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Abstract

Social housing in tropical regions faces critical thermal comfort challenges that will intensify
under future climate change, yet current design practices lack systematic frameworks for
evaluating long-term performance across multiple climate scenarios. This study assesses
the thermal performance of social housing in southeastern Mexico using energy simulation,
supervised machine learning, and global sensitivity analysis. Two housing typologies
(single-story and two-story) were modeled across four cities (Mérida, Campeche, Canctn,
and Tuxtla Gutiérrez) under climate change scenarios (RCP 2.6, 4.5, and 8.5) for 2050 and
2100. Various machine learning models were trained to predict comfort temperature and
cooling degree days. Regression Trees demonstrated superior performance, with R? values
exceeding 0.98 for both thermal comfort indicators, achieving RMSE values of 0.0095 °C
for comfort temperature and 0.2613 °C for cooling degree days. Global sensitivity analysis
using the PAWN method revealed that ambient temperature was the most influential
variable, accounting for 45-49% of the total sensitivity, followed by solar radiation (17-22%)
and relative humidity (10-12%), while building-specific parameters had modest impacts
(0.6-3.8%). Geographic variations were significant, with Mérida and Campeche showing
higher cooling demands than Cancin and Tuxtla Gutiérrez. Future climate projections
indicate substantial increases in cooling requirements by 2100, with CDD values expected
to increase by approximately 40-50% under the RCP 8.5 scenario compared to current
conditions. This research presents a computational framework for assessing thermal
comfort in social housing, providing evidence-based insights for climate-adaptive building
strategies in tropical regions.

Keywords: tropical climate; energy in buildings; thermal comfort; cooling degree day;
predictive model
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1. Introduction

The global imperative to address climate change has intensified focus on building sec-
tor decarbonization, which accounts for approximately 40% of global energy consumption
and 36% of CO, emissions worldwide [1]. As the world grapples with rising tempera-
tures and increasingly extreme weather events, the built environment faces unprecedented
challenges in maintaining occupant comfort while minimizing energy consumption [2].
The Intergovernmental Panel on Climate Change (IPCC) has emphasized that building
sector transformation is crucial for achieving global climate targets, particularly in de-
veloping countries, where rapid urbanization and growing middle-class populations are
driving substantial increases in cooling demand [3]. In tropical and subtropical regions,
where over 3 billion people currently reside, the challenge is particularly acute as rising
temperatures and humidity levels are pushing traditional building designs beyond their
thermal comfort limits [4]. The intersection of climate change effects, urban heat island
phenomena, and socioeconomic inequalities has generated an urgent need for innovative
strategies in building design and performance evaluation, particularly within the social
housing sector, where at-risk communities are disproportionately affected [5]. Advanced
computational tools, including machine learning and sensitivity analysis, offer promising
pathways for developing climate-resilient building solutions that can adapt to both current
and future environmental conditions while remaining economically viable for large-scale
implementation [6].

1.1. Thermal Comfort Challenges in Tropical Climates and Social Housing

Thermal comfort is a critical component in the design and construction of homes,
significantly influencing the well-being, health, and productivity of occupants. It encom-
passes the subjective experience of a satisfactory thermal environment, which is essential
for maintaining a healthy and productive living space. The integration of thermal comfort
into building design not only enhances occupant satisfaction but also contributes to energy
efficiency and sustainability [7]. Globally, the search for solutions that optimize indoor
environmental conditions has intensified in recent decades, driven by growing concerns
about climate change and energy efficiency [8]. Furthermore, organizations such as the
International Organization for Standardization (ISO) and the American Society of Heating,
Refrigerating, and Air-Conditioning Engineers (ASHRAE) have established standards
and regulations to assess and improve thermal comfort in buildings [9]. These efforts
reflect the importance placed on this aspect in contemporary architecture and sustainable
development policies. In Mexico, these international standards underscore the urgent need
to strengthen public policies for social housing construction, particularly in establishing
mandatory thermal performance requirements and energy efficiency standards that address
the specific climatic challenges of tropical regions.

In Mexico, the challenge of achieving thermal comfort takes on nuanced aspects due
to the country’s diverse climatic conditions. Strategies that work in temperate or cold
regions are not always applicable in areas with hot and humid climates, which has led
to the need to develop approaches adapted to each regional context [10]. Specifically,
the Mexican southeast, particularly the Yucatan Peninsula and the state of Chiapas, is
characterized by a tropical climate with high temperatures and humidity throughout the
year [11,12]. In these regions, the design of housing that provides adequate thermal comfort
without relying excessively on artificial air conditioning systems have become a crucial
challenge, especially in the social housing sector. The consumption of electrical energy
for thermal comfort is becoming increasingly important, as users in warm areas consume
up to twice as much electricity as those in temperate climates. This difference reflects
the impact of the climate on the demand for thermal comfort and the need for efficient
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solutions [13]. The tropical climate of southeastern Mexico presents unique challenges
for thermal comfort, with ambient temperatures frequently exceeding 35 °C and relative
humidity levels above 80% for extended periods [14]. These conditions create a complex
thermal environment where traditional passive cooling strategies may prove insufficient,
particularly in low-income housing where mechanical cooling systems are economically
unfeasible [15].

Within a home, it is essential to maintain uniform conditions to ensure thermal comfort
and prevent discomfort, such as asymmetric thermal radiation, which occurs when the body
is exposed to surfaces with different temperatures. This phenomenon can be minimized by
implementing efficient thermal insulation in walls and, especially, in ceilings [16]. The roof,
being the element most exposed to direct solar radiation, plays a crucial role in regulating
the home’s thermal balance. The lack of adequate insulation contributes to an increase in
internal temperature, which in turn leads to higher energy consumption [17].

The thermal comfort challenges described above are further compounded by uncer-
tainties in future climate conditions and the need to evaluate numerous design alternatives
across different geographical contexts. Traditional building simulation approaches, while
accurate for individual case studies, become computationally prohibitive when assessing
multiple housing typologies, construction systems, and climate scenarios simultaneously.
This complexity necessitates the adoption of advanced computational methodologies that
can efficiently process large datasets, identify critical design parameters, and provide rapid
predictions across diverse conditions [18]. In this context, machine learning and global
sensitivity analysis have emerged as powerful tools for building performance assessment,
offering the capability to extract meaningful patterns from extensive simulation data and
quantify the relative importance of multiple influencing factors.

1.2. Machine Learning and Sensitivity Analysis in Building Performance Assessment

Given the multifaceted thermal comfort challenges in tropical climates and the imper-
ative to develop climate-resilient housing solutions, advanced computational tools have
become essential for comprehensive building performance assessment. In recent years,
Artificial Intelligence (Al) tools, particularly supervised Machine Learning (ML) models,
have gained prominence in various research fields, from geosciences to building science,
including the study of thermal comfort in buildings [19,20]. These predictive models have
been successfully applied to assess the effectiveness of different insulation materials, hous-
ing designs, and regional climate conditions. The popularity of these techniques in the field
of thermal comfort is due to their ability to process large amounts of data, identify complex
patterns, and provide accurate predictions, allowing for the more efficient optimization of
building design and energy management compared to traditional methods. For instance,
several studies have utilized artificial intelligence models to predict indoor comfort [21],
thermal and comfort parameters [22], building energy consumption [23], and HVAC system
performance [24], among other applications.

Machine learning algorithms have demonstrated particular effectiveness in building
performance applications due to their ability to capture nonlinear relationships between
multiple variables simultaneously, a capability that traditional analytical models struggle
to achieve [25]. Recent advances in ensemble methods and deep learning architectures
have further enhanced prediction accuracy for complex thermal phenomena [26-28]. In
addition to machine learning (ML) models, Global Sensitivity Analysis (GSA) has emerged
as a powerful tool in the field of thermal comfort and building energy performance. GSA
methods offer valuable insights into how various input parameters impact the output of
complex systems, enabling researchers and designers to identify the most critical factors in-
fluencing thermal comfort and energy efficiency [29]. The integration of GSA with machine
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learning represents a significant methodological advancement, enabling the quantification
of parameter importance while preserving the predictive power of ML models. This combi-
nation enables decision-makers to prioritize design interventions based on their relative
impact on thermal performance. Therefore, the author’s pursuit of this research stems from
the possibilities offered by hybridizing thermal comfort using sophisticated computing
technologies. A selection of studies that have incorporated this framework is presented in
Table 1.

Table 1. Comparison of machine learning studies for thermal comfort and building energy performance.

Research Study Location Climate Type Al Techniques Variables of Interest Main Findings
Machine learning, coupled with
Linear Genetic orthogonal design, quantified
Programming Metabolic rate, thermal occupant factors. The
. . (LGP) and clothing level, infiltration rate was the most critical
Alsharif et al. . Maritime N . e . .
(2022) [30] Australia temperate dimate  SCNSitivity analysis infiltration rate,and  factor (0.66), followed by metabolic
’ P (SA) using building envelope rate (—0.48) and clothing level
orthogonal factors. (—0.38), for achieving
experiment design energy-efficient and comfortable
houses.
Developed adaptive thermal
. . comfort and ANN models for
Tropical rainforest, e .
. s - Artificial neural comfort temperature prediction. A
Cetina-Quifiones Dominican monsoon, savanna, . .
. S networks (ANN) Indoor temperature hot semi-arid climate largely falls
et al. (2023) [31] Republic hot semi-arid and . .
X and SA outside the comfort range, with
oceanic .
radiant temperature as the key
variable impacting comfort.
Thermal comfort
Support Vector levels, energy Machine learning algorithms (SVM,
Machine (SVM), consumption, indoor ANN, RF, XGBOOST) effectively
Boutahri & It ranges from a ANN, Random temperature, air predicted PMYV values and
Tilioua (2024) Morocco Mediterranean to a Forest (RF), and velocity, relative optimized HVAC energy
[32] semi-arid climate EXtreme Gradient humidity, mean consumption, enhancing occupant
Boosting radiant temperature, thermal comfort while reducing
(XGBOOST) clothing insulation, energy demands.
and metabolic rate.
Bayesian
Hot-summer optimization, Total energy, indoor ML models with genetic algorithms
. XGBoost overheating degree, optimized building performance
Mediterranean . . . .
climate (Csa) algorithms, predicted percentage  across climate scenarios (2020-2080).
Karimi et al. . . / multi-objective dissatisfaction, The effects of the window-to-wall
Spain characterized by . . . . .
(2024) [33] genetic algorithms, ~ window-to-wall ratio, ratio and open areas on energy
hot, dry summers X .
. and SHAP indoor temperature, consumption become more
and mild, wet . . i
winters (SHapley Additive and outdoor pronounced as climate conditions
exPlanations) temperature. evolve.
analysis
tem h«/el:;tlrf:rlliemate ANN model trained with ASHRAE
chagacterize db ANN trained with ~ Occupants’ presence,  databases achieved 96.1% accuracy,
Karyono et al. . Y ASHRAE using scheduling, and effectively adapting to UK dwelling
UK mild temperatures . o . .
(2024) [34] and moderate multiple databases activities for comfort environments and enabling energy
. for accuracy. probability savings through optimized
rainfall throughout
temperature control.
the year
XGBoost, Support Building en.ve.lope XGBoost, SVR, and .LSTM models
. characteristics, were used to predict long-term
. Vector Regression L .
. United Arab thermal energy consumption in hot climates.
Hussien et al. . . (SVR), and Long . .
Emirates Hot climate transmittance, Key factors included thermal mass,
(2025) [35] Short-Term .
(UAE) thermal resistance, decrement factor, U-value, and
Memory (LSTM) d P d Revalue f ffici
networks ecrement factor, an -value for energy-efficient

energy consumption.

building designs.




Sustainability 2025, 17, 9596

50f28

Table 1. Cont.

Research Study Location Climate Type Al Techniques Variables of Interest Main Findings
Bulldl.ng typology, The study developed machine
location, climate N .

. learning (ML) models to predict
change scenarios, h 1 fort indicators i al
roof construction thermal comfort indicators in socia

Southeastern Regression Trees, svstemn housing units, finding that
Mexico Support Vector (withy/without regression trees were the
Present stud (Mérida, Tropical hot-humid ~ Machines, Artificial insulation), ambient best-performing algorithm
y Campeche, climate Neural Networks, ! (R? > 0.98). Sensitivity analysis

Cancun, Tuxtla

Gutiérrez)

and PAWN
sensitivity analysis

temperature, relative
humidity, solar
radiation, wind
velocity, comfort
temperature, and

revealed ambient temperature
(45-49%) as the dominant variable
affecting thermal comfort, with roof
insulation showing modest but
consistent benefits.

cooling degree day

As reported in Table 1, various research efforts have tackled thermal comfort and
building envelope characteristics across different climates. However, there is a growing
need to consider future climate scenarios, particularly in regions highly vulnerable to cli-
mate change. The Representative Concentration Pathways (RCPs) developed by the IPCC
provide crucial projections for future climate conditions, essential for long-term building
design [36]. Additionally, machine learning and sensitivity analysis serve as alternatives to
traditional models, enabling improved adaptation to specific climatic conditions [37]. De-
spite these advances, significant gaps remain in the application of integrated computational
frameworks that combine high-fidelity building simulation, machine learning prediction,
and global sensitivity analysis for climate-adaptive building design, particularly in tropical
developing regions where social housing represents a critical infrastructure challenge.

Social housing units often prioritize cost and tenure security, relegating thermal
efficiency to a secondary concern [38]. These standardized models are frequently adapted
from other regions without considering local climatic conditions, forcing residents to rely
on mechanical cooling systems [39]. This study evaluates the thermal performance of social
housing in southeastern Mexico, creating ML models to forecast comfort temperature and
cooling degree days, key indicators of thermal comfort and energy demand.

1.3. Research Gaps and Scientific Contributions

The comprehensive literature review reveals that existing thermal comfort research
in tropical climates shows critical limitations in addressing future climate impacts and
multi-scenario building performance assessment. Current studies predominantly focus on
present-day climatic conditions or employ simplified climate change projections, failing to
adequately integrate systematic Representative Concentration Pathway (RCP) scenarios
for long-term building design evaluation. Most machine learning applications in thermal
comfort assessment lack comprehensive integration of future climate projections as direct
input variables, limiting their utility for climate-adaptive building design. There is a no-
table absence of computational frameworks that simultaneously evaluate multiple building
configurations (typologies, construction systems, locations) across systematically varied cli-
mate change pathways within integrated predictive models. Additionally, existing research
does not adequately address the systematic quantification of parameter importance across
multiple RCP scenarios using global sensitivity analysis methods specifically designed for
climate-resilient building design.

The novelty of this research lies in its integration of advanced computational tech-
niques with systematic climate change scenario assessments for evaluating social housing
performance under future climatic conditions. By developing a comprehensive machine
learning framework based on energy simulation data from social housing prototypes across
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four capital cities representing different climatic zones in southeastern Mexico, Mérida
(Yucatan), Campeche (Campeche), Canctin (Quintana Roo), and Tuxtla Gutiérrez (Chiapas),
this study addresses a critical regional challenge affecting millions of inhabitants under
both current and projected climate conditions. As state capitals and primary economic
hubs, these cities experience the highest demand for social housing, with thousands of
low-income housing units constructed annually. The scale of this challenge is considerable,
as inadequate thermal performance in social housing affects individual household com-
fort, energy costs, and contributes to broader issues of energy poverty, public health, and
regional sustainability in southeastern Mexico [40].

In this study, we contribute to the existing body of literature by introducing a compre-
hensive computational framework that systematically integrates climate change projections
with building performance assessment. The scientific and methodological contributions of
this work, which constitute the novelty of this study, are outlined as follows:

e  This study presents a machine learning framework specifically designed for thermal
comfort prediction under systematic RCP climate scenarios (2.6, 4.5, and 8.5 for 2050
and 2100), enabling direct assessment of social housing thermal performance across
multiple future climate pathways in tropical hot-humid regions.

e A multi-scenario computational approach is developed that simultaneously evaluates
building performance across four distinct climatic locations, two housing typolo-
gies, and two construction systems (with and without roof insulation), creating a
comprehensive parametric assessment framework for climate-adaptive design.

e This work represents the first systematic application of the PAWN global sensitiv-
ity analysis method to quantify the relative importance of climatic variables versus
building design parameters across multiple RCP scenarios, enabling evidence-based
prioritization of climate adaptation strategies.

e  The research introduces an innovative database structure comprising seven distinct
climate scenarios (current + six future RCP projections) as direct input variables in
machine learning models, representing the most comprehensive climate-integrated
dataset for thermal comfort analysis in Mexican social housing.

e The study establishes a highly accurate predictive framework (R? > 0.98 for both com-
fort temperature and cooling degree days) that enables rapid assessment of thermal
comfort under future climate conditions, thereby eliminating the need for individual
building simulations across multiple climate scenarios.

This research addresses a critical knowledge gap in climate-adaptive building design
for tropical developing regions, providing evidence-based insights for building codes,
policy development, and design guidelines that account for both current and future climate
conditions. The computational framework developed herein offers a scalable methodology
that can be adapted to other tropical regions facing similar challenges in social housing
thermal performance under climate change.

2. Computational Methodology

The methodology used in this research work is depicted in Figure 1, along with the
phases in which it was divided.
The phases described in Figure 1 are explained below.
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PHASE 1: MODEL DESIGN OF CASE STUDY
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Figure 1. Schematic diagram corresponding to the computational methodology implemented in
this study.

2.1. Phase 1: Model Design of Case Study

The initial phase of this study focused on developing comprehensive computational
models for two distinct social housing typologies prevalent in Mexico [40]. These models
were based on specifications derived from residential developments in Yucatdn'’s capital
city, reflecting real-world housing conditions. To ensure accurate energy and environmental
analysis, the Design Builder software v7.3.0.029, a powerful tool for simulating building
performance, was utilized. This study focused on two housing typologies that represent
common social housing configurations. The first typology is a single-story house covering
70 m?, while the second is a two-story structure with 50 m? per floor. The single-story
model incorporates two bedrooms, a bathroom, and a versatile common area that combines
kitchen, living, and dining spaces. In contrast, the two-story model expands vertically,
adding two more bathrooms, a dedicated study room, and staircase access on the upper
level. Figure 2 provides a visual representation of the 3D models and floor plans for both
housing typologies, illustrating the spatial arrangement and structural design of these
social housing units.
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Figure 2. Model designs of both typologies used in this study: (al) Isometric view of typology 1,
(a2) Top view of typology 1, (b1) Isometric view of typology 2, (b2) First-floor plan of typology 2, and
(b3) Second-floor plan of typology 2. These representations serve as schematic illustrations of the
architectural configuration and spatial distribution of each housing typology.

On the other hand, the computational models were designed considering various
detailed construction specifications. The roof system, a critical component for thermal
regulation, consists of multiple layers: 2.5 cm of waterproofing, 2.5 cm of mortar, 10 cm of
concrete, and 2.5 cm of plaster. To enhance thermal performance, an 8 cm thick layer of
expanded polystyrene insulation was integrated into the roof structure as a passive cooling
measure. Every aspect of the building envelope was carefully considered, including wall
construction, window specifications, and floor materials. These elements were defined in
the model with precise thermal properties, conductivity, specific heat, density, and thermal
resistance to ensure that the simulations accurately reflect real-world thermal behavior. The
modeling approach was designed with foresight, allowing for the evaluation of thermal
performance not only under current climate conditions but also under projected scenarios
for 2050 and 2100. This forward-thinking methodology enables the assessment of the long-
term sustainability and climate adaptability of these housing designs, providing valuable
insights for future-proof social housing development.

It should be noted that the computational models were configured to evaluate the pas-
sive thermal performance of the building envelope under free-running conditions (without
mechanical heating or cooling systems). This modeling approach deliberately excludes
occupancy schedules, internal heat gains from occupants and equipment, and variable
infiltration rates to isolate the thermal response of the building envelope to external climatic
conditions and variations in construction systems. This methodological decision enables
a focused assessment of how building typology, geographical location, roof insulation,
and climatic variables influence thermal comfort indicators across multiple climate change
scenarios, providing a baseline evaluation of the envelope’s intrinsic thermal behavior.
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2.2. Phase 2: Database Variables for Training

The second phase of this study focused on creating a comprehensive database for train-
ing the machine learning models. This phase involved several key aspects that collectively
formed the input parameters for our simulations and subsequent analysis.

City

The study centered on four major cities in the Yucatan Peninsula region: Mérida,
Campeche, Cancun, and Tuxtla Gutiérrez. These locations were strategically chosen to
represent the diverse climatic conditions within the peninsula, offering a robust dataset
for analysis. The Yucatan Peninsula was selected as the focal point due to its unique

tropical climate and the growing challenges it faces in terms of thermal comfort and energy
efficiency in residential buildings.

Climate Change Scenario

To account for future climate variability, the study incorporated seven distinct scenar-
ios based on Representative Concentration Pathways (RCPs). These included a reference
scenario for 2024, three 2050 scenarios (RCP 2.6, RCP 4.5, and RCP 8.5), and three 2100 sce-
narios (RCP 2.6, RCP 4.5, and RCP 8.5).

RCPs are greenhouse gas concentration trajectories adopted by the Intergovernmental
Panel on Climate Change (IPCC). They provide plausible future climate scenarios based
on various levels of emissions, land-use changes, and other factors [41]. The inclusion of
these scenarios enables a comprehensive assessment of how social housing might perform
under various future climate conditions, thereby enhancing the long-term relevance of
our findings.

Roof construction system

The study examined two construction typologies: a reference design reflecting current
building practices and an enhanced design incorporating thermal insulation as a passive
cooling strategy. Figure 3 illustrates the constructive profiles of these systems, highlighting
the differences in material layering and thermal properties, while Table 2 presents the
thermophysical properties of the materials used in both typologies, providing crucial data
for thermal performance simulations. To enhance thermal performance, an 8 cm thick
layer of expanded polystyrene insulation was integrated into the roof structure as a passive
cooling measure. This solution was adopted from previous laboratory research [40] that
identified it as the most feasible and cost-effective passive cooling strategy for social housing
in tropical climates, considering the economic constraints typical of these developments.

(a) (b)

Outer surface Outer surface

0.025 m Waterproofing
0.025 m Waterproofing

0.025 m Mortar
0.08 m Expanded polystyrene

0.025 m Mortar

0.1 m Concrete

0.1 m Concrete

0.025 m Plaster 0.025 m Plaster

Inner surface Inner surface

Figure 3. Layers of the roof construction system: (a) reference roof, (b) insulated roof.
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Table 2. Thermo-physical properties of the roof construction system implemented [42,43].
. Thermal i
Material 2 f Typology Thickness (m) Conductivity Density (kg/m?) Specific Heat
Construction (J/kg-K)
(W/m-K)

Waterproofing 1land 2 0.025 0.16 1121 1460
EPS insulation * 2 0.08 0.04 15 1400
Mortar land 2 0.025 0.80 1800 1000
Concrete land 2 0.1 2.15 2400 900
Plaster land 2 0.025 0.42 1200 837

* The thermal conductivity value of 0.04 W/m-K for EPS insulation represents standard expanded polystyrene,
consistent with Mexican building standards (NOM-020-ENER-2011) and established heat transfer references for
construction-grade insulation materials [42,43].

Climatic Data

All climatic data for current and future scenarios were obtained from Meteonorm v8.0.2
software [44], a comprehensive meteorological database that provides validated climate
data for locations worldwide. Future climate scenarios (RCP 2.6, 4.5, and 8.5 for years 2050
and 2100) were generated using Meteonorm’s climate change projection module, which
incorporates IPCC climate models to produce synthetic weather files. The weather data
were extracted in EnergyPlus Weather (EPW) format, containing Typical Meteorological
Year (TMY) type data with hourly temporal resolution for all required climatic variables:
ambient temperature (°C), relative humidity (%), global horizontal solar radiation (W/ m?),
and wind velocity (m/s). These four key climatic variables were considered essential for
accurately modeling the thermal behavior of buildings and assessing comfort levels across
each of the studied cities.

To visually represent the complex interplay of variables in this study, Figure 3 presents
a decision tree diagram illustrating all possible combinations of parameters considered in
our simulations. Based on the combination of the parameters described above, a compre-
hensive dataset was generated for training the machine learning models. In total, 112 energy
simulations were performed, resulting from the combination of the two housing typologies,
the four selected cities, the seven climate scenarios, and the two construction systems
(with and without thermal insulation). For each of these combinations, daily average data
was collected over a full year of simulation, resulting in 365 records per combination, for
a total of 40,880 records in the database [44]. This data structure enables the capture of
seasonal variability in climatic conditions (ambient temperature, relative humidity, solar
radiation, and wind speed) and their impact on the thermal performance of dwellings,
thereby providing a solid basis for training and validating predictive models.

2.3. Phase 3: ML Model Training with Supervised Learning Algorithms and Global
Sensitivity Analysis

The third phase of this research focuses on developing supervised machine-learning
models and conducting global sensitivity analysis. This phase encompasses several key
aspects, which are described below.

Output Variables

The Design Builder software v7.3.0.029 provides the outdoor operating temperature
(Toutdoor) of the dwelling as part of its energy simulation results. However, to determine
thermal comfort, it is necessary to calculate the comfort temperature (Tqom¢) using the
adaptive thermal comfort model established by ASHRAE Standard 55 [45,46]. The adaptive
model is specifically designed for naturally ventilated buildings where occupants can adapt
to their thermal environment through behavioral adjustments (e.g., opening windows,
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adjusting clothing, changing activity levels). This approach is particularly suitable for
social housing in tropical climates, where mechanical cooling systems are often absent
or underutilized due to economic constraints, and residents primarily rely on passive
strategies. The adaptive model has been extensively validated across diverse climatic
conditions and provides a more accurate representation of actual thermal comfort in
free-running buildings compared to static models, such as PMV-PPD [47]. The comfort
temperature is calculated using Equation (1) [48].

Tcomfort = O~31Toutdoor +17.8 (1)

This comfort temperature represents one of the primary output variables for our
machine-learning model. Although Design Builder cannot directly estimate the adaptive
comfort temperature, the development of an ML model allows it to be predicted directly
from the input variables, thus avoiding intermediate calculations.

On the other hand, the second variable considered is the Cooling Degree Day (CDD),
an annual indicator of the energy demand for cooling. This parameter is calculated as
the daily difference between the operating temperature and the comfort temperature, as
indicated by Equation (2) [49].

CDDday = Toutdoor — Tcomfort 2)

For our machine learning framework, we calculate the mean daily CDD (CDﬁDyearly)
which represents the arithmetic average of daily CDD values over the entire year, as shown
in Equation (3):

2316:51 CDDday(n)
365

It is important to clarify that this metric differs from the conventional annual CDD

CDDygaity = )

used in building energy consumption calculations, which represents the cumulative sum
of daily values (X CDDyay) over the year. The mean daily CDD provides a normalized
indicator of average cooling demand per day, which is particularly suitable for our machine
learning approach, where the models are trained on daily observations and need to establish
relationships between daily climatic conditions and thermal performance. This metric
facilitates direct comparison across different climate scenarios, geographical locations,
and housing configurations by eliminating the influence of the number of days in the
calculation period.

Database preparation

Once the input variables (typology, city, RCP scenario, roof construction system, and
climatic data) and output variables (comfort temperature and cooling degree day) were
established, the complete database was built for training the models.

Coding of categorical variables

Categorical variables, such as housing typology, city, RCP scenario, and roof con-
struction system, were numerically coded for processing in the machine learning (ML)
algorithms, as shown in Figure 4. This coding transforms the qualitative data into numerical
values that the computational models can interpret.
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Figure 4. Tree diagram of the different parameters implemented in this research study.

Normalization of data

To ensure efficient training of the models, the numerical variables were normalized
using Equation (4) [50].
X — min (x)

n = max(x) — min (x) @)

This normalization process is crucial in preventing variables with different magnitudes
from having a disproportionate impact on the model’s training, thereby enhancing its
convergence and precision [51].

Supervised ML algorithm training

With the prepared, encoded, and normalized database in place, it proceeded to train
various supervised learning algorithms. This phase was developed in the MATLAB R2021b
programming environment, specifically using its Regression Learner tool due to its robust
capacity to work with various algorithms and optimize hyperparameters [52]. Hence, three
main supervised learning algorithms were selected: Regression Trees (RT) [53], Support
Vector Machines (SVM) [54], and Artificial Neural Networks (ANN) [55]. The Regression
Learner tool enabled the systematic exploration of different hyperparameter combinations
for each algorithm, aiming to identify the optimal configuration for our specific case. To
ensure the robustness and generalization of the models, a k-fold cross-validation procedure
was implemented, dividing the data into subsets for training and validation [56]. This
methodology is fundamental in avoiding overfitting and ensuring that the developed
models are applicable to new data.

Table 3 presents the implemented algorithms along with the hyperparameter ranges
explored during the optimization process.
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Table 3. Supervised ML algorithms and hyperparameter tuning used in this study.

Algorithm Hyperparameters Description
Tree-based algorithm
utilizing hierarchical
decision rules to partition

. . data into predictive
e Leafsize range: . .
1-70.000 regions. Employs recursive
Regression Trees (RT) ! binary splitting to identify
Surrogate splits: optimal thresholds,
enabled/disabled/all providing interpretable

Support Vector Machines
(SVM)

Artificial Neural Networks
(ANN)

e  Kernel function types:

gaussian, linear,

quadratic, cubic

Box constant:

auto/manual

e Kernel scale:
auto/manual

Epsilon: auto/manual

e Hidden layers: 1-3
Activation functions:
ReLU, Tanh, Sigmoid,
None

decision pathways and
effective handling of
nonlinear relationships.
Kernel-based method that
maps input data to
high-dimensional feature
spaces to identify optimal
separating hyperplanes.
Utilizes kernel functions to
capture complex nonlinear
patterns while maintaining
computational efficiency
through support vector
identification.

Multi-layer perceptron
architecture with
interconnected neurons
organized in sequential
layers. Learns complex
mappings through
backpropagation training,

with activation functions
introducing nonlinearity
and regularization
preventing overfitting.

Regularization (A): 0-1

The selection of Regression Trees, Support Vector Machines, and Artificial Neural
Networks was based on their demonstrated effectiveness in building energy and thermal
comfort applications. Comparative studies have shown that these three algorithms con-
sistently deliver robust performance for predicting building thermal behavior and energy
consumption [57,58]. Regression Trees offer high interpretability and effectively capture
nonlinear relationships and threshold effects in thermal performance [59]. Support Vector
Machines excel at finding optimal decision boundaries in high-dimensional spaces and have
demonstrated superior accuracy in building energy prediction tasks [60]. Artificial Neural
Networks offer powerful nonlinear approximation capabilities and have demonstrated
excellent performance in predicting thermal comfort across diverse climatic conditions [55].
These three algorithms represent distinct modeling paradigms: tree-based, kernel-based,
and neural network-based approaches, enabling comprehensive evaluation of different
learning strategies for our multi-scenario framework.

Statistical metrics for model evaluation

The evaluation of model performance was based on three complementary statistical
metrics: the Root Mean Square Error (RMSE), which quantifies the average error between
the model’s predictions and the actual values, providing a measure of the model’s overall
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error. The Mean Absolute Error (MAE) represents the average of the absolute differences
between predicted and observed values. It is a straightforward metric that indicates, on
average, how much the predictions deviate from the actual data, regardless of the direction
of the error. MAE is particularly useful for understanding the typical magnitude of predic-
tion errors in a more interpretable and less sensitive manner to outliers compared to RMSE.
Furthermore, the Scatter Index (Scl) measures the relative dispersion of prediction errors
concerning the magnitude of the observed values, offers a perspective on the consistency
of the model, and finally, the coefficient of determination (R?) that evaluates the proportion
of variance in the dependent variable that is predictable from the independent variables,
providing a measure of the predictive accuracy of the model. The calculus of RMSE, Scl,
and R2 can be determined by Equations (5)—(8), respectively.

n (v o2
RMSE — # (5)
n s — V.
MAE = 21:1|);1 Y1| (6)
Scl = 100 x %SE (7)
i=1Yi
si=1Yi
n R 2
R2=1-— i=1 (Xl Yl) )

2
Z?:] (Xi - Xi,mean)
where x; denotes the real value, Xj mean represents the actual value’s average, y; is the
predicted value, and n indicates the total data.

Global Sensitivity Analysis with the PAWN method

To identify the relative influence of input parameters, a Global Sensitivity Analysis
(GSA) was conducted using the PAWN method. The PAWN method was over variance-
based approaches. PAWN is a distribution-based method that analyzes Cumulative Dis-
tribution Functions rather than relying solely on variance decomposition, making it more
robust for outputs with non-normal or multimodal distributions [61,62]. Critically, PAWN
achieves stable sensitivity estimates with significantly smaller sample sizes, often requiring
5-10 times fewer model evaluations to reach convergence [63], which was essential given
our framework’s computational complexity. This density-based approach utilizes cumu-
lative distribution functions and the Kolmogorov-Smirnov statistical test to quantify the
influence of parameters on model outputs. The PAWN method effectively handles nonlin-
ear relationships, is computationally efficient, and can simultaneously analyze multiple
output variables with different statistical distributions [61].

The PAWN implementation generates unconditional and conditional sample groups,
comparing conditional CDFs against unconditional CDFs using the Kolmogorov—-Smirnov
statistical test to quantify parameter influence [64]. The method effectively handles nonlin-
ear relationships, provides computational efficiency, and yields robust results with relatively
small sample sizes while simultaneously analyzing multiple output variables [65]. The
PAWN method was applied to the best-performing Regression Trees model to evaluate
the influence of building typology, geographical location, climate change scenarios, roof
construction systems, and climatic variables on thermal comfort outcomes. The result-
ing sensitivity indices provide valuable insights for prioritizing design interventions and
policy measures to improve thermal comfort in social housing under current and future
climate conditions.
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3. Results and Discussion

The following section presents the key findings of this research regarding thermal
comfort in social housing units across southeastern Mexico.

3.1. Comfort Temperature and Cooling Degree Day

Figure 5 presents a heat map corresponding to the comfort temperature of the typology
and the roof construction system for the four cities studied.
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Figure 5. Heat maps of comfort temperature (°C) for different climate scenarios in the four stud-
ied cities: (a) typology 1 housing with reference roof, (b) typology 2 housing with reference roof,
(c) typology 1 housing with insulated roof, and (d) typology 2 housing with insulated roof.

Figure 5 presents heat maps corresponding to the monthly comfort temperature (Tcoms)
for the different configurations analyzed. These maps enable the visualization of temporal
and spatial variations in comfort temperature, revealing distinct seasonal patterns and
differences among the studied cities.

All four heat maps show a clear seasonal variation in comfort temperature, with
maximum values during the warmest months (April to September) and minimum values
during the cooler months (November to February). This trend is consistent across all
cities and climate scenarios analyzed, although with different magnitudes depending on
geographical location.

The results demonstrate a clear progression in thermal severity across climate sce-
narios, with RCP 8.5 2100 representing the most extreme conditions, as expected from
Representative Concentration Pathway projections [66]. Campeche presents the highest
comfort temperature values, reaching up to 36.87 °C in May for the RCP 8.5 scenario of 2100
in typology 2 with reference roof (Figure 5b). Mérida follows with comfort temperatures
reaching up to 35.57 °C in the same scenario and month. The consistently higher comfort
temperatures in Campeche compared to other cities reflect its specific climatic characteris-
tics. Campeche experiences a tropical savanna climate with elevated ambient temperatures
and significantly reduced coastal wind speeds compared to Canctin, which benefits from
stronger and more consistent Caribbean maritime breezes that provide natural cooling
effects. While both coastal cities receive similar levels of solar radiation, Campeche’s posi-
tion on the Gulf of Mexico results in less maritime temperature moderation and weaker
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cooling breezes than Canctin. Tuxtla Gutiérrez, despite its tropical setting, is situated at
a higher elevation (approximately 522 m above sea level) in an inland valley, resulting
in more moderate temperatures. Since comfort temperature is calculated from outdoor
operating temperature, these climatic differences directly explain the geographic variations
observed in the heat maps.

Based on the climatic data obtained from Meteonorm v8.0.2, the four studied cities
experience high solar radiation levels typical of tropical climates, with average daily values
ranging from approximately 5.5 to 6.5 kWh/m? during the peak months (April-September).
The thermal performance results reflect the complex interplay of heat gains through differ-
ent building envelope components under free-running conditions. Given the roof’s direct
exposure to solar radiation and its surface area, solar heat gains through the roof constitute
the primary thermal load in both typologies. The monthly heat maps presented in Figure 5
implicitly capture these cumulative heat gains, as the outdoor operating temperatures
used to calculate comfort temperatures result from the building’s overall thermal balance,
including solar gains, conduction through the envelope, and convective exchanges. The
implementation of roof insulation (8 cm EPS) specifically targets the reduction in solar
heat gains through this critical component, as evidenced by the slightly lower comfort
temperatures observed in Figure 5c,d compared to reference configurations (Figure 5a,b).

When comparing typologies 1 and 2 (Figure 5a,b and Figure 5c,d, respectively), it is
observed that the two-story housing (typology 2) presents slightly higher comfort tem-
peratures than the single-story housing (typology 1) in most scenarios. This difference
can be attributed to the greater surface area exposure to solar radiation in the two-story
housing, resulting in higher thermal gains. The effect of thermal insulation on the roof can
be appreciated by comparing Figure 5a,c (typology 1) or Figure 5b,d (typology 2). Houses
with insulated roofs show slightly lower comfort temperatures than the reference ones,
although this reduction varies according to the city and month of the year. For example, in
Mérida, the implementation of thermal insulation reduces the comfort temperature by up
to 0.5 °C during the warmest months in typology 1, while the effect is less pronounced in
typology 2.

Future climate scenarios show a logical progression of increasing thermal stress, with
RCP 8.5 for 2100 demonstrating the most severe conditions across all cities, consistent with
IPCC projections that identify this pathway as representing the highest greenhouse gas con-
centrations and most extreme warming scenarios [67]. The temperature escalation follows
the expected hierarchy: current conditions (2024) < RCP 2.6 scenarios < RCP 4.5 scenarios
< RCP 8.5 scenarios, with 2100 projections showing more severe impacts than 2050 for
each respective pathway. Tuxtla Gutiérrez experiences the greatest proportional increase
in comfort temperature between the current scenario (2024) and the most extreme future
scenario (RCP 8.5 2100), suggesting a greater vulnerability of this region to climate change.

The chromatic analysis of the heat maps reveals critical zones (red and orange colors)
where comfort temperatures exceed 32 °C. The most extensive critical areas appear under
the RCP 8.5 2100 scenarios, mainly concentrated in the months from April to September for
the most severe climate projections. These critical zones are more extensive in Campeche
and Mérida than in Canctin and Tuxtla Gutiérrez, indicating the need for more intensive
adaptation strategies in these cities.

On the other hand, the analysis of Cooling Degree Day (CDD) values across different
climate change scenarios reveals significant patterns in the thermal performance of social
housing units in southeastern Mexico. Figure 6 illustrates the mean daily CDD values
for both housing typologies across the four studied cities under various climate change
scenarios, with and without the implementation of roof insulation.
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Figure 6. Mean daily CDD values for each climate change scenario for the four study cities.

A progressive increase in CDD values is observed across all cities as climate change
scenarios advance from 2024 toward more extreme projections for 2100, with a logical
progression following RCP pathways: RCP 2.6 < RCP 4.5 < RCP 8.5. This trend is particu-
larly pronounced under the RCP 8.5 scenario, which represents the most severe warming
trajectory. This trend indicates a growing cooling demand over time, with CDD values
peaking in the 2100 RCP 8.5 scenario across all locations, suggesting substantially higher
cooling requirements by the end of the century. For instance, in Mérida, CDD values for
Typology 2 increased from approximately 4.0 in 2024 to approximately 6.0 in the 2100 RCP
8.5 scenario, representing a significant rise in cooling demand.

Geographic variations in CDD values are pronounced, with Mérida and Campeche
consistently showing higher cooling demands compared to Canctin and Tuxtla Gutiérrez.
Meérida exhibits the highest CDD values across most scenarios for both typologies, reaching
approximately 6.0 for Typology 2 under the 2100 RCP 8.5 scenario, followed closely by
Campeche, with values ranging from approximately 5.5 to 6.0 under the same conditions.
This pattern reflects the distinct climatic characteristics of these regions, with Mérida and
Campeche experiencing more intense hot and humid conditions typical of the Yucatan
Peninsula. In contrast, Tuxtla Gutiérrez consistently shows lower CDD values (ranging
from approximately 2.0 to 5.5), suggesting somewhat less severe cooling requirements
despite also experiencing significant increases in future scenarios.

The proportional increase in CDD values is particularly pronounced in Tuxtla Gutiér-
rez, which experiences the greatest relative growth between current conditions and extreme
future scenarios despite having lower absolute CDD values than coastal cities. This pattern
reflects Tuxtla Gutiérrez’s inland valley location, which currently benefits from more mod-
erate temperatures but exhibits greater temperature variability and sensitivity to climate
change projections. In contrast, Canctin’s Caribbean maritime climate provides stronger
temperature buffering through ocean thermal inertia and consistent sea breezes, resulting in
more gradual increases in CDD despite higher baseline cooling demands. The differential
response to climate change across cities underscores the importance of location-specific
adaptation strategies, with inland cities like Tuxtla Gutiérrez requiring particular attention
as they transition from moderate to high cooling demand zones.

On the other hand, the comparison between housing typologies reveals that Typology
2 (the two-story model) generally exhibits higher CDD values than Typology 1 (the single-
story model) across all cities and scenarios. In Mérida, for example, Typology 2 shows CDD
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values approximately 0.5-1.0 higher than Typology 1 across all scenarios. This difference
suggests that the vertical expansion of housing units results in increased cooling demands,
likely due to factors such as greater surface area exposure to solar radiation and more
complex heat transfer dynamics in multi-level structures.

When comparing reference houses with insulated roof models, the data reveal a
slight but consistent reduction in CDD values with the implementation of insulation. The
effectiveness of roof insulation consistently shows modest benefits across all locations
and scenarios, with reductions typically ranging from 0.1 to 0.3 CDD units. However,
these reductions appear relatively modest (generally less than 0.5 CDD), suggesting that
roof insulation alone, while beneficial, has a limited impact on reducing overall cooling
demands, particularly in more extreme climate change scenarios.

The results also reveal interesting temporal patterns in the effectiveness of roof insula-
tion. The relative benefit of insulation remains consistent across different periods and RCP
scenarios, indicating that while absolute cooling demands increase with climate change, the
proportional benefit of this passive cooling strategy remains stable. This finding suggests
that roof insulation remains a valuable intervention, even under future climate conditions,
although its absolute impact may be insufficient to address increased cooling needs fully.

These findings underscore the need for developing comprehensive adaptation strate-
gies for social housing in southeastern Mexico that extend beyond single interventions,
such as roof insulation. While insulation provides some thermal performance improvement,
the significant increase in CDD values across all future scenarios indicates that more robust
passive cooling approaches and possibly supplementary active systems may be necessary
to adequately address the growing cooling demands in this region, particularly as climate
change accelerates.

3.2. Supervised Machine Learning Models

The development of machine learning models represents a fundamental shift from
traditional building simulation approaches, enabling the creation of a comprehensive
predictive framework that encapsulates the collective knowledge derived from extensive
energy simulations. Rather than relying on individual software-based analyses for spe-
cific scenarios, the ML approach enables the development of a global function that can
simultaneously predict thermal comfort indicators across diverse conditions. The primary
objective of this section is to establish predictive models derived from the complete dataset,
which encompasses all combinations of building typologies, geographical locations, climate
change scenarios (RCP pathways), and construction systems. Three supervised learning
algorithms were systematically evaluated to develop this unified predictive capability:
Regression Trees (RT), Support Vector Machines (SVM), and Artificial Neural Networks
(ANN). For the RT algorithm, optimal hyperparameters included a minimum leaf size of
13 for comfort temperature prediction and 1 for cooling degree day (CDD). For the SVM
algorithm, the optimal parameters for T, Were a Gaussian Kernel function with a Kernel
scale of 724.9, a box constraint of 939.8, and an epsilon value of 0.1137. For CDD, the optimal
Kernel function was Cubic, with a Kernel scale of 1, a box constraint of 0.23649, and an
epsilon value of 0.0369. The optimal ANN architecture for predicting comfort temperature
consisted of one hidden layer with 285 neurons, using a sigmoid activation function and
a regularization strength of 0.00065194. In contrast, the CDD prediction required a more
complex ANN structure with two hidden layers (64 neurons in the first layer and 2 neurons
in the second), also using a sigmoid activation function, but with a substantially lower
regularization strength of 1.97 x 10~7.

Figure 7 illustrates the comparative performance of these models through various
diagnostic plots for the comfort temperature results.
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Figure 7. Performance evaluation of supervised machine learning models for comfort temperature
prediction: (al-a4) Regression Trees, (b1-b4) Support Vector Machine, and (c1-c4) Artificial Neural
Network. The rows display (1) the correlation between predicted and actual values, (2) a time
series comparison between actual and predicted comfort temperatures, (3) regular residual plots,
and (4) histograms of error distributions. Overall, these plots collectively illustrate the superior
predictive accuracy and minimal residual error of the Regression Trees model compared to the SVM
and ANN alternatives.

The scatter plots in the top row (Figure 7(al-c1)) demonstrate the correlation between
predicted and actual comfort temperature values for each algorithm. All three models
show strong linear relationships, indicating high predictive accuracy, with data points
closely aligned along the diagonal line of perfect prediction. This visual assessment is
supported by the subsequent rows of diagnostic plots that provide deeper insights into
model performance.

The time series comparison plots Figure 7(a2—c2) display the predicted values along-
side actual comfort temperatures across the entire dataset. These plots reveal how well
each model captures the temporal variations in comfort temperature. While all models
track the actual values effectively, subtle differences in their predictive behavior can be
observed, particularly during rapid fluctuations in temperature.

The regular residual plots (Figure 7(a3—c3)) show the difference between predicted
and actual values, which helps identify any systematic prediction errors. The RT model
Figure 7(a3) exhibits notably compact residuals clustered tightly around zero with minimal
spread, indicating highly consistent predictions. The SVM model Figure 7(b3) and ANN
model Figure 7(c3) exhibit slightly wider residual distributions, though still within accept-
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able ranges (+0.10 °C), indicating good model fit but with marginally greater prediction
variability than RT.

The error distribution histograms (Figure 7(a4—c4)) further quantify the models’ pre-
diction accuracy. The RT model Figure 7(a4) exhibits a distinctive narrow bimodal error
distribution centered around zero, which is characteristic of tree-based algorithms and
reflects the model’s hierarchical decision-making structure. This bimodal pattern indicates
that the RT model has effectively identified and learned two primary predictive pathways
within the dataset, likely corresponding to distinct thermal performance regimes: one path-
way for scenarios with lower thermal stress, and another for scenarios with higher thermal
stress. The fact that both error peaks are tightly clustered within +0.02 °C demonstrates
that the model maintains a good accuracy across both pathways, confirming its ability
to capture the complex, nonlinear relationships between input parameters and thermal
comfort outcomes. In contrast, the SVM Figure 7(b4) and ANN Figure 7(c4) models display
more typical bell-shaped error distributions, suggesting normally distributed prediction
errors with a slightly broader spread than the RT model.

On the other hand, Figure 8 shows the comparative performance plots for the cooling
degree day results.
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Figure 8. Performance evaluation of supervised machine learning models for Cooling Degree Day
prediction: (al-a4) Regression Trees, (b1-b4) Support Vector Machine, and (c1-c4) Artificial Neural
Network. The rows display (1) the correlation between predicted and actual values, (2) a time series
comparison between actual and predicted CDD values, (3) regular residual plots, and (4) histograms of
the error distribution. Overall, these plots together demonstrate the superior predictive accuracy and
tighter residual distribution of the Regression Trees model compared to the SVM and ANN models.
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In the top scatter plots (Figure 8(al—c1)), the correlation between predicted and actual
values for each model is displayed. The Regression Trees model (column a) exhibits a
tighter correlation, with points clustered closer to the diagonal line of perfect prediction,
compared to the SVM (column b) and ANN (column c) models.

The time series plots (Figure 8(a2—c2)) illustrate how each model captures variations
in CDD across the dataset. All three models follow the general trend of the actual values,
but the RT model appears to have better point-by-point matching with actual values,
particularly at the extremes of the distribution.

In the regular residual plots (Figure 8(a3—c3)), a significant difference between the
models is evident. The residuals of the RT model Figure 8(a3) are more densely concentrated
around zero and exhibit less dispersion, whereas the SVM model Figure 8(b3) presents a
much wider distribution of residuals, indicating greater variability in its predictions. The
ANN model Figure 8(c3) exhibits intermediate behavior, with more controlled residuals
than the SVM but less precision than the RT.

The error distribution histograms (Figure 8(a4—c4)) confirm these observations. The
RT model Figure 8(a4) presents a narrow distribution concentrated around zero, indicating
high precision. The SVM model Figure 8(b4) exhibits a wider and flatter distribution,
whereas the ANN Figure 8(c4) has a relatively narrow but less concentrated distribution
compared to the RT.

This visual assessment suggests that the Regression Trees model provides more accu-
rate and consistent predictions for CDD values, making it the preferred option for appli-
cations requiring reliable estimates of cooling demand in social housing under different
climate scenarios.

Finally, Table 4 presents the statistical values of each previously presented metric.

Table 4. Results of the statistical metrics of the three supervised machine learning algorithms.

. Statistical Metrics
Output Variable ML Model RMSE (°C) MAE (°C) Scl (%) R?

Regression Trees 0.0095 0.0075 0.036 0.9999

Comfort temperature Support Vector Machine 0.0302 0.0253 0.115 0.9991
Artificial Neural Networks 0.0183 0.0144 0.070 0.9997

Regression Trees 0.2613 0.1783 591 0.9845

Cooling Degree Day Support Vector Machine 0.9211 0.7261 20.7 0.8074
Artificial Neural Networks 0.2767 0.1885 6.26 0.9826

As reported in Table 4, the results demonstrate the superior performance of the
Regression Trees model for both output variables.

For comfort temperature prediction, the Regression Trees algorithm achieved excep-
tional accuracy with the lowest RMSE (0.0095 °C) and MAE (0.0075 °C) values among
all models. Its Scatter Index of just 0.036% and an R? value of 0.9999 further confirm its
outstanding predictive capability. While the Artificial Neural Networks model also per-
formed very well with an RMSE of 0.0183 °C and R? of 0.9997, it did not match the precision
of the Regression Trees model. The Support Vector Machine showed the least favorable
performance for this variable, with an RMSE of 0.0302 °C and higher error metrics across
all categories.

The performance differences between algorithms are even more pronounced for Cool-
ing Degree Day predictions. The Regression Trees model again demonstrated superior
performance with an RMSE of 0.2613 °C and an R? value of 0.9845. The Artificial Neural
Networks model followed closely with similar metrics (RMSE of 0.2767 °C and R? of 0.9826).
However, the Support Vector Machine model showed significantly poorer performance
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for CDD prediction, with an RMSE of 0.9211 °C and a considerably lower R? value of
0.8074. The high Scatter Index of 20.7% for the SVM model indicates substantial relative
dispersion in its predictions, making it less reliable for practical applications in thermal
comfort assessment.

The superior performance of Regression Trees over Support Vector Machines and
Artificial Neural Networks can be attributed to the specific characteristics of our dataset
and modeling framework. RT algorithms naturally capture threshold effects and discrete
decision boundaries that characterize thermal comfort phenomena, where specific climatic
conditions trigger distinct comfort responses. The dataset structure, combining categorical
variables with continuous climatic parameters, particularly favors the recursive partitioning
mechanism of RT. While all three algorithms are well-established methods for thermal
prediction, the encoded categorical variables (typologies: 1-2, cities: 14, scenarios: 1-7)
create natural splitting points that RT exploits more efficiently through its tree-based
structure. SVM and ANN, designed primarily for continuous feature spaces, achieved
good performance but were less effective in leveraging these categorical distinctions within
our specific dataset configuration. Additionally, RT models demonstrated greater stability
during hyperparameter optimization and produced more consistent predictions across the
diverse climate scenarios and building configurations analyzed.

These results align with the visual assessment provided in Figures 7 and 8, confirming
that the Regression Trees algorithm provides the most accurate and reliable predictions
for both comfort temperature and cooling degree day values. The superior performance
of tree-based models in this application can be attributed to their ability to effectively
capture nonlinear relationships between variables and their robustness when handling
normalized data. Particularly, the categorical variables that were encoded numerically
(such as typologies coded as 1-2, cities as 1-4, and climate scenarios as 1-7) resulted in
similar value ranges after normalization, which facilitated the training process for the
models, especially for the Regression Trees algorithm that inherently works well with
discretized data.

Based on these comprehensive evaluation results, the Regression Trees model was
selected for subsequent analyses, including the global sensitivity analysis, to determine
the relative influence of different input parameters on thermal comfort outcomes in social
housing units across southeastern Mexico.

3.3. Global Sensitivity Analysis Using the PAWN Method

The established Regression Trees model offers an opportunity to explore the com-
prehensive knowledge gained from extensive simulations and systematically identify the
variables that most significantly impact thermal comfort indicators. This machine learning-
based approach enables efficient sensitivity analysis across the entire parameter space,
allowing for quantification of the relative importance of location, building characteristics,
climate scenarios, and environmental factors. The PAWN method was employed to analyze
this predictive framework and determine the contribution of each input variable to the
model outputs. The results of the GSA performed using the PAWN method are presented
below. Figure 9 reports the sensitivity index obtained for the model outputs and their
corresponding inputs.

The sensitivity analysis reveals significant differences in how input variables influence
each output parameter. For both cooling degree days (CDD) and comfort temperature
(Teome), ambient temperature emerges as the dominant factor, accounting for 45.3% and
49.5% of the sensitivity index, respectively. This substantial influence aligns with expec-
tations since ambient temperature directly affects the building’s thermal behavior and
occupant comfort.
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Figure 9. Sensitivity analysis results obtained with the PAWN method using the Regression Tree algorithm.

Solar radiation represents the second most influential parameter, contributing 22.1%
to CDD and 17.2% to Teom¢. The stronger effect on CDD can be attributed to solar radia-
tion’s direct impact on cooling loads, as increased solar gains translate to higher cooling
demands. For comfort temperature, while still significant, the influence of solar radia-
tion is moderated by the building’s thermal mass and other factors that buffer immediate
temperature changes.

Relative humidity shows a consistent influence across both output variables (10.2% for
CDD and 12.4% for Tcom¢), highlighting its importance in thermal comfort perception. The
slightly higher impact on Ty reflects the direct role of humidity in physiological comfort
mechanisms, as it affects the evaporative cooling potential of human skin.

City and climate change parameters contribute moderately to both outputs, with
sensitivity indices ranging from 5.9% to 8.7%. These parameters encompass broader
climatic conditions that influence the building’s thermal response over extended periods.
The city parameter captures location-specific climate characteristics, while the climate
change scenario reflects projected future conditions.

Building-related parameters, such as roof construction system and typology, demon-
strated relatively lower sensitivity indices (0.6% to 3.8%). It suggests that while architectural
decisions remain important for sustainable building design, their impact is overshadowed
by climate variables in this analysis. The roof construction system shows a slightly higher
influence (3.8% for CDD and 2.9% for T.yn¢) compared to the typology, indicating that
the roof’s thermal properties play a more significant role in the thermal behavior of the
analyzed building models.

Wind velocity has a limited influence on both output variables (2.1% for CDD and
3.2% for T.om¢), indicating that, in the studied context, natural ventilation effects have a
lesser impact on thermal conditions compared to other environmental factors.

The dominance of ambient temperature (45-49%) over solar radiation (17-22%) in
the sensitivity analysis warrants clarification, as solar radiation is typically considered the
primary heat source in tropical climates. This ranking reflects the comprehensive nature of
ambient temperature in the adaptive comfort model, which captures the cumulative effect of
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multiple interacting factors, including absorbed solar radiation by surfaces, convective heat
exchange, urban heat island effects, and atmospheric conditions. Since comfort temperature
is calculated directly from outdoor operating temperature, ambient temperature inherently
incorporates the thermal consequences of solar radiation, along with other climatic factors,
making it a more comprehensive predictor of thermal comfort outcomes. Solar radiation’s
independent contribution (17-22%) represents its direct influence beyond what is already
captured through ambient temperature. The relatively low sensitivity to wind velocity
(2.1-3.2%) reflects the free-running, naturally ventilated conditions modeled in this study,
where wind effects on indoor comfort are limited compared to mechanically conditioned
or mixed-mode buildings, where ventilation strategies would play a more significant role.

These findings are consistent with previous research in the field. A similar sensi-
tivity hierarchy was observed by Cetina-Quifiones et al. (2023) [31] in their analysis of
adaptive thermal comfort for social housing in the Dominican Republic, where outdoor
temperature and radiant temperature demonstrated the highest influence on comfort pre-
dictions, followed by humidity-related parameters, while building-specific factors showed
comparatively lower sensitivity indices. This consistency across different geographic con-
texts reinforces the importance of prioritizing climate-responsive strategies in sustainable
building design.

The dominance of ambient temperature and solar radiation highlights the critical im-
portance of implementing appropriate shading strategies, selecting materials with suitable
thermal properties, and considering orientation to minimize solar gains. While designers
have limited control over environmental parameters, understanding their relative influence
allows for more effective prioritization of passive design strategies to enhance comfort and
reduce cooling energy requirements.

The moderate influence of city and climate change scenario parameters underscores
the importance of location-specific design approaches and future-proofing buildings against
projected climate changes. Although building typology and roof construction show lower
sensitivity indices, they represent actionable design variables that can be optimized, espe-
cially when considered collectively with other architectural strategies.

4. Conclusions

This study assessed the thermal performance of social housing in southeastern Mexico
by integrating energy simulation, supervised machine learning, and global sensitivity
analysis under current and future climate scenarios. Two housing typologies were modeled
across four cities under RCP 2.6, 4.5, and 8.5 scenarios for 2050 and 2100, generating a
comprehensive dataset for machine learning analysis. The Regression Trees algorithm
demonstrated superior predictive accuracy, with R? values exceeding 0.98 for both comfort
temperature (RMSE = 0.0095 °C) and cooling degree days (RMSE = 0.2613 °C), signif-
icantly outperforming Support Vector Machines and Artificial Neural Networks. This
computational framework enables the rapid assessment of thermal performance across
multiple climate scenarios, eliminating the need for individual building simulations for
each configuration.

Global sensitivity analysis using the PAWN method revealed that ambient temperature
emerges as the most influential variable, accounting for 45-49% of total sensitivity, followed
by solar radiation (17-22%) and relative humidity (10-12%), while building-specific param-
eters, including typology and roof construction, showed modest impacts ranging from 0.6
to 3.8%. These findings suggest that climatic variables overwhelmingly determine ther-
mal performance in tropical social housing contexts, indicating that adaptation strategies
should prioritize climate-responsive design over incremental modifications to the building
envelope alone. Geographic variations were pronounced, with Mérida and Campeche
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consistently exhibiting higher cooling demands than Canctin and Tuxtla Gutiérrez across
all scenarios analyzed.

Future climate projections indicate substantial increases in cooling requirements by
2100, with CDD values expected to increase by approximately 40-50% under the RCP
8.5 scenario compared to current conditions. This increase is particularly pronounced
in Tuxtla Gutiérrez, which experiences the greatest proportional growth despite lower
absolute CDD values, reflecting its inland valley location and heightened sensitivity to
climate change compared to maritime-moderated coastal cities. The implementation of 8§ cm
EPS roof insulation provided consistent but modest thermal performance improvements,
with CDD reductions typically ranging from 0.1 to 0.3 units, suggesting that passive cooling
strategies alone are insufficient to counteract the projected increases in cooling demands
under severe climate change scenarios.

This research presents a replicable computational framework for assessing thermal
comfort in social housing under climate change, providing evidence-based insights for
climate-adaptive building strategies in tropical regions. The methodology’s scalability and
the integration of systematic RCP scenarios with machine learning represent significant
advances for future-oriented building design in vulnerable regions.
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CDD Cooling Degree Day
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