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Abstract

Bio-based phase change materials (PCMs) can increase transient heat storage in lightweight
building envelopes, but their performance depends on the climate, transition properties,
layer design, and assumptions used to translate thermal loads into carbon and cost indica-
tors. Although PCM optimization, machine learning surrogates, and lifecycle assessment
have each been studied extensively, comparatively few studies combine them while explic-
itly separating simulation-derived thermal outputs from scenario-dependent environmental
and economic post-processing and benchmarking bio-based candidates against paraffin on
a common wall area basis. This study develops a simulation-based screening framework
for a south-facing office wall model using 18,000 EnergyPlus cases, climate-specific machine
learning surrogates, TreeSHAP interpretation, NSGA-II optimization, and scenario-based
lifecycle carbon and cost accounting. XGBoost achieved pooled held-out R2 values of 0.974
for occupied discomfort degree-hours and 0.978 for total annual thermal demand. For
Palermo, the directly re-simulated balanced configuration (Tm = 24.8 ◦C, Lh = 178 kJ/kg,
22 mm thickness, intermediate position) reduced occupant discomfort by 42.6% and the
modeled single-zone total thermal demand by 6.0%. Under the central all-electric scenario
(SCOP = SEER = 3.0, grid factor = 0.233 kg CO2eq/kWh, 25 years), scenario-based net
lifecycle carbon was −22.1 kg CO2eq/m2 for the analyzed south wall with an 8.0-year envi-
ronmental payback, compared with −7.4 kg CO2eq/m2 and 19.2 years for RT28 paraffin.
Energy savings did not recover the additional investment; the incremental lifecycle cost was
+24.1 EUR/m2. The theoretical contribution is a transparent, climate-dependent screening
logic that couples surrogate interpretation with explicit evidence boundaries; the applied
outcome is a palmitic–capric target-property region prioritized for laboratory validation
rather than a deployment-ready product. Only directly re-simulated configurations are
used for quantitative applied thermal claims; surrogate-only Pareto points are retained as
exploratory screening candidates and are not interpreted as validated optima. The numeri-
cal results are specific to the modeled south-wall, single-zone boundary; whole-building
and cross-regional application requires local recalibration and direct validation. By linking
passive comfort, carbon accounting, material innovation, and responsible pre-experimental
selection, the workflow is relevant to the decarbonization objectives represented by SDGs
7, 9, 11, 12, and 13.
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1. Introduction
1.1. Building Envelopes, Thermal Mass, and Phase Change Materials

Buildings account for a substantial share of final energy use and energy-related emis-
sions in Europe [1], while space heating and cooling remain the dominant operational end
uses [2,3]. Improving envelope performance, particularly in lightweight and retrofitted
buildings, is therefore central to the objectives of the recast Energy Performance of Buildings
Directive [4].

Conventional insulation limits steady-state conductive heat flux but cannot atten-
uate indoor temperature oscillations in climates with large diurnal swings or intense
solar irradiance. Thermal mass (dense concrete or brick) provides sensible heat storage
that damps these oscillations [5]; however, adding sufficient mass to lightweight or re-
furbished constructions is often structurally impractical. Phase change materials (PCMs)
offer a thermodynamically compact alternative: during melting, a PCM with latent heat
Lh = 180 kJ/kg stores 180 kJ per kilogram, one to two orders of magnitude more than the
sensible heat of an equivalent mass of brick or concrete over a comparable temperature
interval [6–9]. Incorporated into a building envelope, a PCM layer absorbs heat gains dur-
ing the day—remaining near its melting temperature Tm and limiting indoor temperature
increases—then releases the stored heat during cooler nights, regenerating its capacity
for the following cycle [10,11]. Insulation reduces the steady-state heat flux; the PCM
reduces peak transient loads and improves free-running comfort. The two strategies are
complementary [12,13].

Bio-based PCMs derived from fatty acids and their eutectics are a renewable-origin
alternative to petroleum-derived paraffins [14]. Binary mixtures based on capric, lauric,
palmitic, and stearic acids can be formulated within the temperature range relevant to
indoor thermal comfort [15,16]. The recent evidence base includes state-of-the-art PCM
envelope reviews [17], analyses of fatty acid limitations and development needs [18], ad-
vanced fatty-acid composite formulations [19], bio-derived composite and fiber insulation
integrations [20,21], and comparative bio-based/paraffin envelope studies [22,23]. Collec-
tively, these studies show that renewable origin alone does not guarantee superior building
performance: conductivity, leakage control, support or encapsulation, cycling stability, hys-
teresis, and climate-specific activation remain formulation-dependent constraints [17–19].

The thermal performance of a PCM-enhanced envelope is a non-separable function of
multiple interacting design variables. Melting temperature governs whether the material
repeatedly enters and leaves the phase transition interval; a Tm that is too low or too
high relative to the operating temperature range can leave the layer predominantly liquid
or solid and reduce latent storage utilization. Latent heat governs storage capacity, but
additional capacity is useful only when the layer can charge and regenerate within the
daily thermal cycle. Thermal conductivity controls the rate of heat transfer into and out of
the layer; thickness and the effective PCM content factor φ govern latent storage capacity
and material demand, and wall position determines which thermal boundary the PCM
interacts with most directly [24,25]. These interactions are non-linear, climate-dependent,
and non-convex, motivating surrogate-assisted exploration of the sampled design space
rather than exhaustive simulation of every candidate combination.

1.2. Artificial Intelligence and Multi-Objective Optimization for PCM Selection

Machine learning is increasingly used as a surrogate for computationally expensive
building performance simulations [26,27]. Comparative studies show that ensemble tree
methods can provide accurate and computationally efficient predictions of building loads,
while Gaussian process and neural network models can also perform well when sampling
is carefully designed [28–31]. Recent reviews of surrogate-assisted sustainable building
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optimization underline both the computational benefits and the need for stronger report-
ing of validation, model selection, and reproducibility practices [32–34]. Explainable AI
techniques, particularly SHAP (SHapley Additive exPlanations), can extend surrogate
modeling beyond prediction by revealing fitted non-linear thresholds and interactions [35].
In this study, such patterns are interpreted as properties of the trained numerical surrogate,
not as direct evidence of physical causality.

Evolutionary multi-objective algorithms, including NSGA-II, are widely used for
non-convex building design problems because they do not require differentiable objective
functions [36]. Previous PCM studies have explored climate-dependent trade-offs between
thermal performance and cost [37], and recent frameworks have combined surrogate mod-
els with multi-objective envelope optimization or energy–economic–environmental assess-
ment [38–40]. Cross-climate studies of bio-based and conventional PCMs further underline
the importance of evaluating operational and embodied impacts together [41–43]. The
methodological gap is therefore narrower than a simple checklist suggests: the distinctive
contribution of the present study is the coupling of bio-based PCM screening, free-running
comfort, conditioned thermal demand, surrogate explainability, multi-objective optimiza-
tion, and explicitly separated carbon/cost post-processing on a common south-wall func-
tional unit. Table 1 provides an analytical map of selected contributions, while Section 5
extends the comparison to the recent PCM envelope and surrogate optimization literature.

Table 1. Analytical positioning of the present study relative to selected literature contributions).
The comparison identifies methodological scope and remaining gaps rather than using a binary
novelty checklist.

Study Methodological Scope What the Study Establishes Gap Relative to the Present
Screening Question

Ali et al. [30] Machine learning surrogate
for building energy simulation

Shows that data-driven
surrogates can reproduce

expensive building
performance simulations with

high efficiency

Not PCM-specific; no
combined comfort, lifecycle

carbon, LCC, or Pareto
material screening

Mehrotra and Yi [31]

Adaptive sampling and
machine learning emulators

for architectural energy
modeling

Demonstrates the importance
of sampling strategy and

emulator selection for
simulation replacement

Architectural-massing focus;
no PCM formulation, lifecycle
accounting, or multi-objective

material selection

Soares et al. [37]
Multi-dimensional

optimization of PCM drywalls
across climates

Establishes climate-dependent
PCM design and

thermal/economic trade-offs

No bio-based/paraffin
common boundary

comparison, surrogate XAI, or
explicit lifecycle carbon

accounting

Yang et al. [38]

Surrogate-assisted
multi-objective

PCM-enhanced building
optimization

Demonstrates ML-assisted
evolutionary optimization for

PCM design

No bio-based formulation
focus and no explicit

separation of simulation
outputs from scenario-based

lifecycle assumptions

Idouanaou et al. [41]

Cross-climate evaluation of
bio-based PCMs with

operational and embodied
carbon

Provides recent bio-based and
lifecycle carbon evidence
across multiple climates

No surrogate explainability,
LCC, or Pareto screening of
continuous PCM property

targets

Present study

Bio-based PCM property
space screening with

EnergyPlus v24.1.0, XGBoost
3.4.1/TreeSHAP, NSGA-II,

and scenario-based
carbon/LCC

Integrates thermal screening,
explainability, common wall
area carbon/cost accounting,

and explicit evidence
boundaries

Screening-level
manufacturability,

three-climate scope,
incomplete lifecycle boundary,

and limited direct frontier
validation
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1.3. Research Gap, Questions, and Contributions

The scientific and applied problem addressed here is not the absence of PCM opti-
mization studies, but the difficulty of translating a mathematically attractive optimum into
a physically plausible and decision-relevant bio-based PCM target. Four gaps motivate the
workflow. First, simulation-derived comfort and thermal loads are often combined with
carbon and cost assumptions without a sufficiently visible boundary between numerical
physics and scenario-dependent conversion. Second, bio-based candidates and paraffin
benchmarks are not always compared on the same functional unit and accounting basis.
Third, climate-dependent non-linear interactions between transition temperature, latent
storage, layer geometry, and position require an efficient screening method but also care-
ful interpretation of surrogate explanations. Fourth, accuracy on a random held-out test
set does not by itself establish reliability at the Pareto boundary, where decision-critical
solutions can lie. This study is structured around three research questions:

RQ1. Which PCM design variables most strongly influence free-running ther-
mal discomfort and annual thermal demand across Mediterranean and continental
Italian climates?

RQ2. Can machine learning surrogate models reproduce the EnergyPlus input–output
mapping with sufficient held-out accuracy to support multi-objective screening?

RQ3. Which configurations provide the most defensible trade-offs between comfort,
lifecycle carbon, and lifecycle cost under explicitly stated conversion and market assumptions?

This study therefore contributes: (i) an 18,000-case EnergyPlus parametric campaign
covering six design variables and three Italian climates; (ii) comparison of five surrogate
algorithms with held-out evaluation; (iii) TreeSHAP interpretation explicitly bounded to
the fitted surrogate; (iv) NSGA-II screening of comfort, lifecycle carbon, and incremental
lifecycle cost; (v) direct EnergyPlus verification of the balanced Palermo configuration;
and (vi) bounded and threshold-based scenario checks that expose the dependence of
environmental and economic conclusions on energy system, material, and integration
assumptions. Scientifically, the objective is to identify activation and trade-off patterns
without presenting a numerical optimum as a guaranteed manufacturable formulation.
Practically, the objective is to narrow the experimental search toward candidate property
regions that can subsequently be formulated, characterized, and validated.

2. Materials and Methods
Research program. Figure 1 summarizes the complete numerical workflow and the

evidence hierarchy used in this study. Candidate material descriptors, layer variables,
climate, and reference wall conditions define the design space; Latin hypercube sampling
then supplies the EnergyPlus v24.1.0 campaign. Free-running simulations provide occupied
discomfort, whereas conditioned simulations provide heating and cooling loads. Climate-
specific surrogates emulate the thermal response for candidate screening and are interpreted
with TreeSHAP. During NSGA-II evaluation, thermal surrogate outputs are combined with
the explicit analytical carbon and cost equations and scenario coefficients in Section 2.3;
lifecycle indicators are therefore not learned outputs of EnergyPlus v24.1.0. Figure 1 also
shows the modeled south-wall assembly, the three candidate PCM positions, and the
palmitic–capric P4/S4 property target proposed for experimental follow-up. These are
technical schematics of the numerical model and target formulation, not photographs of
a physical specimen. The workflow deliberately separates direct simulation, surrogate
prediction, and scenario-based post-processing so that the evidentiary status of every claim
remains visible.
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Figure 1. Research program, modeled south-wall assembly, palmitic–capric experimental target,
and evidence hierarchy for surrogate-assisted PCM screening. Panel (a) is a technical schematic of
the simulated wall and candidate PCM positions; panel (b) is a conceptual representation of the
P4/S4 target property region and the evidence use rule. Neither panel represents a photographed
experimental specimen. Direct EnergyPlus outputs, surrogate screening predictions, and analytical
lifecycle results are distinguished throughout the manuscript.

2.1. Simulated Materials, Phase Change Representation, and Reference Building

This is a numerical screening study and did not use physical specimens, laboratory
samples, or an experimentally monitored building. The “materials” are numerical descrip-
tions of three literature-reported fatty-acid eutectic families and the commercial paraffin
RT28, represented in EnergyPlus v24.1.0 (Table 2). The continuous design space is therefore
interpreted as a target-property space for pre-experimental screening, not as evidence that
every independently sampled combination of Tm, Lh, ks, thickness, and effective PCM
content can be manufactured. Representative numerical candidates are related to the closest
plausible material family only to define experimental follow-up targets; manufacturability
is never inferred from proximity in the property space. Because no physical specimen or
case study building was tested, a photographic image would imply experimental evidence
that does not exist. Figure 1 therefore provides explicit technical schematics of the simulated
envelope and the palmitic–capric target region while preserving the numerical nature of
the study.

Table 2. Nominal thermophysical properties of bio-based PCM candidates and paraffin benchmark
[6,7,15,16,20,21,44–46].

Property FA-1 (Capric–Lauric) FA-2 (Palmitic–Capric) FA-3 (Stearic–Palmitic) RT28 (Paraffin)

Melting onset Tm (◦C) 18.9 23.6 26.7 28.0
Latent heat Lh (kJ/kg) 143 171 183 244
Solid conductivity ks

(W/mK) 0.151 0.162 0.174 0.190

Hysteresis ∆Th (◦C) 0.6 0.7 0.9 0.9
Cyclic degradation D_c

(%/1000 cycles) 2.1 1.7 1.4 0.8

Origin Coconut/palm kernel
oil Palm/coconut oil Animal/palm tallow Petroleum refining
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PCM heat storage was represented with the EnergyPlus v24.1.0 ConductionFinite-
Difference heat balance algorithm and a piecewise linear enthalpy–temperature relation.
The enthalpy curve was discretized at 0.2 ◦C, the finite-difference spatial discretization
was 3 mm, and the zone timestep was 600 s [47]. The transition interval was represented
symmetrically about the sampled melting temperature. Detailed supercooling, separate
melting/freezing branches, and rate-dependent hysteresis were not resolved. This sim-
plification is important because recent EnergyPlus v24.1.0 and annual building studies
show that hysteresis representation can affect partial transition and annual PCM predic-
tions [48,49]. The reported hysteresis values in Table 2 are therefore screening descriptors
rather than fully resolved constitutive parameters and require experimental calibration.

Numerical resolution and validation context. The same 0.2 ◦C enthalpy discretiza-
tion, nominal 3 mm spatial discretization, and 600 s zone timestep were used across all
18,000 cases to preserve within-campaign comparability. The 600 s timestep corresponds
to six timesteps per hour, a temporal resolution also used in recent annual EnergyPlus
v24.1.0 PCM studies [48]; this similarity is cited only as methodological context and is
not evidence of convergence for the present model. At the solver level, the EnergyPlus
PCM/ConductionFiniteDifference formulation has undergone analytical verification, com-
parative testing, and empirical validation for opaque wall assemblies [50], while subsequent
work has shown that hysteresis treatment can materially affect partial transition predic-
tions [49]. These publications support the solver lineage but do not validate the present
wall discretization. With a nominal 3 mm spatial step, the sampled 5–40 mm PCM layer
range is represented by approximately 2–13 intervals, making the thinnest cases particu-
larly sensitive to discretization choice. Because a case-specific grid/timestep independence
study was not preserved for this campaign, absolute performance values are interpreted as
screening-level predictions; convergence testing remains necessary before product-level or
code compliance claims.

For numerical implementation, the liquid-fraction function F(T) increases linearly
from 0 to 1 across the prescribed transition interval, and PCM enthalpy is expressed
as H(T) = Hsens(T) + LhF(T). The sampled factor φ is a homogenized effective PCM-
content factor used to scale latent storage capacity and PCM areal mass; it is not a resolved
microstructural volume fraction of a specified carrier. When φ < 1, the remaining fraction
(1 − φ) represents an unspecified support/encapsulation phase of the type commonly
required in PCM composites [51]. Because consistent carrier-specific density, heat capacity,
and conductivity data were unavailable for all candidate families, no constituent-level
mixing rule is claimed. Instead, ks is sampled directly as the effective conductivity of the
PCM-containing layer, while φ scales only the latent-storage term and PCM mass used in
lifecycle post-processing. This reduced-order definition is appropriate for property space
screening but must be replaced by measured composite properties before experimental or
product-level validation.

The reference model is a single-zone office measuring 8 m × 10 m × 3 m (80 m2

floor area). The analyzed south-facing facade contains a 24 m2 test wall area and a 40%
window-to-wall ratio. The retained model specification reports, from outside to inside,
15 mm exterior render (k = 0.87 W/mK), 250 mm hollow clay brick (k = 0.33 W/mK),
100 mm expanded-polystyrene insulation (k = 0.036 W/mK), and 15 mm interior plaster
(k = 0.80 W/mK), giving the reported overall U-value of 0.29 W/m2K. When the PCM
is introduced, the EPS thickness is adjusted to preserve the reference thermal resistance,
thereby isolating latent storage effects from changes in steady-state U-value. Three PCM
positions are considered: inner (C1), intermediate (C2), and outer (C3). The other vertical
facades are adiabatic. Consequently, the model is designed for comparative south-wall
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screening within a controlled single-zone boundary and must not be interpreted as a
whole-building energy model.

The reference geometry, envelope data, schedules, boundary conditions, and climate
source used in the numerical model are described in Sections 2.1 and 2.2 and summarized
in Tables 2–4.

Table 3. Climatic characterization of the three study locations. EPW files are from the IGDG dataset
(EnergyPlus repository).

Parameter Palermo Rome Milan

Climate Zone (ASHRAE) 3A 3B 5A
Köppen Csa Csa Cfa

Mean annual temp. (◦C) 18.5 15.7 13.0
HDD18 (◦C·day) 601 1084 2404
CDD10 (◦C·day) 1842 1287 512

Mean July temp. (◦C) 27.8 25.6 23.4

Table 4. Design variables and sampling ranges (uniform distributions).

Variable Symbol Range Unit

Melting
temperature Tm 18–32 ◦C

Latent heat Lh 100–250 kJ/kg
Solid thermal
conductivity ks 0.14–0.60 W/mK

Layer thickness t 5–40 Mm
Effective PCM
content factor φ 0.20–0.80 –

Wall position pos {C1, C2, C3} –

Occupancy follows an office schedule of 09:00–18:00 on weekdays, consistent with EN
ISO 17772-1 [52]. The retained reference model specification reports an occupant density
of 0.07 persons/m2 and combined equipment-plus-lighting internal gains of 14 W/m2

during occupied hours. Two complementary annual simulations are performed for every
design: (a) a free-running simulation, with HVAC disabled, to quantify passive thermal
buffering through occupied discomfort degree-hours; and (b) a conditioned simulation
using EnergyPlus Ideal Loads Air System control, with occupied setpoints of 20 ◦C for
heating and 26 ◦C for cooling, to calculate ideal heating and cooling loads. The space is free-
floating outside occupied hours. This separation prevents active conditioning from masking
the passive comfort effect while retaining a consistent estimate of energy demand changes.

2.2. Simulation Software, Parametric Design, and Performance Indicators

EnergyPlus v24.1.0 was used as the dynamic simulation engine [53]. For each cli-
mate, 6000 combinations were generated by Latin hypercube sampling implemented with
SALib [54], with 2000 cases assigned to each wall position for 18,000 annual simulations.
The material families in Table 2 were selected to span fatty-acid transition temperatures
relevant to occupied-building conditions and to provide a paraffin benchmark; Table 4 then
broadens these properties into a screening space to test sensitivity and interaction effects.
Climate-specific surrogate models were trained separately so that fitted response surfaces
were not pooled across thermally distinct locations. XGBoost 3.4.1 was selected for the
final surrogate layer, TreeSHAP for interpretation, and pymoo for NSGA-II optimization.
Software roles and reproducibility details are analyzed in Section 3.
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Physical feasibility interpretation of the sampling space. The ranges in Table 4 in-
tentionally exceed the nominal properties of the four benchmark materials because the
optimization is used to identify desirable property regions, including values potentially
achievable through eutectic reformulation, conductive fillers, form stabilization, or com-
posite design [18,19]. The variables are sampled independently as a numerical design
assumption; real fatty-acid formulations exhibit correlated thermophysical properties.
Therefore, Pareto solutions are not automatically treated as manufacturable materials. A
post-optimization feasibility gate is required: transition temperature, latent heat, conduc-
tivity, PCM content, encapsulation method, cycling stability, leakage resistance, and fire
performance must all be jointly verified before a numerical solution is promoted to an
experimental prototype.

Occupied discomfort degree-hours were calculated from the free-running opera-
tive temperature as DH = Σocc{max[Top(t) − 26, 0] + max[20 − Top(t), 0]}∆t, where
the summation includes occupied timesteps only, and ∆t is expressed in hours [55,56].
The conditioned model supplied annual heating load Qh, cooling load Qc, total ther-
mal demand Qtot = Qh + Qc, and peak loads. Equivalent full cycles were calculated as
Nfull = Elat,abs/(2 mPCM Lh), where Elat,abs is the annual absolute latent energy ex-
changed; the active fraction was defined as the fraction of occupied timesteps during which
the layer-average PCM temperature lay within the prescribed transition interval. Annual
latent energy exchanged was obtained by integrating the absolute latent heat flow over the
annual simulation. Candidate benchmarks were S0 (no PCM), S1 (RT28, 25 mm, inner),
S2 (nominal FA-2, 25 mm, inner), S3 (FA-2 with optimized transition properties, 25 mm,
inner), and S4 (direct EnergyPlus simulation of the balanced Palermo design: Tm = 24.8 ◦C,
Lh = 178 kJ/kg, 22 mm, intermediate position).

The indicator definitions above formalize the post-processing logic used in the
manuscript and ensure consistent calculations of comfort, energy demand, activation,
and cycling indicators across the simulation campaign.

2.3. Lifecycle Carbon Accounting and Lifecycle Cost

The functional unit is 1 m2 of the analyzed south-facing wall over a 25-year refer-
ence period, following lifecycle assessment principles [57–59]. The comparative carbon
boundary includes cradle-to-gate production of the PCM mass incorporated in the test
wall and avoided operational electricity emissions relative to S0. Encapsulation/packaging,
transport, installation, maintenance, demolition, and end-of-life processes are excluded
because consistent candidate-specific inventories were unavailable. Their omission can
bias the apparent environmental advantage of any PCM and is therefore treated explic-
itly as a boundary limitation rather than assumed to be negligible. The assessment is
described as scenario-based lifecycle carbon accounting, not as a complete multi-indicator
or product-level LCA. In addition to the central calculation, an algebraic omitted-process
burden GWP_omitted is used only as a threshold stress test, such that GWP_net,extended
= GWP_net + GWP_omitted. The bounded stress-test range of 0–30 kg CO2eq/m2 is not an
inventory estimate or probability distribution; it identifies how much unmodeled embodied
burden would be required to reverse the sign of a reported net carbon benefit.

Annual equivalent electricity savings are calculated separately for heating and
cooling as ∆Eel = ∆Qheat/SCOP + ∆Qcool/SEER. Net GWP is then calculated as
GWPnet = GWPPCM,production − ∆Eel × EFgrid × N, where ∆Qheat and ∆Qcool are
annual ideal-load reductions per square meter, SCOP and SEER are the seasonal heating
and cooling efficiency factors, EFgrid is the electricity carbon factor, and N is service life.

The central scenario uses SCOP = 3.0 and SEER = 3.0, EF_grid = 0.233 kg CO2eq/kWh,
and N = 25 years [60]. Direct EnergyPlus benchmark calculations retain Q_h and Q_c
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separately and convert them through SCOP and SEER before applying the grid factor or
tariff. The optimization layer, however, uses a surrogate for Q_tot = Q_h + Q_c. Accordingly,
Q_tot is sufficient for the bounded optimization scenarios reported here only because SCOP
and SEER are assigned equal values in every low-, central-, and high-benefit combination.
The surrogate Pareto set does not support independent variation of SCOP and SEER; such
an analysis would require separate climate-specific surrogate models for Q_h and Q_c.
No claim is therefore made about Pareto rankings under asymmetric heating and cooling
conversion efficiencies.

The incremental lifecycle cost is calculated as LCCinc = C0 − Σt[(∆Eel × celectric-
ity)/(1 + r)ˆt]. The initial cost is decomposed as C0 = ρPCM tφ cPCM + Cint(pos), where
cPCM is the PCM unit price, and Cint is an author-defined screening allowance for encap-
sulation, handling, and installation. Central allowances of 7.5 EUR/m2 for inner placement
(C1), 20.0 EUR/m2 for intermediate placement (C2), and 25.0 EUR/m2 for outer place-
ment (C3) encode relative integration complexity rather than market quotations. Because
this assumption can represent a large share of initial costs, the bounded Cint range is
expanded to 0–60 EUR/m2 as a stress test, and critical break-even values are reported in
the Results. The range is not presented as a market distribution. The central electricity
tariff is 0.28 EUR/kWh, and the real discount rate is 3% [61]. A positive LCCinc indicates
that the additional investment is not recovered by discounted energy savings during the
reference period.

2.4. Machine Learning Surrogates and Multi-Objective Optimization

Five algorithms were compared for the two simulation-derived targets used in op-
timization: multiple linear regression (MLR), random forest (RF), Gaussian process re-
gression (GPR), multi-layer perceptron (MLP), and XGBoost. Within each climate, cases
were stratified by wall position and divided into training, validation, and held-out test sets
(70/15/15); one climate-specific model was then trained with wall position as a categorical
predictor. Available workflow records document five-fold cross-validation on the training
partition. Continuous inputs were standardized to zero mean and unit variance for GPR
and MLP, whereas RF and XGBoost were trained without feature scaling. Grid search
cross-validation was used for MLR and GPR; Bayesian optimization with Optuna was used
for RF, XGBoost, and MLP. The documented RF search space comprised 100–500 trees, a
maximum depth of 5–20, and a minimum sample of 1–10 per leaf. The documented XG-
Boost search space comprised 100–600 estimators, a learning rate of 0.01–0.30, a maximum
depth of 3–8, a subsample of 0.60–1.00, L1 regularization of 0–1, and L2 regularization of
0–5. For the MLP, 2–5 hidden layers and 64–512 neurons per layer were explored. Model
development used R2, RMSE, and NRMSE, with NRMSE defined as the RMSE divided by
the observed held-out target range. This disclosure supports protocol-level reproducibility
of model selection; exact bitwise replication is not claimed because final fitted hyperparam-
eter vectors, split indices, and random seeds were not preserved. The manuscript therefore
does not reconstruct those values by assumption, and no conclusion is made to depend on
a fabricated fitted state.

SHAP values were calculated for the selected XGBoost models with TreeSHAP [35].
Global importance was quantified using mean absolute SHAP values on held-out instances,
while dependence and pair-interaction analyses were used to identify fitted non-linear
activation windows and variable interactions. These quantities explain the fitted surrogate;
they do not establish causal thermophysical mechanisms and can reflect model error or
sampling density. Section 4.2 therefore reports the two direct EnergyPlus consistency checks
that can be supported by the retained benchmark outputs: the P4/S4 frontier-point residual
and a matched-geometry S2 → S3 transition property comparison across all three climates.
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Because Tm and Lh change jointly between S2 and S3, that comparison is explicitly treated
as a directional consistency check rather than a one-factor local derivative.

NSGA-II was implemented in pymoo [62] with a population of 200 and a fixed ter-
mination at 500 generations. Available optimization records specify simulated-binary
crossover (SBX, ηc = 20), polynomial mutation (ηm = 20), and a crossover probability of
0.9; optimization was run independently for each climate. The three minimized objectives
were DH, net GWP, and incremental LCC. DH and Q_tot were predicted by climate-specific
XGBoost surrogates, while GWP and LCC were calculated analytically from predicted
thermal demand and the scenario coefficients in Table 5. Four representative solutions were
retained for screening: P1 (comfort-focused), P2 (low-material carbon–cost compromise),
P3 (lowest LCC), and P4 (balanced knee candidate). Equal-weight TOPSIS together with a
knee-point criterion was used to identify the balanced candidate. The balanced Palermo
property set was re-simulated directly in EnergyPlus as S4, and only this directly checked
configuration is used for quantitative applied thermal conclusions. The remaining Palermo
Pareto representatives and the Rome/Milan balanced configurations are explicitly retained
as exploratory surrogate-screening candidates rather than validated optima. Exact opti-
mization seed, mutation probability, and repeat-run convergence traces were not preserved;
therefore, no stochastic stability claim is made beyond the reported archived run.

Table 5. Central lifecycle carbon/LCC assumptions and bounded scenario ranges.

Parameter Central Value Bounded Range Use

PCM density 850 kg/m3 800–900 kg/m3 Areal mass; literature-informed screening
assumption [15,16,63–65]

Bio-based embodied GWP 1.4 kg CO2eq/kg 1.0–2.0 Cradle-to-gate PCM production;
ecoinvent/secondary literature [63,66,67]

Paraffin embodied GWP 2.9 kg CO2eq/kg 2.2–3.6 Cradle-to-gate PCM production;
ecoinvent/secondary literature [44,45,66]

PCM unit price 4.2 EUR/kg 2.8–8.1 EUR/kg Author-defined screening price; supplier
quotation required

Electricity tariff 0.28 EUR/kWh 0.20–0.36
Screening tariff assumption; bounded
range contextualized with Eurostat
electricity price statistics [61]

Grid carbon factor 0.233 kg CO2eq/kWh 0.160–0.306 Italian screening factor contextualized
with ISPRA electricity sector reporting [60]

Heating SCOP 3.0 2.0–4.0 Author-defined all-electric heating
scenario

Cooling SEER 3.0 2.0–4.0 Author-defined all-electric cooling
scenario

Discount rate/life 3%/25 years 1–5%/20–30 years Author-defined financial horizon and
sensitivity bounds

Integration allowance C_int 7.5/20.0/25.0 EUR/m2

(C1/C2/C3) 0–60 EUR/m2 Author-defined stress-test range; critical
break-even value reported

Additional omitted-process GWP
burden 0 kg CO2eq/m2 0–30 kg CO2eq/m2

Threshold stress test for excluded
encapsulation/packaging, transport,
installation, maintenance, and end-of-life
burdens; not an inventory estimate

Evidence use rule for Pareto results. Surrogate optimization is used for candidate
discovery, not as a substitute for direct dynamic validation. A surrogate-selected Pareto
point is considered eligible for an applied performance claim only after a matched direct
EnergyPlus check. Under this rule, Palermo S4 is decision-qualified within the present
numerical model, whereas P1–P3 and the Rome/Milan balanced points remain exploratory
hypotheses. This rule is applied consistently in the Results, the Discussion, and the Conclu-
sions: unverified frontier points may illustrate trade-offs or guide follow-up simulation,
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but they are not used as validated evidence of realized building performance, product
superiority, or deployment readiness.

2.5. Scenario Analysis and Internal Consistency Checks

The robustness of lifecycle conclusions was examined with bounded low-, central-,
and high-benefit parameter combinations rather than interpreted probabilistically. “Benefit”
denotes avoided carbon or costs attributed to the PCM relative to S0, not the sustainability of
the wider energy system. The analysis varies PCM embodied-carbon factors, the electricity
tariff, the grid carbon factor, equal heating/cooling conversion efficiency, the discount
rate, service life, PCM costs, and the integration allowance within Table 5. The separate
GWP_omitted stress test evaluates the additional unmodeled embodied burden required to
erase the central carbon advantage. The purpose is to identify changes in sign and ranking
under explicit boundary conditions, not to estimate occurrence probabilities.

Assumption provenance and status. The PCM density is a representative fatty-acid
screening value within ranges reported in the PCM literature [15,16,18,63–65]. The embod-
ied GWP coefficients are comparative cradle-to-gate screening factors informed by ecoin-
vent 3.10 and secondary sources [44,45,63,66,67], not environmental product declarations.
The central electricity carbon factor is an explicit Italian screening value contextualized
with ISPRA electricity sector reporting [60], while the central tariff and its bounded range
are modeling assumptions contextualized with Eurostat electricity price statistics [61];
neither is presented as a universal market parameter. SCOP, SEER, service life, discount
rate, PCM price, integration allowances, and the omitted-process GWP stress-test range
are likewise explicit modeling assumptions. The last two are intentionally varied over
broad ranges to expose sign changes or break-even thresholds and should be replaced
by supplier quotations and primary lifecycle inventories before design or procurement
decisions. Recent lifecycle envelope optimization also shows that grid decarbonization can
materially change operational carbon conclusions [40]; the static grid-factor treatment used
here is therefore scenario simplification rather than a forecast.

Dimensional consistency was checked throughout the analytical post-processing. En-
ergyPlus ideal heating and cooling loads were converted separately to equivalent electricity
using SCOP and SEER before application of the grid factor or tariff. Carbon and cost
calculations use the same annual-energy basis, functional unit, service life, and discount
convention. This separation prevents unit inconsistencies and makes the distinction be-
tween simulated thermal outputs and scenario-dependent conversion assumptions explicit.

3. Modeling Procedure
3.1. Numerical Simulation, Sampling, and Software Environment

This study is based exclusively on numerical modeling; no physical specimen, experi-
mental measurement series, or observational building dataset was analyzed. The 18,000
observations used for surrogate modeling are outputs of the parametric EnergyPlus cam-
paign. The numerical workflow used EnergyPlus v24.1.0 for dynamic building simulation,
SALib 1.5.2 for Latin hypercube sampling, XGBoost 3.4.1 for the selected surrogate models,
TreeSHAP for explainability, and pymoo for NSGA-II optimization. Lifecycle carbon and
cost indicators were calculated from the analytical equations and assumptions reported in
Sections 2.3 and 2.5 rather than predicted directly by EnergyPlus (See Table 6). Throughout
the Results, evidence is labeled according to source: direct EnergyPlus benchmark output,
surrogate screening prediction, or analytical scenario post-processing. This hierarchy is
maintained to avoid conflating model acceleration with independent physical validation.
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Table 6. Software components and their role in the numerical workflow.

Software Component Role in the Study

EnergyPlus v24.1.0

Dynamic annual simulation of the reference
building, free-running comfort assessment, Ideal
Loads heating and cooling demand, and PCM
modeling with ConductionFiniteDifference.

SALib 1.5.2 [54]
Latin hypercube sampling of the six-dimensional
PCM design space for the 18,000-case numerical
campaign.

XGBoost 3.4.1 Climate-specific surrogate modeling of discomfort
degree-hours and total annual thermal demand.

TreeSHAP [35]
Global feature importance, dependence, and
interaction analysis for interpretation of the
selected XGBoost surrogate models.

pymoo [62]
Implementation of NSGA-II multi-objective
optimization with 200 individuals and
500 generations.

ecoinvent 3.10 [66]
Source of background cradle-to-gate coefficients
used in the scenario-based lifecycle carbon
accounting.

The modeling procedure is organized as a staged pipeline rather than as a set of inter-
changeable software tools. EnergyPlus provides the annual free-running and conditioned
thermal response; SALib supplies the Latin hypercube design points; climate-specific XG-
Boost models emulate the two thermal targets used for screening; TreeSHAP interprets
those fitted response surfaces; pymoo executes the NSGA-II search; and ecoinvent 3.10 is
used only as a source of background cradle-to-gate coefficients in the analytical lifecycle
post-processing. This separation is important because carbon and cost indicators are not En-
ergyPlus outputs, and surrogate accuracy is not treated as independent physical validation.

3.2. Surrogate Training, Validation, and Explainability

Reproducibility status. Available workflow records support protocol-level reconstruc-
tion of feature scaling, five-fold cross-validation, tuning approach, principal RF/XGBoost
search ranges, MLP architecture bounds, and the main NSGA-II genetic operators.
Tables 7 and 8 distinguish protocol-reproducible elements from details that are unavailable
for exact bitwise replication, principally final fitted parameter vectors, split indices, random
seeds, and some optimization trace settings. The inference policy adopted in the Results is
deliberately independent of reconstructing those missing values: only direct EnergyPlus
results are used for applied thermal claims, while surrogate-only outputs remain screening
candidates. No unavailable parameter is retrospectively invented.

Table 7. Reproducibility and validation information available from the archived workflow.

Workflow Element Information Available Qualification/Inference Control

Simulation campaign
EnergyPlus v24.1.0; 18,000 annual cases;
6000 per climate; six sampled design
variables

No public model/code archive; study
claims are restricted to the documented
numerical campaign and reported
evidence.
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Table 7. Cont.

Workflow Element Information Available Qualification/Inference Control

Data partition

Within-climate split stratified by wall
position; 70/15/15
training/validation/test; five-fold CV on
training partition

Protocol-level split/CV structure is
documented; exact bitwise split
replication is not claimed because
indices/seed are unavailable.

Surrogate comparison

MLR, RF, GPR, MLP, and XGBoost;
scaling/tuning protocol and principal
RF/XGBoost/MLP search ranges
recovered (Table 8)

Search protocol is documented; exact
final fitted state is not reconstructed, and
no claim depends on invented
hyperparameters.

Evaluation

R2, RMSE, and NRMSE; aggregate
held-out results; direct P4 frontier
residual and S2 → S3 cross-climate
checks

Pooled interpolation metrics are
reported as such. Climate-specific
residual distributions are not invented;
decision region inference is governed by
the evidence hierarchy reported in
Section 4.2.

Explainability

TreeSHAP
global/dependence/interaction
interpretation plus direct EnergyPlus
consistency checks reported in
Section 4.2

SHAP is model interpretation only.
Direct checks take precedence; no
one-at-a-time causal sensitivity claim is
made.

Optimization

pymoo NSGA-II; population 200; 500
generations; SBX ηc = 20; polynomial
mutation ηm = 20; crossover probability
0.9; equal-weight TOPSIS/knee selection
retained

The archived run defines screening
candidates only; no repeat-run stochastic
stability claim is made without the
missing seed/trace.

Direct verification

Balanced Palermo P4 re-simulated as S4;
pointwise residual quantified; direct S2
→ S3 checks available for
Palermo/Rome/Milan

Only Palermo S4 is directly
decision-qualified. P1–P3 and
Rome/Milan balanced candidates are
explicitly exploratory and excluded from
validated applied claims.

Table 8. Recovered surrogate training and optimization settings.

Model/Step Recovered Protocol/Search Space Unavailable Detail/Consequence

Preprocessing and validation

One climate-specific model per
climate; 70/15/15
training/validation/test;
wall-position stratification; five-fold
CV on training set; GPR/MLP
standardized; RF/XGBoost unscaled

Exact categorical encoding, split indices,
and random seed

MLR/GPR Grid search cross-validation; GPR
uses standardized continuous inputs

MLR intercept/regularization details
and exact GPR kernel/grid/final fitted
settings

Random forest
Bayesian optimization (Optuna);
100–500 trees; max depth 5–20; min
samples per leaf 1–10

max_features/min_samples_split details,
final selected RF vector, and seed

XGBoost

Bayesian optimization (Optuna);
100–600 estimators; learning rate
0.01–0.30; max depth 3–8; subsample
0.60–1.00; L1 0–1; L2 0–5

colsample_bytree/min_child_weight/
gamma/early stopping details, final
selected XGBoost vector, and seed
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Table 8. Cont.

Model/Step Recovered Protocol/Search Space Unavailable Detail/Consequence

MLP
Bayesian optimization (Optuna);
2–5 hidden layers; 64–512 neurons
per layer; standardized inputs

Activation/optimizer,
learning-rate/dropout bounds, epochs,
batch size, early stopping, final
architecture, and seed

NSGA-II

Population 200; 500 generations; SBX
ηc = 20; polynomial mutation
ηm = 20; crossover probability 0.9;
run independently by climate;
balanced candidate selected using
equal-weight TOPSIS plus knee
criterion

Exact optimization seed, mutation
probability, repeat-run convergence
trace, and tie-breaking trace

The retained workflow therefore supports protocol-level validation of the modeling
chain: the split structure, cross-validation logic, model-specific scaling, principal hyperpa-
rameter search spaces, held-out metrics, and the available direct EnergyPlus checks can be
reconstructed. By contrast, exact split indices, random seeds, final fitted parameter vectors,
and some optimization traces are not available; these missing items are explicitly treated as
limits on bitwise replication rather than filled by assumption.

3.3. Surrogate Training and Optimization Settings

Table 8 consolidates the recoverable model training and optimization specifications
used to reproduce the methodological protocol. The settings reported here are those
retained in the archived workflow and are deliberately separated from unavailable fitted-
state details.

Reproducibility tier. The workflow is reproducible at the protocol/specification level
from the retained documentation, but not at the bitwise fitted-model level. This distinction
is consequential rather than cosmetic: the manuscript does not use unrecoverable seeds
or final parameter vectors to support any new numerical result, and all decision-critical
applied claims are anchored to direct EnergyPlus outputs or explicit analytical equations.

4. Results
4.1. Thermal Activation and Energy Performance

All 18,000 EnergyPlus simulations were completed without convergence failure.
Table 9 summarizes the simulation-derived thermal outputs pooled across climates. Lifecy-
cle indicators are reported separately because they depend on the explicit post-processing
assumptions in Table 5.

Table 9. Statistical summary of EnergyPlus thermal outputs across all 18,000 simulations.

Output Variable Unit Min Mean Max Std. Dev.

Discomfort degree-hours
(DH, free-running)

◦C·h/year 41.3 213.7 412.8 78.4

Annual cooling demand Q_c
(conditioned) kWh/year 1847 4621 7304 1103

Annual heating demand
Q_h (conditioned) kWh/year 621 2184 5817 1041

Total energy demand Q_tot kWh/year 3112 6805 11,437 1682
Annual PCM cycles N_full cycles/year 0 94.3 213 56.8

PCM active fraction f_active – 0 0.24 0.72 0.16
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DH is obtained from the free-running model; Q_c, Q_h, and Q_tot are ideal thermal
loads from the conditioned model.

PCM activation exhibited a climate-dependent transition-temperature window. In
Palermo, the greatest cycling occurred around 25–27 ◦C; the corresponding window shifted
downward in Rome and Milan. Intermediate positioning generally increased the fraction of
time spent within the transition interval, whereas the inner position produced the strongest
direct reduction in indoor discomfort. Outer positioning was the least reliable because the
layer was more frequently saturated or inactive. (See Table 10).

Table 10. Annual discomfort degree-hours (DH, free-running model) for benchmark scenarios.

Scenario Palermo DH
(◦C·h/yr)

Palermo DH
∆% Rome DH Rome ∆% Milan DH Milan ∆%

S0 (no PCM) 326 – 248 – 187 –

S1 (RT28, 25 mm,
inner) 198 −39.3% 160 −35.5% 134 −28.3%

S2 (FA-2 nominal,
25 mm, inner) 224 −31.3% 176 −29.0% 148 −20.9%

S3 (FA-2, Tm + Lh
optim., 25 mm,

inner)
203 −37.7% 158 −36.3% 129 −31.0%

Balanced 1 187 −42.6% 162 −34.7% 134 −28.3%

1 For Palermo, the balanced configuration is the direct EnergyPlus verification S4 of the P4 property set
(Tm = 24.8 ◦C, Lh = 178 kJ/kg, t = 22 mm, intermediate position), and its DH value of 187 ◦C·h/year
is used for headline reporting. The Rome and Milan values in the balanced row are surrogate-model
predictions for the climate-specific configurations reported later in Section 4.4. S0–S3 are direct
EnergyPlus benchmark simulations in all three climates.

The conditioned benchmark results show modest but consistent reductions in annual
total thermal demand (Table 11). For the balanced configuration, the 6.0% Palermo re-
duction is from the direct EnergyPlus simulation S4, whereas the 3.3% Rome and 3.1%
Milan reductions are surrogate model predictions for their climate-specific balanced con-
figurations. (See Figure 2). Cooling reductions were partly offset by small increases in
heating demand, illustrating why separate heating and cooling loads are retained in direct
post-processing even though the optimization layer uses Q_tot and equal SCOP/SEER
values in the reported scenarios.

Table 11. Annual energy demands from the conditioned model for benchmark scenarios.

Scenario Palermo Q_c
(kWh)

Palermo Q_h
(kWh)

Palermo Q_tot
(kWh)

Rome Q_tot
(kWh)

Milan Q_tot
(kWh)

S0 5512 1204 6716 6183 7941
S1 (RT28) 5082 (−7.8%) 1238 (+2.8%) 6320 (−5.9%) 5928 (−4.1%) 7683 (−3.3%)

S2 (FA-2 nom.) 5167 (−6.3%) 1227 (+1.9%) 6394 (−4.8%) 5998 (−3.0%) 7733 (−2.6%)
Balanced 1 5082 (−7.8%) 1231 (+2.2%) 6313 (−6.0%) 5982 (−3.3%) 7694 (−3.1%)

1 S0–S2 are direct EnergyPlus benchmark simulations in all climates. The balanced Palermo values
are direct S4 EnergyPlus results; the Rome and Milan total demand values are surrogate model
predictions for the climate-specific balanced configurations reported later in Section 4.4.
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Figure 2. Benchmark reduction in annual occupied discomfort degree-hours. S1 and S2 are direct
EnergyPlus simulations in all three climates. The balanced configuration is direct for Palermo (S4/P4
property set) and surrogate-predicted for the climate-specific Rome and Milan configurations.

4.2. Surrogate Performance, Frontier Diagnostics, and Evidence Qualification

Table 12 reports pooled held-out performance across the three climate-specific models
(2700 test cases in total; 900 per climate). XGBoost achieved the highest available aggregate
accuracy for both thermal targets, with R2 = 0.974 for DH and 0.978 for Q_tot. These metrics
quantify interpolation on stratified random held-out samples; they are not treated as a
substitute for climate-specific residual distributions or frontier validation. Because the
archived prediction vectors needed to reconstruct those distributions are unavailable, the
revision adopts a stricter inference rule rather than inventing residual statistics: pooled
metrics are used only to justify surrogate screening, while direct EnergyPlus evidence
governs applied claims at decision-critical points. Training times are retained as descriptive
archived values and are not presented as hardware-independent benchmarks.

Table 12. Pooled held-out predictive performance across three climate-specific surrogate models
(2700 test cases total; 900 per climate). Training times are descriptive archived values, not hardware-
normalized benchmarks.

Model DH R2 DH NRMSE Q_tot R2 Training Time

Multiple Linear Regression 0.803 0.094 0.821 <1 s
Random Forest 0.957 0.042 0.963 3.2 min

XGBoost 0.974 0.034 0.978 1.8 min
Gaussian Process Regression 0.958 0.041 0.961 12.4 min

Multi-Layer Perceptron 0.966 0.037 0.970 8.7 min

Within the fitted DH surrogate, melting temperature had the highest mean absolute
SHAP contribution, followed by latent heat, layer thickness, and position. The fitted depen-
dence profile was U-shaped, with higher predicted discomfort at transition temperatures
below or above the climate-specific activation region. High latent heat produced favorable
predictions only when the transition temperature enabled repeated cycling. For Q_tot,
transition temperature and layer geometry also remained influential. These SHAP patterns
are treated as hypotheses about the fitted EnergyPlus response surface rather than stand-

https://doi.org/10.3390/su18179041

https://doi.org/10.3390/su18179041


Sustainability 2026, 18, 9041 17 of 31

alone proof of physical mechanisms. The direct diagnostics in Table 13 use only archived
EnergyPlus outputs and therefore add an explicit check at the decision boundary and a
cross-climate directional check of the transition property interpretation.

Table 13. Direct EnergyPlus consistency diagnostics supported by the retained benchmark outputs.

Direct Check EnergyPlus/Surrogate
Values Derived Diagnostic Interpretation

P4/S4 Palermo frontier
point

P4 surrogate DH = 204; S4
direct DH = 187 ◦C·h/year

+17 ◦C·h/year; 9.1%
surrogate overprediction;
5.2 percentage difference in
baseline reduction

Pointwise Pareto-region
residual; direct
decision-point check

S2 → S3 Palermo 224 → 203 ◦C·h/year −9.4% DH
Matched geometry;
transition properties
changed jointly

S2 → S3 Rome 176 → 158 ◦C·h/year −10.2% DH
Matched geometry;
transition properties
changed jointly

S2 → S3 Milan 148 → 129 ◦C·h/year −12.8% DH
Matched geometry;
transition properties
changed jointly

The P4/S4 comparison quantifies the available surrogate-versus-direct error at a Pareto
decision point: the surrogate overpredicts Palermo DH by 17 ◦C·h/year (9.1% relative
to the direct value). This local error is larger than the 3 ◦C·h/year surrogate-predicted
separation between P2 (207) and P4 (204), so their comfort ordering is explicitly classified
as unresolved rather than validated. The S2 → S3 comparisons provide an additional
direct EnergyPlus consistency check: with the FA-2 family, 25 mm thickness, and inner
placement held constant, changing the transition-property parameterization reduces DH
by 9.4%, 10.2%, and 12.8% in Palermo, Rome, and Milan, respectively. Because Tm and Lh

change together, these values are directional checks and not one-at-a-time local sensitivities.
Table 14 formalizes the resulting evidence hierarchy. A 10–20-point direct frontier campaign,
climate-specific held-out residual distributions, and a one-at-a-time EnergyPlus sensitivity
sweep are not reconstructed from absent raw files; instead, any conclusion that would
require those missing analyses is withheld. This converts uncertainty at the frontier into an
explicit decision boundary rather than an unqualified optimization claim.

Table 14. Evidence hierarchy and permitted interpretation of reviewer-critical results.

Reviewer-Critical Result Evidence Actually
Available Status in This Manuscript Permitted Interpretation

Palermo balanced thermal
performance

Matched direct EnergyPlus
S4 simulation of the P4
property set

Direct numerical evidence
for the stated model
boundary

May support quantitative
Palermo
south-wall/single-zone
thermal claims

P4 surrogate prediction XGBoost prediction plus
matched S4 direct residual Frontier diagnostic only

Used to quantify local
surrogate error; not
substituted for the direct S4
value
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Table 14. Cont.

Reviewer-Critical Result Evidence Actually
Available Status in This Manuscript Permitted Interpretation

S2 → S3 transition
property response

Direct EnergyPlus
benchmarks in Palermo,
Rome, and Milan

Directional physical
consistency evidence

Supports relevance of
transition property tuning,
not a one-factor causal
derivative

P1–P3 Palermo and
balanced Rome/Milan
points

Surrogate screening +
analytical GWP/LCC
post-processing

Exploratory candidates

May guide follow-up
simulations; may not be
presented as validated
optima or realized
performance

SHAP patterns

TreeSHAP on held-out
surrogate predictions,
triangulated with direct
checks above

Model interpretation
Hypothesis generation
only; no independent
causal physics claim

Table 14 is the operative inference control rule for the revised manuscript. It prevents
a high pooled R2 value from being used to overstate unverified frontier accuracy and
prevents SHAP from being promoted to physical validation. Accordingly, the absence of
a reconstructable 10–20-point campaign does not generate surrogate-only applied claims:
those claims are excluded by design until matched direct simulations are available. (See
Figure 3).

Figure 3. Surrogate performance and direct verification: (a) held-out R2 for discomfort degree-hours
(DH) and total thermal demand (Q_tot); (b) Palermo discomfort for the no-PCM baseline, the P4
surrogate prediction, and the directly simulated S4 configuration.

4.3. Environmental and Economic Performance

Table 15 presents the central-scenario carbon calculation for the direct Palermo bench-
marks. Ideal heating- and cooling-load savings were converted separately to equivalent
electricity using SCOP = 3.0 and SEER = 3.0 before applying the grid carbon factor. PCM
areal mass was calculated from layer thickness, the effective PCM content factor φ, and the
850 kg/m3 screening density; the comparative cradle-to-gate PCM production coefficients
were 1.4 kg CO2eq/kg for the bio-based PCM and 2.9 kg CO2eq/kg for paraffin. Encapsu-
lation/packaging, installation, transport, maintenance, demolition, and end-of-life impacts
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remain outside the central carbon boundary and are addressed only through the threshold
stress test.

Table 15. Lifecycle carbon breakdown for benchmark scenarios (Palermo, 25-year period, per m2

south wall).

GWP Component (kg
CO2eq/m2) S0 S1 (RT28) S2 (FA-2 Nominal) S4 (FA-2 Optimised)

PCM production
(cradle-to-gate) 0 +24.7 +11.9 +10.5

Avoided operational
emissions 0 −32.0 −26.1 −32.6

Net GWP 0 −7.4 −14.2 −22.1
Environmental payback

(years) - 19.2 11.4 8.0

Central scenario: SCOP = SEER = 3.0, EF_grid = 0.233 kg CO2eq/kWh, and 25-year service life.
Values are rounded and represent a comparative screening boundary limited to PCM production and
avoided operational emissions; they are not material-specific environmental product declarations.

All three PCM benchmarks produce net carbon savings within the central Palermo ac-
counting boundary, but the magnitude is lower than would be obtained by treating thermal
loads as equivalent electricity at SCOP = SEER = 1.0. The optimized bio-based configuration
S4 has net GWP of −22.1 kg CO2eq/m2 and an environmental payback of 8.0 years; RT28
yields −7.4 kg CO2eq/m2 and a 19.2-year payback, while S2 yields −14.2 kg CO2eq/m2.
Because excluded processes are not assigned fabricated central inventories, their influence
is expressed as a threshold: an additional omitted-process burden greater than 7.4, 14.2, or
22.1 kg CO2eq/m2 would reverse the central net-carbon sign of S1, S2, or S4, respectively.
These values are algebraic break-even thresholds, not estimates of packaging, transport,
installation, maintenance, or end-of-life impacts. The comparison therefore demonstrates
why complete primary inventories are required before product-level environmental claims.

The initial cost is transparently decomposed into the PCM material cost and the
position-dependent integration allowance defined in Section 2.3. Under the central all-
electric assumptions, none of the representative designs recover their additional invest-
ment from energy savings alone within 25 years. P3 has the lowest incremental LCC
(12.9 EUR/m2), whereas P4 retains an incremental LCC of 24.1 EUR/m2. The expanded
integration cost stress test reveals the critical condition directly: with all other central
assumptions fixed, the break-even integration allowance Cint* is 5.0 EUR/m2 for P2 and
7.1 EUR/m2 for P3. For P1 and P4, no non-negative integration allowance can produce
energy-only break-even because material cost alone exceeds the present value of energy
savings by 48.7 and 4.1 EUR/m2, respectively. Thus, integration cost uncertainty can
change the economics of low-material solutions, but central P4 profitability would addi-
tionally require a lower material price, higher tariff, different system efficiency, longer life,
or monetized non-energy benefits. Its energy-only break-even electricity tariff remains
approximately 0.53 EUR/kWh. (See Table 16).
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Table 16. Central economic indicators for representative Palermo solutions (25 years, per m2 of south
wall).

Indicator P1 (Comfort) P2 (Low Material) P3 (Lowest LCC) P4 (Balanced)

PCM areal mass
(kg/m2) 18.8 4.1 2.3 7.5

PCM material cost
(EUR/m2) 78.9 17.1 9.8 31.4

Integration
allowance Cint

(EUR/m2)
7.5 20.0 20.0 20.0

Initial additional cost
C0 (EUR/m2) 86.4 37.1 29.8 51.4

Annual thermal load
saving

(kWhth/m2·yr)
18.6 13.6 10.4 16.8

Annual electricity
cost saving

(EUR/m2·yr)
1.73 1.27 0.97 1.57

PV of 25-year energy
savings (EUR/m2) 30.2 22.1 16.9 27.3

Incremental LCC
(EUR/m2) +56.2 +15.0 +12.9 +24.1

Break-even electricity
tariff (EUR/kWh) 0.80 0.47 0.49 0.53

4.4. Pareto Screening and Climate-Dependent Candidate Qualification

The Palermo surrogate-selected representative set exhibits clear screening trade-offs.
P1 is comfort-focused and requires the greatest material quantity. P2 is a low-material
carbon–cost compromise; P3 has the lowest incremental LCC; and P4 lies near the knee
of the comfort–carbon–cost surface. These relationships describe the archived surro-
gate/analytical decision surface, not four independently validated EnergyPlus optima.
Because only the P4 property set has a matched direct Palermo simulation, P1–P3 are
retained solely to illustrate candidate diversity and to prioritize subsequent direct checks.
No applied recommendation is based on their unverified thermal ordering. (See Table 17).

P4 is retained as the primary laboratory follow-up candidate because it is the only
balanced Pareto property set with a matched direct Palermo EnergyPlus check and because
its target properties are compatible with the palmitic–capric family. The direct S4 result,
not the surrogate P4 DH value, supports the stated Palermo thermal reduction. Its positive
incremental LCC of +24.1 EUR/m2 is reported explicitly, so no claim of current energy-only
profitability or deployment readiness is made.

Figure 4 visualizes the surrogate/analytical screening trade-offs among the four se-
lected Palermo candidates. The bubble area represents incremental LCC. The figure is a
candidate prioritization map rather than a validation plot: relative positions of P1–P3 are
not interpreted as confirmed EnergyPlus rankings, whereas P4 is linked to its matched
direct S4 check in Tables 7–9.

The surrogate screening suggests a downward shift in the balanced transition-
temperature target from Palermo to Milan, consistent with cooler operating conditions.
The Palermo value is linked to the directly checked S4 property set; the Rome and Milan
values are hypotheses generated by the climate-specific surrogates. Therefore, the numer-
ical Rome/Milan reductions, carbon values, paybacks, and LCC values in Table 18 are
not presented as validated performance forecasts. Their role is to demonstrate how the
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workflow changes the candidate search region with climate and to define the configurations
that should be re-simulated next.

Table 17. Surrogate-selected Palermo screening candidates. P4 has a matched direct EnergyPlus
check (S4); P1–P3 remain exploratory until directly re-simulated.

Property P1 (Comfort) P2 (Low Material) P3 (Lowest LCC) P4 (Balanced)

Tm (◦C) 25.8 24.1 23.4 24.8
Lh (kJ/kg) 213 148 132 178
ks (W/mK) 0.17 0.16 0.18 0.17

Thickness t (mm) 34 16 11 22
Effective PCM

content factor φ 0.65 0.30 0.25 0.40

Wall position Inner (C1) Intermediate (C2) Intermediate (C2) Intermediate (C2)
DH (◦C·h/year) 1 182 (−44.2%) 207 (−36.5%) 253 (−22.4%) 204 (−37.4%)

Net GWP (kg
CO2eq/m2) 1 −9.8 −20.6 −16.8 −22.1

Incremental LCC
(EUR/m2) 1 +56.2 +15.0 +12.9 +24.1

1 DH values in this table are surrogate predictions used during screening. Net GWP and incremental
LCC are analytical post-processing results under the central assumptions in Table 5. The P4 property
set was additionally simulated directly in Palermo as S4; direct S4 thermal values are reported in
Tables 10 and 11 and used for applied thermal reporting. P1–P3 are not described as validated optima.

Figure 4. Representative Palermo trade-offs between discomfort, net lifecycle GWP, and incremental
LCC. The bubble area is proportional to incremental LCC; lower discomfort and a more negative
GWP are preferred.
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Table 18. Climate-specific balanced screening candidates. Palermo’s thermal performance is direct
EnergyPlus S4 evidence; Rome and Milan values are exploratory surrogate estimates and are not
used as validated applied-performance claims.

Property Palermo Rome Milan

Tm (◦C) 24.8 23.1 21.4
Lh (kJ/kg) 178 165 152

Thickness t (mm) 22 20 17
DH reduction (%) 1 −42.6 −34.7 −28.3

Net GWP (kg CO2eq/m2) −22.1 −5.8 −9.5
Environmental payback (years) 8.0 16.1 13.1

Incremental LCC (EUR/m2) +24.1 +38.7 +35.6
1 Palermo DH is from the direct EnergyPlus simulation S4. Rome and Milan DH reductions are
surrogate screening estimates for their respective balanced candidates and have not been directly
re-simulated. Net GWP and incremental LCC are analytical post-processing results under the central
assumptions in Table 5. Rome/Milan values are retained only to formulate climate-dependent
hypotheses and follow-up simulation targets.

The bounded scenario check confirms that the carbon conclusion for P4 remains fa-
vorable across the tested combinations, although the margin narrows in the low-benefit
case with a low-carbon grid, high SCOP/SEER, and shorter service life (See Table 19). Eco-
nomic performance is more conditional: P4 remains cost-increasing in the low-benefit and
central cases but becomes cost-saving in the high-benefit combination of lower conversion
efficiency, high electricity price, long service life, and low discount rate. These are scenario
envelopes, not occurrence probabilities. Figure 5 displays the corresponding change in sign
and magnitude.

Table 19. Bounded scenario check for the balanced Palermo configuration P4.

Outcome Low-Benefit Central High-Benefit Interpretation

Net GWP P4 (kg CO2eq/m2) −2.9 −22.1 −66.6 Carbon saving remains negative
Environmental payback
(years) 14.6 8.0 3.8 Strong grid/efficiency dependence

Incremental LCC P4
(EUR/m2) +40.9 +24.1 −26.6 Economic sign is conditional

Discounted energy payback >30 years >25 years 19 years No central energy-only payback

Figure 5. Bounded scenario outcomes for the balanced Palermo configuration P4: (a) net lifecycle
GWP and (b) incremental LCC. Negative GWP denotes net carbon savings; negative LCC denotes
cost recovery. Low-/high-benefit labels refer to the benefit attributed to the PCM relative to S0.
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Low-benefit carbon case: SCOP = SEER = 4.0, EF_grid = 0.160 kg CO2eq/kWh, 20 years.
High-benefit carbon case: SCOP = SEER = 2.0, EF_grid = 0.306 kg CO2eq/kWh, 30 years.
Low-benefit cost case: SCOP = SEER = 4.0, tariff 0.20 EUR/kWh, r = 5%, 20 years. High-
benefit cost case: SCOP = SEER = 2.0, tariff 0.36 EUR/kWh, r = 1%, 30 years.

5. Discussion
5.1. Thermophysical Drivers and Climate Dependence

The surrogate assigns the largest mean absolute SHAP contribution to melting temper-
ature for free-running discomfort. Its fitted U-shaped dependence is qualitatively consistent
with the requirement that a PCM repeatedly traverse its transition interval during charging
and regeneration. The evidence hierarchy in Table 14 governs interpretation: direct Energy-
Plus results take precedence over surrogate explanations. The P4/S4 comparison provides
a quantified decision-point residual, while the matched-geometry S2 → S3 benchmark
reduces direct DH in all three climates (Table 13), supporting the relevance of transition
property tuning. The S2 → S3 check remains directional because Tm and Lh change jointly.
Published EnergyPlus PCM verification/validation and hysteresis studies support the
solver lineage while also showing why partial-transition behavior requires care [48–50].
SHAP is therefore used only to generate and organize hypotheses about the fitted response
surface; it is not presented as independent causal evidence.

The fitted surrogate also indicates diminishing thermal benefit from increasing latent
heat when the transition window is poorly matched to the daily thermal cycle. A physically
plausible interpretation is that storage capacity is useful only if sufficient charging and
re-solidification occur between successive load cycles; otherwise, additional latent capacity
can remain underutilized. Because the present study does not provide a one-at-a-time En-
ergyPlus sweep of latent heat at fixed transition temperature, this explanation is presented
as a testable interpretation of the fitted response surface rather than as a directly validated
causal law. Experimental formulation and direct sensitivity analysis should therefore target
the combination of latent capacity and reliable regeneration rather than maximizing latent
heat in isolation.

The screening trend toward a lower preferred Tm from Palermo (24.8 ◦C, directly
verified for the balanced property set) to Milan (21.4 ◦C, surrogate prediction) supports the
hypothesis that transition temperature should be calibrated to local operating conditions. A
product optimized for Mediterranean performance may therefore be suboptimal in a cooler
context, but the numerical values cannot be generalized beyond the three studied climates.
Within the selected Palermo representatives, intermediate positioning (C2) occurs in P2–
P4, whereas the comfort-focused P1 uses inner placement (C1). This is a study-specific
screening pattern, not a universal placement rule; wall construction, boundary conditions,
orientation, and climate can alter the preferred position.

5.2. Environmental and Economic Trade-Offs

Under the central scenario, bio-based configurations outperform RT28 in net GWP be-
cause their lower assumed cradle-to-gate impact compensates for similar or slightly lower
operational savings. For Palermo, environmental payback decreases from 19.2 years for
RT28 to 8.0 years for the optimized bio-based design. This conclusion remains conditional
on the secondary inventory coefficients, the truncated lifecycle boundary, a static grid factor,
and the all-electric SCOP/SEER assumptions. Recent PCM 3E analysis and broader enve-
lope optimization likewise show that economic and carbon conclusions depend strongly
on system boundaries, hysteresis representation, and grid assumptions [39,40]. Primary
industrial carbon data and dynamic operational emission scenarios could shift absolute
values and should be obtained before product-level claims.
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The economic analysis is deliberately conservative. Once ideal thermal loads are
converted through SCOP and SEER, the central 25-year energy savings do not recover the
installed PCM cost. The lowest-LCC design carries an incremental cost of 12.9 EUR/m2,
and the balanced design’s is 24.1 EUR/m2. Accordingly, the near-term case for PCM
deployment rests on a combination of lower installed costs, higher electricity prices, avoided
cooling capacity investment, and monetized overheating resilience rather than on energy
savings alone.

5.3. The AI Layer: Acceleration and Interpretation

The surrogate layer reduces the need for repeated annual EnergyPlus evaluations
during optimization and therefore makes broad design-space screening computationally
practical. A hardware-independent acceleration factor is not claimed here because complete
compute environment and timing metadata were not preserved. The defensible compu-
tational conclusion is qualitative: once trained, the surrogate replaces repeated dynamic
simulations during NSGA-II evaluation, while decision-critical candidates still require
direct EnergyPlus verification before experimental selection.

The AI layer is therefore best understood as an acceleration and prioritization tool.
It identifies climate-dependent regions of interest and fitted interactions that would be
expensive to explore exhaustively with annual simulation, but its reliability is bounded by
the sampled design space, available training records, and local surrogate error. Recent re-
views of surrogate-based sustainable building design likewise emphasize that optimization
quality depends on validation strategy and reproducibility rather than on global prediction
metrics alone [34]. In this study, economics remains outside the learned thermal model and
enters only through explicit scenario equations, while Pareto candidates remain provisional
until directly re-simulated.

5.4. Sustainability Implications

The framework treats sustainability as a multi-criteria decision problem rather than
equating lower thermal demand with a sustainability claim. Lifecycle carbon account-
ing links embodied production burden with avoided operational emissions; incremental
LCC tests whether those benefits are economically recoverable within the chosen hori-
zon, and occupied discomfort degree-hours quantify passive thermal resilience within the
free-running numerical model. The representative solutions demonstrate that these di-
mensions do not improve simultaneously. This makes transparent multi-objective decision
support preferable to selecting a PCM from a single thermal metric and clarifies which
conclusions are simulation-derived, which are scenario-dependent, and which still require
experimental evidence.

For decarbonized construction, the main contribution is methodological: climate-
specific screening can reduce the risk of specifying a PCM that remains inactive, fails to
regenerate, or shifts impacts from operation to material production. The approach supports
SDG 7 through energy efficiency assessment, SDG 9 through materials and digital innova-
tion, SDG 11 through climate-responsive and resilient buildings, SDG 12 through lifecycle
and resource considerations, and SDG 13 through explicit carbon accounting [1,68,69].
These links do not establish product-level sustainability certification; they identify the
evidence required before responsible scale-up and procurement.

The recent literature confirms that no single component of the present workflow is
individually unprecedented. The contribution lies in how the components are combined
and bounded for bio-based PCM pre-experimental screening. Table 20 therefore replaces
an overly binary novelty claim with an analytical comparison of scope, strengths, and
unresolved gaps across closely related recent studies.
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Table 20. Analytical positioning relative to recent PCM envelope, surrogate optimization, and lifecycle
studies. The comparison is qualitative and is intended to delimit methodological scope rather than
rank study quality.

Study Main Scope Relevant Strength
Remaining Gap Relative
to the Present Screening

Question

Jiao et al. [17] State-of-the-art PCM
envelope review

Broad synthesis of
integration strategies and
recent envelope research

Review scope; no
integrated surrogate–multi-
objective–lifecycle
workflow for bio-based
candidate screening

Herrera et al. [18] Fatty-acid PCMs for
building applications

Recent synthesis of
bio-sources,
thermophysical limitations,
incorporation, and LCA
needs

No climate-specific
surrogate optimization or
Pareto screening

Chan et al. [48]
Annual EnergyPlus PCM
simulation with basic and
hysteresis methods

Shows climate and
hysteresis sensitivity in
annual building simulation

Paraffin-focused; no XAI,
lifecycle carbon/cost, or
multi-objective screening

Feng et al. [49] Enhanced PCM hysteresis
modeling in EnergyPlus

Demonstrates importance
of constitutive hysteresis
representation

Model development focus
rather than bio-based
multi-criteria design
screening

Elwy and Hagishima [34]

Systematic review of
surrogate-based
sustainable building
optimization

Highlights surrogate
efficiency, validation, and
methodological diversity

Not PCM-specific and does
not establish material
formulation feasibility

Zhang et al. [39]
Energy–economic–
environmental PCM wall
analysis with hysteresis

Integrates operational
performance, economics,
carbon, and phase
transition detail

No surrogate explainability
or bio-based continuous
multi-objective screening

Hepple et al. [42]; Lahoud
et al. [43]

Climate- and
typology-dependent PCM
envelope applications

Demonstrates that PCM
placement/performance is
context-dependent

Different building
types/climates; no unified
surrogate + lifecycle
decision workflow

Li et al. [40]

Surrogate-assisted
multi-objective envelope
optimization with dynamic
grid factors

Combines comfort, carbon,
cost, surrogate modeling,
and NSGA-II-type
optimization

Building envelope
variables rather than PCM
formulation; not specific to
bio-based PCMs

Present study

18,000 EnergyPlus cases +
XGBoost/TreeSHAP +
NSGA-II + scenario-based
carbon/LCC

Common south-wall
functional unit, explicit
separation of simulated
thermal outputs from
post-processing, and
bio-based/paraffin
comparison

Continuous-property
manufacturability,
three-climate scope,
incomplete lifecycle
boundary, and only one
directly re-simulated
Pareto solution

5.5. Limitations and Scope of Applicability

The revised manuscript applies explicit scope controls so that each known limitation
has a corresponding restriction on inference. First, independently sampled PCM properties
do not preserve all formulation correlations; Pareto points are therefore target-property
combinations and pass through a manufacturability gate before any experimental recom-
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mendation [18,19,70,71]. Second, the adopted EnergyPlus enthalpy representation does
not resolve detailed hysteresis/supercooling, and no case-specific grid/timestep conver-
gence record is available. Published solver-level verification/validation [48–50] supports
the numerical method but not the convergence of this exact wall; accordingly, results are
screening-level model predictions, and no product-, code-, or experimentally validated
claim is made. Third, the 24 m2 south wall in a single-zone model is the functional com-
parison surface. For Palermo, S4 saves 403 kWh/year, equal to 16.8 kWhth/m2 of the
analyzed wall and 6.0% of the modeled zone’s ideal thermal demand; this value is not
extrapolated to a whole building. Fourth, only Palermo, Rome, and Milan are studied.
Rome/Milan balanced configurations are surrogate hypotheses, and the numerical values
are not generalized to Northern Europe, the Middle East, or other typologies [42,43]. Fifth,
Q_tot is the optimization surrogate target; asymmetric SCOP/SEER rankings are therefore
explicitly outside of the scope, while direct benchmark post-processing retains Q_h and Q_c
separately. Sixth, the central carbon boundary excludes encapsulation/packaging, trans-
port, installation, maintenance, demolition, and end-of-life; the omitted-process threshold
stress test quantifies the extra burden required to reverse the sign but is not represented as
a fabricated inventory. Seventh, integration allowances are screening assumptions rather
than quotations, so economic conclusions are bounded by the 0–60 EUR/m2 stress test
and break-even conditions rather than presented as market forecasts. Eighth, frontier
validation is limited to the direct P4/S4 residual and S2 → S3 cross-climate checks. Instead
of treating unvalidated Pareto points as confirmed optima, Table 14 excludes them from
applied performance claims until direct re-simulation. SHAP likewise remains non-causal
until a one-at-a-time direct sensitivity campaign is available. Ninth, the archived workflow
supports protocol-level but not bitwise computational reproducibility because final fitted
parameter vectors, split indices, seeds, and some trace settings were not preserved. These
missing values are not reconstructed by assumption; Section 3 specifies exactly which
elements are available and what conclusions are permitted from them. These controls make
the inferential boundary of this study explicit and ensure that no conclusion exceeds the
evidence actually retained.

5.6. Future Research Directions

Future research should extend, rather than retroactively inflate, the evidence available
in the present screening study. First, directly re-simulate at least 10–20 Pareto candidates
per climate, including the Rome and Milan balanced candidates, and report objective-wise
errors plus residual distributions in the frontier region. Second, perform one-at-a-time
EnergyPlus perturbations around balanced configurations for Tm, Lh, thickness, effective
PCM content factor, and position, and compare finite-difference responses with SHAP
dependence patterns. Third, train separate Q_h and Q_c surrogates so that SCOP and SEER
can vary independently. Fourth, perform a case-specific grid/timestep convergence study
and validate the adopted PCM parameterization against an experimental or established
numerical benchmark, including separate melting/freezing branches and hysteresis where
supported by measured material data. Fifth, formulate and characterize a P4-equivalent
palmitic–capric composite using DSC, T-history where appropriate, leakage testing, fire
safety assessment, conductivity measurements, and 1000–3000 thermal cycles before climate
chamber validation of a test wall specimen. Sixth, replace screening carbon factors and
integration allowances with supplier-specific inventories, transport/installation/end-of-life
data, quotations, and dynamic electricity–carbon scenarios. Seventh, extend the model
to multi-zone and whole-building typologies with thermal bridges and explicit HVAC
systems. Finally, apply the workflow to substantially different climates, including Northern
Europe and the Middle East. The transferable contribution is the evidence-controlled
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screening methodology; numerical targets, costs, grid factors, and formulations must be
recalibrated and directly validated locally.

6. Conclusions
6.1. Theoretical and Methodological Conclusions

1. The numerical screening identifies a climate-dependent activation region in which
transition temperature has the largest fitted influence on free-running discomfort,
followed by latent heat and layer geometry. The downward Palermo-to-Milan shift is
reported as a surrogate-screening trend rather than a universal material constant. Di-
rect evidence supports transition property relevance through the S2 → S3 benchmark
in all three climates, while only the Palermo balanced property set is directly checked
at the Pareto decision level.

2. XGBoost achieved pooled held-out R2 values of 0.974 for discomfort and 0.978 for
total thermal demand, demonstrating suitability for candidate discovery within the
sampled design space. The P4/S4 residual shows why high global accuracy cannot
certify a Pareto point. The methodological rule adopted here is therefore explicit:
surrogate models locate candidates, direct EnergyPlus simulation qualifies candidates
for applied thermal claims, and SHAP organizes hypotheses but does not prove
causal physics.

3. Separating simulation-derived thermal outputs from analytical carbon and cost post-
processing makes the sustainability argument auditable. Under the stated central
assumptions, the directly simulated Palermo S4 configuration reduces occupied dis-
comfort by 42.6% and the modeled single-zone total thermal demand by 6.0%; its
scenario-based net carbon is favorable, whereas incremental LCC remains positive.
The contribution is therefore an evidence-controlled, multi-criteria pre-experimental
screening method, not a claim of a universally optimal, experimentally validated, or
deployment-ready PCM product.

6.2. Practical Recommendations for Italian Applications

1. For the Palermo numerical case, the directly re-simulated balanced target (Tm = 24.8 ◦C,
Lh = 178 kJ/kg, 22 mm thickness, intermediate position) is the only Pareto-derived
configuration used for quantitative applied thermal reporting and is therefore the most
defensible laboratory follow-up target. Its results are expressed per square meter of
the analyzed south wall and as a percentage of the modeled single-zone ideal thermal
demand, not as whole-building performance.

2. The palmitic–capric family should be treated as an experimental formulation target, not
a deployment-ready product. Practical development should jointly verify transition
behavior, composite conductivity, support/encapsulation, leakage resistance, fire
safety, cyclic stability, manufacturability, and supplier-specific embodied impacts.

3. Current energy-only profitability is not supported by the central assumptions: P4
has an incremental LCC of 24.1 EUR/m2, and its material cost alone exceeds the
present value of central energy savings by 4.1 EUR/m2 before any positive integra-
tion allowance. Italian implementation should therefore be conditional on lower
installed/material costs, different energy price/system assumptions, or monetized
resilience and capacity benefits.

6.3. Transferability Beyond Italy

1. The workflow can be transferred to other regions, but the numerical candidate values
cannot. Rome and Milan values in this study remain exploratory surrogate out-
puts. Application to Northern European climates should re-estimate lower transition-
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temperature regions, heating-dominated behavior, building typology, and winter
regeneration; application to hot or arid Middle Eastern climates should explicitly test
high night-time temperatures, incomplete solidification, cooling-dominated operation,
solar gains, and ventilation strategies.

2. Every new region requires local weather files, comfort/set-point assumptions, en-
velope typology, orientation, HVAC conversion efficiencies, grid carbon trajectories,
tariffs, material inventories, and direct Pareto validation. The contribution to sustain-
ability practice is therefore a reproducible decision logic for identifying what must
be recalibrated and validated before responsible scale-up, consistent with the energy
efficiency, innovation, resilient-building, responsible production, and climate action
dimensions represented by SDGs 7, 9, 11, 12, and 13 [1,68,69].
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