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Abstract

In intermittent convective cooling environments created by split air conditioners, the
dynamic nature of the environment poses challenges to traditional steady-state thermal
comfort models in predicting human thermal comfort. Therefore, this study proposes
an alliesthesia-informed machine learning framework that encodes alliesthesia theory
into explicit mathematical features for predicting dynamic overall thermal comfort. Data
were obtained through controlled experiments under intermittent cooling conditions,
and a theory-driven feature set incorporating dynamic set points and physio-psycho gap
was constructed. The results demonstrate that the gradient boosting model achieved
optimal performance under rigorous subject-level cross-validation (test set R? = 0.71).
Interpretability analysis confirmed that model decisions are highly dependent on expo-
sure time and alliesthesia features, whose importance far exceeds that of conventional
environmental parameters, revealing that the core of thermal comfort perception lies
in the dynamic interplay between physiological states and psychological expectations.
Furthermore, the proposed few-shot personalized calibration strategy can effectively
accommodate individual differences with minimal user data. This study demonstrates
that the framework not only enhances prediction accuracy but also improves model
interpretability and generalizability by incorporating alliesthesia-inspired feature repre-
sentations, offering a new perspective for developing next-generation human-centric
intelligent environmental control systems.

Keywords: dynamic thermal comfort; alliesthesia; explainable machine learning; personalized
calibration; built environment control

1. Introduction

In the field of built environments, the science of thermal comfort has attracted increas-
ing attention, with its primary objective being to create comfortable thermal environments
for occupants [1]. In modern buildings, non-steady-state scenarios, such as those created
by the intermittent operation of split air conditioners or personalized comfort systems,
are becoming increasingly prevalent [2,3]. Traditional static models, including both the
heat-balance-based PMV model [4] and adaptive models [5], were primarily developed
for steady-state or quasi-steady-state conditions. Therefore, these models are challenged
in predicting minute-level perceptual dynamics [6,7]. This is because, unlike steady-state
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scenarios, dynamic changes in the environment over time [8-12] trigger more complex
hedonic effects, thereby affecting real-time thermal comfort evaluations [13]. Therefore, to
accurately predict dynamic thermal comfort, more suitable theoretical explanations and
prediction methods are urgently needed.

In terms of theoretical explanation, alliesthesia theory [14] provides an effective tool
for interpreting thermal comfort in dynamic environments. This theory emphasizes that the
pleasant or unpleasant sensation elicited by a stimulus depends on whether the stimulus
can correct the deviation (load error) between the body’s internal state and its setpoint, and
can be used to explain time-dependent hedonic experiences. For example, in a hot and stuffy
environment, a gust of cool air can produce a strong sense of pleasure (positive alliesthesia).
This indicates that, compared to objective descriptions of environmental temperature
(i.e., thermal sensation [15,16]), evaluations of dynamic thermal environments should not
neglect the hedonic dimension of perception, which can be captured by thermal comfort
scales. Compared to objective descriptions of the thermal environment (e.g., as reflected
in thermal sensation votes, which integrate multiple parameters [17,18]), evaluations of
dynamic thermal environments should not neglect the hedonic dimension of perception,
which can be captured by thermal comfort scales [12,19].

In recent years, research on alliesthesia has been progressively conducted [20,21].
Parkinson et al. [20] identified through experiments in transitional environments that plea-
sure peaks when switching from a cool/warm state to a neutral state, but drops sharply
when switching from neutral to non-neutral states. Arens et al. [22] found that certain
combinations of thermal sensations from non-neutral body parts can produce more pleasant
sensations than uniform whole-body neutral thermal sensation. Liu et al. [21] divided the
thermal sensation scale into strong and moderate hunger effect zones in an outdoor study
and found that the change in thermal pleasure over time (dP) could be predicted by the
change in thermal sensation (dT): when the prior sensation was in a strong hunger zone
(hot/cold), linear regression performed well in predicting dP (summer R? = 0.77, winter
R? = 0.79); when the prior sensation fell within the thermoneutral zone with moderate
hunger intensity, a quadratic fit provided a more reasonable prediction (summer R? = 0.61,
winter R? = 0.56). Jiang [23], referring to the theoretical framework of Parkinson and de
Dear [24-26], divided thermal sensation into two moderate and two strong hunger effect
zones. He found that within the strong hunger zone, a 1.0-unit decrease in thermal sensa-
tion could increase thermal comfort by 0.44 units, while within the moderate zone, even
slight changes in thermal sensation positively influenced thermal comfort. This indicates
that individuals in a state of thermal hunger are sensitive to environmental interventions,
offering the potential to create higher thermal pleasure. Although existing studies have
yielded rich findings on the mechanistic analysis of alliesthesia, there remains considerable
room for research on modeling and application-oriented studies of alliesthesia. In terms
of prediction methodology, data-driven machine learning approaches have demonstrated
high predictive performance in thermal comfort prediction. However, as shown in Table 1,
although machine learning methods are widely favored for their high predictive accu-
racy and ability to integrate multidimensional features, existing related studies still face
certain limitations.
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Table 1. Literature on machine learning algorithms for predicting subjective responses.
. Input i1s Best
Reference Data Source Algorithms Features Output Interpretability Algorithm Performance
ta, va, RH, SET,
Farhan et al. ASHRAE AdaBoost, RF, Ia, M, Age, .
(2015) [27] RP884 SVM Sex, tou, 3-point TCV No SVM Accuracy 0.757
Season, etc.
ta, Va, MRT,
Luetal. ASHRAE ar Vas VS . .
(2019) [28] RPS84 SVM, RF, KNN toui, Rl\Ij[, Ie{tPCIout, 7-point TSV No KNN Recall = 49.3%
cls VL, .
ta, Va, RH, SET, _ o
ASHRAE LR,NB, ANN, Iy, M, Age, Sex, . Accuracy = 66.3%
Luo et al. f 3-point TSV (8 point TSV)
(2020) [29] Comfort KNNAB, DT, - tour, Season, - 1 4y gy No RF Accuracy = 61.1%
Database II GBM, RF, SVM Operation (7-point TSV')
mode, etc. 1%
Wane et al ASHRAE TPV, TSV, PMYV,
(202§) [ 9]' Comfort LR, SVM TAV, AMV, 2-point TCV No LR Accuracy = 0.87
Database II AMP
Zhou et al. ASHRAE . R? =0.904,
(2020) [30] RPS84 SVM ta,va, L, M, 7-point TSV No SVM SSE = 0584
ta, va, MRT,
Ma et al ASHRAE tout, to, RH, Accuracy = 0.703,
(2021) [31' ] Comfort BNN RHout, Iy, M, 3-point TPV No BNN Precision = 0.693,
: Database II Weight, Age, AUC =0.838
& &
etc.
ta, va, MRT,
ASHRAE RF, DT, KNN tout, to, RH, 3-point TSV, Precision = 0.9,
Lala et al AdaBoost b Deep
(2022) [32j Comfort DNN Dee/ RHout, I, M, 3-point TPV, No comfort Recall = 0.9,
g Database 11 corrlm fort p Weight, Age, 3-point TCV Fl-score =0.9
etc.
Local .
Baek et al. - infrared . Accuracy = 0.96,
(2023) [33] expeélar?aental DCNN images 3-point TSV No DCNN Fl-score = 0.95
Lanetal ASHRAE Lo Va MR Precision = 0.89,
: Comfort XGBoost s 1gs ta-outs 3-point TPV Yes XGBoost Recall = 0.89,
(2023) [34] Database II RHout, La, M, Fl-score = 0.89
Age, Sex, etc. '
KNN, MLR, CatBoost Ac(;f‘rac.y t:T;?{}‘)” o
OPM, DT,RE,  t,, RH, t;, MRT,  7-point TSV, atboos pom ;
Guo et al. Local survey & . with Accuracy = 64.03%
SVM, XGBoost, va, BMI, Sex, 7-point TCV, Yes R X
(2024) [35] dataset . . Bayesian (7-point TCV),
LightGBM, Age, etc. 5-point TA L o
CatBoost optimization ~ Accuracy = 63.07%

(5-point TSV)

These limitations are specifically reflected in the following aspects: (1) Existing al-
gorithmic prediction practices tend to infer comfort levels from the “environmental state
at a given moment” [27-29]. In intermittent convective cooling scenarios created by split
air conditioners, indoor thermal stimuli exhibit pronounced time-series characteristics,
and individual comfort evaluations are often modulated by thermal history, drifting ex-
pectations, and hedonic dynamics (temporal alliesthesia) [24]. Relying solely on static
environmental variables is therefore insufficient to capture this dynamic coupling among
“stimulus—state—evaluation.” Accordingly, it is necessary to introduce feature representa-
tions that explicitly encode thermal history and alliesthesia mechanisms, and to build an
interpretable predictive framework on this basis to address the limitations of conventional
practice in predicting dynamic comfort. (2) Most studies predict TSV instead of TCV. TSV
describes perceived thermal intensity (hot—cold), whereas TCV is a hedonic judgement
(pleasantness/acceptance). Under transient exposures, TSV and TCV may decouple be-
cause of adaptation and alliesthesia. Therefore, it is necessary to use overall thermal comfort
(OTC) as the output parameter for predicting the hedonic effect. (3) Although machine
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learning can often achieve high accuracy in thermal comfort prediction, many models
cannot clearly explain why a particular comfort outcome is predicted [36]. This makes it
difficult to verify the causal plausibility and physical consistency of the model and also
prevents the findings from being readily interpreted within established thermal comfort
frameworks (e.g., heat-balance theory, adaptation, and alliesthesia mechanisms). More
importantly, in engineering applications, a lack of interpretability reduces model trustwor-
thiness and usability. Therefore, it is necessary to introduce interpretable methods to reveal
the key driving factors and their directions of influence, providing actionable evidence for
subsequent sensor selection and control strategy design. (4) In addition, related studies
predominantly rely on public databases [37-39]. Although these datasets are large and facil-
itate comparison and reproducibility, they often exhibit pronounced “scenario-averaging”
characteristics: building types, climate zones, envelope properties, HVAC system forms
and operating strategies, as well as occupant characteristics can be highly heterogeneous,
causing models to learn cross-scenario statistical correlations more readily. Therefore, to
ensure local deployability, it is necessary to incorporate locally measured data to improve
the engineering reliability of the model.

To attempt to promote the application of alliesthesia in model prediction, this study
proposes an alliesthesia-informed machine learning (AIML) framework aimed at explicitly
encoding alliesthesia theory as features to enhance model interpretability and predictive
performance. The proposed AIML framework does not reject the physical principles
underlying traditional heat balance models (e.g., Fanger’s PMV). Instead, it extends them
by incorporating dynamic state variables that may affect the temporal evolution of thermal
perception. While PMV remains valid for steady-state uniform environments, it cannot
capture the hedonic reversals triggered by transient stimuli (alliesthesia). By encoding
these mechanisms as explicit features, our framework embeds physical knowledge into
a data-driven architecture, thereby enhancing both interpretability and predictive power
under non-steady-state conditions.

It should also be noted that environmental dynamics do not arise solely from air
temperature or air velocity. For example, in spaces with large glazed areas and inadequate
shading, mean radiant temperature may fluctuate rapidly with outdoor weather conditions
and solar radiation [40]. This study therefore concentrates on intermittent convective
cooling commonly observed in small office spaces with split air conditioners; this scenario
features clear time-series thermal stimuli and is suitable for validating the computable
representation of alliesthesia-related features. We do not claim that this setup represents all
HVAC systems; we also acknowledge that split systems are being progressively phased out
in some large buildings in favor of more efficient solutions, while they remain prevalent
and worthy of investigation in many existing residential buildings and small spaces [2].

The specific objectives are: (1) to construct and validate a feature set incorporating
temporal factors and alliesthesia mechanisms for thermal comfort prediction; (2) to employ
SHAP (SHapley Additive exPlanations) to verify the consistency between model decisions
and alliesthesia theory; and (3) to develop a few-shot personalized calibration strategy to
enhance the model’s adaptability to individual differences and generalization performance.

2. Methods

The research methodology is divided into five main components: data collection, data
processing and feature engineering, model training and comparison, model optimization
and interpretation, and personalized calibration. Figure 1 illustrates the overall workflow
of this study. First, experiments were conducted according to research objectives and
thermal comfort data were collected. The data were then integrated and cleaned. The
processed data were used to train 13 different machine learning models, from which the
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best-performing model was selected and subjected to Bayesian optimization. The SHAP
method was employed to interpret the optimized model. Finally, personalized calibration
was performed for unseen individuals to improve model application performance.
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Figure 1. Research workflow. To avoid ambiguity, the “objective-parameter collection” in this
study covers the key microclimatic variables required for thermo-hygrometric characterization of
the indoor environment, including air temperature (t,), relative humidity (RH), air velocity (va),
and globe temperature (tg) for radiative-environment characterization (and for deriving operative-
temperature-related indices where applicable). Exposure time was also recorded to capture the
dynamic nature of the intermittent cooling process. Measurements were taken near each participant
using a vertical sensor arrangement at 0.1 m, 0.6 m, and 1.1 m (expect tg) to better represent the actual
microclimatic exposure.
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2.1. Experimental Design and Data Source
2.1.1. Experimental Setup and Participants

This experiment was specifically designed to generate a dataset for validating the
AIML framework. The experiment was conducted in a typical brick-and-concrete resi-
dential building in the Jiaozuo region. A total of 32 healthy volunteers (with a controlled
male-to-female ratio of 1:1) were recruited for the experiment. Participants were required
to have resided in the local area for more than one year to ensure adequate thermal ac-
climatization to the local climate. Individuals with a history of cardiovascular disease or
thermoregulatory dysfunction were excluded, and participants were instructed to abstain
from any medications that might interfere with thermoregulatory mechanisms for 48 h
prior to the experiment. One week before the formal experiment, all participants under-
went familiarization training to acquaint themselves with the experimental environment
and the protocol for completing subjective thermal comfort questionnaires. This study
protocol was approved by the local ethics committee, and all participants provided written
informed consent. Detailed demographic characteristics of the participants are summarized
in Table 2.

Table 2. Participant demographic characteristics.

Sex Age Height (m) Weight (kg) BMI (kg/m?)
Male (n = 16) 204 +£04 1.8 £0.0 653+ 1.7 214 +04
Female (n = 16) 20.7 £0.5 1.6 £0.0 542 +14 208 +£04
Total (n = 32) 20.6 £0.3 1.7+£0.0 598 £ 1.5 21.1+£03

2.1.2. Experimental Design

To construct and validate alliesthesia features, it was necessary to create a non-steady-
state environment with well-defined thermal perturbations. Accordingly, we adopted an
intermittent convective cooling protocol [2], actively controlling air conditioning on/off cy-
cles to simulate real-world dynamic exposure processes. Two batches of experiments were
conducted in July 2024 and July 2025. Apart from differences in subjective voting intervals
and total duration of individual experimental sessions (designed to obtain data at differ-
ent temporal resolutions to enhance model predictive performance), all data acquisition
methods and instrumentation were identical.

To evaluate model performance across a sufficiently diverse range of scenarios, cover-
age of diverse environmental parameter combinations was required. Therefore, as shown
in Table 3, we employed various air conditioning temperature—fan speed settings to con-
struct a dataset spanning different cooling intensities and airflow conditions. The first
batch of experiments used 23 °C with fan speed 0.84 m/s and 1.14 m/s, while the second
batch used 26 °C with fan speed 0.37 m/s, 0.51 m/s and 0.64. m/s This configuration
was designed to establish a broad coverage of indoor temperature and air velocity fields.
Sample information for each setting is presented in the table. It should be noted that
the term “intermittent” in this study specifically refers to the active control protocol of
“shutdown—operation-shutdown” applied to the air conditioning unit, as distinguished
from the automatic on/off cycling of the compressor itself. The experimental setup has
been shown in Figure 2. The specific layout of the experimental floor plan is shown
in Figure 2a.
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Table 3. Air conditioning mode settings.
Setting Mode Set Temperature Set Air Velocity Sample Size
Mode A 23°C 0.84 £ 0.01 m/s n=799
Mode B 23°C 1.14 £0.01 m/s n =816
Mode C 26 °C 0.37 £ 0.02m/s n = 896
Mode D 26 °C 0.51 £ 0.03m/s n =448
Mode E 26°C 0.64 £0.04 m/s n =431

window

Air conditioner

Note: The reported air velocity values are measured at the air conditioning outlet to characterize the intensity of
the cooling supply. The actual air velocities at the occupants’ locations (measured at heights 0.1 m, 0.6 m, and
1.1 m) were significantly lower due to jet decay (up to 0.84 m/s). It should be noted that in our experiment, the air
velocities significantly exceed the maximum limits suggested by studies [41] and international technical standards
(typically around 0.2 m/s) [42,43]. However, with the advancement of research, the understanding of the positive
effects of air movement has gradually deepened, leading to a progressive relaxation of rigid upper limits on
indoor air velocity in subsequent standards [44].

(a) Laboratory floor plan (b) Experimental site photograph

Figure 2. Experimental setup.

As shown in Figure 2b, to eliminate potential confounding effects of clothing insula-
tion variation and metabolic rate changes on thermal comfort evaluations, all participants
wore standardized clothing (short-sleeved shirts and shorts) and maintained a sedentary
posture. (According to specialized thermal manikin tests, the overall clothing insulation of
the participants in this experiment was 1.10 clo). A conventional split-type air conditioning
unit was used for environmental regulation. To precisely capture the microenvironmen-
tal parameters around each participant, sensor arrays were deployed vertically at each
subject’s position (at heights of 0.1 m, 0.6 m, and 1.1 m). Throughout the experiment,
participants were unaware of the air conditioning set temperature, and the control panel
was physically concealed to preclude any potential influence of air conditioning settings on
subjective feedback.

2.1.3. Data Acquisition

To enable interpretability and personalized analyses, high-resolution time-series data
were required to precisely capture the dynamic associations of the “stimulus—response”
paradigm and inter-individual differences. As shown in Figure 3, the first batch of experi-
ments set the experimental duration at 150 min, divided into three phases. The first phase
was the preparation phase (—30 to 0 min), intended to simulate the discomfort state in
summer indoor conditions without cooling intervention. The second phase was the air
conditioning activation phase (0 to 70 min), designed to simulate dynamic cold exposure fol-
lowing air conditioning engagement. The third phase was the air conditioning deactivation
phase (70 to 120 min), aimed at simulating the thermal response during the temperature
recovery process after equipment shutdown. Each participant completed 17 subjective
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questionnaires per experimental session. The second batch of experiments set the duration
at 90 min, divided into the preparation phase (—30 to 0 min) and the air conditioning
activation phase (0 to 60 min). Each participant completed 28 subjective questionnaires per
experimental session. Throughout all individual experimental sessions described above,
environmental and physiological parameters (skin temperature was measured at nine
body sites: forehead, chest, back, upper arm, forearm, hand, thigh, calf, ankle [45]) were
continuously recorded at 1 min intervals from the start to the end of the experiment.

Start Air conditioner ON Air conditioner OFF End
2
[9) =
% —30Imin 0 min 70 min 120 min
L T . SO RR— R ——— !
S : Environmental parameters 1 1 |
© 1
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Figure 3. Experimental procedure.

Subjective thermal responses were collected using a questionnaire method. Thermal
Comfort (OTC) was evaluated using a 6-point scale (—3: Very uncomfortable to +3: Very
comfortable). The details of the questionnaire are shown in Table 4. Since the participants
were non-native English speakers, the questionnaire was administered in Chinese. Given
that linguistic and cultural factors may affect how participants interpret subjective thermal
perception scales [46], the scale explanations followed a “semantic equivalence” principle.
During both the pilot study and the formal experimental training, the researchers provided
standardized instructions to minimize the influence of language-related interpretation
differences on the votes.

Table 4. Scales for subjective thermal response voting.

Scale -3 -2 -1 +1 +2 +3
overall thermal  Very uncom- Slightly un- Slightly Very
comfort (OTC) fortable Uncomfortable comfortable comfortable Comfortable comfortable

The specifications of the instruments used for environmental and physiological pa-
rameter acquisition, including measurement ranges and accuracies, are provided in Table 5.
Electronic software was used to collect subjective questionnaires, which included overall
thermal comfort (OTC). The questionnaire employed 7-point scales (—3 to +3).
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Table 5. Instrument specifications and accuracy.

Instrumentation Parameter Range Accuracy
WFWZY-1 air velocity data logger (Beijing Tianjian Huayi
Technology Development Co., Beijing, China) Va 0.05-30 m/s +0.05m/s
L95-2 temperature and humidity data logger (Hangzhou fa —10~+60 °C +03°C
Luge Technology Co., Hangzhou, China) RH 0~100% +5%
150 mm JTR04 globe thermometer (Beijing Century Jiantong o o
Technology Co., Beijing, China) f 5-120°C £057C
4-channel thermocouple logger (Onset Computer t —10~+100 °C 105°C

Corporation, Bourne, MA, USA)

For information on the air velocity data logger, see https:/ /www.hbzhan.com /st122
081/product.html; for the temperature data logger, see https://www.hzjly.com/; for the
globe thermometer, see http:/ /www.bjjttec.com; for the skin temperature data logger, see
https:/ /www.licor.com/categories/indoor-environment (accessed on 2 March 2026).

2.2. Multidimensional Feature Engineering & Alliesthesia Operator Construction

To capture the dynamic and nonlinear characteristics of thermal comfort percep-
tion, this study not only input raw measurement data into the model but also con-
structed a high-dimensional feature system incorporating temporal characteristics and
alliesthesia-guided operators. To ensure the physical interpretability and statistical
rigor of the time-series features, the data were strictly ordered prior to feature en-
gineering (Subject ID — Date — Time (min)), and independent experimental sessions
(Unique_Session_ID) were defined using changes in either the participant or the date
as session boundaries. All subsequent computations involving differences, rates, and
rolling statistics were strictly performed within the same session to prevent artificial dis-
continuities across experimental boundaries from being misinterpreted as genuine thermal
stimulus changes.

(1) Basic dynamic rate features

Existing research has demonstrated that not only the absolute values but also the rates
of change in environmental and physiological parameters may influence OTC [35,44,47].
Accordingly, temporal rates of change were computed for environmental parameters
(e.g., air temperature t,, relative humidity RH, air velocity v) and physiological parameters
(e.g., skin temperature Tsk) to capture the transient processes of environmental perturbation
and physiological response. For any parameter P, the rate feature is defined as:

P(t) — P(t — At)
At

Ratep(t) =

where At denotes the sampling time interval. To prevent data discontinuities at experimen-
tal boundaries, rate calculations were strictly confined within the same session. A total of
26 rate features, encompassing both environmental and physiological parameters, were
constructed in this study.

(2) The calculation of SET*

This study uses the new Standard Effective Temperature (SET*) as a comprehensive
thermal environment index, which provides an integrated approach to thermal environ-
ment assessment. It was computed using the “ASHRAE SET* Calculation” tool [48] (origi-
nal implementation by K. Kobayashi, Version Up 15 September 2000; further Version Up by
T. Sato, 18 December 2002). This tool implements the ASHRAE formulation of SET* based
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on the standard two-node thermoregulation framework. The inputs for SET* included air
temperature, mean radiant temperature, air velocity, relative humidity, barometric pressure,
weight, body surface area, clothing insulation, metabolic rate, external work.

(3) Alliesthesia-informed operators

To overcome the limitations of purely data-driven models, this study introduced the
AIML paradigm, constructing the following explicit operators based on alliesthesia theory
to inject physiological mechanisms into the feature space.

Dynamic Set point (fs.):

The dynamic set point (¢s.) used in this study is not a direct value of the “expected
comfort temperature” in Fanger’s steady-state heat-balance framework. Because the inter-
mittent convective cooling produced by split air conditioners investigated here represents
a typical non-steady-state exposure, thermal comfort evaluations often exhibit pronounced
time dependence and state dependence, which requires accounting for the drift of a “psy-
chological reference temperature” driven by thermal history and subjective experience.

In physiology, a “set point” is not necessarily constant. Cabanac [49] proposed the
concept of an adjustable set point, emphasizing that the reference value of a regulated
system can change dynamically in response to internal and external information, and
that an error signal can drive corrective responses. Moreover, the central proposition of
alliesthesia is that the pleasant/unpleasant valence elicited by the same stimulus depends
on the individual’s internal state and on whether the stimulus helps correct a deviation
(i.e., an error), rather than on the absolute magnitude of the stimulus itself [14]. In the
thermal comfort domain, Parkinson and de Dear further operationalized this idea into
a physiological framework of thermal pleasure, highlighting that whether a stimulus
reduces or exacerbates the load error determines its hedonic appraisal, and discussing
interpretative pathways related to set-point control. Based on this theoretical foundation,
we interpret (t5¢) as a time-varying psychological reference temperature: it integrates
thermal history and subjective feedback, representing an internal reference for “what
should feel comfortable at the current moment” under dynamic exposure, rather than a
static, one-off neutral temperature.

To translate this mechanism into computable features, we update (ts.;) within each
experimental session using a recursive estimator, i.e.,

Feriy = bseri-1) + - (bofi) = bseri-1) ) = B- OTC(s_1)

where {, is the operative temperature and OTC is the subjective thermal feedback at the
previous time step. This feature quantifies the dynamic evolution of the body’s “internal
reference” with thermal history. The « and  in the formula are unknown hyperparameters.
The calibration was optimized via a grid search within a predefined parameter space. The
search range for « was set to ([0.01, 0.05, 0.1, 0.2, 0.3]), and the search range for  was set to
([0.0,0.05,0.1, 0.2, 0.3, 0.4]). Based on the automated tuning on the calibration dataset, the
final optimal parameters were determined as (« = 0.05) and = 0.1.

Sensitivity analysis indicates that with a relatively small « (0.05), ts; can smoothly
capture the long-term trend of the thermal environment while filtering out short-term fluc-
tuations; with g = 0.1, subjective feedback provides a moderate correction to the reference
value. Feature-importance analysis further confirms that the derived features generated
under this parameter combination (e.g., Load Error) make a substantial contribution to the
machine-learning model (ranking among the top ten), supporting the robustness of this
calibration setting in capturing alliesthesia-related characteristics. To avoid data leakage,
the hyperparameters & and j of the dynamic set-point t; are calibrated in a nested manner.
Under an outer subject-level split, the training and testing participants are first determined.
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The grid search for («, ) is then performed and fixed only on the training-participant set,
while no test-participant data are involved in any parameter selection. Subsequently, the
fixed («, B) are used to compute t,.; and its derived features for both the training and test
samples, and model training and testing are completed under the same outer split.

To avoid the arbitrariness of subjective assignment, this study designed a grid search
strategy based on objective ground-truth calibration to identify the optimal parameter
combination. Calibration set construction: 70% of participant data were randomly sampled
as the calibration set, with the remaining 30% reserved for subsequent model training
and testing. According to the fundamental theory of alliesthesia, when a participant feels
thermally indifferent (I OTC| < 0.25), their psychological setpoint fs; should coincide
with the current environmental temperature SET*. Therefore, the optimization objective
function was defined as minimizing the mean squared error (MSE) at neutral moments.

Load Error (€):

The load error describes the deviation between the body’s setpoint and the actual
environmental state [21], which is the prerequisite for alliesthesia to occur. It is operationally
defined here as the discrepancy between the objective environmental index (Standard
Effective Temperature SET™*) and the f:

e(t) = SET*(t) — teer (t)

Abs Load Error (|e|) represents its absolute value.

Maximum skin temperature difference (t; Max Dif f):

The temperature difference between the hottest and coldest body segments was calculated
to capture the risk of overall discomfort arising from local thermal non-uniformity [50,51]:

tse Max Diff(t) = ml,ax(tsk,i(t)) - ml.in(tsk,i(t))

Difference between indoor air temperature and mean skin temperature (Dif fs,):

Our previous research demonstrated a significant correlation between the difference
in indoor air temperature and mean skin temperature with subjective responses [52].
Therefore, this temperature difference feature was constructed to characterize the intensity
of heat exchange between the human body and the environment:

Diffsq = tsy — ta

where {, is the mean air temperature.

Physiological-Psychological Gap (Physio — Psycho Gap):

From an alliesthesia perspective, the hedonic appraisal of thermal comfort depends on
whether a stimulus helps correct the deviation between the internal state and its reference;
therefore, relying solely on environmental parameters or absolute skin temperature may
fail to capture the individual’s relative departure from the momentary reference. To address
this, we define the Physio — Psycho Gap as:

Physio — Psycho Gap = ESk(i) — tset(i)

This feature directly quantifies the degree of misalignment between objective physio-
logical measurements (mean skin temperature) and the subjective psychological reference
(tset), serving as a critical basis for the model to determine “physiological dissatisfaction,”
where £ ;) represents the instantaneous physiological thermal state (mean skin temper-
ature) at time i, and f,,(;) denotes the time-varying psychological reference temperature
(dynamic set-point). When Physio — Psycho Gap > 0, the physiological state is “warmer
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than” the psychological reference; when Physio — Psycho Gap < 0, the physiological state is
“cooler than” the psychological reference. This difference provides an interpretable quan-
tification of the mismatch between “reality (physio)” and “expectation/reference (psycho),”
supplying mechanistic information that helps the model identify comfort dynamics under
transient exposure.

The names of the above parameters, together with their symbols and units, are pro-
vided in Appendix A.

2.3. Model Construction, Training, and Optimization
2.3.1. Model Ensemble Design

To comprehensively explore the suitability of different algorithms for thermal comfort
prediction, this study assembled a model library encompassing 13 classical and state-of-the-
art machine learning algorithms, including: (1) gradient boosting methods: XGBoost [53],
LightGBM [54], CatBoost [55], HistGBDT [56]; (2) ensemble learning methods: RF [57],
Extra Trees [58], Stacking Ensemble [59]; (3) kernel-based algorithms: SVM [60], KNN [61];
(4) linear model family: Ridge [62], Lasso [63], ElasticNet [64]; and (5) baseline model:
DT [57]. For each model My, training was performed on the training set Dy, and
robustness was evaluated through 5-fold cross-validation. Model performance was assessed
using three metrics: coefficient of determination (R?), root mean square error (RMSE), and
mean absolute error (MAE).

2.3.2. Bayesian Hyperparameter Optimization

To enhance model generalizability, a Bayesian optimization framework based on
the Tree-structured Parzen Estimator (TPE) was employed, with the objective of max-
imizing the mean R? from 5-fold cross-validation. The search was conducted within
predefined ranges for the learning rate [0.001, 0.1] and L2 regularization coefficient
[0.0001, 10.0]. After 100 iterations, the optimizer identified a hyperparameter configuration
with superior robustness.

2.3.3. Subject-Level Cross-Validation Strategy

To ensure the model can effectively generalize to unseen participants, this study
adopted a subject-level 5-fold grouped cross-validation strategy. To simulate a realistic
deployment scenario—i.e., prediction for unseen participants—we first perform an outer
subject-level train/test split. Using Subject ID as the grouping variable, we apply Group-
ShuffleSplit to randomly partition participants into training and testing subject sets (test
size = 30%, with a fixed random seed). We then explicitly verify that the training and
test subject sets are completely disjoint by checking their set intersection; if any overlap
is detected, the pipeline is terminated to prevent performance overestimation caused by
subject-level information leakage. This strategy uses participant ID as the grouping cri-
terion, dividing the 22 training participants into 5 groups. In each fold, 4 groups were
used for training and the remaining group for validation, ensuring that all data from
a single participant were not split across different folds. This approach prevents data
leakage and overestimation of generalization capability that would result from the same
participant’s data appearing simultaneously in both training and validation sets, enabling
cross-validation results to genuinely reflect the model’s predictive performance on new
participants. On this basis, Bayesian optimization targeted the mean R? from 5-fold cross-
validation to improve the cross-population stability of model hyperparameters.
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2.4. Model Interpretability Analysis

The Shapley Additive exPlanations (SHAP) method was employed for model interpre-
tation. For a predicted value f(x), its additive decomposition is expressed as:

4
f(x) :¢O+Z;¢j
]:

where ¢ = E[f(X)] is the baseline value and ¢; is the SHAP value of feature j, satisfying
the four axioms of Shapley values (efficiency, symmetry, dummy, and additivity).
For tree-based models, the TreeExplainer fast algorithm was employed:

[S['(p—[S[-1)!

b= ~[fsugiy (Xsugjy) — fs(xs)]

SCAV} P

where F is the feature set and S is a feature subset.
The global feature importance is defined as the mean of the absolute SHAP values:

Ly (0)
I]’: ;;'Cb]l'

The stability of feature importance was assessed through bootstrap resampling
(B =50 iterations):
oV, 1)

cv;

where CV is the coefficient of variation, and ¢ and y denote the standard deviation and
mean, respectively.

2.5. Secondary Model Optimization: Personalized Calibration Strategy

Considering that individuals differ in thermal comfort perception [15], an adaptive
transfer learning approach was employed to personalize the general model for individual
thermal comfort perception differences. The calibration first dynamically samples a small
proportion of data according to the user’s data volume (with an upper limit of 8 samples).
During calibration, user samples are combined with the general training set, and their
weights are adaptively adjusted based on the model’s prediction error on the user’s samples:
larger errors receive higher weights to reinforce learning, while smaller errors receive lower
weights to prevent overfitting. Through this strategy, the system can generate a dedicated
model for users with substantial adaptive bias, while remaining users continue to use the
general model, thereby achieving personalized adaptation.

3. Results

3.1. Baseline Model Comparison and Bayesian Optimization
3.1.1. Algorithm Performance Hierarchy and Nonlinearity Verification

To determine the optimal algorithmic architecture for OTC prediction, this study
trained and compared 13 representative machine learning models. Model training
strictly followed a subject-stratified split (22 training participants, 10 testing participants;
2378 training samples, 1012 testing samples), ensuring the model generalizes to completely
unseen individuals to simulate real-world deployment scenarios. Overall, HistGB achieved
the highest comprehensive performance.

As shown in Figure 4, gradient boosting algorithms exhibited a clear advantage over
other methods. This substantial performance gap underscores the nonlinear nature of
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thermal comfort perception, rather than a simple mapping. Linear models failed to capture
interaction effects, resulting in systematic underfitting (average R? deficit exceeding 30%
compared to HistGB). This confirms the necessity of deploying nonlinear machine learning
architectures for hedonic response modeling.
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Figure 4. Comprehensive performance comparison of 13 machine learning algorithms.

As shown in Figure 5, the top 5 algorithms exhibited comparable comprehensive
performance. HistGB achieved the highest comprehensive performance on the test set
(R? = 0.70, RMSE = 0.73, MAE = 0.54), marginally outperforming XGBoost and Stacking En-
semble. These three algorithms converged within a narrow performance band (AR? < 0.01),
indicating that they have collectively approached the ceiling of extractable information
from the current feature space.

To further verify that the superiority of the HistGB model is not attributable to random
error from a single data split, we conducted Bonferroni-corrected paired t-tests based on
10-fold cross-validation (CV) results (Figure 6). Statistical results demonstrated that HistGB
significantly outperformed Stacking Ensemble in cross-validation (p < 0.001, Cohen’s
d =1.02), confirming that under homogeneous base models, the complex ensemble strategy
did not yield positive returns. It should be noted that although XGBoost demonstrated an
advantage over HistGB in cross-validation (p < 0.05, t = —2.78), their R? values on the test
set were virtually indistinguishable.
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Figure 5. Radar chart of top 5 models showing multi-criteria trade-offs.
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Figure 6. Regression scatter plot—predicted vs. actual OTC (Bayesian-optimized HistGB).

Considering the practical requirements of engineering deployment, this study ulti-
mately selected HistGB as the benchmark model for subsequent analysis and optimization
for the following reasons: (1) HistGB achieved the highest R? on the test set; (2) HistGB’s
histogram-based algorithmic characteristics make its training speed significantly faster
than XGBoost’s exact splitting approach on large-scale data (training time reduced by
approximately 21% in this experiment); (3) native categorical support: HistGB can natively
handle categorical features (e.g., sex) without requiring one-hot encoding, reducing the risk

of feature space sparsity.

In summary, HistGB achieved the optimal balance among accuracy, efficiency, and
deployment convenience, and was therefore selected as the base model for subsequent

Bayesian optimization and SHAP analysis.
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3.1.2. Bayesian Hyperparameter Optimization and Robustness Enhancement

To investigate whether the default HistGB configuration was trapped in a local
optimum and to further exploit the model’s generalization potential, we deployed a
Bayesian optimization framework based on the Tree-structured Parzen Estimator (TPE).
The results demonstrated that Bayesian optimization achieved the objective of improving
model generalizability.

As shown in Table 6, Bayesian optimization adjusted the model hyperparameters as
follows: the dramatic increase in the L2 regularization coefficient indicates that the model
actively suppressed noise through a strong penalization mechanism to prevent overfitting;
meanwhile, the increased tree depth coupled with constrained leaf node count enabled the
model to capture deep nonlinear feature interactions while avoiding structural redundancy;
the reduction in learning rate combined with the streamlined iteration count achieved a
finer gradient descent step size and more efficient convergence, collectively enhancing the
noise resistance and generalization performance of HistGB.

Table 6. Hyperparameter configuration: default vs. optimized (HistGB).

Hyperparameter Default Value Optimized Value Change
max_iter 1000 527 —47.30%
learning_rate 0.05 0.02 —60%
max_depth 8 14 +75%
12_regularization 0.1 3.98 +3880%
max_leaf_nodes 31 31 0
min_samples_leaf 20 22 +10.0%

Applying the optimized configuration to the independent test set yielded genuine
improvements in real-world scenario performance (Table 7). Compared to the default
model’s test set performance (R? = 0.70), the optimized model achieved a +1.43% gen-
uine improvement, accompanied by a decrease in MAE. The subject-level GroupKFold
cross-validation R? increased substantially from 0.30 to 0.57 (a 90% relative improvement).
This improvement indicates that the optimized model’s predictive performance for new
participants not present in the training set was substantially enhanced, demonstrating
robust cross-population generalizability. The scatter plot of the optimized model’s fit is
presented in Figure 7.

Table 7. Model performance: default vs. Bayesian-optimized (HistGB).

Metric Default Model Optimized Model Relative Improvement
Test set R 0.70 0.71 +1.43%
Cross-validation R? (Mean) 0.30 0.57 +90%
Test set RMSE 0.73 0.73 0
Test set MAE 0.54 0.53 —-1.9%

In summary, Bayesian optimization achieved its predefined objectives, primarily
manifested in improved model generalizability. The following section will employ SHAP
to conduct model interpretation.
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Figure 7. Feature importance ranking based on SHAP values.

3.2. SHAP-Based Model Interpretation

To transcend the typical “black-box” criticism directed at ensemble methods, we
employed Shapley Additive exPlanations (SHAP) to perform game-theoretic attribution of
the HistGB model’s decision logic. This analysis served a dual purpose: (1) to validate the
effectiveness of the alliesthesia-guided features, and (2) to identify candidate measurement
features for field deployment.

3.2.1. Global Feature Importance: Dominance of Time and Alliesthesia Operators

Figure 8 presents the global feature importance ranking based on mean absolute SHAP
values. In contrast to the common findings in traditional studies where environmental pa-
rameters dominate, the results revealed a feature hierarchy centered on temporal dynamics
and alliesthesia operators. This finding demonstrates the explanatory power of alliesthesia
theory under non-steady-state conditions.

Table 8 lists the specific SHAP values for the top 10 features. Exposure time emerged
as the most dominant predictor with an overwhelming margin (Time (min), SHAP = 0.64).
This reveals the strong dynamic nature of the experimental scenario: participants” OTC
drifts over time as environmental parameters continuously change. The SHAP distribution
shows that as time progresses, the predicted comfort undergoes significant deflection due
to adaptation effects, even when environmental parameters remain unchanged.
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Feature Clustering Based on SHAP Importance
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Figure 8. Clustering analysis of input features. The red and yellow lines distinguish different
branches/clusters in the hierarchical dendrogram; the colors themselves do not represent additional

physical meaning, while the branch height reflects the relative similarity among features.

Table 8. SHAP value ranking of the top 10 most important features.

Rank Feature Mean Absolute SHAP Value Feature Category
1 Time (min) 0.636 Temporal dynamics
2 Dynamic Setpoint (¢s.¢) 0.208 Alliesthesia operator
3 Physiological-Psychological Gap 0.112 Alliesthesia operator

(Physio — Psycho Gap) ’ p

4 BMI 0.098 Individual characteristics
5 Body surface area 0.090 Individual characteristics
6 tsk-ankle 0.066 Physiological state
7 Relative Humidity-0.1 m 0.058 Environmental feature
8 Weight 0.056 Individual characteristics
9 Abs Load Error (|€]) 0.051 Individual characteristics
10 Height 0.049 Individual characteristics

Equally critical is the finding that the alliesthesia operators constructed in this study

also ranked highly, with their importance far exceeding that of raw physical measurements.
The dynamic setpoint (ts.r, SHAP = 0.21) ranked second, indicating that the model relies
strongly on participants’ continuously shifting psychological references as predictive cues.
The Physiological-Psychological Gap (Physio — Psycho Gap, SHAP = 0.11) ranked third;
the success of this interaction feature suggests that the mechanism underlying thermal

comfort may involve a dynamic interplay between physiological reality and psychological

expectations, rather than mere environmental stimulation.

Body mass index (BMI, SHAP = 0.10) and body surface area (Ap,, SHAP = 0.09) ranked
4th and 5th, respectively. This indicates that the model captured the physical principles

of individual thermal inertia: individuals with higher BMI, owing to the insulating effect
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of the fat layer and greater metabolic heat production potential, exhibit distinct comfort
trajectories compared to those with lower BMI under identical dynamic processes.

In contrast, conventional environmental parameters such as relative humidity (Relative
Humidity-0.1 m) ranked only 7th, while SET* did not enter the top ten. This result does
not negate the role of environmental parameters but rather indicates that in highly dynamic
scenarios with pronounced individual differences, the raw environmental signals may have
already been subsumed within the temporal and alliesthesia features.

3.2.2. Global Feature Atlas: From Environmental Determinism to Temporal Dynamics

The hierarchical clustering analysis of features in Figure 8 revealed the intrinsic corre-
lational structure of input features. In contrast to the conventional simplistic dichotomy
between environment and human body, the clustering results of this study exhibited a
pronounced “dynamic—static” separation:

(1) Dynamic adaptation master cluster: This cluster formed the most prominent
branch in the dendrogram, containing only Time (min) as a single feature. It holds a
dominant position in SHAP contribution, characterizing the temporality of dynamic ther-
mal perception. (2) Alliesthesia feature cluster: Primarily composed of Dynamic Setpoint,
Physio — Psycho Gap, and related features, these features undergo continuous evolution
with each time step during the experiment, functioning as “state variables” within the
model, responsible for tracking mechanistic changes in thermal comfort. (3) Environmental
and physiological state background cluster: Primarily comprising physical parameters such
as t, and Rate_SET”, these raw physical quantities were relegated to lower-level branches,
indicating that under the AIML framework, environmental stimuli have been internal-
ized through temporal and alliesthesia operators, with raw environmental parameters
degrading to background boundary conditions.

The above analysis demonstrates that the HistGB model did not simply memorize
subject-specific patterns; instead, it exhibits an attribution structure consistent with the
Process—-Property—Context interpretation, which provides a structural foundation for gener-
alization across different individuals and environments.

The SHAP value distributions (Figure 9) revealed the directional contribution char-
acteristics of different features. Time (min) exhibited a broad SHAP value distribution
(approximately —2.0 to +1.0), with high frequency near zero and substantial distributions
in both negative and positive regions, with the signed mean approaching zero (0.028).
Combined with the heatmap (Figure 10) and the experimental design, it can be inferred
that negative SHAP samples may correspond to early exposure phases or unfavorable
environmental conditions, while positive SHAP samples correspond to later adaptation
phases or favorable conditions. Dynamic Setpoint, BMI, and Body surface area exhib-
ited symmetric distributions (means near zero), consistent with bidirectional modulation
mechanisms: for example, Dynamic Setpoint produces positive or negative SHAP values
when environmental temperature is above or below the individual setpoint, respectively.
Physiological-Psychological Gap exhibited a right-skewed distribution (mean = 0.008),
suggesting that this feature primarily produces positive contributions. Tg-ankle had a
slightly negative mean (—0.008), suggesting that warm peripheral temperatures tend to
produce negative SHAP values (reducing OTC predictions).
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SHAP Value Distributions for Top 6 Features
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Figure 9. SHAP value distributions for the top 6 features Histograms display signed SHAP values
(n = 1012 test samples). Red dashed lines indicate the mean, reflecting directional bias rather than
importance magnitude. Features exhibit three distribution patterns: (1) bimodal symmetric (Time),
(2) unimodal symmetric (Dynamic Setpoint, BMI, Body surface area), and (3) asymmetric skewed
(Physiological-Psychological Gap, tgc-ankle).

3.2.3. Attribution Analysis of Prediction Results

Although global feature importance reveals the dominant factors influencing thermal
comfort, it cannot demonstrate how features synergistically operate in specific contexts.
This section further employs a multi-granularity SHAP visualization analysis framework
aimed at revealing: in dynamic thermal environments, how various features influence
participants’ final thermal comfort evaluations through complex nonlinear interactions,
thereby producing differentiated hedonic experiences.

Figure 10a illustrates the model’s stepwise decision process from the baseline value to
the final prediction. All samples depart from a common baseline value (approximately 0.5)
at the bottom, and as feature contributions are progressively accumulated from bottom to
top, the curves gradually diverge and ultimately reach their respective predicted values at
the top. The individual characteristics at the bottom (Weight, Height, and BMI) primarily
provide fine-tuning adjustments to path divergence. Subsequently, ts -ankle, Body surface
area, and Relative Humidity-0.1 m continue to produce moderate adjustments to the pre-
diction paths. Finally, the alliesthesia operators and time produce substantial adjustments
to the prediction paths.
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Figure 10. Global and local attribution analysis of prediction results (a) SHAP decision paths for
50 samples across the top 10 features. Curves originate from the baseline value at the bottom and
progressively accumulate feature contributions layer by layer, ultimately reaching the predicted value
at the top. Color gradients reflect the magnitude of the final predicted value (blue = low comfort,
red = high comfort). (b) SHAP heatmap displaying feature contributions to thermal comfort prediction
(20 samples). Colors represent SHAP values (red: positive impact, blue: negative impact). Features are
ordered by hierarchical clustering of contribution patterns. The top curve shows predicted values f(x),
and the right panel displays mean absolute SHAP values. (c) The baseline value (E[f(X)]) at the bottom
of the figure represents the model’s average prediction on the test set, while f(x) at the top represents
the model’s prediction for a specific sample, with curves indicating the increments/decrements
attributable to features. Each bar shows how a feature pushes (red) or pulls (blue) the predicted
value. Feature values are displayed on the left, and bar length represents SHAP contribution. (d) Red
arrows indicate features that increase the prediction, and blue arrows indicate features that decrease
the prediction. Arrow width represents contribution magnitude.
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Figure 10b shows how individual features affect OTC. The blue-to-red gradient in
the Time (min) row reveals the bidirectional modulation characteristic of the time effect: it
produces negative SHAP values (reducing OTC prediction) in low f(x) samples (left side),
and positive SHAP values (increasing OTC prediction) in high f(x) samples (right side),
indicating that the influence of time on thermal comfort depends on initial environmental
conditions, which is consistent with the findings of Parkinson & de Dear [26].

Figure 10c presents SHAP waterfall plots for three representative samples spanning
the comfort spectrum, elucidating how feature interactions combine to produce individual
predictions. For the sample with f(x) = —1.64: Time (min) = 0, resulting in an OTC decrease
of 1.05; tg-ankle = 35.5, OTC decrease of 0.33; Dynamic Setpoint = 28.25, OTC decrease
of 0.25; Physiological-Psychological Gap = 7.40, OTC decrease of 0.15; Air Temperature at
0.6 m = 32.8, OTC decrease of 0.1; tg-chest = 36.5, OTC decrease of 0.09; Height = 1.76, OTC
decrease of 0.06; Mean Radiant Temperature = 33.75, OTC increase of 0.06; Rate Average
Air Temperature = 0, OTC decrease of 0.06.

Figure 10d demonstrates how the positive and negative effects of features counterbal-
ance each other to form the final OTC prediction. For the sample with f(x) = —1.66, the
combined force of positive-effect features including Time (min), tg-ankle, Dynamic Set-
point, Physiological-Psychological Gap, and Air Temperature 0.6 m tg.-chest far exceeded
that of the negative-effect features, driving the prediction from 0 toward —1.66.

In summary, thermal comfort is the result of the combined action of multiple features.
When the positive and negative effects of features on thermal comfort are approximately
equal in magnitude, participants tend to feel indifferent. When the positive effect intensity
exceeds the negative, a positive hedonic effect is produced, and vice versa.

3.2.4. Feature Stability Under Bootstrap Resampling

To evaluate the statistical robustness of the feature importance ranking, we performed
100 iterations of bootstrap resampling (sampling with replacement from the test set),
recalculated SHAP values for each synthetic dataset, and computed the coefficient of
variation (CV = o/) of the mean SHAP magnitude for each feature.

The results showed that despite Time and ts,; having the largest contributions, some
features exhibited extremely high stability (low CV). The maximum local skin temperature
difference (Atgkmax, CV = 0.0115) ranked relatively low in feature importance but demon-
strated the highest stability among all features, indicating that this feature represents an
extremely stable influencing factor across all populations. Mean skin temperature (Mean
tsk, CV = 0.0135), as a typical representative of physiological state, ranked second in feature
stability. The stability of the alliesthesia operator Abs Load Error was also relatively high,
ranking 7th. Notably, Time (min) simultaneously possessed the highest feature impor-
tance and relatively high stability (ranking 3rd), making it the most reliable predictor in
the model.

In summary, the SHAP analysis not only explained how the model predicts but, more
importantly, validated the effectiveness of the AIML features proposed in this study: by
explicitly constructing features aligned with alliesthesia theory, we enabled the machine
learning model to capture the thermal comfort cognitive mechanisms hidden beneath
environmental parameters.

3.3. Few-Shot Selective Weighting Personalized Calibration

Although the Bayesian-optimized general model achieved good overall performance
on unseen participants (test-set R?> = 0.71), under dynamic thermal exposure, comfort
evaluations may still exhibit substantial inter-individual shifts due to differences in ther-
mal history, psychological expectations, and personal preferences. To further enhance
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adaptability to a small subset of “idiosyncratic individuals” and/or extreme operating
regions without markedly increasing computational cost, this study proposes and vali-
dates a few-shot selective-weighting personalized calibration strategy (FS-SWC), which
is intended to emulate the gradual “human-system co-adaptation” process in intelligent
building applications.

3.3.1. Prediction Consistency and Error Structure

Figure 11 presents the prediction results under the personalized strategy. Overall,
the predicted OTC values follow the ground-truth trend: in the highest-density regions,
the point cloud closely aligns with the y = x line, indicating that the model robustly
captures the dominant trajectory of OTC variations with time and state for the majority of
samples. Importantly, the apparent scatter in the figure does not imply a global mismatch;
rather, it is primarily driven by error amplification in specific regions, as reflected by the
following patterns:

More stable performance near neutral and mildly deviant regions. When the true
OTC lies near neutral or within a mild deviation range (e.g., —1 to +1), points cluster more
tightly with smaller deviations from the diagonal. These regions typically have higher
sample density, enabling the model to learn the mapping more sufficiently and thus yield
more stable predictions.

Larger errors in extreme regions with a conservative “regression-to-the-mean” ten-
dency. When OTC falls into extreme discomfort or extreme comfort regions (e.g., <—2 or
>+2), dispersion increases and some samples show larger deviations. This can be attributed
to two main factors: extreme votes are relatively sparse, limiting the information available
for learning in these regions; and the endpoints of a 6-point subjective scale are more
susceptible to inter-individual differences and transient psychological factors, leading to
higher subjective noise.

High-density samples remain close to the fit line. Even though a small number of
outliers exist, the dense clusters still concentrate along the diagonal, suggesting that errors
are mainly localized to specific regions and/or specific individuals rather than indicating
overall model failure. This observation also provides the empirical basis for a selectively
triggered personalization mechanism.

Personalized Strategy Result
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3 4 Personalized Test
== Perfect Fit

Predicted OTC
o
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ied sk
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Figure 11. Personalized model fitting performance.
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3.3.2. Selective Triggering and Few-Shot Calibration

FS-SWC does not aim to retrain the model comprehensively for every participant.
Instead, it adopts an on-demand triggering mechanism: only when the system detects a
substantial prediction deviation for a new user does it perform rapid calibration using a
very small amount of feedback data. Specifically, during calibration, a small subset of user
samples is dynamically selected (up to 8 samples) and combined with the general training
set. Sample weights are adaptively adjusted according to the model’s prediction error on
the user samples: larger errors receive higher weights to reinforce learning, while smaller
errors receive lower weights to mitigate overfitting. This design enables fast individual
adaptation with minimal interaction cost, concentrating computation on the long-tail users
who truly require correction.

The results demonstrate the engineering advantages of this strategy:

(1) Low trigger rate and validation of the general model’s generalizability. Among 10 test
participants, only 1 participant (10%) triggered the personalized update mechanism,
whereas the remaining 90% could directly use the general model with satisfactory
performance. This low trigger rate indicates that the temporal features and alliesthesia-
informed features constructed in this study are highly transferable across individuals,
and the general model already covers the dynamic comfort patterns of most users.

(2) A balance between targeted correction and global robustness. Because calibration
is applied only to a small number of samples, the overall performance metrics are
not artificially inflated. Nevertheless, meaningful improvements are achieved in the
regions requiring correction: after personalization, the overall RMSE decreased from
0.73 to approximately 0.72, with a slight reduction in MAE, and no clear signs of
overfitting were observed. This suggests that FS-SWC achieves a more appropriate
balance between “local improvement” and “global stability.”

(3) Long-tail correction in extreme regions. The main value of FS-SWC lies in correcting
idiosyncratic preferences and errors in extreme OTC regions. The general model tends
to exhibit a conservative regression-to-the-mean behavior in extremes, whereas the
personalized strategy can leverage a few feedback samples to selectively adjust the
model toward the user’s preference, thereby improving fit quality and user experience
in these extreme regions.

Taken together, FS-SWC is not designed to uniformly boost an average metric for all
users; rather, it provides a low-cost, on-demand deployment paradigm: the vast majority
of users are served by the general model (=90%), while edge-device few-shot calibration is
triggered only when a small fraction of long-tail users or specific operating regions exhibit
substantial deviations (=10%). This paradigm offers a practical trade-off between computa-
tional efficiency and occupant experience, providing an engineering-feasible pathway for
future HVAC systems toward “human-system co-adaptive” control strategies.

4. Discussion
4.1. Nonlinearity of Thermal Perception and Compatibility of Gradient Boosting Algorithms

The Stacking Ensemble did not outperform a single model. This likely reflects redun-
dancy in its composition: the three base learners (HistGB, LightGBM, RandomForest) all
follow a tree-splitting paradigm and thus learn similar decision boundaries on the same
data, while the meta-learner (final estimator) fails to add complementary information and
instead introduces noise.

Across models, tree-based gradient boosting methods (e.g., HistGB, XGBoost) consis-
tently outperformed linear regressions (Linear, Lasso), highlighting the nonlinear nature
of thermal comfort. Alliesthesia theory describes comfort as state-dependent and non-
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monotonic [26]: when the thermal load error is positive (Load Error > 0), a cold stimulus
can be pleasant, whereas when it is negative (Load Error < 0), the same stimulus can be
unpleasant. Such sign-reversal behavior cannot be captured by a single linear coefficient,
but gradient boosting can represent it by partitioning the feature space into physiologi-
cal regimes, consistent with the alliesthesia principle that stimulus valence depends on
internal state.

Although stacking is often reported to improve accuracy [65], it still did not surpass
the single HistGB model here. This suggests that after physics-informed feature engineer-
ing, different tree models (e.g., XGBoost, LightGBM) produce highly homogeneous error
patterns, leaving the meta-learner little independent signal to exploit. Practically, a single
strong learner tuned via Bayesian optimization may therefore be more economical than
deploying a costly ensemble.

4.2. Model Performance

The prediction target of this study is dynamic overall thermal comfort (OTC). The
difficulty lies not only in the time-varying nature of thermal stimuli, but also in the inherent
discreteness and noise of subjective comfort votes. Therefore, model performance should
not be judged as “reliable/unreliable” solely by a single R? value; instead, it should be
interpreted comprehensively in light of the rigor of the evaluation protocol, the error scale,
and the error structure.

To avoid information leakage introduced by conventional random splitting, we
adopted a subject-level split validation strategy: all samples from the same participant are
never simultaneously included in the training and test/validation sets. This strategy effec-
tively prevents inflated performance caused by the model “memorizing” subject-specific
characteristics, making the evaluation closer to real deployment scenarios (i.e., the model
must generalize to previously unseen users). Under this more challenging and more re-
alistic setting, R? is typically noticeably lower than that obtained with random splitting.
Hence, a “not-so-high” R? does not necessarily indicate an unreliable model; rather, it may
reflect a stricter evaluation and more trustworthy results.

In addition to R?, we report error-scale metrics such as RMSE and MAE. On the 6-point
scale (—3 to +3), an MAE of approximately 0.5 scale units means that the average prediction
error is within about “half a scale step.” Given the unavoidable inter-individual variability
and test-retest uncertainty in subjective ratings, this error magnitude is practically mean-
ingful. In other words, even if the scatter plot appears somewhat dispersed, the model can
still provide predictions with usable accuracy on the rating scale.

It should also be emphasized that our prediction target is overall thermal comfort,
rather than the more commonly modeled thermal sensation. These two constructs differ
in both theoretical meaning and predictability [66]. Thermal sensation mainly reflects
perceived cold-hot intensity [12,15], whereas thermal comfort involves stronger subjective
satisfaction and hedonic appraisal [12,19]. Its formation is influenced not only by instanta-
neous thermal stimuli but also by thermal history, psychological expectations, individual
preferences, and adaptation processes, exhibiting more pronounced nonlinearity and state
dependence. Therefore, under comparable data quality and evaluation settings, thermal
comfort is typically less predictable than thermal sensation. As noted in our Introduction,
many studies reporting higher predictive performance focus on thermal sensation as the
target variable. In contrast, we intentionally adopt a more complex target (OTC) together
with a stricter subject-level validation constraint, to strengthen the model’s generalization
capability and credibility for real-world deployment to unseen users.
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4.3. Feature Interpretability Analysis

The application of machine learning in the built environment is frequently criticized
for lacking interpretability. This study, through SHAP value analysis, explained the model’s
decision logic and validated the importance of alliesthesia theory in dynamic environments.

4.3.1. Dominance of the Temporal Dimension

SHAP analysis revealed that Time (min) is the foremost factor influencing OTC predic-
tion (Mean |SHAP | = 0.636), with its importance surpassing even that of all environmental
features. This result is consistent with physiological interpretations such as receptor
adaptation [67] and temporal alliesthesia [21]. Using equipment to rapidly improve a
discomfortable environment within a short period, such as activating air conditioning
for cooling in a hot and stuffy environment, can trigger a brief yet intense hedonic effect,
causing thermal comfort to increase rapidly [23]. Under sustained cold exposure, the
discharge frequency of cutaneous cold receptors decays exponentially over time due to
ion channel desensitization, causing the neural input signal serving as corrective utility to
gradually diminish. Simultaneously, as the thermal load error decreases, the hedonic effect
progressively fades. Throughout this entire dynamic process, a person’s environmental
evaluation is determined not solely by the absolute values of environmental parameters
but is also modulated by the duration of cooling [51]. However, Time may also implicitly
encode broader stage/protocol information (e.g., adaptation, fatigue, or stage transitions).
Therefore, we interpret Time primarily as a proxy for unobserved time-varying factors
rather than an independent causal driver. The introduced alliesthesia-informed features
(dynamic set point, Load Error, etc.) provide a mechanistic representation to reduce reliance
on purely chronological indexing; future work can further disentangle these effects via
explicit stage labeling or time-ablation analyses.

4.3.2. Setpoint Drift and Quantification of Load Error

The dynamic setpoint (ts) and the Physio — Psycho Gap ranked second (Mean
ISHAP | =0.208) and third (Mean |SHAP | = 0.208) in feature importance, respectively,
demonstrating the effectiveness of introducing AIML operators. The model did not simply
predict based on absolute skin temperature (tg) but rather based on the relative deviation
between tg and ¢, (i.e., the Physio — Psycho Gap).

4.3.3. Thermal Inertia Effect of Body Morphology

The high ranking of BMI (Mean ISHAP!| = 0.098) and body surface area (Mean
ISHAP | = 0.090) in the SHAP analysis reveals the modulatory role of whole-body thermal
inertia in comfort perception. But it should be noted that the BMI range in our sample was
relatively narrow, which may limit the statistical power to isolate its independent effect.
The observed SHAP importance of BMI might partially stem from its correlation with
body surface area and weight. Future studies with a wider BMI distribution are needed to
confirm these findings.

4.4. Personalized Calibration Strategqy: A Practical Pathway for Addressing Long-Tail Distributions

The general model faced challenges when dealing with “thermal outliers.” The few-
shot selective weighting calibration (FS-SWC) strategy proposed in this study demonstrated
an efficient solution. Experimental results showed that fine-tuning with only the first 20%
of a new user’s data can significantly correct extreme deviations. More interestingly,
only 10% of users triggered the personalization mechanism, while 90% could directly
use the general model. This reveals the bimodal distribution characteristic of thermal
comfort perception:
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The physiological majority: The vast majority of individuals” alliesthesia mechanisms
follow similar biophysical principles (e.g., response to Load Error), and the general AIML
model provides sufficient coverage.

The specific minority: A small number of individuals exhibit responses that signifi-
cantly deviate from the population due to exceptional metabolic rates, clothing habits, or
psychological preferences.

The value of the FS-SWC strategy lies in its on-demand computing characteristic:
the system does not require expensive retraining for all users but merely identifies and
performs few-shot learning on the 10% of “idiosyncratic users.” This resolves the “cold
start” problem common in intelligent buildings—that is, when new users have no data,
the general model can be used first, progressively evolving into a personalized model as
data accumulate.

4.5. Limitations and Future Perspectives

Although this study has made progress in theoretical integration and algorithmic
performance, limitations remain on the path toward practical engineering applications.

First, it should be noted that the BMI range in our sample was relatively narrow,
which may limit the statistical power to isolate its independent effect. The observed SHAP
importance of BMI might partially stem from its correlation with body surface area (Apy)
and weight. Future studies with a wider BMI distribution are needed to confirm these
findings. Second, the current model relies on contact-based skin temperature sensors
(thermocouples/thermistors), which are difficult to deploy in practical office environments.
Future research should focus on developing virtual sensing technologies utilizing infrared
thermography or estimating skin temperature through low-cost environmental sensors
combined with human body heat balance equations. Third, the dataset of this study was
primarily collected under summer cooling conditions. Seasonal alliesthesia research sug-
gests that the human thermal setpoint exhibits significant seasonal drift [12]. The current
model may require additional data from other seasons or the introduction of seasonal
correction factors to accommodate cross-seasonal operational requirements. Fourth, the
environmental indicators considered in this study are limited. Future work may incorpo-
rate additional environmental indicators (e.g., ventilation performance characterization) to
further improve the interpretability of the conclusions and the model’s predictive perfor-
mance. Fifth, this study is limited to intermittent split-unit cooling with two temperature
settings (23 °C and 26 °C) in residential environments. The findings may not directly apply
to other HVAC systems, such as centralized or radiant systems. Future work will be needed
to validate the model in broader HVAC contexts and under different conditions. Sixth,
the accuracy of the instruments used in this study (particularly the temperature meter, the
humidity meter, and the thermocouples) is lower than the values recommended by the
international standards ISO 7726 [68] and ISO 9886 [69]. This measurement uncertainty [70]
may, to some extent, limit the attainable upper bound of the model’s performance. In future
work, we will seek to use higher-accuracy instruments to obtain more accurate objective
parameters, thereby further improving the model’s predictive performance. Finally, ac-
cording to Cabanac’s research findings [71], alliesthesia is not limited to thermal sensation.
Visual stimuli (warm/cool color temperature lighting) [72] and auditory environments [73]
may influence comfort through cross-modal perception. Future AIML frameworks should
explore the incorporation of multi-physics features to construct more comprehensive indoor
environmental quality prediction models.

In summary, this study demonstrates that translating alliesthesia theory into com-
putable machine learning features can enhance the accuracy and interpretability of thermal
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comfort prediction. We call for a paradigm shift in built environment control from “main-
taining constant temperature” to “managing dynamic hedonic pleasure”.

5. Conclusions

Addressing the challenge of dynamic thermal comfort prediction in non-steady-state
thermal environments, this study proposed and validated an alliesthesia-informed ma-
chine learning (AIML) framework. By translating alliesthesia theory into computable
mathematical features, a feature operator set incorporating dynamic setpoint, load errors,
and Physio — Psycho Gaps was constructed, and the performance of 13 machine learning
models in overall thermal comfort (OTC) prediction was evaluated. The main conclusions
are as follows:

(1) This study showed that the explicit introduction of alliesthesia theory-guided feature
engineering can effectively capture the nonlinearity, state-dependency, and tempo-
ral dynamics inherent in thermal comfort perception. The AIML model based on
Histogram-based Gradient Boosting (HistGB) achieved excellent performance on the
independent test set with R? = 0.71, RMSE = 0.73, and MAE = 0.53.

(2) SHAP interpretability analysis revealed that exposure time and alliesthesia operators
occupy dominant positions in feature importance rankings, with their contributions
far exceeding those of conventional environmental parameters.

(3) Compared to linear models, gradient boosting algorithms (e.g., HistGB, XGBoost)
can naturally partition the feature space through tree structures, characterizing the
non-monotonic property of “stimulus valence reversal contingent on internal state” de-
scribed in alliesthesia theory, thereby providing superior compatibility with dynamic
thermal comfort prediction tasks.

(4) The proposed few-shot selective weighting calibration (FS-SWC) strategy requires
only the first 20% of a user’s data for model fine-tuning. In practical testing, 10% of
participants triggered personalized calibration, while the vast majority of users could
directly use the general AIML model, reflecting the model’s robust cross-population
generalizability and engineering practicality.

(5) This study advances a paradigm shift in thermal comfort modeling from “static ther-
mal neutrality” to “dynamic thermal hedonics,” providing theoretical foundations
and algorithmic support for HVAC systems to achieve “on-demand comfort” con-
trol strategies that balance energy efficiency with occupant experience. Through
interpretable feature design and personalized adaptation mechanisms, the AIML
framework enhances model credibility and deployability in real-world scenarios
while maintaining high accuracy.
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Appendix A

For the symbols appearing in the text, Appendix A provides a summary of relevant
information. The important symbols, abbreviations, and their units used in this manuscript
are shown in the Table A1.

Table Al. Symbols, abbreviations, and units.

Full Form Abbreviation Units
Overall Thermal Comfort OTC /
Mean Skin Temperature tor °C
Dynamic Set point Eset °C
Air Velocity Va m/s
Mean Air Temperature tq °C
Relative Humidity RH %
Clothing Insulation Iq clo
Metabolic Rate M met
Standard Effective Temperature SET* °C
Load Error € °C
Globe Temperature tg °C
Time Interval (for rate calculation) At min
Maximum Skin Temperature Difference tse Max Dif f °C
Difference Between Indoor Air Temperature and Skin Temperature Dif fsa °C
Physiological-Psychological Gap Physio — Psycho Gap °C
Body Mass Index BMI kg/m?
Body Surface Area Apu m?2
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