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Abstract

This pilot study investigated user-preferred ventilated seat intensity levels under simu-
lated hot vehicle cabin cooling conditions to support adaptive seat ventilation systems.
Thirty-three participants were exposed to a transient cooling environment in which cabin
temperature decreased from approximately 38 ◦C to 25 ◦C following air-conditioning ac-
tivation. Participants selected preferred seat ventilation intensity levels (Low, Medium,
or High) while demographic and environmental variables were evaluated. Results indi-
cated that cabin temperature was the strongest predictor of ventilation intensity preference,
followed by elapsed cooling time and relative humidity. Age demonstrated a statistically
significant effect, whereas height, body weight, BMI, and sex were not statistically sig-
nificant predictors. An exploratory multinomial logistic regression model demonstrated
preliminary predictive feasibility with a cross-validated classification accuracy of 73.2%.
The findings suggest that occupant-preferred ventilation intensity levels may be estimated
using demographic and environmental variables under transient vehicle cooling conditions.

Keywords: vehicle ergonomics; thermal comfort; ventilated seat; adaptive climate control;
smart vehicle seat systems

1. Introduction
Vehicle cabin thermal comfort has become an increasingly important consideration in

modern automotive design as consumers increasingly demand higher levels of comfort,
personalization, and intelligent vehicle functionality. Among various thermal comfort
technologies, ventilated seats have gained widespread adoption in passenger vehicles
because they can reduce heat and moisture accumulation at the occupant–seat interface
and improve perceived comfort during hot weather conditions [1–3]. Unlike conventional
HVAC systems that primarily regulate ambient cabin air temperature, ventilated seats di-
rectly influence localized thermal sensation at body regions in contact with the seat surface,
including the back and thighs [4]. Previous studies have reported that seat ventilation
systems can improve thermal comfort, reduce sweating, decrease local seat temperature,
and enhance overall driving satisfaction [5–7]. Similar demographic and environmental
influences on localized thermal comfort have also been observed in heated automotive
seating systems [8], suggesting that occupant responses to localized thermal interventions
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may vary substantially across individuals. In addition, ventilated seats have been asso-
ciated with improved energy efficiency because localized cooling may reduce the need
for aggressive cabin-wide air conditioning operation [5,9]. As carmakers advance smart
and connected vehicle technology, ventilated seats are increasingly being recognized not
only as comfort features but also as essential components of adaptive occupant-centered
climate control systems [10,11]. Recent occupant-centric thermal management frameworks
have further emphasized the importance of continuously monitoring and adapting thermal
conditions based on individual occupant responses within vehicle cabins [12,13].

Previous research has investigated numerous factors influencing occupant responses
and preferences regarding seat ventilation intensity. Existing studies have reported that
ambient temperature, humidity, airflow rate, seat material, clothing insulation, metabolic
rate, age, sex, and body size characteristics can significantly affect thermal [10,14,15].
Karimi et al. [2] demonstrated that localized seat ventilation influences thermal comfort
under non-uniform cabin conditions using a transient thermal model. Lustbader et al. [5]
reported that ventilated seats reduced seat contact temperature and improved occupant
comfort while also reducing HVAC energy consumption. Ferreira and Tribess [7] found
that users perceived ventilated seats more favorably during prolonged heat exposure
conditions. Rutkowski [6] quantified thermal behavior in cooled automotive seats and
reported that different body regions dissipate heat differently during seated exposure.
Walgama et al. [14] emphasized the importance of localized cooling and human physiologi-
cal variability in automotive thermal comfort perception. Chludzińska and Bogdan [16]
suggested that airflow velocity and ambient temperature significantly influence occupant
satisfaction with seat cooling systems. Ghosh et al. [9] demonstrated that spot cooling sys-
tems integrated into automotive seats may improve comfort while also enhancing energy
efficiency. Le Cam et al. [17] reported that in-seat ventilation systems improved localized
comfort under transient cabin conditions. More recently, Shin et al. [18] demonstrated that
selective cooling seats combined with vehicle air-conditioning systems improved driver
thermal comfort under summer conditions and highlighted the importance of integrating
physiological and subjective responses when evaluating seat-based cooling interventions.
Machine learning and intelligent thermal comfort control approaches have been proposed
to predict occupant thermal states and optimize climate control operation in dynamic
vehicle environments [11,19,20]. Collectively, these studies indicate that seat ventilation
preference is influenced by complex interactions among environmental, physiological, and
demographic variables.

Despite these advancements, several important limitations remain in the existing
literature. First, many previous studies primarily focused on subjective thermal comfort as-
sessment rather than directly predicting user-selected seat ventilation intensity levels [3,7].
Second, numerous studies were conducted under static environmental conditions that do
not accurately represent realistic transient vehicle cooling environments experienced during
actual vehicle operation [20,21]. In actual hot-weather vehicle use scenarios, cabin tem-
perature can decrease rapidly after air-conditioning activation, while humidity conditions
simultaneously change throughout the transient cooling process. Such rapidly evolving
environmental conditions may substantially influence occupant ventilation preferences
over relatively short time periods. Third, prior research often relied on limited environmen-
tal variables while overlooking the combined effects of demographic characteristics and
dynamically changing cabin conditions. Although several recent studies have explored
intelligent thermal comfort prediction and AI-assisted HVAC control strategies [11,22],
relatively few studies have focused specifically on occupant-selected ventilated seat inten-
sity preferences in transient automotive cooling environments. In addition, many existing
thermal comfort models remain difficult to implement directly into practical vehicle seat
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control systems because they require complex physiological measurements, computation-
ally intensive simulations, or laboratory-specific parameters [6,10]. Consequently, there
remains a limited understanding regarding how occupant demographic characteristics
and rapidly changing environmental variables can be integrated into practical predictive
models capable of estimating preferred seat ventilation intensity levels for adaptive smart
seat applications.

Taken together, the existing literature suggests that ventilated seats can improve
occupant comfort and thermal regulation under a variety of environmental conditions.
However, most previous studies have focused on evaluating thermal comfort outcomes,
physiological responses, or seat cooling performance rather than predicting the ventilation
intensity levels that occupants actively select during transient cooling conditions. In addi-
tion, many existing studies were conducted under static environments or relied on complex
physiological measurements that may be difficult to implement in practical vehicle control
systems. Consequently, there remains a gap between current thermal comfort research
and the development of adaptive seat control strategies capable of translating occupant
preferences into actionable ventilation control decisions in real-world vehicle applications.
Recent studies have demonstrated the feasibility of predicting individualized thermal
preferences using occupant-specific information and data-driven modeling approaches [23].
However, relatively little attention has been given to predicting occupant-selected venti-
lated seat intensity levels under transient vehicle cooling conditions. The present study
was designed to help address this gap by examining occupant-selected ventilation intensity
preferences under transient cooling conditions and evaluating their predictability using
readily obtainable demographic and environmental variables.

Therefore, the purpose of this study was to investigate user-preferred ventilated seat
intensity levels under simulated hot vehicle cabin cooling conditions and to develop a
preliminary predictive framework for adaptive smart vehicle seat systems using readily
obtainable demographic and environmental variables. The findings of this pilot study
may contribute to the development of personalized and adaptive thermal comfort control
strategies for future intelligent vehicle seating systems. Compared with previous ventilated
seat and automotive thermal comfort studies, the present work advances the literature
in several ways. First, it focuses on predicting occupant-selected ventilation intensity
levels rather than only evaluating subjective thermal comfort outcomes. Unlike tradi-
tional thermal comfort assessments that primarily provide subjective perception measures,
ventilation intensity prediction produces a control-oriented output that can be directly
translated into seat ventilation commands for adaptive climate control systems. Second,
it examines ventilation preferences under transient cabin cooling conditions that more
closely resemble realistic hot-vehicle recovery scenarios. Third, it evaluates whether readily
obtainable demographic and environmental variables can be used to estimate ventilation
preferences without requiring complex physiological measurements. The growing interest
in personalized thermal comfort modeling and adaptive HVAC control systems further
highlights the importance of developing occupant-centered prediction frameworks capable
of supporting intelligent climate control strategies [6,24,25]. Together, these contributions
provide a preliminary foundation for the development of adaptive occupant-centered seat
ventilation control systems.

2. Methods
2.1. Participants

A total of 34 participants were initially enrolled in the study. One participant was ex-
cluded from the final analysis due to an identified data quality issue in the recorded ventilation
intensity data, resulting in a final analytic sample of 33 participants. Participant demographic
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information including age, sex, height, weight, and body mass index (BMI) was collected
prior to the experiment. The participant sample consisted of 18 females and 15 males with a
mean age of 25.4 ± 8.0 years (range: 19.0–59.0 years), mean height of 167.5 ± 8.6 cm (range:
151.5–183.5 cm), mean weight of 75.8 ± 18.9 kg (range: 43.4–134.0 kg), and mean BMI of
26.8 ± 5.5 kg/m2 (range: 18.4–43.6 kg/m2). Detailed participant demographic characteristics
are summarized in Figure 1. All participants were informed of the experimental procedures
and provided informed consent before participation. Individuals with self-reported cardio-
vascular, respiratory, or thermoregulatory conditions were excluded from participation. The
study protocol was approved by the institutional review board (IRB) of the authors’ institution
(TAMU-CC-IRB-2025-1424).

Figure 1. Scatter plot of participant anthropometric characteristics showing the distribution of height
and weight measurements for the 33 participants included in the study.

2.2. Equipment

The experiment was conducted in a controlled environmental chamber designed to
simulate transient hot vehicle cabin cooling conditions. Each experimental session lasted
approximately 25 min in total, consisting of an initial baseline exposure period under hot
cabin conditions, followed by an active cooling phase during which the cabin temperature
rapidly decreased after air-conditioning activation. Based on high-resolution reference
measurements collected under identical chamber operating conditions, the cabin temper-
ature decreased from approximately 38 ◦C to near 25 ◦C within approximately 7–8 min
after cooling initiation, while relative humidity simultaneously changed throughout the
transient cooling process. Minor fluctuations in chamber temperature and relative hu-
midity were observed during the cooling phase due to normal environmental chamber
and air-conditioning control cycling behavior. Such oscillatory behavior commonly occurs
in controlled thermal environments as the cooling system repeatedly adjusts compressor
operation and airflow to maintain target environmental conditions. Cabin temperature
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and relative humidity at the start of each participant session were measured using en-
vironmental sensors installed inside the chamber. Because continuous environmental
measurements were not directly recorded during participant experiments, transient cham-
ber temperature and humidity trajectories were reconstructed using a separate second-level
reference dataset collected under identical environmental chamber operating conditions
(see Figure 2).

Figure 2. Reference chamber temperature and relative humidity profiles collected under identical
environmental chamber operating conditions and used for reconstruction of participant-specific
environmental exposure during the transient cooling process.

A radiant heater (Visionair 11 in. 120/1500W 5118 BTU Radiant Heater, Visionair,
Bentonville, AR, USA) was used to initially raise and maintain the chamber temperature
near 38 ◦C prior to cooling initiation. The selection of approximately 38 ◦C as the initial
chamber temperature was based on two primary considerations. First, vehicle cabin tem-
peratures can readily exceed this level during hot summer conditions. Second, the sponsor
company supporting this study maintains an internal evaluation protocol for ventilated seat
performance that specifies this temperature condition for testing purposes. The transient
cooling process following air-conditioning activation was designed to simulate a realistic
hot vehicle cabin recovery scenario.

An experimental seat equipped with a seat ventilation system was used in this study
(see Figure 3). The ventilation system utilized two independently controlled centrifugal
blowers to separately regulate airflow intensity for the seat back and seat cushion regions.
Each blower was connected to an individual controller, allowing participants to sequentially
adjust ventilation intensity levels according to their thermal comfort preferences throughout
the experiment. The Low level operated at 6 V (2000 RPM; 38.2 CFM), the Medium level
operated at 9 V (2500 RPM; 46.3 CFM), and the High level operated at 12 V (3000 RPM;
55.4 CFM). The blower system consisted of Wathai dual-ball brushless centrifugal blowers
(120 mm × 32 mm; rated voltage: 12 V DC; rated current: 1.0 A; maximum speed: 3000 RPM;
airflow capacity: approximately 38.5 CFM). A thermal imaging camera (FLIR E75, FLIR
Systems, Wilsonville, OR, USA) was additionally used to visually evaluate the transient
surface cooling behavior of the ventilated seat system during the experiment.
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Figure 3. Experimental environmental chamber used to simulate hot vehicle cabin cooling conditions.
The chamber included an automotive seat system, air-conditioning unit, environmental monitoring
instruments, and airflow measurement equipment used during the experiments.

2.3. Measures

The independent variables included participant demographic characteristics and
environmental variables. Demographic variables included age (years), sex, race/ethnicity,
height (cm), weight (kg), and body mass index (BMI; kg/m2). Environmental variables
included cabin temperature (◦C), relative humidity (%), and elapsed experimental time
(min). The dependent variable was the participant-selected seat ventilation intensity level,
categorized as Low, Medium, or High.

Cabin temperature and relative humidity were measured at the start of each experimen-
tal session using environmental sensors installed inside the chamber. Because continuous
environmental measurements were not directly recorded during participant experiments,
transient cabin temperature and humidity trajectories were reconstructed using a separate
high-resolution second-level reference dataset collected under identical environmental
chamber operating conditions. During the participant-specific baseline period, cabin tem-
perature and relative humidity were assumed to remain constant. Following baseline
completion and initiation of active cooling, participant-specific environmental conditions
were estimated by applying a time-shifted reference temperature-humidity trajectory de-
rived from the separate chamber reference measurements. The reference data demonstrated
that cabin temperature rapidly decreased from approximately 38 ◦C to near 25 ◦C within
approximately 7–8 min after cooling initiation, while relative humidity simultaneously
changed throughout the transient cooling process. Participant-selected ventilation intensity
levels were recorded throughout the experimental session.

2.4. Experimental Procedure

Upon arrival, participants were briefed on the experimental procedures and provided
informed consent prior to participation. To minimize the potential influence of clothing
insulation on thermal comfort perception, all participants were instructed to change into
standardized lightweight clothing consisting of a regular cotton T-shirt and thin 100%
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polyester shorts provided by the researchers. Demographic and anthropometric infor-
mation was then collected. Participants were seated on the experimental ventilated seat
inside the environmental chamber and instructed to maintain a comfortable seated posture
throughout the experiment.

The experiment began under hot cabin conditions at approximately 38 ◦C. Participants
first completed an approximately 5 min baseline exposure period during which they
remained seated without adjusting the seat ventilation system. This period was intended to
standardize the initial thermal exposure across participants prior to active cooling, rather
than to induce complete physiological acclimation. The 5 min duration was selected to
reflect a realistic short-duration hot-vehicle entry scenario before air-conditioning activation
and to minimize excessive heat exposure under the 38 ◦C chamber condition. Following
the baseline period, active cabin cooling was initiated to simulate a realistic hot vehicle
recovery scenario after air-conditioning activation.

During the active cooling phase, participants were instructed to sequentially adjust
the seat ventilation intensity level only in a descending order (from High to Medium to
Low) according to their thermal comfort preference. The descending-order adjustment
protocol was selected because the cabin environment continuously cooled throughout the
experiment, making progressive reductions in ventilation intensity consistent with the
expected direction of thermal adaptation. In addition, this approach was intended to reduce
frequent oscillatory switching among ventilation levels and facilitate the identification of
transition points between preferred ventilation settings during this exploratory pilot study.
Once participants reduced the ventilation intensity level, they were not allowed to increase
it again during the same session. The experiment concluded when participants reported
feeling cold and appeared to have reached a relatively stable thermal state under the
cooling environment.

2.5. Data Analysis Methods

Descriptive statistical analyses were performed to summarize participant demographic
characteristics and environmental exposure conditions during the experiment. Exploratory
predictive modeling analyses, including multinomial logistic regression, were conducted
to investigate whether demographic and environmental variables could predict preferred
seat ventilation intensity levels under dynamically changing cabin cooling conditions.
The independent variables included chamber temperature, relative humidity, elapsed
experimental time, age, sex, height, body weight, and body mass index (BMI), whereas the
dependent variable was the participant-selected ventilation intensity level categorized as
High, Medium, or Low.

Model performance was evaluated using stratified 5-fold cross-validation to preserve
the relative distribution of ventilation intensity categories across validation folds. Classifica-
tion performance was assessed using overall classification accuracy, class-specific accuracy,
confusion matrices, and cross-validated prediction accuracy. Variable importance was
evaluated based on multinomial logistic regression coefficients, odds ratios, and statistical
significance levels. Visualization analyses were additionally performed to examine rela-
tionships among chamber temperature, humidity, elapsed time, and participant-selected
ventilation intensity levels during the transient cooling process.

All analyses were conducted using Python (version 3.13.5; Python Software Founda-
tion, Wilmington, DE, USA) within a Jupyter Notebook environment. Data analyses were
performed using pandas (version 2.2.3), NumPy (version 2.3.5), matplotlib (version 3.10.8),
scikit-learn (version 1.8.0), and statsmodels (version 0.14.6).
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3. Results
3.1. Cooling Behavior of the Ventilated Seat System

Thermal imaging measurements were used to visually examine the cooling perfor-
mance and transient temperature distribution of the ventilated seat system prior to the
main human subjects experiment. Although the thermal imaging analysis was not directly
incorporated into the predictive modeling framework, it served as a preliminary system-
level verification to confirm that the ventilated seat produced measurable and spatially
distributed cooling effects under hot chamber conditions. This verification provided sup-
porting evidence that the experimental seat system generated meaningful thermal stimuli
before participant ventilation preferences were evaluated. Note that the thermal imaging
evaluation was conducted as a separate preliminary assessment under a fixed chamber
temperature of approximately 41 ◦C, which differs from the 38 ◦C initial condition used in
the human subjects experiment. Figure 4 presents the transient cooling behavior of the seat
system while the chamber temperature was maintained at approximately 41 ◦C with 24%
relative humidity, and the air-conditioning system targeted a cabin temperature of 25 ◦C.
The blower operated at the High setting (3000 RPM, 55.4 CFM).

Figure 4. Sequential thermal imaging results of the ventilated seat system during the cooling
process under hot cabin conditions (room temperature = 41 ◦C; relative humidity = 24%; A/C target
temperature = 25 ◦C; blower setting = High, 3000 RPM, 55.4 CFM). The thermal images illustrate the
temporal cooling behavior of the seat backrest and cushion regions from 30 s to 240 s after activation
of the ventilation and air-conditioning systems.

Immediately after activation of the seat ventilation and air-conditioning systems, rapid
cooling was observed across both the backrest and cushion regions. The initial cooling
phase primarily occurred within the first 30–60 s, during which seat surface temperatures
decreased substantially. After this rapid cooling period, the cooling rate gradually stabi-
lized and approached a near-linear cooling trend over time. The cushion region generally
exhibited more uniform cooling behavior compared to the backrest region. In contrast, the
backrest showed greater spatial variability in cooling distribution, suggesting that airflow
delivery may have been influenced by internal duct geometry, vent hole positioning, or lo-
calized foam deformation during seating. Despite these regional differences, all monitored
seat regions demonstrated continuous temperature reduction throughout the experiment.

3.2. Preferred Ventilation Intensity Levels

Participants sequentially adjusted the ventilated seat intensity level from High toward
Low according to their thermal comfort preference while the cabin temperature gradually
decreased during the experiment. After excluding one participant with an identified data
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quality issue, the final analytic dataset included 33 participants and 452 observations
across the High, Medium, and Low ventilation intensity levels. Due to considerable inter-
individual variability, the temperature thresholds associated with ventilation intensity
transitions overlapped across participants. Overall, participants tended to maintain the
High ventilation intensity level when cabin temperature remained relatively high, with
a mean temperature of 32.85 ± 3.05 ◦C and a mean relative humidity of 19.82 ± 6.37%.
Participants transitioned to the Medium ventilation setting at a mean temperature of
28.74 ± 1.33 ◦C and a mean relative humidity of 29.10 ± 9.23%. The Low ventilation setting
was most commonly selected at lower chamber temperatures, with a mean temperature
of 27.77 ± 0.80 ◦C and a mean relative humidity of 37.65 ± 6.55%. Figure 5 illustrates the
progressive shift in participant-selected ventilation intensity levels over time during the
transient cabin cooling process.

Figure 5. Participant-selected ventilated seat intensity levels over time during transient cabin cooling
conditions following air-conditioning activation (n = 33). The figure illustrates the progressive
transition from High to Medium and Low ventilation intensity selections as cabin temperature
decreased during the cooling process.

Considerable inter-individual variability was observed in preferred ventilation inten-
sity selections under similar environmental conditions. Participants maintained the High
ventilation setting for an average duration of 4.88 ± 2.74 min, whereas the Medium and
Low ventilation settings were maintained for average durations of 2.77 ± 1.23 min and
3.55 ± 1.41 min, respectively. The duration of High ventilation usage ranged from 1 to
14 min across participants, further highlighting differences in individual thermal comfort
preferences and cooling adaptation behaviors.

As shown in Figure 5, the majority of participants selected the High ventilation inten-
sity level during the early stages of active cabin cooling. High ventilation was dominant
from approximately 6 to 11 min of elapsed experimental time. Medium ventilation be-
came the dominant selection during the intermediate cooling phase, approximately 12 to
15 min, whereas Low ventilation became dominant from approximately 16 min onward.
This transition pattern suggests that occupant-preferred ventilation intensity dynamically
evolves throughout the transient cooling process rather than remaining fixed during the
exposure period.
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3.3. Predictive Modeling and Factors Influencing Ventilation Intensity Preference

The modeling results indicated that several environmental and demographic variables
influenced ventilation intensity preference under dynamically changing cabin cooling condi-
tions. Among the environmental variables, chamber temperature demonstrated the strongest
influence on ventilation intensity selection (odds ratio = 26.70, p < 0.001), indicating that
participants generally preferred higher airflow intensity levels at elevated cabin temperatures
and gradually reduced airflow intensity as the chamber cooled over time. Elapsed experi-
mental time demonstrated a significant contribution to the Medium-versus-Low ventilation
transition (odds ratio = 0.14, p < 0.001), reflecting the transient nature of thermal adaptation
during the cooling process. Relative humidity demonstrated a statistically significant effect on
High-versus-Low ventilation preference (odds ratio = 0.41, p = 0.037).

Among the demographic variables, age demonstrated a statistically significant effect
on ventilation intensity preference (odds ratio = 0.65, p = 0.046). Height, body weight, BMI,
and sex were not statistically significant predictors in the revised model. Although body
weight and BMI showed directional trends, these effects should be interpreted with caution
given the limited sample size and wide confidence intervals observed for several coefficient
estimates. Overall, the magnitude of demographic effects was generally smaller than
the influence of environmental temperature conditions. Detailed multinomial logistic
regression results, including odds ratios, 95% confidence intervals, and p-values, are
presented in Table 1.

Table 1. Multinomial logistic regression results for participant-selected ventilation intensity levels
using Low ventilation intensity as the reference category.

Comparison Predictor OR 95% CI p-Value

Medium vs. Low Temperature 1.78 0.37–8.55 0.47
Medium vs. Low Humidity 0.94 0.51–1.75 0.855
Medium vs. Low Elapsed Time 0.14 0.05–0.37 <0.001
Medium vs. Low Age 0.79 0.58–1.08 0.144
Medium vs. Low Height 1.94 0.42–8.94 0.397
Medium vs. Low Weight 0.31 0.01–16.98 0.569
Medium vs. Low BMI 2.55 0.10–68.81 0.577
Medium vs. Low Sex 1.01 0.24–4.16 0.994

High vs. Low Temperature 26.7 4.89–145.79 <0.001
High vs. Low Humidity 0.41 0.18–0.95 0.037
High vs. Low Elapsed Time 0.28 0.06–1.25 0.096
High vs. Low Age 0.65 0.43–0.99 0.046
High vs. Low Height 2.65 0.36–19.78 0.342
High vs. Low Weight 0.10 0.00–15.73 0.367
High vs. Low BMI 7.77 0.11–533.80 0.342
High vs. Low Sex 2.09 0.37–11.77 0.404

To further evaluate predictive capability, exploratory classification analyses were con-
ducted using the multinomial logistic regression model. The model achieved an overall
classification accuracy of 75.2%, with class-specific accuracies of 80.1% for Low, 53.8%
for Medium, and 84.5% for High ventilation intensity levels. The stratified 5-fold cross-
validation procedure yielded a mean classification accuracy of 73.2% (SD = 4.4%), suggest-
ing reasonable predictive consistency across validation folds (see Figure 6). It should be
noted that participants maintained the High ventilation setting for the longest average
duration during the experiment, which may have contributed to the comparatively higher
classification accuracy observed for the High intensity level and the lower classification ac-
curacy observed for the Medium level. Misclassification most frequently occurred between
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the Medium and Low intensity levels, whereas High intensity selections were classified
with comparatively greater accuracy.

Figure 6. Cross-validated confusion matrix of the multinomial logistic regression model used to classify
participant-selected ventilation intensity levels under dynamically changing cabin cooling conditions.

The variable importance analysis revealed that chamber temperature contributed the
greatest predictive power, followed by elapsed experimental time and relative humidity.
Among the demographic variables, age demonstrated the most consistent contribution
across analyses, whereas BMI, body weight, height, and sex showed comparatively smaller
predictive effects (see Figure 7). These findings suggest that environmental conditions
play a dominant role in ventilation intensity preference under transient cooling conditions,
while demographic characteristics contribute comparatively smaller effects. Nevertheless,
additional studies involving larger and more diverse participant populations are necessary
to improve model robustness and generalizability.

Figure 7. Relative predictor contributions derived from the multinomial logistic regression model for
participant-selected ventilation intensity classification.
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4. Discussion
The purpose of this study was to investigate user-preferred ventilated seat intensity

levels under simulated hot vehicle cabin cooling conditions and to explore the feasibility
of predicting preferred ventilation intensity levels using demographic and environmental
variables. Overall, the findings indicated that participants dynamically adjusted seat venti-
lation intensity levels in response to changing thermal environments and that considerable
inter-individual variability existed even under similar environmental conditions. These
results support the potential value of personalized and adaptive seat ventilation systems
for future intelligent vehicles.

One of the most notable findings was that participants progressively transitioned
toward lower ventilation intensity levels as the cabin environment cooled. This behavior
is consistent with previous automotive thermal comfort studies reporting that occupants
experience greater thermal discomfort immediately after entering a hot vehicle and that
localized cooling systems can substantially improve comfort during transient cabin cooling
phases [2,7]. The present findings further suggest that user-selected ventilation intensity
is not static, but changes as thermal conditions evolve over time. Therefore, fixed seat
ventilation settings may not adequately reflect real occupant preferences during realistic
driving conditions.

Another important finding was the substantial variability observed among partic-
ipants. Even under similar cabin temperatures and humidity conditions, participants
selected different ventilation intensity levels. These differences suggest that individual
characteristics, particularly age, may influence thermal sensitivity and preferred seat venti-
lation behavior, as age remained a statistically significant predictor in the revised model. In
contrast, height, body weight, BMI, and sex were not statistically significant predictors. The
present study extends previous thermal comfort research by suggesting that age-related
differences may contribute to user-selected seat ventilation intensity levels in dynamic
vehicle cabin environments.

The predictive modeling results further demonstrated the feasibility of estimating pre-
ferred ventilation intensity using a relatively small set of readily obtainable environmental
and demographic variables. This finding is important from an applied automotive engi-
neering perspective because such variables may be integrated into adaptive seat control
algorithms without requiring complex physiological sensing or computationally inten-
sive thermal simulations. The confusion matrix analysis also suggested that intermediate
ventilation preferences may be more difficult to classify than clearly high or low airflow
preferences, likely reflecting the gradual nature of thermal adaptation during cabin cooling.

From an applied automotive engineering perspective, the present findings suggest
that adaptive ventilated seat control strategies may potentially be implemented using
relatively simple rule-based or machine-learning-based approaches. Rather than relying on
fixed ventilation settings, future intelligent seat systems may dynamically adjust airflow
intensity based on continuously monitored cabin temperature, humidity, elapsed cooling
time, and user-specific preference profiles.

The demographic findings additionally suggest opportunities for personalized thermal
comfort adaptation. Although age was the only statistically significant demographic
predictor in the revised model, this result suggests that future occupant-centered climate
control systems may benefit from incorporating user-specific thermal preference profiles.
Future studies with larger participant samples are needed to clarify whether body size
characteristics also contribute to individualized ventilation preferences.

The thermal imaging analyses additionally provided useful insights into the cool-
ing behavior of the ventilated seat system. As noted in Section 3.1, the thermal imaging
evaluation was conducted as a separate preliminary assessment under a fixed chamber tem-
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perature condition. The cushion region generally exhibited more uniform cooling behavior
than the backrest region, while the backrest demonstrated greater spatial variability in
cooling distribution. This finding may be associated with airflow path geometry, vent hole
distribution, foam deformation, or localized airflow resistance within the seat structure.
Previous ventilated seat studies similarly reported that airflow performance may decrease
when the seat deforms under occupant loading conditions [9,26]. It is important to note
that this preliminary thermal evaluation did not account for occupant-related seat deforma-
tion, which may alter airflow distribution and cooling performance under actual loaded
seating conditions. These findings highlight the importance of considering seat structural
design and airflow distribution characteristics when developing advanced ventilated seat
systems. Although the thermal imaging evaluation was not directly linked to the predictive
modeling analysis, it provided useful contextual information regarding the cooling perfor-
mance of the experimental seat system and helped verify that participants were exposed to
meaningful localized cooling conditions during the study. This preliminary verification
helped ensure that participant ventilation preferences were evaluated under conditions in
which the seat system produced measurable cooling effects.

Several limitations should be acknowledged. Because multiple observations were col-
lected from individual participants, within-subject correlations may have been present. A
supplementary generalized estimating equations (GEE) sensitivity analysis was conducted to
account for repeated observations within participants. The overall conclusions remained con-
sistent, with environmental variables continuing to demonstrate stronger predictive influence
than demographic variables. Future studies involving larger datasets should further investi-
gate repeated-measures modeling approaches, including mixed-effects multinomial regression
frameworks. Because chamber temperature, relative humidity, and elapsed experimental
time were all derived from the same transient cooling process, additional multicollinearity
analyses were conducted. The analyses revealed moderate-to-high correlations among several
environmental predictors and elevated variance inflation factors among the anthropometric
variables height, weight, and BMI. These findings suggest that individual coefficient esti-
mates should be interpreted cautiously. However, the overall predictor ranking and principal
conclusions of the study remained unchanged, with environmental variables continuing to
demonstrate substantially greater predictive influence than demographic variables. First,
this study involved a relatively small sample size and should therefore be considered ex-
ploratory or preliminary in nature. Given the relatively small sample size and the number
of predictors included in the multinomial logistic regression model, the predictive findings
should be interpreted as exploratory. Although stratified 5-fold cross-validation was used to
provide a preliminary assessment of model performance, the model may still be susceptible to
overfitting and limited model stability due to the relatively small sample size. Consequently,
the observed predictor effects and classification performance may not fully generalize to
independent populations. Future studies should include larger participant samples and
external validation datasets to further evaluate model robustness and generalizability. Second,
the experiment was conducted in a controlled environmental chamber rather than a moving
vehicle, meaning that solar radiation, vehicle vibration, driving workload, and real-world
traffic conditions were not fully replicated. The importance of evaluating thermal comfort
under realistic driving conditions has also been highlighted in recent on-road studies, which
demonstrated that thermal conditions can influence driver state and performance during
actual vehicle operation [13]. These factors may influence occupants’ thermal perception,
attention to thermal discomfort, and ventilation adjustment behavior during actual vehicle
operation. Consequently, the preference patterns observed in the present study may not fully
represent those occurring in real-world driving environments. Future studies should evaluate
adaptive seat ventilation systems under realistic on-road conditions to further establish exter-
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nal validity. Third, the study focused primarily on demographic and environmental variables
and did not include physiological measurements such as skin temperature or sweating re-
sponses in the predictive analyses. Furthermore, chamber temperature and relative humidity
were not continuously monitored during each participant’s experiment and were instead
reconstructed using a high-resolution reference dataset collected under identical chamber
operating conditions. Although this approach provided a standardized estimate of envi-
ronmental exposure, small participant-specific environmental variations may not have been
captured. As a result, unquantifiable measurement error may have been introduced into the
reconstructed environmental variables used in the predictive analyses. Future studies should
incorporate continuous real-time environmental monitoring throughout each participant
session to improve measurement accuracy and model reliability. An additional limitation is
that participants were only permitted to adjust ventilation intensity in a descending order and
were not allowed to increase airflow after selecting a lower setting. Although this approach
was intended to simplify the experimental procedure and reduce oscillatory switching be-
havior during the transient cooling process, it may have influenced the observed transition
patterns and ventilation intensity distributions. Consequently, the resulting predictive model
may partially reflect the experimental protocol in addition to underlying user preferences.
Future studies should evaluate unrestricted and continuous ventilation adjustment behavior
while simultaneously recording environmental and seat-control variables in real time to better
characterize natural occupant preference dynamics. Although a 5 min baseline period was
used to standardize initial hot-cabin exposure, this duration may not have been sufficient to
achieve complete physiological thermal acclimation. Future studies should consider longer
baseline periods or objective stabilization criteria based on skin temperature, heart rate, or
sweating response. In addition, only three discrete ventilation intensity levels were evaluated,
and the unequal distribution of time spent at each intensity level may have influenced model
performance. Future studies should investigate larger and more diverse participant popu-
lations spanning broader age ranges, BMI categories, and demographic backgrounds. Such
expanded participant samples may improve model robustness and generalizability while
potentially revealing demographic influences on ventilated seat preferences that could not be
detected in the present pilot study.

Despite these limitations, the present study suggests the feasibility of predicting
occupant-preferred seat ventilation intensity levels under dynamically changing hot cabin
conditions. The findings may contribute to the development of personalized occupant-
centered thermal comfort systems and future intelligent vehicle seat technologies.
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