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Abstract

Retrofitting existing residential buildings is a critical strategy for achieving urban decarbonization
while addressing public health disparities, particularly in communities disproportionately affected
by environmental and socioeconomic stressors. This study presents a scalable urban building energy
modeling framework that integrates physics-based simulations with machine learning to evaluate
and prioritize health-driven retrofit strategies across residential building stocks. Synthetic datasets
were generated through parametric simulations of representative building archetypes and retrofit
scenarios, capturing variations in envelope performance, HVAC systems, infiltration rates, and
ventilation strategies. Machine learning models were trained as surrogate predictors of building
energy performance, enabling rapid evaluation of retrofit impacts. A range of algorithms—including
decision trees, random decision forests, gradient boosting machines, support vector machines, k-
nearest neighbors, and artificial neural networks—were evaluated. An artificial neural network
implemented as a multilayer perceptron was selected for further analysis due to its strong predictive
performance (R? = 0.94) and ability to capture complex nonlinear relationships among retrofit
variables. The final model used the Port optimization algorithm for stable convergence and improved
generalization. The framework is applied to Seattle’s Duwamish Valley, a community experiencing
disproportionate environmental and health burdens. The results highlight retrofit priorities—
particularly infiltration reduction, HVAC upgrades, and improved envelope performance—that
deliver co-benefits for energy efficiency, indoor environmental quality, and occupant health. The
results demonstrate that machine learning-enhanced physics-based UBEM can significantly
accelerate retrofit evaluation while preserving the interpretability of simulation-based approaches.
The proposed framework provides a scalable approach for identifying health-informed retrofit
pathways that support equitable urban decarbonization.

Keywords: urban building energy modeling; machine learning; health-driven energy retrofits; indoor
environmental quality; decarbonization

1. Introduction

Cities worldwide face the intertwined challenges of increasing energy demand, accelerating
climate change, and persistent socioeconomic and environmental inequalities [1]. These challenges
are particularly pronounced in historically marginalized urban neighborhoods, where communities
are disproportionately exposed to environmental hazards that adversely affect health and well-being.
For instance, residents living near industrial zones—where air pollution levels are elevated—are
more likely to be people of color and to experience higher rates of respiratory illness and energy
burden [2]. At the same time, low-income households often spend a disproportionately large share
of their income on energy despite consuming less energy on average [3]. These intersecting burdens
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highlight the need for integrated solutions that simultaneously address energy efficiency,
environmental exposure, and public health outcomes.

Residential retrofits represent a critical leverage point for improving health outcomes while
advancing building decarbonization goals. Targeted interventions—such as improved insulation,
enhanced ventilation systems, and the replacement of fossil-fuel heating systems with high-efficiency
heat pumps—can reduce energy consumption while improving indoor air quality and thermal
comfort [4]. However, many municipalities, housing providers, and community organizations lack
the analytical tools to systematically evaluate the energy, health, and long-term performance impacts
of alternative retrofit strategies. To support more equitable and evidence-based decision-making, this
study develops an integrated modeling framework that combines machine learning (ML) with urban
building energy modeling (UBEM) to evaluate residential retrofit strategies that simultaneously
improve energy performance and occupant health. The framework is applied to Seattle’s Duwamish
Valley—an environmentally burdened community characterized by aging housing stock,
environmental exposures, and elevated energy burdens—to identify retrofit measures that provide
the greatest combined energy and health benefits.

1.1. Energy Retrofit Strategies and Their Impacts on Occupant Health

A growing body of research demonstrates that residential retrofits can deliver both energy
efficiency improvements and measurable health benefits. By improving building envelope
performance, ventilation, and mechanical systems, retrofit interventions can significantly enhance
indoor environmental quality (IEQ) and occupant well-being.

Measures such as air sealing and improved ventilation not only reduce building energy demand
but also help limit occupant exposure to pollutants, allergens, and excess moisture that contribute to
respiratory illness. Envelope improvements—including sealing gaps around doors, windows, and
other penetrations—reduce uncontrolled infiltration and improve thermal stability. A U.S.
Department of Energy (DOE) report found that envelope improvements can reduce residential
energy consumption by approximately 6-10% in mixed climates with a payback period of 1.7-2.2
years [5]. In addition to energy benefits, reducing infiltration has been shown to limit the indoor
accumulation of outdoor pollutants, particularly particulate matters (PMs) [6,7]. Elevated indoor
pollutant concentrations are frequently observed in low-income housing and are associated with
adverse health outcomes including asthma, impaired lung function, and increased respiratory-
related mortality [8-11]. For example, a study of indoor air quality in low-income housing in
Colorado found that residents in homes with high infiltration rates were more likely to have chronic
cough, asthma, and asthma-like symptoms [12].

While infiltration reduction is a key component of building weatherization, it must be
accompanied by adequate filtered ventilation to avoid trapping indoor pollutants and moisture [13].
Indoor contaminants can originate from multiple sources, including gas cooking, combustion
heating, smoking, biological particles, and household aerosols [14]. Effective ventilation systems
dilute indoor pollutants and remove excess moisture that can lead to mold growth [15]. Energy
recovery ventilation (ERV) systems have emerged as an effective retrofit solution because they
provide filtered outdoor air while recovering heat and moisture from exhaust air streams. ERV
systems equipped with MERV-13 filters can remove common outdoor pollutants while improving
ventilation efficiency. Studies of low-income housing retrofits have shown that improved building
envelopes combined with ERV systems can substantially reduce asthma-related health outcomes [11].

Energy retrofits can also significantly improve thermal comfort in low-income housing by
addressing issues such as poor insulation, air leaks, and inefficient heating and cooling systems.
Many older homes struggle to maintain stable indoor temperatures, leading to discomfort and
increased impacts to quality of life and health [16]. Retrofit interventions—including envelope
improvements, air sealing, and HVAC upgrades—can stabilize indoor temperatures and improve
occupant well-being. For example, a study of low-income senior housing in Phoenix, Arizona found
that improved roof insulation, enhanced weatherization, and upgraded HVAC systems significantly
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reduced indoor temperature variability and improved residents’ reported quality of life and sleep
quality [17]. Heat pump systems provide an additional opportunity to improve thermal comfort
while reducing energy use. Compared with electric resistance heating or gas furnaces, heat pumps
transfer heat rather than generate it, resulting in significantly higher energy efficiency. In addition to
improved heating efficiency, heat pumps provide mechanical cooling, which is increasingly
important as heat waves become more frequent and severe.

Reducing exposure to combustion-related indoor pollutants is another important benefit of
residential retrofits. Fossil-fuel combustion appliances —including gas furnaces and water heaters—
can release pollutants such as carbon monoxide and nitrogen oxides into indoor environments [13].
Exposure to these pollutants is associated with respiratory and cardiovascular health risks [18].
Transitioning to electric heat pump systems can eliminate indoor combustion sources while reducing
energy demand. When combined with improved ventilation strategies, these measures can
significantly improve indoor air quality and reduce health risks for vulnerable populations.

In this study, health-driven energy efficiency refers to retrofit strategies that reduce building energy
demand while simultaneously improving indoor environmental quality factors linked to occupant
health, including thermal stability, ventilation performance, and reduced infiltration of outdoor
pollutants.

1.2. Urban Building Energy Modeling for Scalable Retrofit Analysis

Despite increasing recognition of the health benefits of building retrofits, integrated methods
that simultaneously evaluate energy performance and health outcomes remain limited. This gap
restricts the ability of decision-makers to prioritize retrofit strategies that support both climate
mitigation and public health. UBEM has emerged as a powerful tool for evaluating building energy
performance at neighborhood and city scales [19]. UBEM frameworks represent large building stocks
using archetypes or representative building typologies and integrate heterogeneous datasets—such
as building geometry, construction characteristics, occupancy assumptions, and climate data—to
simulate urban-scale energy consumption [20]. These models enable scenario-based analyses that can
facilitate the assessment of design, retrofit, and policy interventions at urban scales by identifying
cost-effective, high-impact strategies [19,21].

Physics-based modeling forms the foundation of most UBEM approaches, simulating building
energy dynamics using thermodynamic and heat transfer principles [22-25]. However, conventional
physics-based UBEM models rely on fixed input parameters —including building geometry, material
properties, HVAC specifications, and local climate data—and deterministic assumptions that may
not capture the stochastic variability of real-world systems. Factors such as occupant behavior
[20,26,27], socioeconomic factors [28-31], and microclimatic variations [32] introduce uncertainties
that can lead to discrepancies between simulated and observed energy performance. In addition,
physics-based UBEM simulations can be computationally intensive when applied to large building
stocks, often requiring simplified archetypes that fail to capture the diversity of urban building
characteristics [23,33-35].

Recent advancements in artificial intelligence (AI) and machine learning (ML) offer
opportunities to address these limitations [19,36,37]. When coupled with physics-based simulations
[38], ML techniques can improve predictive accuracy and substantially reduce computational
requirements for urban scale retrofit scenario analysis. While physics-based models remain essential
for simulating fundamental processes such as heat transfer, insulation performance, and ventilation
dynamics, ML approaches can identify complex, nonlinear relationships across high-dimensional
input spaces—patterns that are often missed or oversimplified in conventional models. Supervised
learning approaches have been widely applied to predict energy consumption and identify patterns
in energy usage across urban building stocks [39]. Various algorithms—including linear regression,
artificial neural networks (ANNSs), support vector machines, and random forest models—have been
evaluated in UBEM contexts with varying performance depending on data characteristics and
modeling objectives [34,40-44].
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Deep learning methods have been used for processing complex and high-dimensional data in
UBEM. Deep neural networks (DNNSs), such as convolutional neural networks (CNNs) and recurrent
neural networks (RNNs), have been applied for tasks including urban energy prediction, image-
based audits, and time series forecasting [27,45,46]. Other studies have enhanced traditional
models—for example, improving support vector machine (SVM) performance using genetic
algorithms for energy prediction in smart communities [47]. Some studies show that while ANN and
SVM can capture complex nonlinear relationships, they do not always outperform simpler regression
approaches [48,49] . Ensemble methods such as random decision forests (RDF) have also shown
strong performance in forecasting building energy demand using large behavioral datasets [50].
These findings underscore the growing utility of supervised learning in UBEM, particularly when
tailored to specific building typologies, data contexts, and urban energy objectives.

ML-based surrogate modeling has emerged as an approach to overcome key limitations of
traditional physics-based UBEM, particularly in the context of computational intensity, scalability,
and data requirements [39]. Surrogate models approximate the behavior of high-fidelity simulation
models using computationally efficient predictive algorithms trained on simulation data [51,52].
These models can significantly reduce computational costs while maintaining high predictive
accuracy, enabling large-scale scenario exploration and optimization. Previous studies demonstrate
substantial computational gains, including large-scale simulation acceleration using DNNs across
thousands of buildings [53] and ANN-based models reducing retrofit simulation time from minutes
to microseconds [54]. Prior studies demonstrate ANN-based optimization for retrofit strategy
identification [55], clustering and statistical surrogate approaches for large building portfolio
calibration [56,57] , and ML-based meta-models across diverse climatic contexts [52]. Integrated
UBEM-ML workflows have also been shown to automate simulation pipelines and substantially
improve computational efficiency [58], highlighting the scalability of surrogate models for large-scale
urban retrofit analysis.

This study proposes an Al-enhanced physics-based modeling framework to identify residential
retrofit strategies that simultaneously reduce energy demand and improve indoor environmental
conditions linked to occupant health. By integrating building physics simulations with ML surrogate
modeling, the framework enables large-scale evaluation of retrofit measures that support both urban
decarbonization and health-resilient housing in disadvantaged communities. This approach enables
scalable analysis of retrofit strategies while preserving the physical interpretability of simulation-
based methods. Applied to Seattle’s Duwamish Valley, the framework identifies retrofit interventions
that simultaneously reduce energy consumption and improve indoor environmental conditions,
supporting more equitable pathways toward urban decarbonization, with a particular emphasis on
vulnerable communities disproportionately affected by environmental and health disparities. In this
context, energy retrofits can be reframed not only as climate mitigation measures but also as public-
health interventions within the built environment.

This study makes three primary contributions:

1. A hybrid physics-based and machine-learning UBEM framework that combines parametric
energy simulation with surrogate modeling to enable scalable evaluation of residential retrofit
strategies.

2. An interpretable machine-learning modeling approach that identifies key drivers of building
energy consumption through feature importance analysis and partial dependence
interpretation.

3. Ahealth-driven retrofit prioritization perspective that connects energy efficiency improvements
with indoor environmental quality and public-health considerations in disadvantaged urban
communities.

2. Methodology

This study develops a hybrid UBEM framework that integrates physics-based simulations with
ML to evaluate health-driven residential retrofit strategies. The methodological framework consists
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of two complementary modeling layers: Layer 1 — Physics-based modeling, which generates
simulation data through archetype-based parametric energy simulations; and Layer 2 — Data-driven
modeling, which uses machine learning algorithms trained on the simulation outputs to predict
building energy performance and interpret retrofit impacts. The data-driven models serve as
machine-learning surrogate models trained on physics-based simulation outputs that approximate
the input—output relationships of the physics-based simulations, enabling rapid evaluation of retrofit
scenarios without repeatedly executing computationally intensive simulations. Model interpretation
techniques—including feature importance analysis and partial dependence plots (PDPs)—are
applied to identify key drivers of energy consumption and inform health-driven retrofit strategies.
Figure 1 illustrates the overall methodological workflow.
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Figure 1. Workflow of the proposed research method.
2.1. Study Area and Building Stock Characterization

2.1.1. Study Area

Seattle’s Duwamish Valley, Washington, was selected as the case study because it faces
persistent environmental, health, and social inequities that make it highly relevant for health-driven
retrofit analysis. Historically shaped by industrial land uses, the area experiences elevated pollution
burdens, degraded environmental conditions, and pronounced social vulnerability [59,60]. It
contains the highest concentration of contaminated sites in Seattle and experiences some of the city’s
poorest air quality [59]. Life expectancy in the Duwamish Valley is 73.3 years, approximately eight
years below the city average, underscoring the severity of local health disparities [59].

The study focuses on South Park, one of the four neighborhoods comprising the Duwamish
Valley —South Park, Georgetown, Riverton-Boulevard Park, and Tukwila (Figure 2). South Park was
selected because it contains a concentration of older residential buildings, many of which are
occupied by low-income households and lack modern ventilation, cooling, and high-performance
envelope systems. Much of Seattle’s older affordable housing stock predates the widespread
adoption of whole-house mechanical ventilation, filtered outdoor air supply, and heat pump-based
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heating and cooling systems. As a result, many buildings remain vulnerable to poor indoor air
quality, overheating, and inefficient energy performance.

SEATTLE

SOUTH PARK

N

:R? o

hAAm A

Figure 2. South Park neighborhood’s boundary.

These vulnerabilities are becoming more acute as Seattle faces increasing heat risk. Because of
historically mild summers, air conditioning is not widespread in Seattle. However, climate
projections indicate that excessive heat events will become more frequent, longer in duration, and
more severe over coming decades [61]. This trend poses disproportionate risks for low-income
households, older adults, and other vulnerable populations with limited access to cooling [62,63].

The case study is also relevant from a policy perspective. Recent regulations, including the
Washington State Clean Buildings Performance Standards and Seattle’s Building Emissions
Performance Standards (BEPS), are increasing pressure to improve energy performance and reduce
fossil-fuel dependence in existing buildings [64,65]. For older multifamily and affordable housing,
these requirements create both a compliance challenge and an opportunity to align decarbonization
investments with indoor environmental quality and occupant health benefits.

2.1.2. Archetype Development

The first stage of the methodology focuses on constructing representative residential building
archetypes that capture the dominant structural and operational characteristics of the housing stock
in Seattle’s Duwamish Valley. Archetype-based modeling enables scalable analysis of building
energy performance by representing heterogeneous building stocks through a limited set of
standardized building typologies. This approach allows simulation-based evaluation of retrofit
strategies across neighborhood and urban scales while maintaining computational tractability.

A qualitative assessment of the regional affordable housing stock was conducted in
collaboration with a major public-sector housing provider in Seattle to develop the archetype models
to ensure that building characteristics accurately reflect local housing conditions. Baseline building
models were informed by building stock attributes provide by Seattle Housing Authority (SHA).
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Analysis of the organization’s property inventory indicated that duplexes, quadplexes, and small
apartment buildings constitute a substantial portion of the managed housing portfolio. Building
documentation, construction vintages, unit counts, and consultations with facility management staff
were used to refine representative geometric configurations for these dominant typologies.
Programmatic load assumptions—such as occupancy, lighting, and plug loads—were adapted from
the U.S. Department of Energy (DOE) Reference Building models for ASHRAE Climate Zone 4C
(Seattle) and integrated into the local archetypes for physics-based simulation. In addition, historical
weather data for Seattle—including temperature, humidity, and solar radiation profiles—were
incorporated to define environmental boundary conditions for subsequent energy simulations.

To quantitatively explore the local building stock, a comprehensive dataset was assembled from
residential buildings located within the study area. Building information was compiled from multiple
sources, including building inventory databases, King County Tax Parcel records, census datasets,
geographic information system (GIS) layers, and other publicly available municipal data. Integrating
these datasets enabled the construction of a detailed representation of the physical, operational, and
environmental characteristics of residential buildings within the community. To identify dominant
residential building typologies, k-means clustering was used to group buildings into representative
archetypes. Key attributes—including building height, building footprint, floor area, construction
vintage —were extracted from the dataset and used as input variables for clustering analysis. This
ensures that the archetype set adequately represents the broader residential building distribution
within the study area, reflecting the prevalence of housing typologies identified in Tax Assessor
records for residential parcels in South Park and the wider Duwamish Valley.

The final archetype set comprises four representative residential typologies: Single-family
residence, Duplex, Quadplex, and Ten-unit apartment building. Figure 3 illustrates the axonometric
representations of the four residential typologies adopted in the modeling framework. Table 1
summarizes the geometric characteristics of the archetype models, including conditioned floor area,
envelope surface areas, and glazing ratios. These archetypes define the geometric basis for the
physics-based energy models used in this study and serve as the foundation for the subsequent
parametric simulation and machine learning analyses.

Table 1. Geometric characteristics of the archetype energy models developed from a qualitative analysis of the
low-income residential building stock in Seattle.

Variables / Units Single Family Duplex Quadplex  10-unit Apartment
Net Conditioned Area [ft?] 1247 2374 3445 8120

Gross Roof Area [ft?] 798 1587 1840 3431

Wall Area [ft?] 1977 3096 4146 6553

Glazing Area [ft?] 109 217 649 1187
Window-to-wall ratio (WWR) [%] 5.5% 7.0% 15.7% 18%

Number of floors (#) 2 2 2 3

1,200 ft2 Single- 2,400 ft2 Duplex 3,400 ft2 Quadplex 8,100 ft2 10-Unit
Family

Figure 3. The four archetype models used to assess energy retrofit measures for improved human health,

developed from a qualitative assessment of the low-income housing stock in Seattle.
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2.2. Physics-Based Energy Modeling of Existing and Retrofit Conditions

To quantify the energy performance of representative residential building archetypes and
generate training data for the machine-learning surrogate models, physics-based parametric
simulation models were developed using the EnergyPlus whole-building energy simulation
program. EnergyPlus was selected due to its widely validated capabilities for modeling building
energy systems, thermal loads, and HVAC performance under varying operating conditions.

Table 2 summarizes the simulation parameters, which span a range of envelope, glazing,
infiltration, heating system, ventilation, and domestic hot water system characteristics. These
parameters reflect conditions typical of the existing Seattle housing stock, as well as retrofit scenarios
that either align with current Seattle energy code requirements or represent interventions associated
with improved human health outcomes (as described in Section 1.1). Specifically, the modeled
variables include: 1) the extent of insulation in the wall, roof, and glazing (glazing insulation amount
is represented by the total conductance U-Factor of the glazing assembly), 2) the infiltration rate
(representing the air tightness of the building envelope), 3) heating system type (electric, gas furnace,
and heat pump systems with various coefficients of performances (COPs)), 4) ventilation system type
(either continuous exhaust typical of older construction or ERVs), and 5) hot water system type
(electric resistance, gas, or heat pump).

Table 2. Energy Model Parameters Studied to Assess Relative Impact of Retrofit Interventions on Energy

Consumption.
Variable Inputs Values Additional Description
Massing 1) Single Family See Figure 3 for massing
(4 options) 2) Duplex
3) Quadplex
4) 10-unit
Wall Insulation 1) 10 ft2-°F-h/Btu Low insulation performance (circa 1980-2012)
Value

(3 options)

2) 15 ft2-°F-h/Btu
3) 20 ft2-°F-h/Btu

Medium insulation performance
Advanced insulation performance (Seattle energy

code)

Roof Insulation

1) 17 £t2-°F-h/Btu

Low insulation performance (circa 1980-2004)

Value
(3 options) 2) 37 {t2-°F-h/Btu Medium insulation performance
3) 47 ft2°F-h/Btu Advanced insulation performance (Seattle energy
code)
Window 1) 0.57 Btu/ft>°F-h Low performing, old double-pane
Assembly
U-Factor 2) 0.35 Btu/ft>°F-h Typical double-pane
(3 options) 3) 0.29 Btu/ft2°F-h High performance double-pane

Infiltration Rate

(3 options)

1) 0.00055 ft3/s per ft?

of facade

2) 0.00045 ft3/s per ft

of facade

3) 0.00035 ft3/s per ft

of facade

Baseline from DOE reference building (low
performance)

Mid performance envelope

High performance (Seattle code requirement)
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Heating/Cooling 1) Electric Resistance =~ COP = 1, no cooling
System
(3 options) 2) Gas Furnace COP = 0.8, lowest energy performance w/ indoor
combustion, no cooling
3) Heat Pump COP = 2.7, highest energy performance with
mechanical cooling
Ventilation 1) Exhaust Fan 50 cfm, no heat exchange and no outdoor air
System filtration
(2 options) 2) Energy Recovery 50 cfm, 84% sensible heat exchange, MERV-13 filter
Ventilator
Hot Water 1) Electric Resistance  COP =1
System
(3 options) 2) Gas COP = 0.8, lowest energy performance with indoor
combustion
3) Heat Pump COP = 3, greatest energy performance and no indoor
combustion

A parametric modeling workflow was implemented using Grasshopper, a visual programming
tool, to develop a physics-based parametric analysis script. Ladybug 1.4, a plug-in for Grasshopper
that builds and runs energy models through EnergyPlus, was used to set properties for the energy
models and run the parametric simulations. This automated framework enabled the simulation of
various possible combination of building attributes that correspond to various energy efficiency and
human health measures across the identified residential typologies, producing a comprehensive
dataset detailing energy performance outcome.

A TYMS3 weather file for Seattle/Tacoma International airport was used, and energy simulation
results captured the annual energy consumptions for the following end uses, including heating,
cooling, interior lighting, electric equipment, fans, pumps, and hot water. Programmatic loads and
schedules (for people, lights, equipment, etc.) were defined by the ASHRAE Standard 90.1-2019 DOE
prototype mid-rise apartment building, ensuring consistency with established building energy
modeling practices.

The parametric simulation matrix generated 5,832 unique simulation scenarios across the four
residential archetypes. For each simulation, annual energy consumption was recorded for each end-
use category (See Table 3). The resulting simulation dataset captures the relationships between
building characteristics, retrofit measures, and energy consumption outcomes. These simulation
outputs form the ground-truth dataset used to train machine-learning surrogate models.

Table 3. Input and target variables for data-driven energy modeling.

Category Variables Unit
Building Geometry Area sqft
WWR Percentage (%)
Envelope properties Wall Assembly R- ft2-°F/Btu
Value

Roof Assembly R- ft2-°F/Btu
Value
Window Assembly U- ft2-°F/Btu

Factor
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Infiltration Rate m3/(s - m2)
HVAC and Ventilation Vent Index Dimensionless (ERV/Exhaust Fan)
Heating-Cooling Dimensionless (Heat
System Index Pump/Gas/Electric Resistance)
Hot Water System Hot Water Type Heat Pump / Gas / Electric
Distributed Energy Heating EUI kBtu/sf [yr
Performance Targets
Cooling EUI kBtu/sf [yr
Lighting EUI kBtu/sf [yr
Electric Equipment kBtu/sf/yr
EUI
Fans EUI kBtu/sf [yr
Pumps EUI kBtu/sf [yr
Hot Water EUI kBtu/sf /yr
Total Energy Performance Total EUI kBtu/sf [yr

Target

2.3. Machine Learning Modeling

To enable rapid prediction of building energy performance across a wide range of retrofit
scenarios, this study employs a machine-learning-based surrogate modeling framework trained on
the synthetic dataset generated in Section 2.2. Within this framework, machine learning models
approximate the input-output relationships produced by the physics-based energy simulations,
allowing energy performance to be predicted without repeatedly executing computationally
intensive simulations. This hybrid approach combines the physical fidelity of simulation-based
modeling with the computational efficiency of data-driven methods, making it suitable for large-scale
applications.

The dataset used for model development consists of building characteristics and retrofit
parameters as input variables and energy performance metrics as target variables. Input features
include building geometry, envelope properties, HVAC and ventilation configurations, and domestic
hot water system types. The target output includes total EUI Table 3 summarizes the predictor and
target variables used in the machine learning model.

Before proceeding with model training, a preliminary statistical analysis was conducted to
ensure data integrity, detect potential multicollinearity, and identify relationships between input
variables and total EUI. A Variance Inflation Factor (VIF) assessment was conducted to detect
potential multicollinearity among independent variables. A VIF threshold of 5 was used to identify
variables that exhibited excessive collinearity, which could undermine model stability and
interpretability. Features exceeding this threshold were flagged for possible removal or
transformation. Following these preliminary checks, data preprocessing steps were applied,
including missing value imputation and numerical feature scaling to ensure uniformity in variable
distributions.

The dataset was subsequently partitioned into training and testing subsets using a 70/30 ratio
split to evaluate model generalizability. To mitigate overfitting and improve model robustness, a five-
fold cross-validation technique was employed which has been identified as an effective method [66],
allowing models to be validated across multiple iterations.

A range of machine learning algorithms was evaluated to identify the most effective predictive
model for energy performance estimation. These algorithms include both statistical methods and
advanced machine learning approaches. Multiple linear regression model (MLR) [67] was used as a
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baseline to assess the presence of linear relationships between input variables and energy
performance. Decision tree (DTREE) [68] was included for their ability to capture non-linear
relationships, while random decision forest (RDF) [91], and gradient boosting machine (GBM) [70,71]
were tested as ensemble-based methods known for reducing overfitting and improving accuracy.
Support vector machines (SVM) using Radial Cost function, were employed to analyze high-
dimensional relationships in the dataset, and K-nearest neighbors (KNN) was used as a distance-
based algorithm to estimate energy demand based on similarity to other data points. Additionally,
ANNs [72], specifically multi-layer perception (MLP) with a single hidden layer testing two
optimization algorithms including the Broyden-Fletcher—Goldfarb—Shanno (BFGS) [73] and Port [74]
optimization algorithms, were included to capture complex non-linear dependencies in the data.

Each algorithm was trained on the dataset, and hyperparameters were optimized using grid
search procedure to enhance predictive performance. Each parameter is adjusted within a defined
range, ensuring a thorough and unbiased evaluation, which is crucial for both selecting the best-
performing algorithm and fine-tuning it for predictive modeling. Considering the dataset’s size (9
features, 5,832 observations), hyperparameters are initialized based on standard heuristics, with
predefined ranges set for optimization before executing the models. Table 4 outlines each algorithm’s
hyperparameter values and ranges, ensuring a balanced trade-off between model accuracy and
computational efficiency, ultimately optimizing performance. RStudio and the ‘caret’ package [75,76]
are used for model development and computational tasks.

Table 4. Key hyperparameters (HP), their respective ranges, and intervals for optimizing ML models, tailored
to a dataset with 9 features and 5,832 observations.

Range Rang
Algorit @ e @
hm HP-1 Range @ Interval HP-2 Interv HP-3 Inter
al val
DTREE Min. Samples Split [10-30] @ 5 Max [5-15] Comple 0.01
Depth @2 xity {0.001
Paramet , 0.01,
er 0.05,
0.1}
RDF Max Features 10 [10, 24] (1/5 to 1/2 of Node 10 [5, Num. of 100
features) @ 1 Size 30]@1 Trees
GBM Learning Rate 0.1 [0.01, 0.3] @ 0.05 Interact 2 [1- Num.of 100
ion 10]@3 Trees
Depth
SVM Cost (C) 0.01 {0.001, 0.01, 0.1} Sigma 0.05 N/A N/A

(Kernel [0.01,
Parame 1] @

ter) 0.05
k-NN Num. of 3[3,10]@1 Distanc Euclid Weighti Unifo
Neighbors (K) e Metric ean ng rm
(Fixed) (Fixe

d)
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ANN Num. of Hidden 1-9 (~2/3 X Num. of Max 1000 Weight 0.5
Neurons Features) @ 1 Iteratio [100 — Decay {0.01,

ns 10000] 0.05,

@100 0.1,

0.5,

0.6,

0.7,

0.8,

0.9}
Model performance was evaluated using several statistical metrics commonly applied in
building energy prediction studies. The coefficient of determination (R?) was used to measure the
proportion of variance in the target variable explained by the model. Mean squared error (MSE) and
root mean squared error (RMSE) were calculated to quantify the average deviation between predicted
and observed values, with RMSE providing an interpretable measure in the same units as energy use

intensity. Additionally, mean absolute error (MAE) was employed to evaluate the absolute
differences between predicted and actual values, offering a robust measure of overall model
performance. These metrics were used to compare model accuracy, with an emphasis on maximizing
R? and minimizing RMSE and MSE to identify the most reliable predictive approach. The
formulations of these metrics are provided in Equations (1)—(4).
k 2
Rz =1— Zi=1(Ypred,i_Yact,i)

- 1)
Z%;l(}’act,i - ya\ct)2

1
MAE = { Ti1[Vprei = Yacti| ()

k - 3?2
MSE = izilzlq(}’predﬁl Yact,l) (3)

k - )2
RMSE = %{Z%<:1\/21=1(Ypredli,l Yact,l) (3)

where, Yacti and Ypred,ias actual and predicted values, yact as mean of the actual values, and n
as total number of observations.

Following model comparison, the algorithm demonstrating the highest predictive accuracy and
generalization capability was selected for further analysis and interpretation. To better understand
model behavior and identify the most influential predictors of building energy consumption, two
model interpretation techniques were applied. Variable importance analysis was performed using
the Garson algorithm [77], which has been widely used to quantify the relative contribution of input
variables in neural network models [78]. In addition, Partial Dependence Plots (PDPs) [71] were used
to explore the interactions between key predictors and energy load estimates. PDPs are valuable for
interpreting ML models since they illustrate the average effect of one or more features on the
predicted outcome, while holding all other features constant. This allows us to visualize how changes
in a particular predictor influence model prediction, even when dealing with complex, non-linear, or
“black-box” models. Additionally, PDPs help uncover trends, interactions, and potential thresholds
in the data, offering clearer insights into the model’s behavior and decision-making process.

3. Results

3.1. Archetype Development and Physics-Based Simulation

Four representative residential archetypes were derived to reflect the dominant housing
typologies in Seattle’s Duwamish Valley: a single-family house, duplex, quadplex, and ten-unit
apartment building. These archetypes span the principal geometric and operational characteristics of
the local residential stock and form the basis of the physics-based simulation framework (Table 2;
Figure 3). Using these archetypes, the parametric simulation workflow generated 5,832 unique
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simulation cases across variations in envelope performance, infiltration, HVAC systems, ventilation
strategy, and domestic hot water systems.

3.2. Machine Learning Model Performance and Selection

The predictive performance of the evaluated machine learning models is summarized in Table
5. Model accuracy was assessed using R%2, MSE, RMSE, and MAE for both training and testing datasets
under a 70/30 train—test split. Among the evaluated models, RDF achieved the highest overall
predictive accuracy, with R? = 0.98 for both training and testing datasets and the lowest prediction
errors (RMSE = 2.49 for training and 2.57 for testing. GBM and SVM also performed strongly, each
achieving R?= 0.95 on the test set. The ANN model demonstrated similarly strong performance, with
R2=0.94, RMSE =3.97, and MAE = 2.67 on the testing dataset. In contrast, DTREE and k-NN showed
lower predictive performance, with k-NN exhibiting the largest drop in test accuracy and the highest
generalization error.

Table 5. Comparative performance metrics of ML models for predicting energy use: training versus test set

evaluation.
Train Set Test Set
Algorithm R? MSE RMSE MAE R? MSE RMSE MAE
MLR 0.62 - - - 0.63 - - -
DTREE 0.81 48.86 6.99 5.51 0.82 47.14 6.87 5.43
RDF 0.98 6.22 2.49 1.75 0.98 6.60 2.57 1.81
GBM 0.95 21.52 4.64 3.38 0.95 21.11 4.59 3.35
SVM 0.95 16.94 4.12 2.64 0.95 17.32 4.16 2.71
k-NN 0.89 27.76 5.27 4.01 0.84 43.16 6.57 5.05
ANN 0.94 15.42 3.93 2.72 0.94 15.73 3.97 2.67

Comparison of training and testing performance indicates that RDF, GBM, SVM, and ANN all
generalized well, with only minor reductions in performance between datasets. RDF showed the
smallest difference between training and testing RMSE, indicating minimal overfitting. ANN also
maintained stable predictive performance across both datasets, supporting its robustness as a
surrogate model.

Despite RDF achieving the highest R?, ANN was selected as the primary model for further
analysis due to its strong predictive accuracy and ability to capture complex nonlinear relationships
among retrofit variables. The final ANN MLP configuration employed the Port optimization
algorithm, which provided stable convergence and improved model generalization across the
simulated parameter space. Figure 4 illustrates the architecture of the ANN model. Predicted values
closely matched simulated outputs for both the training and testing datasets (Figure 5), indicating
robust model generalization. Unlike tree-based models that partition the feature space, ANN's
weight-based learning captures continuous nonlinear dependencies that are critical for
understanding variations in building energy use. Additionally, the lower MAE achieved by the ANN
model suggests more stable predictions, which is particularly important for retrofit-driven energy
efficiency analysis requiring reliable estimates at the individual building level.
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Figure 4. Architecture of the ANN used for Energy Use Prediction. The figure illustrates the structure of the
ANN model, depicting the connections between input features (building parameters) and the total energy use
intensity (EUI). The network consists of multiple hidden layers, where blue lines represent positive weights, and
black lines indicate negative weights. The thickness of the lines corresponds to the strength of the connection,

highlighting the influence of each input variable on the final energy consumption prediction.

Actual vs. Predicted Values (Training Dataset) Actual vs. Predicted Values (Testing Dataset)

Predicted Values Predicted Values

Figure 5. Performance of the ANN surrogate model. Actual vs. predicted values for the training (left) and testing
(right) datasets. The blue line represents the 1:1 reference line, showing strong agreement between predicted

and simulated values.

3.3. Key Drivers of Energy Performance and Health-Driven Retrofits

Variable importance analysis and PDPs were used to identify the variables that most strongly
influence building energy performance and to interpret their effects and their implications for health-
driven energy retrofits within the modeling framework. Figure 6 shows the relative importance of
input variables estimated using the Garson algorithm, while Figure 7 presents selected PDPs
illustrating key predictor-response relationships.
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Figure 6. Relative variable importance analysis using the Garson algorithm, highlighting the relative influence

of different building characteristics on energy performance.
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Figure 7. PDPs illustrating interactions between key building characteristics in predicting energy performance.
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Variable importance analysis (Figure 6) identifies infiltration rate as the dominant predictor of
total energy use, followed by the heating—cooling system index, indicating that envelope airtightness
and HVAC efficiency are the strongest determinants of modeled energy performance. Window U-

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.1576.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 April 2026 d0i:10.20944/preprints202604.1576.v1

16 of 25

factor and ventilation system type also contribute meaningfully, whereas wall and roof insulation
levels have smaller relative influence within the evaluated parameter ranges. WWR has moderate
importance, while gross floor area appears less influential once envelope and system characteristics
are considered. Together, these results suggest that the highest-value retrofit measures are those that
improve airtightness, mechanical efficiency, and selected aspects of envelope performance.

To further interpret the model behavior, PDPs (Figure 7) were used to examine the marginal
influence of key predictors on predicted energy use. Because PDPs represent model-averaged
responses across the sampled feature space, the gradients shown in Figure 7 reflect average model
responses within the observed data distribution rather than direct causal effects of changing
individual parameters in isolation.

The one-dimensional PDP for infiltration (Figure 7a) shows a monotonic and approximately
linear increase in predicted EUI as infiltration raises across the sampled range (=3.5x10-5.5x104).
Predicted EUI increases slightly from approximately 53.748 to 53.772 across this interval, indicating
that, after marginalizing over the distribution of all other inputs, the trained model consistently
penalizes higher air leakage, with no evident threshold or curvature. Because this curve represents a
model-averaged intervention response rather than an empirical correlation, it can be interpreted as
the learned marginal sensitivity of performance to envelope airtightness under controlled variation
of infiltration while integrating over other covariates [71,79]. In retrofit terms, the small magnitude
over this narrow leakage band suggests air-sealing benefits may be most pronounced for buildings
with leakage rates outside the modeled range and/or when combined with complementary envelope
measures.

The two-dimensional PDP for GFA and WWR (Figure 7b) indicates that predicted EUI ranges
from approximately 43.5 to 61.5 within the data-supported domain (GFA =1,200-8,000 ft WWR =6—
18%). The highest predicted EUI occurs in small buildings with low WWR, while lower values occur
in larger buildings with higher WWR, corresponding to a reduction of roughly 15-18 EUI units across
the surface. These results suggest that smaller buildings exhibit higher energy intensity and building
size can serve as an important segmentation variable when prioritizing retrofit interventions.

The PDP examining GFA and infiltration rate (Figure 7c) further demonstrates that, the
predicted EUI spans approximately 48 to ~61.5 and is dominated by variation along GFA. Predicted
EUl is highest at GFA = 1,200-2,000 (= ~60-61.5) across essentially the full infiltration range, declines
through mid-size buildings to the minimum band (~48-50) around GFA = 5,000-6,500, and then
increases slightly at the largest sizes (GFA = 7,500-8,500) to roughly ~50-52, yielding a non-monotonic
size pattern with an overall reduction. In contrast, variations in infiltration within the tested range
produce comparatively small changes in predicted EUI at fixed GFA. These results suggest that
building size exerts a stronger influence on energy intensity than infiltration within the sampled
leakage band, reinforcing the importance of size-based segmentation when evaluating retrofit
strategies.

Interactions between infiltration and envelope characteristics further highlight the importance
of airtightness improvements. The PDP for infiltration and WWR (Figure 7d) indicates that, the
predicted EUI increases strongly with infiltration across the WWR range. At lower WWR values (=
5-10%), increasing infiltration from the lower to upper bound of the sampled range raises predicted
EUI approximately = +4-6 units, with the global maximum occurring at the high-infiltration/low-
WWR region. Increasing WWR tends to reduce predicted EUI within the modeled domain, but
infiltration remains the dominant driver of variation. These relationships should therefore be
interpreted as model-based sensitivities within the sampled design space rather than direct causal
effects of changing WWR or infiltration in isolation. These results emphasize the importance of air-
sealing interventions, particularly in buildings with higher leakage rates.

Similarly, the PDP for infiltration and ventilation index (Figure 7e) indicates a predominantly
additive, monotonic response over infiltration and ventilation index, with the model’s predicted EUI
spanning approximately 55.5 to 59.8 and varying almost entirely along the infiltration axis. Changes
in ventilation index produce only minor variations in predicted EUI when infiltration is held
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constant. Within the modeled domain and sampled ranges, the PDP implies minimal interaction
between the two variables and suggests that reducing uncontrolled infiltration provides substantially
larger energy benefits than modifying ventilation intensity alone. The model prioritizes airtightness
improvements over ventilation-intensity changes as the higher-leverage intervention within this
feature pair and domain.

The PDP examining window assembly U-factor =~ 0.30-0.58 and wall assembly R-value = 10-20
(Figure 7f) indicates that, the model’s predicted EUI spans approximately ~51.5 to ~56 and exhibits a
predominantly additive, monotonic structure with limited interaction between the two variables.
Increasing wall insulation from approximately R = 10 to R = 20 reduces predicted EUI by roughly
~3.5-4.5 EUI units, while increasing U-factor within the sampled range produces a smaller increase
in predicted EUI (~0.5-1.5 units). From a retrofit-planning perspective, the results suggest prioritizing
wall-insulation upgrades where R is low, and treating window U-factor improvements as a
secondary measure with diminishing marginal impact in highly insulated-wall cases which provide
greater energy benefits.

The PDP for window U-factor and WWR (Figure 7g) shows that predicted EUI varies more
strongly along WWR axis than along the U-factor axis within the sampled domain. Increasing WWR
from ~5-6% to ~16-17% corresponds to a reduction of roughly 5-6 EUI units whereas changes in U-
factor produce relatively small variations at fixed WWR. For retrofit planning, because WWR is
generally not a practical retrofit lever and the PDP summarizes model-averaged responses rather
than prescribing window-area changes, the actionable use of this surface is to treat WWR as a
segmentation variable when prioritizing glazing upgrades: within WWR = 5-10, improving window
thermal performance across the evaluated U range corresponds to a modest modeled reduction
(£~0.5-1 EUI unit), whereas at WWR = 16-17 the model indicates little additional benefit from U-
factor improvements alone, suggesting that window-performance retrofits are most likely to be
differentiated (in modeled impact) in the lower-WWR segment of the stock.

The PDP for WWR and wall assembly R-value (Figure 7h) indicates that increasing wall R-value
from approximately 10 to 20 reduces predicted EUI by about 3-5 units in low-WWR buildings. The
result implies that increasing wall R-value delivers the largest modeled reductions in the low-WWR
regime (~3-5 units) but yields limited incremental benefit at high WWR (~0-2 units), so wall-
insulation retrofits are most likely to be differentiated (in modeled impact) in buildings with lower-
to-moderate WWR within the evaluated domain.

The PDP for GFA and wall assembly R-value (Figure 7i) shows that the predicted EUI ranges
from approximately ~54 to ~63. The result indicates that predicted EUI decreases strongly with
increasing building size, ranging from approximately 62-63 in small buildings to about 54-55 in
larger buildings. For retrofit, this results show that wall-insulation upgrades are most likely to yield
the largest modeled reductions in the low-GFA segment (~2—4 units at GFA = 1,200-2,000), whereas
large-floor-area buildings (GFA = 6,000) show limited incremental modeled benefit (<~1 unit) from
additional wall R within the evaluated range, suggesting insulation retrofits may be most impactful
when targeted to smaller buildings with lower existing envelope performance

Synthesizing the PDP results (Figures 7a-7i), the largest modeled energy-reduction potential
occurs in smaller buildings with weaker envelope performance, where energy intensity is highest
within the evaluated domain. Across multiple feature combinations, infiltration reduction
consistently emerges as the most influential actionable measure, followed by HVAC system upgrades
and targeted envelope improvements.

4. Discussion

The results demonstrate that the most influential retrofit variables in the modeled residential
building stock are those that affect both energy demand and indoor environmental conditions,
particularly infiltration rate, HVAC system type, window thermal performance, and ventilation
strategy. This is significant because it suggests that energy-efficiency retrofits in disadvantaged urban
communities can be framed not only as climate mitigation strategies but also as interventions with
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health co-benefits. In the present study, the variables associated with the largest modeled reductions
in energy use are also closely linked to thermal stability, indoor air quality, and exposure to outdoor
pollutants, supporting the concept of health-driven energy efficiency within urban retrofit planning.

Among all predictors, infiltration rate emerged as the dominant driver of modeled energy
performance, and the PDP analysis shows that higher infiltration consistently increases predicted
EUL This trend is consistent with building physics in heating-dominated climates such as Seattle,
where infiltration heat loss scales with air exchange rate and indoor—outdoor temperature differences
(Q = 0c,VAT), and with field and simulation evidence that heating penalties can remain
approximately proportional to leakage over low-to-moderate airtightness ranges [80,81]. Previous
studies estimate that air leakage can account for 25-40% of residential heating and cooling energy
use [82], while tighter building envelopes are associated with improved IAQ, indoor comfort, and
reduced drafts [83]. In environmentally burdened communities such as Seattle’s Duwamish Valley —
where residents face elevated exposure to traffic-related and industrial pollution—reducing
uncontrolled infiltration can therefore provide dual benefits by lowering energy demand while
limiting the ingress of outdoor pollutants and allergens. However, airtightness improvements should
be implemented alongside controlled mechanical ventilation to maintain adequate indoor air quality.

The heat-cool index was identified as another dominant predictor of energy performance
highlighting the importance of HVAC system efficiency in shaping building energy demand.
Replacing conventional heating systems—such as electric resistance heating or gas furnaces—with
high-efficiency heat pumps can substantially reduce operational energy use while improving thermal
comfort and health resilience. Previous studies show that heat pump systems can significantly reduce
building energy consumption and greenhouse gas emissions while supporting building
electrification strategies [84-86]. In addition to energy savings, heat pumps also improve indoor
thermal stability and eliminate indoor combustion sources, which can reduce exposure to pollutants
associated with gas appliances. From a health perspective, efficient cooling capacity is increasingly
important as extreme heat events become more frequent due to climate change, with studies linking
inadequate indoor cooling to higher risks of heat-related illness and mortality [86-89]. These findings
highlight the importance of HVAC electrification as both an energy-efficiency and public-health
intervention.

The role of ventilation systems should be interpreted alongside infiltration results. Although the
ventilation index contributes to model predictions, the PDP analysis indicates that within the
sampled parameter range ventilation variations produce smaller changes in predicted EUI compared
with infiltration. This suggests that ventilation is not a primary driver of energy intensity but remains
essential for indoor environmental quality. Mechanical ventilation systems such as energy recovery
ventilators (ERVs) can provide fresh air while limiting energy losses, particularly in airtight
buildings. Adequate ventilation is also essential for reducing indoor pollutant concentrations—
including particulate matter (PM.s), carbon dioxide (COz), and volatile organic compounds (VOCs) —
that are associated with respiratory illness, cognitive impairment, and reduced productivity [90,91]
[92]. The adaptive ventilation strategies such as demand-controlled ventilation (DCV) are identified
as a cost effective and energy efficient strategy [93] that reduces ventilation-related energy use while
maintaining good IAQ [94] particularly in areas affected by seasonal air pollution or wildfire events.
Implementing ERVs ensures a balance between fresh air supply and energy conservation,
particularly in airtight buildings, where mechanical ventilation is necessary to maintain IAQ while
avoiding excessive energy use. This approach is crucial during airborne disease outbreaks or wildfire
seasons, when opening windows is not a viable option. Consequently, the results support a combined
strategy of infiltration reduction with controlled mechanical ventilation, rather than treating these
measures as substitutes.

Envelope characteristics also influence predicted energy performance. Window thermal
performance (U-factor) was identified as an important predictor, while the PDP analysis suggests
that wall insulation improvements often produce larger reductions in predicted EUI than window
upgrades within the evaluated parameter ranges, particularly in smaller buildings or buildings with
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lower existing insulation levels. Poor-performing fenestration systems increase conductive heat
transfer and are widely recognized as contributors to higher heating and cooling loads and reduced
thermal comfort [95-97]. While high-performance windows—such as low-emissivity, multi-pane
assemblies —can reduce heat transfer and improve indoor comfort, the modeling results indicate that
glazing upgrades may provide smaller marginal benefits compared with wall insulation
improvements in certain building segments. This suggests that envelope retrofit strategies should be
tailored to building conditions rather than applied uniformly across the housing stock.

The results further show that the GFA and WWR primarily function as segmentation variables
rather than direct retrofit levers. Within the data-supported domain, smaller buildings exhibit higher
predicted EUI and show stronger modeled benefits from infiltration reduction and insulation
improvements. This pattern aligns with national housing datasets such as the U.S. Residential Energy
Consumption Survey, which indicate that smaller housing units often exhibit higher energy use per
unit floor area because certain end uses—such as appliances and plug loads—do not scale
proportionally with floor area. In contrast, WWR is typically fixed in existing buildings and should
therefore be interpreted as a contextual design variable that influences the effectiveness of other
envelope retrofits rather than as a direct retrofit parameter.

Taken together, the results suggest a retrofit prioritization hierarchy in which air-sealing
measures are implemented first, followed by HVAC system upgrades, particularly high-efficiency
heat pumps, and then targeted envelope improvements, especially wall insulation in smaller and
more weakly insulated buildings. Window performance improvements remain beneficial but appear
to provide smaller marginal gains within the tested parameter ranges. Importantly, this hierarchy
aligns energy-efficiency priorities with health-relevant indoor environmental outcomes, including
reduced pollutant ingress, improved thermal stability, and better ventilation control. In this way, the
modeling framework supports a health-driven approach to residential retrofits, integrating
decarbonization objectives with indoor environmental quality and community health considerations.

This study also contributes methodologically by demonstrating the potential of machine-
learning surrogate modeling integrated with physics-based simulations for urban retrofit analysis.
The ANN-based surrogate model captures nonlinear interactions among building variables while
enabling rapid evaluation of large retrofit scenario spaces. This approach is particularly valuable for
urban building stocks, where exhaustive simulation of all retrofit combinations can be
computationally prohibitive. The use of feature importance analysis and partial dependence plots
further improves interpretability, allowing the surrogate model to provide insights that can inform
retrofit prioritization and policy decisions.

Several limitations should be acknowledged. First, the modeling framework relies on synthetic
data generated from parametric simulations, rather than long-term measured operational data.
Consequently, the results represent typical operating conditions defined by the simulation
assumptions and training dataset. Second, the framework focuses on energy performance and health-
relevant indoor environmental proxies, rather than directly modeling indoor pollutant
concentrations or occupant health outcomes. Therefore, the health implications discussed here
should be interpreted as inferred co-benefits supported by existing literature, rather than direct
measurements of health impacts. Third, the PDP results represent model-averaged responses within
the sampled feature space, and should not be interpreted as causal relationships outside the data-
supported domain.

Future research should integrate measured operational data, indoor environmental sensing, and
occupant-centered indicators to strengthen model calibration and improve real-world applicability.
While direct modeling of occupant health or comfort outcomes is beyond the scope of this work,
future integration of occupant-centric data [33,98]- such as comfort metrics, behavioral patterns
obtained from the environmental and social sensing [99-103], microclimate data [104] or real-time
IAQ monitoring [105,106]-would provide a stronger empirical basis for linking retrofit scenarios to
human-building-environment relations and health outcomes. Such integration would support more
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precise targeting of interventions and help develop retrofit strategies that simultaneously advance
energy efficiency, environmental justice, and public health in vulnerable urban communities.

5. Conclusion

This study presents an Al-enhanced physics-based modeling framework for evaluating
residential retrofit strategies that simultaneously improve energy performance and indoor
environmental conditions linked to occupant health. By integrating parametric energy simulations
with machine-learning surrogate modeling, the framework enables efficient exploration of retrofit
scenarios across representative residential archetypes in Seattle’s Duwamish Valley. The results
identify infiltration rate, HVAC system efficiency, window thermal performance, and ventilation
strategy as key drivers of building energy intensity, with infiltration reduction and HVAC
electrification emerging as the most impactful interventions within the modeled domain. Envelope
improvements, particularly wall insulation in smaller and more weakly insulated buildings, provide
additional benefits, while glazing upgrades offer more targeted improvements depending on
building characteristics. Importantly, these retrofit measures generate co-benefits for indoor
environmental quality by reducing pollutant ingress, improving thermal stability, and enhancing
ventilation control, thereby supporting a health-driven approach to residential energy efficiency.
Methodologically, the study demonstrates how combining physics-based simulations with
interpretable machine-learning models can support scalable retrofit prioritization and decision-
making for urban building stocks. The proposed framework contributes a transferable approach for
advancing equitable and health-oriented building decarbonization strategies in environmentally
burdened communities.
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