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Abstract

Indoor environmental quality (IEQ) strongly influences occupant well-being and teaching
conditions in educational buildings. This study proposes the Predicted Probability of
Dissatisfaction Index (PPDijeq prof), @ probabilistic ordinal learning framework based on the
Consistent Rank Logits (CORAL) architecture to estimate university professors’ dissatis-
faction while preserving the ordinal structure of subjective perception. The framework
integrates operative temperature, CO, concentration, illuminance, and sound pressure
level through the CORAL architecture. A dataset comprising 77 synchronized environmen-
tal and subjective observations collected during regular teaching activities was evaluated
using a Nested Stratified Group Cross-Validation benchmark. The proposed framework
achieved an Accuracy of 0.670 &£ 0.122, Balanced Accuracy of 0.715 £ 0.164, Macro-F1 score
of 0.618 + 0.166, and a Quadratic Weighted Cohen’s Kappa of 0.604 &= 0.176. Benchmark
comparisons with conventional statistical and machine learning models demonstrated com-
petitive predictive performance while preserving ordinal consistency. The representative
CORAL architecture selected during the benchmark was subsequently retrained using the
complete dataset for model interpretability analyses. Predictor contribution analysis identi-
fied CO, concentration as the most influential environmental variable (48.2%), followed
by operative temperature (24.8%), sound pressure level (14.7%), and illuminance (12.4%).
Complementary One-Factor-at-a-Time (OFAT) response analysis and exploratory latent-
space visualization further enhanced the interpretation of environmental dissatisfaction,
demonstrating the potential of the proposed framework as an interpretable virtual sensing
approach for supporting IEQ assessment in educational buildings.

Keywords: indoor environmental quality; Consistent Rank Logits; CORAL neural network;
ordinal leaning framework; dissatisfaction; university classrooms

1. Introduction

Indoor Environmental Quality (IEQ) in Higher Education Institutions is a key determi-
nant of public health, well-being, and cognitive performance, requiring multidisciplinary
approaches capable of capturing the combined influence of thermal, acoustic, visual, and
indoor air quality conditions on building occupants [1,2]. Although the effects of environ-
mental variables on students have been extensively investigated [3—6], comparatively less
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attention has been devoted to university professors, despite their prolonged occupational
exposure to classroom environments and the high cognitive and vocal demands associated
with teaching activities.

University classrooms present functional characteristics that distinguish them from
offices and other commercial buildings, including high occupancy density, variable occu-
pancy patterns, predominantly sedentary activities, and comfort requirements that differ
from those assumed in conventional building standards [7,8]. These characteristics create
dynamic indoor environments in which multiple environmental domains interact simulta-
neously, making the assessment of perceived indoor environmental quality substantially
more complex than evaluating isolated physical variables.

Evidence indicates that CO, concentrations above approximately 1000 ppm, frequently
observed under insufficient air renewal, may impair decision-making, concentration, and
strategic planning [9,10]. Likewise, excessive sound pressure levels and poor acoustic
conditions increase vocal effort and psychological stress during teaching activities [11,12].
Lighting conditions also play an important role because insufficient or excessive illuminance
may contribute to visual fatigue and circadian disruption [13]. Rather than acting indepen-
dently, these environmental domains jointly influence occupants’ perception of classroom
quality, reinforcing the multidimensional nature of Indoor Environmental Quality.

Roche et al. [14] reported that exposure to adverse environmental conditions, including
indoor air pollution, is associated with reduced cognitive performance and long-term
health impacts, emphasizing the importance of reliable indoor environmental assessment.
In educational environments, poor IEQ conditions have also been associated with increased
discomfort, self-reported symptoms, and higher absenteeism among occupants [4,9]. These
effects extend beyond individual well-being and may ultimately influence teaching quality
and learning outcomes. From a sustainability perspective, improving IEQ contributes
directly to the United Nations Sustainable Development Goals, particularly SDG 3 (Good
Health and Well-being) and SDG 4 (Quality Education) [15].

Occupants’ perceptions of IEQ are inherently subjective and are commonly collected
using Likert-type scales, whose response categories represent ordered levels of satis-
faction or dissatisfaction rather than independent nominal classes. As emphasized by
Wau et al. [9], perceived environmental dissatisfaction should therefore be treated as an ordi-
nal variable whose mathematical structure reflects gradual transitions between neighboring
perception states.

Despite this characteristic, many existing data-driven IEQ prediction models formu-
late perception assessment either as regression problems or as conventional multiclass
classification tasks, thereby disregarding the ordinal structure of subjective responses. This
simplification may reduce model interpretability and produce inconsistent predictions
because errors between adjacent dissatisfaction levels receive the same penalty as errors
between opposite ends of the perception scale. Since Likert-type responses naturally
encode ordered perceptual intensities, preserving this ordinal information is fundamen-
tal for developing predictive models that remain consistent with human environmental
perception [16,17].

The need to quantify environmental dissatisfaction has motivated the development
of predictive models relating measurable environmental parameters to subjective comfort
responses [17-20]. Dissatisfaction emerges when environmental conditions fail to satisfy
occupants’ physiological and psychological expectations across thermal, acoustic, visual,
and indoor air quality domains. Early approaches focused primarily on identifying linear
relationships between environmental variables and perceived comfort. However, increasing
evidence suggests that these relationships are highly nonlinear, multidimensional, and
strongly dependent on contextual and behavioral factors [18].
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Artificial Neural Networks (ANNs) have demonstrated important advantages over
deterministic approaches in IEQ applications because of their ability to capture complex
nonlinear relationships between environmental measurements and psychophysiological
responses [19-22]. In contrast, traditional comfort indices such as PMV-PPD exhibit
well-recognized limitations in naturally ventilated buildings and under real operating
conditions, particularly in tropical and subtropical climates [5,19]. These discrepancies arise
because environmental dissatisfaction depends not only on measurable physical variables
but also on psychological adaptation, previous expectations, perceived environmental
control, and contextual factors [23,24]. While Fanger’s PMV-PPD model was originally
developed under controlled laboratory conditions [25], more recent investigations have
progressively adopted data-driven and machine learning techniques to estimate occupants’
environmental perception under realistic operating conditions [26,27].

Consequently, developing predictive models that explicitly preserve the ordinal struc-
ture of subjective dissatisfaction while simultaneously integrating multiple IEQ domains
has become an important research challenge. Such models should not only estimate
dissatisfaction levels but also provide interpretable information regarding the relative
influence of environmental variables and the probabilistic transitions between different
perception states.

Ordinal learning approaches provide an alternative strategy by explicitly incorporating
the hierarchical relationships among response categories during model training. In this
context, the Consistent Rank Logits (CORAL) framework reformulates ordinal classification
by estimating cumulative probabilities while enforcing rank consistency across ordered
classes [28,29]. This characteristic is particularly attractive for IEQ perception modeling
because transitions between dissatisfaction levels occur progressively rather than as abrupt
categorical changes [23,26].

Recent contributions have further demonstrated the influence of specific IEQ com-
ponents on cognitive and perceptual outcomes. For instance, Cho and Moon [21] and
Temprano et al. [30] reported measurable effects of elevated CO, concentrations on cog-
nitive performance, whereas Alam et al. [31] identified indoor air quality and acoustics
as dominant predictors of perceived discomfort. Likewise, stochastic and time-series
approaches have been proposed to anticipate discomfort conditions before conventional
environmental limits are exceeded [20,21,31].

Although these studies demonstrate the potential of data-driven approaches for IEQ
assessment, they generally emphasize predictive performance while providing limited
insight into how environmental variables jointly contribute to perceived dissatisfaction.
Moreover, robust validation strategies capable of preventing information leakage during
model selection remain relatively uncommon in studies based on limited psychophysical
datasets, potentially leading to optimistic estimates of predictive performance [32,33].
These limitations motivate the development of predictive frameworks that simultaneously
preserve ordinal perception, provide interpretable environmental information, and employ
unbiased validation procedures.

Within this context, the present study proposes a probabilistic framework for estimat-
ing the Predicted Probability of Dissatisfaction Index (PPDjeq prof) from the perspective of
university professors exposed to real classroom environments.

The PPDjeq prof is defined as a probabilistic ordinal index that represents professors’
perceived dissatisfaction with indoor environmental quality (IEQ). Instead of providing
only the final predicted dissatisfaction category, it estimates the probability associated with
each ordered dissatisfaction level from multidimensional environmental measurements.

Rather than predicting isolated environmental indicators, the framework integrates
operative temperature, carbon dioxide concentration, illuminance, and sound pressure
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level to estimate ordinal dissatisfaction levels based on subjective perception. In addition
to estimating dissatisfaction, it investigates the relative contribution of each IEQ domain,
characterizes probabilistic transition regions through sensitivity analysis, and explores the
latent representations learned by the neural network.

The model is evaluated using a Nested Stratified Grouped Cross-Validation protocol,
which separates model selection from final performance estimation while accounting for
repeated observations collected from the same professors. Its predictive performance is
compared with Ordinal Logistic Regression, Random Forest, Support Vector Machine,
XGBoost, and a conventional Artificial Neural Network, thereby providing an unbiased
assessment of ordinal deep learning under realistic experimental conditions.

The proposed approach also functions as a virtual sensing framework, allowing the
PPDjeq prof to be estimated directly from routinely measured IEQ variables without requir-
ing continuous subjective surveys. A CORAL-based ordinal neural network preserves
the ordered structure of questionnaire responses, while predictor contribution analysis,
One-Factor-at-a-Time (OFAT) probability-response curves, and Principal Component Anal-
ysis (PCA) of latent representations improve the interpretation of the relationship between
environmental conditions and perceived dissatisfaction.

2. Materials and Methods

This study employed an observational research design to investigate the relationship
between indoor environmental conditions in university classrooms and professors’ per-
ceived indoor environmental quality (IEQ). Four environmental variables representing the
thermal, air quality, visual, and acoustic domains of IEQ were monitored during regular
teaching activities: operative temperature (Top), carbon dioxide concentration (COy), illu-
minance (E), and sound pressure level (L). Simultaneously, subjective evaluations of the
classroom environment were collected from professors using standardized questionnaires.

The methodological framework comprised four main stages: (i) environmental mon-
itoring, (ii) collection of subjective perception data, (iii) exploratory statistical analysis,
and (iv) development and evaluation of predictive ordinal machine learning models to
investigate the relationship between objective environmental measurements and perceived
indoor environmental quality.

2.1. Study Site and Data Collection

Data collection was conducted in classrooms at a higher education institution in
Southern Brazil, a region with a Cfb climate characterized by mild summers and winters,
with average temperatures below 18 °C [34]. The monitored classrooms, constructed of
ceramic block masonry, have an average floor area of approximately 65 m?, a ceiling height
of 3.20 m, and a seating capacity of up to 42 students.

The buildings feature aluminum sliding windows with single glazing, predominantly
oriented along the east-west axis, which influences the solar thermal load. The classrooms
are equipped with recirculating ceiling fans; however, during the monitoring campaign,
ventilation relied exclusively on the natural opening of windows and doors. Consequently,
air renewal and CO; dilution depended entirely on natural ventilation, creating conditions
in which thermal comfort and indoor air quality were directly influenced by window-
opening practices and outdoor climatic conditions.

Four environmental variables were selected to represent the main domains of indoor
environmental quality (IEQ) in educational buildings: operative temperature (Tqp), carbon
dioxide concentration (CO,), illuminance (E), and sound pressure level (L). These vari-
ables correspond to the thermal, indoor air quality, visual, and acoustic domains of IEQ,
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respectively, which are widely recognized as the primary environmental factors influencing
occupants’ comfort and performance in educational environments.

Following the thermodynamic principles discussed by Broday et al. [35], operative tem-
perature was adopted as the thermal comfort indicator because it integrates the combined
effects of air temperature and mean radiant temperature, providing a physiologically mean-
ingful measure of the thermal environment. Likewise, Pereira and Broday [36] emphasize
that acoustic comfort should be assessed using sound pressure levels expressed in decibels,
since human perception of sound follows a logarithmic rather than a linear response.

The response variable corresponded to the professors” overall evaluation of classroom
indoor environmental quality, recorded immediately after each monitored class using a
five-point Likert scale with the categories Excellent, Good, Medium, Poor, and Very Poor.
These ratings served as the target variable for the predictive framework.

During the monitoring campaign, however, no responses were recorded in the two
extreme categories (Excellent and Very Poor). Consequently, only the observed response
categories were considered during predictive modeling, and the original ratings were
reformulated into three ordinal dissatisfaction levels: Low Dissatisfaction (Good), Moderate
Dissatisfaction (Medium), and High Dissatisfaction (Poor). This reformulation did not
remove any observations from the dataset; rather, it eliminated empty response categories
while preserving the ordinal structure of the original questionnaire, thereby providing an
outcome variable consistent with both the empirical data and the assumptions of ordinal
learning. The resulting class distribution is presented in Table 1.

Table 1. Dataset class distribution and scale adjustment (N = 77).

Original Analyzed No. Of Class Ratio Imbalance
Observations o .
Category Category N) (%) Ratio
Excellent ~ (Fxcluded—0 0 0.0% -
responses)
Low o
Good Dissatisfaction 19 24.7% 0.45
Medium Moderate 0 54.5% 1.00
Dissatisfaction
High o
Poor Dissatisfaction 16 20.8% 0.38
Very Poor (Excluded—0 0 0.0% -
responses)
Total - 77 100.0% -

The environmental variables (Top, COy, E, and L) were used as predictor variables,
whereas the three-level ordinal dissatisfaction outcome served as the response variable
throughout the predictive modeling stage.

The proposed framework estimates the Predicted Probability of Dissatisfaction Index
(PPDjeq.prof) from the measured indoor environmental conditions and the corresponding
questionnaire responses. A formal definition of the proposed index and its probabilistic
interpretation are presented in the CORAL Neural Network subsection.

2.2. Dataset Construction and Characterization

The study comprised 77 teaching sessions monitored during regular academic activi-
ties between March 2024 and June 2025. Data collection covered all four seasons (autumn,
winter, spring, and summer), encompassing a broad range of indoor environmental con-

https://doi.org/10.3390/architecture6030129


https://doi.org/10.3390/architecture6030129

Architecture 2026, 6, 129

6 of 37

ditions under naturally varying climatic scenarios. The monitoring campaign involved
22 university classrooms and 13 professors. Individual professors contributed between
one and 17 teaching sessions (median = 5), resulting in repeated observations for several
professors. Accordingly, each teaching session constituted one observation in the predictive
dataset because it represented a unique combination of environmental conditions and
subjective perception.

Each experimental unit comprised two consecutive 50-min classes (approximately
100 min). During this period, the environmental variables were continuously recorded
using the AURA® TEQ Discoverer system, while positioned at a representative location
inside the classroom. Immediately after the monitored teaching session, the correspond-
ing professor completed the subjective IEQ questionnaire. The environmental variables
associated with each experimental unit were obtained by calculating the arithmetic mean
of all measurements acquired throughout the monitoring period. These aggregated en-
vironmental measurements were subsequently paired with the corresponding subjective
evaluation, producing a single observation for model development. Consequently, repeated
sensor readings acquired during the same teaching period were not treated as independent
samples. The resulting predictive dataset therefore consisted of 77 observations, each
corresponding to one monitored teaching session.

Localized indoor pollutants associated with teaching activities, such as particulate
matter generated by chalk use (PMj;5/PMjg) or volatile organic compounds emitted by
whiteboard markers, were beyond the scope of this study and were therefore not monitored.
Consequently, the predictive models were developed using only the four primary physical
IEQ domains.

Table 2 summarizes the operational conditions adopted throughout the monitor-
ing campaign.

Table 2. Operational boundary conditions during data collection.

Operational Parameter Experimental Range/Condition

Approximately 100 min (two consecutive
50-min classes)

Morning (08:00-11:30) or Afternoon

Teaching Session Duration

Time of Day (13:30-17:00)
Occupancy Rate 65-90% of maximum design capacity
Ventilation Mode Natural Vgntllatlgn (windows and doors
intermittently open)
Ceiling Fans Switched off throughout monitoring

Environmental variables were measured using the integrated Aura® IEQ Discov-
erer instrument developed at the University of Coimbra (Coimbra, Portugal) [37], which
simultaneously records operative temperature (°C), carbon dioxide concentration (CO,,
ppm), illuminance (lux), and sound pressure level (dB). The experimental measurement
setup used during data acquisition is illustrated in Figure 1, which shows the instruments’
positions within the classroom environment. Measurements were taken at a representative
location approximately 1.1 m above the floor, corresponding to the breathing zone of seated
occupants, in accordance with established standards [38]. Calibration procedures were con-
ducted using certified reference instruments, including a Briiel & Kjeer Type 1212 Thermal
Comfort Meter (Briiel & Kjeer, Neerum, Denmark) and Trotec DL200X and DL200L data

loggers (Trotec GmbH, Heinsberg, Germany). The expanded measurement uncertainties

https://doi.org/10.3390/architecture6030129


https://doi.org/10.3390/architecture6030129

Architecture 2026, 6, 129

7 of 37

(95% confidence level) were 4-0.2 °C for operative temperature, £1% for relative humidity,
and 30 ppm for CO, concentration.
Subjective perception data were collected using validated questionnaires completed

immediately after each monitored teaching session. The study was approved by the in-
stitutional Ethics Committee (CAAE 68457223.0.0000.0177), and all participants provided
informed consent.

/ = ‘

Figure 1. Measurement equipment setup.

As presented in Table 1, no responses were recorded in the two extreme categories
of the original five-point Likert scale. Consequently, no observations were excluded from
the analysis. Therefore, the original five-level scale was represented by the three observed
ordinal categories, preserving the ordinal structure of the response variable while avoiding
empty output classes during model development and evaluation. This response representa-
tion was established before model training and was applied consistently across all evaluated
predictive models. This representation is consistent with the objective of predicting the
PPDjeq prof dissatisfaction level.

The distribution of observations across the three dissatisfaction levels reflects the natu-
ral variability of subjective responses collected under real classroom operating conditions.
Because class imbalance may bias conventional performance measures, model performance
was assessed using complementary evaluation metrics, including overall Accuracy, Bal-
anced Accuracy, macro-averaged F1 score, class-wise recall, and the Quadratic Weighted
Cohen’s Kappa (QWK), which accounts for the ordinal nature of the response variable.

To prevent information leakage during model selection and to obtain an unbiased
estimate of predictive performance while accounting for repeated observations from the
same professor, model performance was estimated using a Nested Stratified Grouped
Cross-Validation strategy [32,33]. Because responses from the same professor could not
be considered statistically independent, professor identity was adopted as the grouping
variable. Consequently, all observations associated with the same professor were assigned
exclusively to either the training or the testing partition within each fold.

The outer loop consisted of five stratified grouped folds used exclusively for out-of-
sample performance estimation, whereas the inner loop consisted of four stratified grouped
folds used for model selection. Both cross-validation loops employed shuffled partitions
with a fixed random seed to ensure reproducibility. Stratification preserved, as far as
permitted by the grouping constraint, the relative distribution of the three ordinal response
classes across the folds.
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Before model training, the three-level ordinal response variable was encoded according
to the cumulative binary representation adopted by the CORAL framework, thereby pre-
serving the ordinal relationship among dissatisfaction levels. Within each cross-validation
fold, the predictor variables were standardized using z-score normalization. The normal-
ization parameters were estimated exclusively from the training partition of each fold and
subsequently applied to the corresponding validation or test partition. This procedure
prevented information leakage between data partitions while improving numerical stability
and optimization convergence during model training.

The resulting dataset is also comparable in size to those reported in previous IEQ
field investigations based on synchronized environmental measurements and subjective
perception surveys. Rather than emphasizing large cross-sectional populations, studies
of this nature generally prioritize detailed environmental characterization under real op-
erating conditions. As summarized in Table 3, the sample size considered in the present
study is comparable to, or greater than, those adopted in representative investigations. For
example, Mui et al. [17] developed predictive logistic regression and probability indexing
models using data collected from 52 residents. Zhang and Bluyssen [39] evaluated multi-
sensory environmental exposure using a cohort of 54 teachers, whereas Carton, Kolarik,
and Breesch [23] performed statistical analyses based on field measurements obtained from
58 students.

Table 3. Comparison of sample sizes reported in representative IEQ field studies.

Study Context Sample Size (N) Modeling/Method
Logistic Regres-
Mui et al. [17] Residents 52 sion/Probability
Indexing
Zhang & Multisensory
Bluyssen [39] Teachers >4 Exposure
: Statistical
Carton, Kolarik & Students 58 Assessment/Field
Breesch [23] .
Monitoring
This Research Professors 77 CORAL Neural
Networks

2.3. CORAL Neural Network

Although previous studies on indoor environmental quality (IEQ) have employed
both linear and nonlinear approaches to investigate occupant satisfaction, linear mod-
els remain limited in their ability to capture complex interactions among environmental
variables and the stochastic nature of human perception [1,2,19]. In particular, IEQ is
influenced by multiple interdependent factors—such as thermal, acoustic, and air quality
conditions—that interact nonlinearly and affect occupants’ comfort, cognition, and well-
being [3,18,40]. Furthermore, classical regression approaches rely on assumptions such
as linearity and homoscedasticity, which are often restrictive for perceptual data [41,42].
This limitation is especially relevant when dealing with ordinal (Likert-type) scales, where
adjacent response categories represent an ordered progression rather than equally spaced
numerical values. In such cases, ordinal statistical frameworks provide a more appropriate
modeling approach [16,43].

In this study, the dependent variable represented perceived dissatisfaction with overall
indoor environmental quality and comprised three ordered categories: Low, Moderate,
and High Dissatisfaction. Machine learning approaches have been increasingly applied
to IEQ prediction due to their ability to model complex nonlinear relationships compared
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with traditional statistical methods [21,22,31,44]. However, most existing studies focus on
predicting continuous IEQ indicators or modeling occupant satisfaction using conventional
machine learning approaches, without explicitly accounting for the ordinal structure of
Likert-scale responses. Preserving this ordinal information is essential because the response
categories represent an ordered progression rather than independent nominal classes.

To address these challenges and preserve the ordinal structure of the response variable,
this study adopts the Consistent Rank Logits (CORAL) neural network architecture, an ordi-
nal learning framework specifically designed for ordered classification problems [28,29,43].
Unlike conventional multiclass classification neural networks, CORAL enforces monotonic-
ity constraints on the model outputs, ensuring probabilistic consistency across ordered
categories. Instead of predicting each category independently, CORAL reformulates the
ordinal classification problem as a sequence of cumulative binary classification tasks that
share a common latent representation and ordered decision thresholds. This strategy pre-
serves the ordinal structure of the perception scale, leading to probabilistically consistent
and more interpretable predictions.

Given an ordinal response variable with K ordered categories indexed as
y€{0,1,...,K—1}, the CORAL framework decomposes the original ordinal classifi-
cation problem into K — 1 cumulative binary classification tasks. For each threshold
j€{0,...,K—2}, the cumulative binary target is defined as

y =1y > j), (1)

where I(-) denotes the indicator function.
For the three-class problem considered in this study (K = 3), the cumulative encoding
adopted by the CORAL framework is summarized in Table 4.

Table 4. Cumulative binary encoding adopted by the CORAL framework for the three ordinal
dissatisfaction classes.

Original Class () y(©) y®
0 (Low Dissatisfaction) 0 0
1 (Moderate dissatisfaction) 1 0
2 (High Dissatisfaction) 1 1

Therefore, for an ordinal problem with K ordered categories, the CORAL network
contains K — 1 output neurons, each estimating one cumulative probability associated with
a binary classification task.

Each output neuron estimates the cumulative probability that the dissatisfaction
category exceeds threshold j, given by

P(y > j|x) =o(g(x) — ), j=0,...,K-2, )

where x = [Top, CO», E, L]—r € R* denotes the input feature vector, g : R* — R denotes
the shared latent scoring function, 6; € R represents the jth ordered decision threshold,
and o(-) denotes the logistic sigmoid function, defined as

1
- 14exp(—z)’

o(z)

z€eR. 3)

The latent score g(x) is obtained from the nonlinear transformation of the input
feature vector performed by the hidden layers of the neural network. This shared latent
representation is used by all cumulative binary classifiers to estimate the cumulative
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probabilities associated with the ordered dissatisfaction categories. To preserve the ordinal
structure of the target variable, CORAL enforces ordered decision thresholds:

O <01 < <Ok 4)

In the implementation adopted in this study, the ordered decision thresholds were
parameterized as cumulative sums of positive increments obtained by applying the Softplus
transformation to trainable threshold parameters. This parameterization guarantees that
the thresholds remain strictly ordered throughout the optimization process.

As a consequence, the cumulative probabilities satisfy

Ply>0|x)>Ply>1|x)>--->P(y>K-2]|x) (5)

The cumulative probabilities are subsequently converted into class probabilities

as follows:
P(y=0|x)=1-P(y >0]x), (6)
Ply=c|x)=Ply>c—1|x)—P(y>c]|x), c=1,...,K-2, (7)
Ply=K—-1|x)=P(y>K-2]x). (8)

For the three-class outcome considered in this study, the reconstructed class probabili-
ties define the proposed Predicted Probability of Dissatisfaction Index (PPDijeq prof):

PPDieqprof(X) = [P(y = 0 [ x), P(y = 1] x), P(y = 2 | )], ©)

where the three components represent the estimated probabilities of Low, Moderate, and
High Dissatisfaction, respectively, given the measured indoor environmental conditions x.

Unlike the classical Predicted Percentage of Dissatisfied (PPD) introduced by Fanger [25],
which estimates the percentage of thermally dissatisfied occupants from the Predicted Mean
Vote (PMYV), the proposed PPDieq prof represents the estimated probability distribution of
professors’ perceived dissatisfaction with overall indoor environmental quality inferred
from measured thermal, indoor air quality, visual, and acoustic variables.

The reconstructed class probabilities constituting the proposed PPDjeq prof were sub-
sequently used in the One-Factor-at-a-Time (OFAT) probability analysis described in
Section 3.3.3. Rather than using the cumulative probabilities directly, the OFAT analy-
sis was performed on the reconstructed class probabilities to characterize the probabilistic
transitions among the ordinal dissatisfaction levels.

The model parameters are estimated by minimizing the cumulative binary cross-
entropy loss function L:

1

Mz

L(W,6) = _i[ log((g(x)) — 6;)) + (1 - ") log(1 ~ r(g(x) — ;)] ~ 10)

1j

where W denotes the set of trainable neural network parameters, including the weight
matrices and bias vectors; and 6 = [6, ..., GK,Z]T e RK-1 denotes the vector of ordered
decision thresholds.

This loss function jointly optimizes the network weights and the ordered decision
thresholds while preserving the ordinal structure of the classification problem. Conse-
quently, the CORAL framework maintains ordinal consistency and allows the neural
network to model potential nonlinear relationships among the IEQ variables without
treating the dissatisfaction levels as independent classes.
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The selection of CORAL over conventional multiclass neural network approaches
was motivated by its ordinal-aware formulation. Unlike standard multiclass models,
which generally treat the target categories as independent, CORAL reformulates ordinal
regression as a sequence of rank-consistent cumulative binary classification tasks with
shared weight parameters across threshold classifiers [43]. This architecture is designed to
preserve the ordering of the cumulative predicted probabilities and reduce rank violations
between adjacent dissatisfaction levels. Such a formulation is appropriate for perceived
IEQ assessment because the transition from low to moderate and High Dissatisfaction
represents an ordered progression rather than a set of unrelated states.

Ordinal learning strategies have also been applied to subjective human-response
problems, including perception- and emotion-related tasks, in which the ordering among
categories contains relevant information [28]. More recent rank-consistent neural net-
work formulations have similarly emphasized the preservation of ordinal relationships in
probabilistic prediction problems [29].

In addition, the shared-parameter structure of CORAL avoids estimating completely
independent parameters for each cumulative binary task. This structure may be advanta-
geous in limited-sample settings; however, its effect on model stability and generalization
remains dependent on the validation procedure and the characteristics of the dataset.

2.4. Computational Implementation

The predictive framework was implemented in Python (v. 3.10) using TensorFlow /Keras
within the Google Colaboratory environment. Due to the relatively small sample size
(N = 77), characteristic of synchronized IEQ field studies involving subjective occupant
responses [1,14,23,24], particular attention was devoted to controlling overfitting and
ensuring robust model evaluation. Previous studies have emphasized that psychophysical
perception datasets frequently exhibit high variability and limited sample sizes, requiring
careful regularization and resampling strategies to obtain reliable estimates of model
generalization [7,20,37].

The predictive dataset consisted of four environmental variables—operative tem-
perature, carbon dioxide concentration, illuminance, and sound pressure level—and the
corresponding ordinal dissatisfaction class derived from the proposed PPDjeq prof index.
Given the characteristics of this relatively small psychophysical dataset, the computational
framework was designed to minimize overfitting, prevent information leakage, and provide
an unbiased estimate of predictive performance.

To accomplish these objectives, all stages of model development were performed within
a Nested Cross-Validation framework, which explicitly separates model selection from final
model evaluation and provides an unbiased estimate of predictive performance [32,33]. The
complete training pipeline incorporated grouped data partitioning, feature standardization,
class-weight estimation, systematic hyperparameter optimization, regularization techniques,
and fixed random seeds for NumPy and TensorFlow (seed = 42) to improve experimental
reproducibility. These procedures ensured that all preprocessing and model-selection steps
were carried out exclusively using the training data associated with each validation fold,
thereby preventing optimistic bias during performance estimation.

In addition, the proposed CORAL framework and the benchmark Artificial Neural
Network (ANN) shared the same candidate network architectures, optimization strategy;,
preprocessing pipeline, and validation protocol. Consequently, differences in predictive
performance can be attributed primarily to the ordinal learning formulation rather than to
differences in network architecture or training methodology.

The following subsections describe the Nested Cross-Validation strategy, the hyperpa-
rameter optimization procedure, and the benchmark models used for model selection and
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unbiased performance evaluation. Upon completion of this procedure, a representative
CORAL architecture was selected, retrained using the complete dataset, and subsequently
employed exclusively for the model interpretability analyses presented in Section 3.3,
including the confusion matrix, predictor contribution analysis, One-Factor-at-a-Time
(OFAT) probability analysis, and exploratory latent-space visualization through Principal
Component Analysis (PCA).

2.4.1. Nested Cross-Validation

To obtain an unbiased estimate of predictive performance while preventing informa-
tion leakage during model development, all experiments were conducted using a Nested
Cross-Validation framework, which explicitly separates model selection from final model
evaluation through two independent validation loops [32,33]. As illustrated in Figure 2,
the proposed workflow begins with the complete dataset and sequentially partitions the
procedures associated with model selection, hyperparameter optimization, and final per-
formance evaluation. While the inner loop is exclusively responsible for model selection
and hyperparameter optimization, the outer loop provides an unbiased estimate of the
model’s generalization performance using data that remain completely unseen throughout
the optimization process.

Complete Dataset
N = 77

v

Outer Cross-Validation
Five-fold Strati-
fiedGroupKFold

Grouping variable: professor

\ \

Outer-Training Partition Previously Uns‘e‘en
Outer-Test Partition

INNER CV LOOP (Mou¢l Selection)

Inner Cross-Validation
Four-fold StratifiedGroupKFold

v

Model Selection
Architecture Selection
Hyperparameter Optimization

OUTER EVALUATION l

Threshold Opti- \[ Performance Evaluation
mization (CORAL) 'LEvaluation on Outer-Test Partition
Model Retraining ) Calculated Metrics

Selected Model Accuracy, Bal. Acc., Macro-
Retrained on Outer- F1, QWK, MAE, RMSE

Training Partition
Early Stopping

g Final Performance
¢ Mean + SD across
Optimized Models 5 outer folds

CORAL, ANN, OLR, RE, SVM, XGBoost

\ J

Figure 2. Nested Stratified GroupKFold workflow illustrating the separation between model selection
(inner loop) and unbiased performance evaluation (outer loop).

The outer validation procedure employed a five-fold Stratified GroupKFold strategy. In
each iteration, one fold was reserved as an independent test partition, while the remaining
four folds constituted the corresponding outer-training partition. Consequently, every
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observation served exactly once as unseen test data, and all reported performance metrics
correspond to the mean and standard deviation computed across the five outer folds.

Grouping was performed according to professor identity, ensuring that observations
associated with the same professor were never assigned simultaneously to the training and
testing partitions. This design reduces statistical dependence among samples and provides
a more realistic estimate of model generalization under previously unseen instructional
conditions. At the same time, stratification preserved the relative proportions of the three
ordinal dissatisfaction classes across all folds, mitigating the effects of class imbalance
throughout the validation process.

Within each outer-training partition, an independent four-fold Stratified GroupKFold
procedure was used to optimize the neural network architecture, activation function,
and dropout configuration. For the proposed CORAL framework, the ordinal decision
threshold was simultaneously selected by maximizing the mean Quadratic Weighted
Cohen’s Kappa (QWK) across the inner-validation folds. During this optimization process,
predictor variables were standardized using a StandardScaler fitted exclusively on each
inner-training subset and subsequently applied to the corresponding validation subset.
After the optimal configuration had been identified, a new model was trained on the
corresponding outer-training partition using the selected architecture, while reserving an
internal validation split exclusively for early stopping. The benchmark ANN followed
the same optimization procedure, except for threshold selection, whereas the remaining
machine learning models were trained using the identical outer-training partitions.

All preprocessing operations were fully embedded within the nested validation frame-
work. During the outer evaluation, feature scaling was estimated exclusively from the
corresponding outer-training partition before being applied to the unseen outer-test parti-
tion. Likewise, class weights were computed independently for every training partition
to compensate for class imbalance. As a result, feature scaling, class-weight estimation,
architecture selection, hyperparameter optimization, threshold optimization, and early
stopping were performed without access to any information from the outer-test partitions,
thereby preventing information leakage throughout model development.

Finally, the optimized models were evaluated on the previously unseen outer-test
partition. Predictive performance was quantified using Accuracy, Balanced Accuracy,
Macro-F1, Quadratic Weighted Cohen’s Kappa (QWK), Mean Absolute Error (MAE), and
Root Mean Squared Error (RMSE), with the final results reported as the mean and standard
deviation across the five outer folds.

This validation protocol provides an unbiased estimate of the expected generalization
performance of the proposed framework while substantially reducing the optimistic bias
associated with performing model selection outside the cross-validation process [32,33].

2.4.2. Hyperparameter Optimization

Hyperparameter optimization was performed exclusively within the inner loop of the
Nested Cross-Validation framework described in Section 2.4.1. Consequently, all model-
selection procedures were performed using only the corresponding outer-training partition,
ensuring that neither architectural optimization nor threshold selection had access to the
independent outer-test partition.

Given the relatively small size of the psychophysical dataset, a targeted hyperparam-
eter search was adopted instead of an exhaustive exploration of the search space. Three
candidate feed-forward network topologies were investigated, comprising one hidden
layer with 8 neurons, one hidden layer with 16 neurons, and two hidden layers containing
16 and 8 neurons, respectively. These architectures were combined with ReLU or hyperbolic
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tangent (tanh) activation functions and different dropout configurations, resulting in eight
candidate neural network architectures.

To ensure a fair comparison, both the conventional ANN and the proposed CORAL
framework shared the same candidate architectures, activation functions, optimization
algorithm, regularization strategy, preprocessing pipeline, and training protocol. The
only architectural distinction concerned the output layer: whereas the ANN employed a
conventional Softmax classifier, CORAL replaced the Softmax layer with an ordinal output
layer composed of cumulative binary classifiers.

Model training employed the Adam optimizer with a learning rate of 10~ and L,
regularization. Early stopping monitored the validation loss and restored the weights
corresponding to the best validation performance. To mitigate class imbalance, class
weights were independently estimated for each training partition and applied during
network optimization.

Unlike the conventional ANN, the proposed CORAL framework also requires the
optimization of a decision threshold to convert cumulative probabilities into ordinal class
predictions. Therefore, both the neural network architecture and the decision threshold
were jointly optimized during the inner validation procedure. Candidate threshold values
uniformly distributed between 0.35 and 0.65 (15 equally spaced values) were evaluated,
and the threshold maximizing the mean Quadratic Weighted Cohen’s Kappa (QWK) across
the inner-validation folds was selected for each candidate architecture.

The mean QWK across the inner-validation folds was adopted as the primary model-
selection criterion because it explicitly accounts for the ordinal structure of the response vari-
able while assigning progressively larger penalties to disagreements between more distant
ordinal categories. After selecting the optimal model configuration for each outer-training
partition—including the network architecture, activation function, dropout configuration,
and, for CORAL, the corresponding decision threshold—a new model was retrained on the
associated outer-training partition using an internal validation split exclusively for early
stopping before being evaluated on the previously unseen outer-test partition.

The principal hyperparameters adopted throughout the optimization procedure are
summarized in Table 5.

Table 5. Training hyperparameters adopted during the optimization procedure.

Category Value
Training optimizer Adam
Learning rate 1x1073
Batch size 8
Maximum epochs 200
Early stopping Validation-loss monitoring
Monitored metric Validation loss
Patience 15
L, regularization 1x1073
Weight initialization (ReLU) He Normal
Weight initialization (tanh) Glorot Uniform
Output layer CORAL/Softmax
Candidate thresholds 0.35-0.65 (15 equally spaced values)

Model selection criterion

Feature scaling
Class imbalance

Outer cross-validation

Inner cross-validation

Grouping variable
Random seed
Validation split (outer training)

Quadratic Weighted Cohen’s Kappa (QWK)

StandardScaler

Class weights
Five-fold StratifiedGroupKFold
Four-fold Stratified GroupKFold

Professor
42
10%
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2.5. Model Interpretability and Sensitivity Analysis Framework

Following completion of the benchmark procedure described in the previous subsec-
tions, a representative CORAL model was selected according to the Nested Cross-Validation
results and subsequently retrained using the complete dataset while preserving the selected
network architecture and structural hyperparameters. This final fitted model was employed
exclusively for the interpretability analyses presented in this subsection and was not used
to estimate predictive performance.

To transform the CORAL architecture from a predictive “black-box” into an inter-
pretable decision-support framework, complementary interpretability analyses were per-
formed using the retrained representative model. These analyses comprised One-Factor-
at-a-Time (OFAT) probability-response analysis and permutation feature importance. The
OFAT procedure characterized the dynamic behavior of the PPDjeq prof index by varying
each indoor environmental quality (IEQ) predictor (CO, concentration, operative tempera-
ture, sound pressure level, and illuminance) individually across its observed operational
range while the remaining predictors were fixed at their median values.

The CORAL framework models cumulative ordinal probabilities through a shared-
threshold decomposition of the ordinal target variable [16]. Since the network outputs
cumulative probabilities, P(y > j | x), a decision threshold is required to convert these
probabilities into discrete ordinal predictions, #. During the benchmark procedure, the
decision threshold was optimized independently within each inner cross-validation loop by
maximizing the Quadratic Weighted Cohen’s Kappa (QWK), thereby avoiding information
leakage into the outer-test partitions. The optimized thresholds obtained across the five
outer folds yielded a mean value of T = 0.539 £ 0.076. Consequently, the representative
model adopted the rounded mean threshold, T = 0.54, for all interpretability analyses.

The representative threshold was used to convert cumulative probabilities into ordinal
predictions according to

?:i P(y>jlx)>1), (11)

where P(y > j | x) denotes the cumulative probability associated with the jth ordinal
threshold and T denotes the representative decision threshold adopted by the retrained
CORAL model.

For each environmental predictor, One-Factor-at-a-Time (OFAT) analysis was per-
formed by varying the selected predictor over its observed range while fixing the remaining
predictors at their median values. The trained CORAL model produced two cumulative
probabilities, denoted by g1 = P(y > 0) and g, = P(y > 1). Class probabilities were then
reconstructed as

Ply=0=1-q1, Ply=1)=qm—q.  Ply=2)=aq (12)

corresponding to the probabilities of Low, Moderate, and High Dissatisfaction, respectively.

For each environmental predictor, the decision boundary was identified as the first
value within the evaluated OFAT grid at which the predicted dissatisfaction class changed
from one ordinal category to the next. These transition points therefore represent model-
derived probabilistic decision boundaries inferred from the fitted CORAL model under
controlled variations in individual predictors. They should not be interpreted as universal
physiological thresholds or standardized IEQ limits.

To complement the OFAT sensitivity analysis, the relative importance of each en-
vironmental predictor was quantified using permutation feature importance. Predictor
importance was estimated by repeatedly permuting each input variable while measuring
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the corresponding reduction in Quadratic Weighted Cohen’s Kappa (QWK). The resulting
importance scores were normalized to obtain the relative contribution of each environmen-
tal predictor.

Together, the permutation-based feature importance and the OFAT probability-
response curves provide complementary perspectives on the nonlinear relationships
learned by the proposed CORAL framework. Whereas permutation importance quantifies
the overall contribution of each predictor to the model performance, the OFAT analysis
illustrates how controlled variations in individual environmental variables influence the
predicted dissatisfaction probabilities. Consequently, the proposed PPDjeq prof index consti-
tutes an interpretable virtual-sensing framework for identifying environmental conditions
associated with changes in faculty members’ perceived dissatisfaction.

2.6. Exploratory PCA of the Learned Latent Representation

To complement the probability-response analysis, an exploratory analysis of the
learned latent representation was performed using Principal Component Analysis (PCA).
PCA is a widely adopted dimensionality reduction technique that projects high-dimensional
data onto orthogonal components capturing the largest sources of variance, thereby facili-
tating visualization and exploratory analysis [45].

After retraining the representative CORAL model using the complete dataset, PCA
was applied to the activations of the last hidden layer learned by the CORAL network
from operative temperature (Top), carbon dioxide concentration (CO3), illuminance (E),
and sound pressure level (L).

Consequently, the resulting projection summarizes the nonlinear feature representation
learned during ordinal classification rather than the original environmental measurements.

The resulting two-dimensional PCA projection was used exclusively as an exploratory
visualization of the learned latent representation. The corresponding projection and its
interpretation are presented in Section 3.3.4.

Unlike visualizations based on the original environmental variables, the latent-space
projection reflects the internal feature representation learned by the neural network. There-
fore, the principal components should not be interpreted as physical environmental di-
mensions or perceptual thresholds. Instead, they provide an interpretable visualization
of the learned feature geometry, allowing a qualitative assessment of how the nonlinear
transformations performed by the CORAL architecture organize the ordinal dissatisfaction
classes [28,29,43].

It should be emphasized that PCA is used exclusively as an exploratory visualization
tool. The principal components are linear combinations of the learned latent features and do
not have direct physical meaning. Their purpose is to facilitate the qualitative interpretation
of the latent representation learned by the CORAL model rather than to establish new
environmental indices or decision boundaries.

The PCA analysis was designed to complement the permutation-based feature impor-
tance and the OFAT probability-response analysis by providing an additional qualitative
visualization of the latent feature space learned by the representative CORAL model.

2.7. Computational Implementation and Generative Al Disclosure

The computational pipeline, statistical analyses, and machine learning modeling
procedures were implemented using Python (v. 3.10) within the Google Colaboratory envi-
ronment. The implementation relied on specialized scientific computing, machine learning,
and visualization libraries, including TensorFlow (v. 2.14.0), Keras (v. 2.14.0), Scikit-Learn
(v. 1.2.2), Matplotlib (v. 3.7.1), Seaborn (v. 0.12.2), NumPy (v. 1.23.5), and Pandas (v. 2.0.3).
All preprocessing procedures, Nested Cross-Validation routines, hyperparameter optimiza-
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tion, representative model retraining, statistical hypothesis testing (Wilcoxon signed-rank
test), confusion matrix generation, permutation-based feature importance, One-Factor-at-a-
Time (OFAT) sensitivity analysis, and latent-space Principal Component Analysis (PCA)
were implemented using custom Python scripts developed specifically for this study.

To support transparency and reproducibility, the computational workflow, including
model architecture specifications, Nested Cross-Validation procedures, retraining of the
representative CORAL model, and analysis procedures, is fully described in the present
manuscript. The dataset analyzed during this study may be made available from the corre-
sponding author upon reasonable request, subject to institutional and ethical restrictions
related to human participant data.

In compliance with journal policies regarding advanced digital tools, generative
artificial intelligence tools were used during the preparation of this manuscript solely
to assist with language refinement, grammatical correction, structural organization, and
improvement of technical clarity. The use of these tools was limited to editorial support and
was not involved in data collection, dataset generation, statistical analysis, machine learning
model development, interpretation of results, or formulation of scientific conclusions.

3. Results

The experimental evaluation was conducted in two complementary stages. First, the
proposed CORAL (Consistent Rank Logits) framework was benchmarked against conven-
tional statistical and machine learning models using a strict 5-fold Nested Stratified Grouped
Cross-Validation (Nested CV) scheme. This stage provided an unbiased comparison of
predictive performance while identifying a representative CORAL architecture through
independent hyperparameter optimization, threshold calibration, and statistical comparison
using Wilcoxon signed-rank tests. Subsequently, the representative CORAL architecture
selected during the benchmark was retrained using the complete dataset and employed
exclusively for the model interpretability analyses presented in Section 3.3, including the
confusion matrix, permutation-based feature importance, One-Factor-at-a-Time (OFAT)
probability-response analysis, and latent-space Principal Component Analysis (PCA).

By reformulating the ordinal prediction task as a sequence of cumulative binary
subproblems sharing a joint feature representation, the CORAL framework enforces rank
consistency across predicted dissatisfaction levels while preventing information leakage
during hyperparameter optimization and decision-threshold calibration.

This separation between benchmark evaluation and model interpretability ensures that
the analyzed model corresponds exactly to the architecture selected during the benchmark,
thereby maintaining methodological consistency throughout the study.

3.1. Nested Cross-Validation Model Selection and Architectural Stability

To ensure complete independence between hyperparameter optimization and perfor-
mance estimation, candidate neural network architectures were evaluated strictly within
the inner cross-validation loops of each outer fold. The candidate pool encompassed
varying hidden-layer topologies (single and double layers), activation functions (ReLU
and tanh), and dropout rates (0.0, 0.05, and 0.1). For clarity, neural architectures are de-
noted as ReLU(16), ReLU(16-8), and tanh(8), where the numbers indicate the number of
neurons in each hidden layer. In addition to providing an unbiased estimate of predic-
tive performance, this benchmark stage identified the representative CORAL architecture
subsequently retrained using the complete dataset for the model interpretability analyses.

Unlike conventional cross-validation schemes that select a single global architecture
prior to evaluation, the Nested CV framework reveals the consistency of the model selection
process across independent data partitions. Table 6 summarizes the optimal architectures,
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calibrated decision thresholds (), and associated hyperparameters selected by the inner
validation loops for each of the five outer folds.

Table 6. Selected optimal architectures, activation functions, dropout rates, and calibrated decision
thresholds (7) for the CORAL framework across the five outer CV folds.

Hidden-Layer

Outer Fold Activation Architecture Dropout Threshold (7)
Fold 1 tanh 8 0.05 0.44
Fold 2 ReLU 16 0.05 0.61
Fold 3 ReLU 16-8 0.10 0.59
Fold 4 ReLU 16 0.05 0.46
Fold 5 ReLU 16-8 0.00 0.61

The hyperparameter selection frequencies revealed a consistent preference for compact
neural architectures. Although four distinct configurations were selected across the five
outer folds, all winning models contained one or two hidden layers with a maximum
of 16 neurons, indicating that satisfactory predictive performance was achieved without
increasing architectural complexity. The ReLU activation function dominated the selection
process, being chosen in 80.0% of the outer folds (Folds 2-5). This preference was split
evenly between single-layer compact architectures (ReLU (16) in 40.0% of folds) and two-
layer configurations (ReLU (16-8) in 40.0% of folds). The tanh activation function was
selected in only a single fold (20.0%, Fold 1).

Furthermore, low dropout regularization rates (0.00 to 0.05) were favored in 80.0%
of the folds, indicating that compact, moderately regularized networks effectively pre-
vented overfitting under the limited sample size (N = 77) while preserving task-relevant
feature representations.

The calibrated decision threshold exhibited moderate variability across the outer folds,
yielding an average value of T = 0.539 £ 0.076. The optimized thresholds ranged from 0.44
to 0.61, indicating that the conventional default threshold (t = 0.50) was not consistently
optimal across independent training partitions. This variability supports the inclusion
of threshold optimization within the Nested CV framework rather than adopting a fixed
decision boundary.

The architecture selection process showed that the Nested CV framework consistently
favored compact CORAL models with moderate regularization and fold-specific decision
thresholds. The representative architecture identified through this benchmark was sub-
sequently retrained using the complete dataset and employed exclusively for the model
interpretability analyses presented in Section 3.3.

3.2. Benchmark Model Comparison and Statistical Validation

The predictive performance of the proposed CORAL framework was evaluated against
conventional statistical and machine learning approaches to contextualize its predictive
capacity across alternative modeling paradigms. The benchmark suite comprised Ordinal
Logistic Regression (OLR), representing a traditional parametric approach for ordered cate-
gorical responses [42,46]; a conventional multiclass Artificial Neural Network (ANN) with
a Softmax output layer, which treats the dissatisfaction categories as nominal classes [47];
Random Forest (RF); Support Vector Machine (SVM) with a radial basis function kernel;
and Extreme Gradient Boosting (XGBoost).

All models were evaluated using the same five-fold outer Stratified Group Cross-
Validation procedure. The grouping variable was used to prevent records belonging to the
same group from being distributed between the corresponding training and test partitions.
For the CORAL framework and the conventional ANN, a four-fold inner Stratified Group
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Cross-Validation loop was used to optimize the hidden-layer architecture, activation func-
tion, and dropout rate. In addition, the CORAL inner loop jointly optimized the common
classification threshold T using 15 candidate values uniformly spaced between 0.35 and
0.65. The remaining benchmark models were fitted using the fixed implementations and
hyperparameter settings specified in the computational procedure, without an additional
inner-loop hyperparameter search.

During the inner cross-validation procedure, each candidate neural network config-
uration was evaluated on the inner validation partitions. For each CORAL candidate
configuration, QWK was calculated for every candidate threshold in each inner validation
fold. The architecture-threshold combination attaining the highest mean QWK across the
four inner validation folds was selected for the corresponding outer fold. The conventional
ANN configurations were selected analogously according to their mean inner-validation
QWEK, but without threshold optimization. After model selection, the winning configura-
tion was fitted using the corresponding outer-training data and evaluated on the outer test
partition. The outer test partitions were strictly excluded from architecture and threshold
selection and were reserved exclusively for out-of-sample performance estimation.

The primary evaluation metrics were Balanced Accuracy, Macro-F1 score, and
Quadratic Weighted Cohen’s Kappa (QWK) [48]. Balanced Accuracy averages the re-
call obtained for each class and is therefore informative under unequal class distributions.
Macro-F1 assigns equal importance to the class-specific F1 scores, independently of class
prevalence. QWK additionally incorporates the ordered nature of the outcome by applying
larger penalties to disagreements between more distant dissatisfaction categories.

Table 7 presents the out-of-sample performance obtained across the five outer test folds.

Table 7. Out-of-sample predictive performance of the CORAL framework and benchmark models
under five-fold outer Stratified Group Cross-Validation. Values represent the mean =+ standard
deviation across the five outer test folds.

Model Balanced Accuracy Macro-F1 QWK

CORAL framework 0.715+£0.164 0.618 £ 0.166 0.604 +0.176
Ordinal Logistic Regression (OLR) 0.581 +0.178 0.552 +£0.175 0.550 +0.147
Conventional ANN 0.352 £ 0.087 0.288 £0.113 0.092 £0.222
Random Forest (RF) 0.747 £0.173 0.737 £0.179 0.679 £ 0.268
Support Vector Machine (SVM) 0.758 +0.150 0.714 +£0.151 0.662 1 0.142
XGBoost 0.728 £0.136 0.698 £ 0.135 0.660 £ 0.100

The benchmark results indicate that no single model consistently achieved the highest
value across all evaluation metrics. SVM obtained the highest mean Balanced Accuracy
(0.758 £ 0.150), whereas RF achieved the highest mean Macro-F1 score (0.737 & 0.179) and
QWK (0.679 £ 0.268). XGBoost also produced comparatively high point estimates across
the three metrics.

The proposed CORAL framework achieved a mean Balanced Accuracy of 0.715 £ 0.164,
a Macro-F1 score of 0.618 £ 0.166, and a QWK of 0.604 & 0.176. Its point estimates were
higher than those obtained by OLR for all three metrics. Conversely, the conventional
multiclass ANN produced the lowest performance among the evaluated models, including
a mean QWK of 0.092 % 0.222, indicating substantially lower agreement with the observed
ordinal labels.

Table 8 summarizes the complete hyperparameter configurations selected by the inner
cross-validation procedure for the two neural network models. Considering the complete
combination of hidden-layer topology, activation function, and dropout rate, the single-
hidden-layer ReLU (16) configuration with a dropout rate of 0.05 was selected in two of the
five outer folds (40.0%), whereas each of the remaining CORAL configurations was selected
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in only one outer fold (20.0%). Because ReLU (16) (Dropout: 0.05) was the only complete
hyperparameter configuration selected in more than one outer fold, it was adopted as
the representative CORAL architecture for retraining on the complete dataset and for the
subsequent model interpretability analyses.

Table 8. Frequency of the complete neural network hyperparameter configurations selected by the
inner cross-validation procedure across the five outer folds.

Model Architecture and Configuration Selection (%)
CORAL framework

ReLU (16) (Dropout: 0.05) * 40%
tanh (8) (Dropout: 0.05) 20%
ReLU (16,8) (Dropout: 0.10) 20%
ReLU (16,8) (Dropout: 0.00) 20%
Conventional ANN

tanh (16,8) (Dropout: 0.10) 40%
tanh (8) (Dropout: 0.05) 20%
tanh (16,8) (Dropout: 0.00) 20%
ReLU (16,8) (Dropout: 0.00) 20%

* Selected as the representative CORAL configuration for final retraining and model interpretability analyses.

A single fitted CORAL model was required for the subsequent global interpretability
analyses, including permutation feature importance, One-Factor-At-a-Time sensitivity
analysis, the confusion matrix, and latent-space PCA. Therefore, the most frequently
selected complete CORAL configuration—ReLU (16) with a dropout rate of 0.05—was
adopted as the representative architecture. It was the only identical complete CORAL
configuration selected in more than one outer fold. Although the ReLU (16,8) topology
also appeared twice, those occurrences involved different dropout rates (0.10 and 0.00) and
consequently represented distinct complete hyperparameter configurations.

The representative ReLU (16) architecture was subsequently retrained using the com-
plete dataset (N = 77) for the model interpretability analyses. This full-data retraining
step was performed exclusively to obtain a single representative fitted model and did not
contribute to the benchmark performance estimates reported in Table 7.

The classification thresholds selected for CORAL across the five outer folds had a
mean value of T = 0.539 £ 0.076, ranging from approximately 0.44 to 0.61. This variation
indicates that the default probability threshold of T = 0.50 was not consistently optimal
across the different training partitions and supports the optimization of T exclusively within
the inner validation loop. These values represent the common probability thresholds used
to convert the cumulative CORAL outputs into predicted ordinal classes and should not be
confused with the ordered cutoffs internally learned by the CORAL output layer.

The comparatively poor performance of the conventional ANN should be interpreted
cautiously. Its Softmax output treats the dissatisfaction categories as nominal classes and
does not explicitly encode their ordering. By contrast, CORAL represents the ordinal
outcome through cumulative binary tasks with shared weights and ordered cutoffs. In
the present dataset, explicitly incorporating this ordinal structure resulted in substantially
higher Balanced Accuracy, Macro-F1, and QWK than those obtained by the tested con-
ventional ANN. However, these results do not establish that nominal neural networks are
intrinsically unsuitable for all Likert-type outcomes, particularly given the limited sample
size and the variability observed across the outer folds.

Figure 3 illustrates the distribution of Balanced Accuracy, Macro-F1 score, and QWK
obtained across the five outer test folds.
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Figure 3. Distribution of the out-of-sample Balanced Accuracy, Macro-F1, and QWK values obtained
for the CORAL framework, Ordinal Logistic Regression (OLR), Random Forest (RF), Support Vector
Machine (SVM), XGBoost, and the conventional ANN across the five outer test folds.

Pairwise statistical comparisons between CORAL and each benchmark model were
performed using two-sided Wilcoxon signed-rank tests applied to the five paired outer-fold
QWK values. The statistical test results are presented in Table 9. None of the pairwise
comparisons reached the predefined significance level of « = 0.05.

Table 9. Two-sided Wilcoxon signed-rank comparisons between the outer-fold QWK values obtained
by CORAL and the benchmark models.

Comparison W Statistic (W) p-Value (p)
CORAL vs. OLR 5.00 0.6250
CORAL vs. RF 5.00 0.6250
CORAL vs. SVM 4.00 0.4375
CORAL vs. XGBoost 5.00 0.6250
CORAL vs. ANN 0.00 0.0625

Although CORAL achieved a substantially higher mean QWK than the conventional
ANN (0.604 versus 0.092), the corresponding comparison did not reach statistical signif-
icance (W = 0.00, p = 0.0625). Similarly, the differences between CORAL and OLR, RF,
SVM, and XGBoost were not statistically significant. These results should be interpreted
considering that the Wilcoxon tests were based on only five paired outer-fold observations,
which limits the statistical power and the resolution of the resulting p-values.

The benchmark results therefore do not support a claim of statistical superiority of
CORAL over the competing models. RF, SVM, and XGBoost achieved higher QWK point
estimates, whereas CORAL obtained higher point estimates than OLR and the conventional
ANN. The representative CORAL model was retained for the subsequent interpretability
analyses because the objective of the study was to examine a neural architecture that
explicitly preserves the ordered structure of the dissatisfaction outcome through cumulative
probabilities and rank-consistent outputs, rather than because CORAL demonstrated
statistically superior predictive performance over all benchmarks.

3.3. Model Interpretability Results

The Nested Cross-Validation benchmark described in the preceding section was de-
signed to compare the predictive performance of CORAL with the benchmark models while
preventing the outer test partitions from influencing architecture selection or threshold
optimization. Because the optimal CORAL configuration could differ across the outer folds,
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this procedure did not directly yield a single fitted model suitable for the subsequent model
interpretability analyses.

A representative CORAL configuration was therefore defined from the hyperparam-
eter selections obtained during the benchmark. The complete configuration comprising
one hidden layer with 16 ReLU units and a dropout rate of 0.05 was selected in two of
the five outer folds (40.0%), whereas each remaining complete configuration was selected
only once (20.0%). Consequently, ReLU (16) with a dropout rate of 0.05 was adopted
as the representative architecture because it was the most frequently selected complete
hyperparameter configuration across the Nested Cross-Validation procedure.

The representative model retained the structural and training hyperparameters used
during the benchmark, including the ReLU activation function, a dropout rate of 0.05,
an Adam learning rate of 1073, an L, regularization coefficient of 10~3, a batch size of
8, and class-balanced sample weights. The common classification threshold was fixed at
T = 0.539, corresponding to the mean of the thresholds selected independently across the
five outer folds. After standardizing the four predictors using parameters estimated from
the complete dataset, the representative CORAL model was trained using all available
observations (N = 77).

This full-data model was used exclusively for model interpretation. Its results did
not contribute to the out-of-sample benchmark estimates reported in Table 7. Accordingly,
the accuracy, QWK, confusion matrix, predictor contributions, OFAT response curves,
decision boundaries, and latent-space PCA presented in this section describe the behavior
of the representative model fitted to the complete dataset and should not be interpreted as
independent estimates of generalization performance.

Four complementary analyses were conducted. First, a row-normalized confusion
matrix was calculated to describe the fitted model’s classification behavior on the com-
plete dataset. Second, Permutation feature importance was used to quantify the relative
contribution of each IEQ predictor to the model’s QWK. Third, a One-Factor-at-a-Time
(OFAT) analysis was performed to examine how the predicted ordinal probabilities and
classes changed across the observed range of each environmental variable. Finally, PCA
was applied to the representations generated by the 16-unit hidden layer to explore the
internal organization of the learned latent space.

3.3.1. Classification Behavior of the Representative Model

The representative CORAL model achieved an overall Accuracy of 84.42% and a
Quadratic Weighted Kappa (QWK) of 0.8276 when fitted to the complete dataset. These
values represent apparent training performance and are reported exclusively to characterize
the representative model used for the interpretability analyses. The corresponding estimates
of predictive generalization remain those obtained from the outer folds of the Nested Cross-
Validation benchmark.

Figure 4 presents the row-normalized confusion matrix of the representative CORAL
model. The matrix summarizes the fitted classification behavior across the three dissatisfac-
tion categories and complements the global performance metrics by illustrating how the
model distributed correct classifications and misclassifications among the ordinal classes.

As shown in Figure 4, all observations belonging to the Low Dissatisfaction category
were classified correctly, corresponding to a class-specific accuracy of 100.0%. For the
Moderate category, 75.6% of the observations were correctly classified, whereas 9.8%
and 14.6% were assigned to the adjacent Low and High categories, respectively. For the
High Dissatisfaction category, 92.9% of the observations were classified correctly, with the
remaining 7.1% assigned to the adjacent Moderate category.
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Figure 4. Row-normalized confusion matrix of the representative CORAL model fitted to the
complete dataset.

No direct confusion was observed between the Low and High Dissatisfaction extremes.
Instead, all misclassifications involving an extreme category occurred only with the adjacent
ordinal category. This error pattern is consistent with the ordinal formulation of the CORAL
framework, in which neighboring dissatisfaction levels are expected to exhibit greater
similarity than the opposite ends of the response scale. Because the confusion matrix was
obtained from the representative model fitted to the complete dataset, these results should
be interpreted as descriptive evidence of the learned classification behavior rather than as
an independent estimate of predictive generalization.

3.3.2. Permutation-Based Predictor Contribution Analysis

The global contribution of each environmental predictor was estimated using per-
mutation feature importance. For each predictor, its values were randomly permuted
while the remaining variables were kept unchanged, and the resulting reduction in QWK
was recorded. This procedure was repeated 30 times using a fixed random seed. Larger
decreases in QWK indicate a greater dependence of the fitted representative model on the
corresponding predictor.

The mean permutation importance values were truncated at zero to avoid interpreting
negative values as positive contributions. The resulting non-negative importance scores
were then normalized by their sum, yielding relative contributions that totaled 100%. Con-
sequently, the reported percentages quantify the relative dependence of the representative
model on each predictor and should not be interpreted as causal effects or as proportions
of explained variance.

Figure 5 presents the normalized permutation-based contributions of the four envi-
ronmental predictors. Carbon dioxide concentration was the most influential predictor,
accounting for 48.2% of the total normalized importance, followed by operative temperature
(24.8%), sound pressure level (14.7%), and illuminance (12.4%).

The predominance of CO; concentration indicates that the predictive performance
of the representative model was most sensitive to perturbations in this variable, whereas
operative temperature provided the second largest contribution. Although sound pressure
level and illuminance exhibited lower relative importance, all four environmental vari-
ables contributed positively to the predictive performance of the model, supporting the
multidimensional nature of the proposed framework.
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Figure 5. Relative permutation-based contributions of the environmental predictors in the representa-
tive CORAL model.

Permutation importance should be interpreted as a measure of model dependence
rather than variable causality. Furthermore, because the analysis was performed using
the same dataset employed to fit the representative model, the reported percentages de-
scribe the behavior of the fitted model within the present sample and should not be inter-
preted as independent estimates of predictor relevance in other classroom environments
or populations.

The interpretation of permutation importance may also be influenced by correlations
among predictors. When two environmental variables contain overlapping information,
permuting one variable may underestimate or redistribute its apparent contribution because
related information remains available through the correlated predictor. Consequently, the
reported contributions characterize the internal dependence structure of the representative
CORAL model rather than isolated effects of individual environmental variables.

3.3.3. OFAT Probability Responses and Model-Derived Decision Boundaries

The response of the representative CORAL model to each environmental predictor
was investigated using a One-Factor-at-a-Time (OFAT) analysis. For each variable, a
grid of 200 equally spaced values spanning the observed range of the complete dataset
was generated. The predictor under evaluation was varied across this grid, whereas the
remaining three predictors were fixed at their respective sample median values, thereby
defining a common reference condition for all analyses.

Each synthetic input profile was standardized using the scaler fitted to the complete
dataset and subsequently submitted to the representative CORAL model. The model
produced two cumulative probabilities corresponding to the probabilities of exceeding
the successive ordinal thresholds. These cumulative outputs were converted into class
probabilities according to:

P(Y=0)=1—-P(Y >0),

P(Y=1)=P(Y>0)—P(Y>1),

P(Y =2) = P(Y > 1).
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The predicted ordinal class at each grid point was obtained by counting the cumulative
probabilities exceeding the common threshold T = 0.539, with the resulting prediction
restricted to the valid class range from 0 to 2.

For each environmental variable, the model-derived decision boundary was defined
as the first grid value at which the predicted ordinal class changed relative to the preceding
grid point. Let x1,...,x00 denote the ordered grid values and §(x;) the corresponding
predicted classes. The reported decision boundary was computed as

Xpoundary = Xk, k= min{j : y\(ijrl) a ?(x])}

Consequently, the reported boundary does not correspond to the intersection of class-
probability curves, but rather to the first predicted-class transition detected along the OFAT
grid. If multiple class transitions occurred, only the first transition was retained. Therefore,
the numerical precision of the reported boundary depends on the spacing of the 200-point
grid and should be regarded as an approximate model-derived value.

Figure 6 illustrates the OFAT probability-response curves obtained for the four environ-
mental predictors. As each predictor varies individually, the remaining predictors remain
fixed at their sample median values, allowing the isolated influence of each environmental
variable on the predicted dissatisfaction probabilities to be visualized.

- Low dissatisfaction Moderate dissatisfaction =~ == High dissatisfaction =~ ==~ Decision boundary

1.0 - -
| |

0.8

Predicted probability

16 18 20 22 24 26 28 30 600 800 1000 1200 1400 1600 1800 2000 2200
Operative Temperature (°C) CO: Concentration (ppm)

Predicted probability

100 200 300 400 500 600 45.0 47.5 50.0 52.5 55.0 57.5 60.0 62.5
llluminance (lux) Sound Pressure Level (dB)

Figure 6. OFAT probability-response curves of the representative CORAL model.

The probability curves exhibit smooth transitions between adjacent dissatisfaction
categories, reflecting the cumulative ordinal formulation of the CORAL framework. The
vertical dashed line in each panel indicates the first predicted-class transition identified
by the computational procedure described above. Because the remaining predictors were
fixed at their sample medians, the resulting curves describe conditional model responses
under a common reference condition rather than observed classroom trajectories.

The corresponding numerical values of the first predicted-class transitions are sum-
marized in Table 10. The first transition occurred at approximately 19.97 °C for operative
temperature, 933.26 ppm for CO, concentration, 158.38 lux for illuminance, and 59.16 dB
for sound pressure level.
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Table 10. Model-derived OFAT decision boundaries corresponding to the first predicted-class transition.

Environmental Predictor Decision Boundary Unit
Operative temperature 19.97 °C
Carbon dioxide concentration 933.26 ppm
Illuminance 158.38 lux
Sound pressure level 59.16 dB

These values should not be interpreted as universal comfort thresholds, physiological
limits, recommended exposure values, or regulatory criteria. They represent model-derived
transition points obtained under the specific OFAT reference condition in which one pre-
dictor varied while the remaining predictors were fixed at their sample median values.
Different combinations of the remaining environmental variables would generally produce
different probability trajectories and transition points.

Likewise, the OFAT curves do not represent out-of-sample predictions. Instead, they
provide synthetic response profiles generated by the representative CORAL model fitted to
the complete dataset. Their purpose is to illustrate the local behavior of the fitted model
within the observed predictor ranges rather than to establish causal relationships or predict
responses under independent environmental conditions.

Finally, the reported boundaries identify only the first predicted-class transition en-
countered as each predictor increases from its observed minimum to its maximum value.
Depending on the learned probability profiles, subsequent transitions may also occur.
Therefore, the numerical boundary values reported in Table 10 should always be inter-
preted together with the complete probability-response curves shown in Figure 6.

3.3.4. Exploratory Latent-Space Representation via Principal Component Analysis

As a final model-interpretation analysis, Principal Component Analysis (PCA) was
applied to the latent representations learned by the representative CORAL model. Follow-
ing the benchmark stage, the representative architecture (ReLU (16) with a dropout rate of
0.05) was retrained using the complete dataset (N = 77), and the activations of its single
hidden layer were extracted. Because the selected architecture contains one hidden layer
with 16 neurons, each observation is represented by a 16-dimensional latent activation
vector before entering the ordinal output layer.

PCA was subsequently applied to these learned latent representations rather than
to the four original standardized environmental variables. Consequently, the resulting
principal components summarize how the neural network internally organizes the multidi-
mensional IEQ information after nonlinear feature extraction instead of representing direct
combinations of the original physical measurements.

The first latent principal component explained 36.89% of the total variance in the
learned representations, whereas the second explained 22.34%. Together, the first two
components retained 59.22% of the total variance, providing a two-dimensional projection
that summarizes a substantial, although incomplete, portion of the information contained
in the 16-dimensional latent space.

Figure 7 presents the PCA projection of the learned latent representations. Each
point corresponds to one classroom observation and is colored according to its observed
dissatisfaction category. The dashed ellipses summarize the within-class dispersion and
orientation of the projected latent representations and are included only as descriptive
visual aids.
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Figure 7. PCA projection of the latent representations generated by the representative CORAL model.

As shown in Figure 7, the projection reveals a gradual spatial organization of the
dissatisfaction categories. The Moderate class occupies an intermediate region between the
Low and High Dissatisfaction groups and partially overlaps both neighboring categories,
which is compatible with the ordinal nature of the response variable.

The Low Dissatisfaction observations form the most compact cluster, whereas the
High Dissatisfaction category exhibits greater spatial dispersion. The overlap involving the
Moderate category is also consistent with the classification behavior previously observed
in the confusion matrix, where Moderate Dissatisfaction presented the lowest class-specific
accuracy and most prediction errors occurred between adjacent ordinal categories rather
than between the two extremes of the ordinal scale.

It is important to note that the sign and orientation of the principal components are
mathematically arbitrary. Consequently, the position of the Low Dissatisfaction observa-
tions predominantly on the positive side of the first principal component and the High
Dissatisfaction observations on the opposite side has no intrinsic physical interpretation.
Only the relative spatial organization and overlap among the categories are meaningful.

The covariance ellipses were computed from the class-specific covariance matrices
and scaled using the two-dimensional 95% chi-square factor. They summarize the within-
class dispersion of the projected latent representations and should not be interpreted as
confidence regions or as statistical evidence of class separation.

Neither the latent neurons nor the principal components possess direct physical
meaning. Instead, they represent nonlinear combinations of operative temperature, CO,
concentration, illuminance, and sound pressure level learned during network training.
Therefore, the principal components should not be interpreted as individual environmental
factors or physiological mechanisms.

The PCA analysis complements the previous interpretability results by providing an
exploratory visualization of the latent feature space learned by the representative CORAL
model. Together with the confusion matrix, permutation-based predictor contribution
analysis, and OFAT probability-response curves, it helps explain how the model inter-
nally organizes multidimensional environmental information before producing ordinal
dissatisfaction predictions. Because the projection was obtained from the representative
model retrained on the complete dataset, these findings remain descriptive and should be
validated using larger independent datasets.

4. Discussion

The discussion interprets the predictive performance, methodological implications,
and practical applicability of the proposed PPDjeq prof framework. Following the workflow
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adopted throughout this study, the discussion is organized into three complementary
parts. First, the ordinal predictive performance and robustness of the CORAL framework
are analyzed in relation to the benchmark models evaluated under the Nested Stratified
Group Cross-Validation protocol. Second, the environmental predictors and the model-
derived perceptual transition patterns learned by the representative CORAL model are
discussed based on the predictor contribution analysis and the One-Factor-at-a-Time (OFAT)
response analysis. Finally, the latent representations generated by the representative
CORAL model are examined through Principal Component Analysis (PCA) to explore how
multidimensional indoor environmental quality (IEQ) information is internally organized
and to discuss the potential of the proposed framework as a virtual sensing strategy for
university classrooms.

4.1. Ordinal Predictive Performance and Model Robustness

The application of the Consistent Rank Logits (CORAL) framework to model pro-
fessors’ perceived dissatisfaction under indoor environmental conditions demonstrated
the potential of ordinal neural network approaches for representing ordered perception
responses in IEQ assessment. Unlike conventional nominal classifiers, CORAL explicitly
incorporates the ordinal structure of the outcome through cumulative probability modeling
and rank-consistent outputs. Consequently, transitions between dissatisfaction levels are
represented as ordered changes rather than as predictions among unrelated categories.

The predictive performance reported in this study was estimated using a five-fold
Nested Stratified Grouped Cross-Validation protocol. In each outer fold, architecture
selection and decision-threshold optimization were performed exclusively within the
corresponding inner validation procedure. The selected architecture and threshold were
subsequently evaluated on the independent outer test partition. This separation prevented
the outer test observations from contributing to model selection, threshold calibration,
or preprocessing estimation and provided an out-of-sample assessment of the CORAL
framework and the benchmark models.

Accordingly, the reported predictive metrics characterize the generalization perfor-
mance of the complete model-selection procedure rather than that of a single fixed neural
network. Because both the neural architecture and the decision threshold were selected
independently within each outer fold, the benchmark evaluates the predictive perfor-
mance that can be expected when the entire optimization pipeline is applied to previously
unseen data.

The predictive results should be interpreted in light of the complexity of modeling
subjective environmental perception. Human responses to indoor environmental condi-
tions may be influenced by physiological, behavioral, temporal, and contextual factors
that are not fully represented by environmental measurements alone. In addition, the
experimental dataset consisted of N = 77 observations collected under real classroom
operation, including naturally ventilated environments and different seasonal conditions.
These characteristics increase ecological validity but also introduce variability that may
limit predictive stability.

Under the Nested Cross-Validation protocol, the CORAL framework achieved an Ac-
curacy of 0.670 £ 0.122, Balanced Accuracy of 0.715 % 0.164, Macro-F1 score of 0.618 4= 0.166,
Quadratic Weighted Kappa (QWK) of 0.604 £ 0.176, and Mean Absolute Error (MAE)
of 0.343 £ 0.129. The mean calibrated cumulative decision threshold was 0.539 & 0.076.
These results indicate that the proposed framework achieved moderate predictive agree-
ment while maintaining relatively balanced discrimination across the three dissatisfaction
categories despite the limited sample size and heterogeneous environmental conditions.
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The variation observed across the outer folds was also reflected in the architectures
selected by the inner validation procedures. The ReLU activation function was selected in
four of the five outer folds, whereas a tanh architecture was selected in one fold. The single-
hidden-layer ReLU architecture with 16 neurons and a dropout rate of 0.05 was selected
in two folds, while the remaining folds selected distinct configurations. This variability
indicates that no single architecture was uniformly optimal across all training partitions,
reinforcing the importance of performing architecture selection independently within each
outer fold rather than fixing a global architecture before performance estimation.

Although different architectures achieved the highest inner-validation performance
in different outer folds, the complete configuration comprising a single hidden layer with
16 ReLU neurons and a dropout rate of 0.05 was the only configuration selected more than
once. For this reason, it was adopted as the representative CORAL architecture for the
subsequent interpretability analyses. This choice was based on its greater selection stability
across independent training partitions rather than on superior predictive performance in a
single fold.

The class-wise evaluation provided additional insight into the ordinal behavior of the
framework. The aggregated normalized confusion matrix showed that errors occurred
predominantly between adjacent dissatisfaction categories, whereas confusion between the
Low and High classes was limited. This error pattern is consistent with the ordered nature
of the response variable, since subjective dissatisfaction is expected to vary progressively
rather than through abrupt transitions between opposite levels.

After identifying the representative architecture through the benchmark procedure,
this configuration was retrained using all available observations (N = 77). The retrained
model was subsequently employed exclusively for the interpretability analyses presented
in Section 3.3, including permutation-based predictor contributions, One-Factor-at-a-Time
(OFAT) response analyses, and latent-space visualization. Consequently, the benchmark
and interpretability analyses serve complementary purposes: the former estimates out-of-
sample predictive performance, whereas the latter provides descriptive insights into the
behavior of the representative model fitted to the complete dataset.

To assess the relative predictive behavior of the proposed framework, CORAL was
compared with Ordinal Logistic Regression (OLR), Random Forest, Support Vector Machine
(SVM), XGBoost, and a conventional Artificial Neural Network with a nominal Softmax
output. All models were evaluated using the same outer partitions and model-specific
inner optimization procedures, providing comparable out-of-sample evaluation conditions.

The benchmark results reveal different trade-offs among the evaluated approaches.
Random Forest achieved the highest overall Accuracy (0.810 =+ 0.152), Macro-F1 score
(0.737 £ 0.179), and QWK (0.679 £ 0.268), whereas SVM achieved the highest Balanced
Accuracy (0.758 £ 0.150). XGBoost also presented competitive performance, with a Balanced
Accuracy of 0.728 £ 0.136, Macro-F1 score of 0.698 £ 0.135, and QWK of 0.660 £ 0.100.

Compared with OLR, CORAL achieved lower overall Accuracy (0.670 versus 0.702)
and a higher MAE (0.343 versus 0.298). Nevertheless, CORAL achieved higher Balanced
Accuracy (0.715 versus 0.581), Macro-F1 score (0.618 versus 0.552), and QWK (0.604 versus
0.550). This result suggests that the ordinal neural framework produced a more balanced
classification pattern across the dissatisfaction categories, whereas OLR obtained higher
overall Accuracy but was less effective in representing all classes uniformly.

The conventional ANN presented the lowest performance among the evaluated ap-
proaches, with an Accuracy of 0.378 £ 0.165, Balanced Accuracy of 0.352 =+ 0.087, Macro-F1
score of 0.288 4 0.113, QWK of 0.092 4 0.222, and MAE of 0.710 & 0.193. The contrast
between CORAL and the conventional ANN suggests that explicitly incorporating the
ordering of the response categories may provide a more appropriate inductive structure
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than treating dissatisfaction levels as independent nominal classes, particularly under
small-sample and class-imbalanced conditions.

The two-tailed Wilcoxon signed-rank tests applied to the paired outer-fold QWK
values did not identify statistically significant differences between the CORAL framework
and any of the benchmark models at the &« = 0.05 significance level. Specifically, the
comparisons yielded W = 5.00 and p = 0.625 for Ordinal Logistic Regression, Random
Forest, and XGBoost, W = 4.00 and p = 0.438 for SVM, and W = 0.00 with p = 0.0625 for
the conventional ANN.

Although the descriptive performance measures indicate noticeable differences among
the evaluated approaches, the Wilcoxon results suggest that these differences cannot be
considered statistically significant under the present experimental conditions. This outcome
should not be interpreted as evidence that all algorithms perform equivalently. Instead,
it primarily reflects the limited statistical power associated with comparing only five
paired outer-fold observations, which is an inherent consequence of the five-fold Nested
Cross-Validation protocol adopted for unbiased performance estimation.

Interestingly, the comparison between CORAL and the conventional ANN produced
the smallest Wilcoxon statistic (W = 0.00) and the lowest p-value (p = 0.0625), indicat-
ing the strongest empirical evidence among all pairwise comparisons despite remaining
marginally above the conventional significance threshold. This finding is consistent with
the large differences observed in the descriptive performance metrics, particularly for QWK
(0.604 £ 0.176 versus 0.092 % 0.222), Balanced Accuracy (0.715 % 0.164 versus 0.352 £ 0.087),
and Macro-F1 (0.618 £ 0.166 versus 0.288 & 0.113). A larger dataset would likely increase
the statistical power available to detect such differences formally.

Although Random Forest, SVM, and XGBoost achieved higher point estimates for
several predictive metrics, CORAL offers a structural advantage that is not represented
by accuracy-based comparisons alone. Its cumulative outputs explicitly model the prob-
ability that dissatisfaction exceeds successive ordinal thresholds, thereby preserving the
hierarchical relationship among the response categories. This formulation provides ordinal
probabilities that are directly aligned with the organization of the perception scale and may
facilitate interpretation of transitions among dissatisfaction levels.

Unlike tree-based ensembles and kernel methods, which directly predict nominal
class labels, the CORAL framework estimates cumulative probabilities while enforcing
rank consistency through shared parameters across ordinal thresholds. Consequently,
the model naturally supports probability-response analyses, latent-space visualization,
and predictor contribution analyses that remain coherent with the ordered nature of the
dissatisfaction scale. These characteristics motivated the adoption of the representative
CORAL architecture for the interpretability analyses presented in Section 3.3.

Direct numerical comparisons with previous IEQ prediction studies remain difficult
because of differences in sample size, monitored variables, occupant populations, target
definitions, data collection procedures, and validation strategies. Nevertheless, previous in-
vestigations provide useful methodological context for positioning data-driven approaches
to occupant perception modeling. Table 11 summarizes representative studies involving
regression-based, nominal classification, and ordinal modeling approaches. The metrics
reported for the present study represent the mean + standard deviation across the five
outer folds of the Nested Cross-Validation protocol.
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Table 11. Summary of machine learning approaches in IEQ modeling and comparison with the
proposed CORAL framework.

Study Learning Paradigm Sample  Main Reported Metrics
2 _ : 2 _ —
Mahgoub et al. [6] Regression-based IEQ modeling N =89 R® = 0.72, Adjusted R” = 0.69, RMSE = 023,
MAE = 0.18
Laton et al. [20] Regression-based prediction N =56 R?=0.79, Adjusted R? = 0.75, MAE = 0.21
Cho & Moon [21] Machine learning regression N=112 R?=0.83, Adjusted R? = 0.80, RMSE = 0.17
Croffi et al. [22] Nominal classification N =39  Accuracy = 0.84, Kappa = 0.72
Geng et al. [40] Multi-domain IEQ analysis N=120 R%Z=0.381, Adjusted R%Z =0.78, Kappa = 0.76
Alam et al. [31] Multi-class classification N = 1437  Accuracy = 0.87, Kappa = 0.71
Amangeldy et al. [49] ~ Sensor-based regression N =78 R?=0.85 Adjusted R? = 0.82, RMSE = 0.15
Accuracy = 0.670 £ 0.122;
Balanced Accuracy = 0.715 + 0.164;
This study Ordinal classification (CORAL) N=77 Macro-F1 = 0.618 + 0.166;

QWK = 0.604 £ 0.176;
MAE = 0.343 + 0.129

As shown in Table 11, most previous studies employed regression models or conven-
tional classification approaches and frequently evaluated perception responses without
explicitly incorporating their ordinal organization. In contrast, the present study formulates
professors’ perceived dissatisfaction as an ordinal classification problem and estimates pre-
dictive performance through a Nested Stratified Grouped Cross-Validation procedure. The
numerical values should not be interpreted as direct rankings among studies because the
reported metrics, datasets, target variables, and validation procedures differ substantially.

Taken together, the benchmark results indicate that several machine learning algo-
rithms achieved competitive predictive performance for modeling professors’ perceived
indoor environmental dissatisfaction. The representative CORAL architecture was adopted
for the subsequent interpretability analyses not because it achieved the highest numerical
score in every evaluation metric, but because it combines competitive predictive perfor-
mance with an explicit probabilistic formulation that preserves the ordinal structure of the
response variable. This characteristic enables meaningful interpretation of latent representa-
tions, predictor contributions, and OFAT response analyses while maintaining consistency
with the ordered nature of subjective dissatisfaction.

4.2. Hierarchy of Environmental Predictors and Perceptual Dynamics

To improve the interpretability of the selected ordinal model, predictor contribu-
tions and One-Factor-at-a-Time (OFAT) analyses were performed using the representative
CORAL architecture identified during the benchmark stage and subsequently retrained
on the complete dataset (N = 77). Consequently, the analyses presented in this section
describe the behavior of the final representative model rather than the individual models
fitted within the Nested Cross-Validation procedure.

The permutation-based predictor contribution analysis indicated that all monitored
indoor environmental quality (IEQ) domains contributed to the estimation of professors’
perceived dissatisfaction, although with different relative importance. Carbon dioxide
(CO,) concentration exhibited the largest contribution (48.2%), followed by operative
temperature (24.8%), sound pressure level (14.7%), and illuminance (12.4%).

The predominance of CO, concentration suggests that, within the environmental
conditions represented in the present dataset, the representative CORAL model relied more
heavily on indicators associated with indoor air quality than on the remaining environmen-
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tal variables. Nevertheless, these percentages quantify the dependence of the fitted model
on each predictor and should not be interpreted as evidence of causal effects or physiolog-
ical importance. Rather, they reflect the contribution of each variable to the predictions
produced by the representative model under the observed environmental conditions.

The ranking of predictor contributions also indicates that dissatisfaction was not
determined by a single environmental domain. Although CO, concentration accounted for
nearly half of the total relative contribution, the remaining predictors jointly represented
approximately 52% of the model importance, reinforcing the multidimensional nature of
indoor environmental perception.

The probabilistic behavior learned by the representative CORAL framework was
further investigated through a One-Factor-at-a-Time (OFAT) sensitivity analysis. Unlike
conventional classifiers that directly assign observations to mutually exclusive classes,
CORAL estimates cumulative ordinal probabilities, allowing dissatisfaction levels to change
progressively as environmental conditions vary.

For each environmental variable, OFAT curves were generated by varying a single
predictor across its observed range while fixing the remaining predictors at their respective
median values. The reported decision boundary corresponds to the point at which the
predicted probability of the High Dissatisfaction category became greater than that of the
Moderate Dissatisfaction category. Therefore, these boundaries describe transitions learned
by the representative CORAL model under controlled reference conditions rather than
empirical comfort limits.

The OFAT analysis identified transition points at approximately 19.97 °C for operative
temperature, 933.26 ppm for CO, concentration, 158.38 lux for illuminance, and 59.16 dB
for sound pressure level.

These values should not be interpreted as universal comfort thresholds, regulatory
limits, or experimentally validated transition points. Instead, they represent model-derived
decision boundaries obtained from synthetic OFAT scenarios in which only one predictor
varied while all remaining variables were held constant. Consequently, the reported values
describe the behavior of the representative CORAL model and should be interpreted as
exploratory summaries of its learned decision function.

Taken together, the permutation-based predictor contributions and the OFAT response
analysis indicate that the proposed PPDijeq prof framework integrates information from mul-
tiple environmental domains while preserving the ordinal structure of dissatisfaction. The
predictor contribution analysis identifies the variables on which the representative model
relies most strongly, whereas the OFAT analysis illustrates how predicted dissatisfaction
changes as individual environmental variables vary under controlled reference conditions.
These complementary analyses improve model interpretability without implying causal
relationships or establishing universal environmental thresholds.

4.3. Multidimensional Environmental Representation and Virtual Sensing Potential

Principal Component Analysis (PCA) was applied to the latent representations generated
by the representative CORAL model retrained on the complete dataset. Rather than operating
on the original environmental measurements, the PCA was performed on the 16-dimensional
hidden-layer activations learned from operative temperature, carbon dioxide concentration,
illuminance, and sound pressure level. Consequently, the projection summarizes the internal
feature representation learned by the neural network before the ordinal output layer.

The first latent principal component explained 36.89% of the total variance, whereas
the second explained 22.34%. Together, the first two components accounted for 59.22% of
the variance contained in the learned latent representations. Although this two-dimensional
projection captures a substantial portion of the latent variability, approximately 41% of the
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information remains distributed among the remaining principal components. Therefore,
the visualization should be interpreted as an exploratory summary rather than a complete
representation of the learned feature space.

Figure 7 illustrates the projection of the observations onto the first two latent princi-
pal components.

The projection suggests a gradual organization of the dissatisfaction categories within
the learned latent space. Observations associated with Low and High Dissatisfaction
tend to occupy different regions of the projection, whereas Moderate Dissatisfaction is
distributed between these two extremes and exhibits partial overlap with both neighboring
categories. This pattern is consistent with the ordinal nature of the response variable, in
which intermediate dissatisfaction levels are expected to share characteristics with adjacent
categories rather than forming completely distinct clusters.

The partial overlap observed for the Moderate Dissatisfaction category is also coherent
with the classification behavior of the representative model. As indicated by the normalized
confusion matrix, most prediction errors occurred between adjacent dissatisfaction levels,
whereas direct confusion between the Low and High categories was rare. Accordingly,
the PCA visualization provides an exploratory representation that is compatible with the
ordinal decision structure learned by the CORAL framework.

Neither the hidden-layer activations nor the resulting principal components possess
direct physical meaning. The latent principal components correspond to mathematical
combinations of the learned feature representations and should not be interpreted as inde-
pendent environmental dimensions or physiological mechanisms. Instead, they provide
a qualitative visualization of how the representative CORAL model internally organizes
multidimensional environmental information before generating ordinal predictions.

From an applied perspective, these findings reinforce the potential of the proposed
PPDijeqprof framework as a virtual sensing approach for indoor environmental quality
assessment. By integrating thermal, air-quality, acoustic, and visual measurements into a
unified latent representation, the framework transforms continuous environmental obser-
vations into ordinal dissatisfaction probabilities while preserving the ordered structure of
the response variable.

Nevertheless, the latent-space projection remains descriptive and dataset-dependent
because it was obtained from the representative model fitted to the complete dataset. Future
studies using larger and independent datasets are needed to evaluate the stability and
generalizability of these learned latent representations before broader conclusions regarding
their applicability to occupant-centered environmental monitoring can be established.

5. Conclusions

This study proposed an ordinal deep-learning framework based on the Consistent
Rank Logits (CORAL) architecture for modeling professors’ dissatisfaction under multidi-
mensional indoor environmental quality (IEQ) conditions in university classrooms. The
study followed a two-stage strategy. First, the predictive performance of the proposed
framework was benchmarked against conventional statistical and machine learning models
using a rigorous Nested Stratified Group Cross-Validation protocol. Subsequently, the
representative CORAL architecture identified during the benchmark stage was retrained
using the complete dataset and employed exclusively for the model interpretability analy-
ses. By reformulating the prediction problem as cumulative ordinal learning, the proposed
framework preserves the hierarchical ordering of dissatisfaction levels while producing
cumulative probabilities that remain consistent with the ordinal response structure.

The benchmark demonstrated that the proposed CORAL framework achieved compet-
itive predictive performance despite the challenging characteristics of the dataset, including
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the limited sample size (N = 77), environmental variability, and the inherent subjectivity
of human perception. Although Random Forest, Support Vector Machine, and XGBoost
achieved higher point estimates for some predictive metrics, pairwise Wilcoxon signed-
rank tests performed on the outer-fold Quadratic Weighted Kappa values detected no
statistically significant differences between CORAL and any benchmark model (p > 0.05
for all comparisons). Consequently, the benchmark does not provide sufficient statistical
evidence to conclude that any evaluated algorithm consistently outperformed the others
under the adopted validation protocol.

The interpretability analyses performed on the representative CORAL model provided
complementary insights into the learned ordinal relationships. The predictor contribution
analysis indicated that carbon dioxide concentration was the most influential predictor
(48.2%), followed by operative temperature (24.8%), sound pressure level (14.7%), and
illuminance (12.4%). Although indoor air quality received the highest contribution, all
monitored IEQ domains participated in the estimation of perceived dissatisfaction, rein-
forcing the multidimensional nature of indoor environmental perception. Because these
contributions were obtained from the representative model retrained on the complete
dataset, they should be interpreted as descriptive characteristics of the fitted model rather
than population-level estimates.

The One-Factor-at-a-Time (OFAT) analysis further characterized the behavior of the
representative model by identifying transition regions at approximately 19.97 °C for op-
erative temperature, 933.26 ppm for CO, concentration, 158.38 lux for illuminance, and
59.16 dB for sound pressure level. These values represent model-derived transition regions
under the adopted reference conditions and should not be interpreted as universal comfort
thresholds or regulatory recommendations.

The exploratory Principal Component Analysis complemented the interpretation of the
proposed framework by illustrating how multidimensional IEQ information was internally
organized before the ordinal output layer. The first two latent principal components
explained 59.22% of the total variance, providing an informative visualization of the
learned latent representations while preserving the gradual organization expected for
ordinal dissatisfaction categories. Because these latent representations were obtained from
the representative model trained on the complete dataset, they should be interpreted as
exploratory descriptions of the learned feature space.

From a practical perspective, the proposed PPDjeq prof framework represents a virtual
sensing approach capable of translating continuous environmental measurements into
ordinal probabilities of professors’ perceived dissatisfaction. By combining benchmark
validation with model interpretability, the proposed methodology provides a transparent
framework that may support future occupant-centered environmental assessment and
intelligent building-management systems.

Some limitations should be acknowledged. The experimental dataset comprised only
77 observations collected from professors under naturally ventilated classroom conditions
at a single institution, limiting both the statistical power of the hypothesis tests and the
generalizability of the learned relationships. Furthermore, the interpretability analyses
were performed on the representative model retrained using the complete dataset and
therefore provide descriptive insights into model behavior rather than external validation
of the learned representations.

Future research should evaluate the proposed framework using larger and indepen-
dent datasets collected from different educational buildings and occupant populations.
Additional investigations may explore alternative ordinal neural network architectures,
automated hyperparameter optimization strategies, multimodal environmental sensing,
temporal environmental dynamics, and external validation of the learned latent representa-
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tions. Such developments may further improve predictive performance while preserving
the ordinal consistency, interpretability, and practical applicability of the proposed virtual
sensing framework for indoor environmental quality assessment.
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