unsupported.
The dataset cannot determine the term-time response above this threshold with adequate
reliability, so the response should be reported as inconclusive rather than extrapolated from
the lower-temperature trend.
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5.4. Implications for Performance-Based Evaluation

The predictive gain cannot be attributed solely to greater model flexibility. Adding a
load-derived operating-regime factor improved repeated blocked-validation performance
in 58 of 60 buildings, whereas temperature binning provided no detectable predictive
benefit after regime control. The predictive baseline and the descriptive temperature-bin
curves serve different purposes as follows: M3 defines the event counterfactual, while the
binned model makes support limits and response patterns visible.

Performance-based evaluation uses measured evidence to inform design and oper-
ational decisions. Each control in the present workflow answers a distinct interpretive
question. Repeated validation assesses whether the baseline generalizes to held-out peri-
ods. Placebo analysis determines whether an event metric is unusual relative to matched
non-event periods. Calendar sensitivity assesses whether the response changes under
plausible definitions of the operating period. Matched carrier analysis determines whether
a comparison remains consistent after accounting for meter availability, sample restriction,
and index construction.

Applied in sequence, these controls require analysts to document how expected
consumption was defined and whether the baseline performed adequately on held-out
weeks. They also require the event signal to be compared with matched non-event variation,
the supported temperature range to be identified under plausible calendar definitions, and
building-use differences to be tested using matched buildings, common hours, separate
carriers, alternative weights, and multiplicity-adjusted uncertainty. Claims that do not
satisfy these checks should be narrowed to match the evidence.

These checks do not require new instrumentation or proprietary automation data. They
require a transparent meter inventory, reproducible calendar definitions and exclusions,
common-hour matching, and explicit reporting of uncertainty and unsupported ranges.
Rather than guaranteeing a single answer, the checks indicate when open meter data are
sufficient for a conclusion and when the evidence remains inconclusive.

6. Limitations
Several limitations define the scope of the results. Fox was the only campus to

reach the extreme temperature range examined here, so its findings require replication
before they can be extended to other climates or operating structures. The records date
from 2016 to 2017 and may not represent current schedules, controls, retrofit conditions,
or climate exposure. Selecting the 15 best-covered buildings on each site and building-
use cell improves comparability but may favor well-metered buildings; the strict carrier
analysis retained only 13 education and 10 office buildings. The academic calendars
are reconstructed proxies because the sites are anonymized, and the summer-session
alternatives cannot identify the actual institutional calendar.

The carrier-weight analysis uses normalized indices rather than a source-energy con-
version, which would require plant-efficiency assumptions that are not available in BDG2.
Building-level bootstrap captures sensitivity to building selection but does not fully prop-
agate uncertainty in the within-building coefficients, dependence caused by common
weather, or site-level sampling uncertainty. Finally, meter data cannot establish indoor
thermal conditions, occupant exposure, causal mechanisms, or physical resilience.

Independent validation requires a site where the operating context and meter archi-
tecture can be observed directly. A suitable campaign would compare the reconstructed
calendar with institutional timetables and measured occupancy and compare the previous-
day P10 regimes with building-automation records for air-handling units, setpoints, valve
positions, and equipment schedules. Building-level chilled-water demand should be
checked against measured flow and supply-return temperature differences, together with
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district-plant production and distribution logs. Outdoor conditions should also be paired
with indoor air temperature and relative humidity. Meter commissioning records and
on-site inspection would be needed to confirm sensor mapping, units, and the causes of
missing data. These observations would test whether the inferred regimes and carrier-
specific responses correspond to actual operation and indoor conditions, thereby providing
physical validation beyond the sensitivity analyses reported here.

7. Conclusions
A heat response inferred from a single electricity meter is conditional on the analytical

and metering context. In this study, a previous-day load-derived operating-regime factor
improved repeated whole-week prediction in 58 of 60 buildings, while temperature binning
added no predictive benefit after regime control. Recovery-related event signals were
uncommon under temperature-matched placebo and block-null tests. Calendar sensitivity
showed that the supported temperature range and the education coefficients depended
on boundary and summer-session assumptions; temperatures above 42 ◦C remained in-
conclusive. The estimated difference between office and education buildings was unstable
under matched-sample restriction, common-hour analysis, carrier separation, alternative
weighting and normalization, 95% bootstrap uncertainty, and BH-FDR adjustment.

Taken together, these results show that open meter data can support a defensible
assessment of heat response only when baseline quality, calendar definition, meter coverage,
sample composition, and carrier construction are reported together. In this dataset, the
available evidence does not identify one building-use group as more responsive to heat;
instead, it shows why a stable ranking cannot be justified.
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CV-RMSE Coefficient of variation in the root-mean-square error
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