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Abstract

Classroom acoustic quality is strongly influenced by spatial configuration, source–receiver
relationships, and node-specific acoustic properties, making rapid and interpretable pre-
diction valuable for building-acoustic assessment and design. This study develops an
interpretable graph-based multi-task learning framework for classroom acoustic qual-
ity prediction and design-space exploration. A classroom configuration is represented
as a 14-node spatial graph, and a graph convolutional network (GCN) learns a shared
representation for jointly predicting six Strength (G), six Clarity (C50), and three Speech
Transmission Index (STI) indicators. The framework was evaluated against a multilayer per-
ceptron, random forest, XGBoost, graph attention network, and equivariant graph neural
network using 10,816 simulated samples and five random seeds. The GCN attained a mean
absolute error of 0.10112, an RMSE of 0.14802, and an R2 of 0.99967. These scores are only
marginally better than those of the multilayer perceptron (MAE = 0.10138). The principal
contribution is therefore not a large gain in accuracy, but a spatial graph representation that
preserves source–receiver–surface relationships, supports node- and interaction-level inter-
pretation, and serves as a surrogate for constrained design-space exploration. Explainability
analysis showed that receiver-to-node distances accounted for 67.1% of the aggregated
SHAP attribution and that node 2 was the most influential spatial component. A GCN
ensemble combined with constrained NSGA-II was then used to explore surrogate-optimal
candidates within the training bounds. The resulting configurations require independent
verification before use as engineering solutions.

Keywords: classroom acoustics; building acoustics; graph convolutional network;
multi-task learning; explainable artificial intelligence; acoustic design-space exploration

1. Introduction
Acoustic quality is an important component of indoor environmental quality and build-

ing performance, particularly in classrooms where speech communication is the primary
acoustic function [1,2]. Excessive sound attenuation, insufficient speech clarity, and poor
speech transmission can reduce the effectiveness of verbal communication and adversely
affect the learning environment. In classroom spaces, acoustic performance is governed
by the combined effects of room geometry, source–receiver configuration, surface charac-
teristics, and sound propagation paths [3]. Consequently, achieving satisfactory acoustic
conditions generally requires a careful evaluation of the interaction between architectural
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design and acoustic performance rather than the adjustment of a single design parame-
ter. Conventional approaches based on physical measurements and numerical acoustic
simulation provide reliable means of assessment, but repeated evaluation can become
time-consuming when a large number of classroom configurations or design alternatives
must be considered [4,5]. The development of data-driven approaches therefore provides
an opportunity to accelerate acoustic assessment and early comparison of alternatives.
More generally, predictive models and digital-twin workflows in building engineering
are used to connect design variables with performance indicators when repeated physical
simulation is too costly [6]. Surrogate models of energy use and indoor environmental
quality follow the same logic. Classroom acoustics presents an analogous need, with the
additional requirement that the mapping remain inspectable in terms of source–receiver
geometry and room surfaces.

Machine learning has increasingly been applied to building and room acoustics be-
cause nonlinear relationships between design variables and acoustic responses can be
learned directly from simulated or measured data [7–9]. Regression models can provide
rapid predictions after training and therefore have potential as surrogate models for re-
peated acoustic assessments. Previous machine-learning approaches commonly represent
room geometry, material characteristics, and source–receiver parameters as a conventional
feature vector and then apply algorithms such as artificial neural networks, ensemble
methods, or support vector regression. Nannariello et al. [10] employed artificial neural
networks trained on constructional and acoustical data from 34 university classrooms
comprising 182 source and receiver configurations to achieve rapid and accurate predic-
tion of sound propagation distribution in unoccupied classrooms. The root-mean-square
errors across all frequency bands were within approximately 1 dB, which corresponds to
the subjective difference limen for steady-state sound pressure levels, demonstrating the
reliability and accuracy of this approach for predicting speech level distributions during
the schematic design stage. Yeh et al. [11] employed GBDT and ANN algorithms trained
on 800 parametrically generated spaces to achieve rapid and accurate prediction of acoustic
indicators for multi-functional activity centers without requiring 3D modeling or simula-
tion software. The models predicted most indicators within ±2 JND, whereas predictions
for C50, C80, STI, and SPL distributions were within ±1 JND, providing a convenient eval-
uation tool for architectural design and interior decoration. Lopez et al. [12] employed
convolutional neural networks trained on speech signals to achieve simultaneous predic-
tion of room acoustical parameters and speech intelligibility without impulse response
measurements in wireless acoustic sensor networks. The model achieved a relative error
rate below 5.5% with a computational speedup factor near 250 compared to conventional
signal processing, enabling efficient AI-IoT applications for in-node acoustic monitoring.
Duangpummet et al. [13] employed 1D CNNs with temporal amplitude envelope features
to blindly estimate STI and five room-acoustic parameters via extended RIR reconstruction,
achieving accurate results that outperformed prior Schroeder-based methods and aligned
with standard measurements. Although this representation is convenient, it can obscure
the spatial organization inherent in acoustic systems [14]. In a classroom, the relationships
among multiple surfaces or spatial points are not independent: the acoustic response at a re-
ceiver is influenced by the distances and spatial arrangement of surrounding surfaces, their
acoustic properties, and the relative positions of the source and receiver. Flattening these
variables into an unordered vector may therefore discard part of the structural information
that is naturally present in the original acoustic configuration [14].

Graph neural networks (GNNs) [15] provide a suitable framework for representing
such structured systems because they describe a problem through entities and their re-
lationships rather than treating all variables as independent inputs [16]. In a classroom
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acoustic configuration, spatial points or acoustic surfaces can be represented as graph
nodes, while their spatial relationships can be encoded through graph connectivity and
node attributes. Such a representation makes it possible to preserve the organization of the
acoustic configuration while allowing the model to learn interactions among spatial entities.
This is particularly relevant when the objective is not only accurate prediction but also an
interpretable understanding of which spatial regions and source–receiver relationships
contribute most strongly to acoustic performance. However, the application of graph-based
learning to multi-indicator classroom acoustic prediction remains insufficiently explored,
particularly for settings in which multiple acoustic indicators with different physical mean-
ings are predicted jointly.

Another important consideration is that classroom acoustic performance is inherently
multi-dimensional. Sound Strength (G) [17], speech Clarity (C50) [17,18], and Speech Trans-
mission Index (STI) [19,20] characterize different aspects of acoustic quality and are evaluated
across multiple frequency bands or source conditions. Treating these outputs as completely
independent prediction problems may neglect shared information arising from the same
underlying classroom structure. Multi-task learning provides a means of learning a shared
latent representation while retaining task-specific prediction heads for different acoustic indica-
tors [21,22]. A structure-aware multi-task framework can therefore potentially combine spatial
information with the common characteristics of multiple acoustic responses. In addition,
interpretation of the resulting model is essential for design applications. Prediction accuracy
alone does not indicate which spatial features should receive attention during classroom
design. Explainable machine-learning methods can instead help identify important feature
groups, spatial nodes, and interactions, thereby providing a link between model predictions
and interpretable acoustic design factors [23,24].

The interpretability of the learned model also enables a shift from forward prediction
to design-oriented applications. Conventional data-driven acoustic prediction follows a
forward mapping from design to acoustic performance, whereas practical design problems
often require solving the inverse problem: determining the design configuration that
achieves a target acoustic performance [25–27].

This inverse problem is challenging because multiple classroom configurations may
produce similar acoustic responses, and unconstrained optimization may generate so-
lutions outside the distribution represented by the training data. A learned acoustic
predictor can nevertheless serve as a surrogate model for constrained design exploration,
provided that candidate solutions are evaluated with respect to design feasibility and
prediction uncertainty. Such an approach can connect data-driven acoustic assessment
with early design-space exploration, consistent with the growing use of learned surrogates
in building-performance analysis. The present model remains a data-driven surrogate
trained on simulated targets. It does not embed a wave equation, an energy-decay residual,
or another physics-informed constraint, and it is not compared with a physics-informed
neural network.

In this study, we develop a structure-aware multi-task learning framework for class-
room acoustic quality prediction and design-space exploration. A classroom configuration
is represented as a 14-node spatial graph. A GCN learns a shared representation for
six Strength indicators, six C50 indicators, and three STI indicators. The study is guided
by four questions: (1) whether an explicit spatial graph is an effective basis for multi-
indicator prediction; (2) whether the shared representation can capture Strength, C50,
and STI together; (3) which spatial and source–receiver factors dominate the learned map-
ping; and (4) whether the surrogate can support constrained exploration under specified
acoustic objectives.
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The contribution is threefold. First, the graph keeps source–receiver–surface rela-
tionships intact instead of flattening them into an unordered vector. Second, hierarchical
explainability is used to identify dominant feature groups, influential nodes, and model
information flow. Third, the trained model is used as a surrogate inside constrained
NSGA-II search. Predictive accuracy is treated as a prerequisite for these tasks, not as the
primary claim: all compared models already reach R2 > 0.9995, and the GCN improves the
multilayer perceptron by only 0.00026 in MAE.

2. Materials and Methods
2.1. Dataset and Acoustic Indicators

The dataset was obtained from the publicly available Classroom Acoustic Qual-
ity Dataset on Kaggle https://www.kaggle.com/datasets/trungtrch/classroom-acoustic-
quality-dataset (accessed on 10 August 2026). The dataset was released for multi-output
regression. Its stated purpose is to support rapid prediction of classroom acoustic quality
from geometric design and material-related descriptors, rather than from repeated on-site
measurement or a full acoustic simulation at every design query. It is supplied as two
files. The full-data-input.csv file contains the input, or feature, variables: distances from
the source and the receiver to 14 predefined room surfaces or spatial points, the direct
source–receiver distance, node-level descriptors r01–r14, the three-dimensional coordinates
of those points, and the planar coordinates of the source and receiver. The full-data-
output.csv file contains the output, or target, variables: six simulated Strength values,
six simulated C50 values, and three simulated STI values. These outputs are numerically
generated indicators, not in-situ measurements. In this study, the two files were reorga-
nized as input.csv and output.csv without changing variable definitions, adding samples,
or altering the original input–output split. All results below are therefore confined to this
released representation.

The input variables describe classroom geometry, source–receiver configuration,
and node-level acoustic or material properties. These quantities are supplied by the source
dataset for 14 predefined spatial locations, which correspond to room surfaces or spatial
points rather than to a mesh generated in this study. For each location i, the dataset provides
the source-to-node distance LiS, the receiver-to-node distance LiR, a node-level descrip-
tor ri, and coordinates (Pi,x, Pi,y, Pi,z). Global variables include the direct source–receiver
distance LSR and the planar positions of the source and receiver. The descriptor ri is the
only material-related input released with the dataset. It is not a frequency-dependent
absorption coefficient, a scattering coefficient, or a complete surface-by-surface mate-
rial schedule. Frequency-dependent absorption, scattering spectra, furniture, occupancy,
and background noise are not available as separate variables. The 14-node graph used
below follows this predefined discretization and is therefore sufficient only for the standard-
ized classroom family and the material representation encoded by the dataset. The source
documentation describes r01–r14 as material-related reflection coefficients. The values used
here are those contained in the released files and reported in Appendix C; they were not
rescaled to the unit interval, and they are not treated as frequency-dependent absorption or
scattering coefficients.

The outputs comprise 15 acoustic indicators: six Strength (G) values, six Clarity (C50)
values across six frequency bands (125 Hz–4 kHz), and three Speech Transmission Index
(STI) values corresponding to male, female, and mixed speech scenarios. The prediction
task was therefore formulated as a multi-task regression problem.

The dataset contains 10,816 simulated samples, divided at random into training,
validation, and test sets in a 70:15:15 ratio. Five random seeds were used for repeated
training and evaluation. A random split does not guarantee that geometrically similar
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configurations appear in only one subset. The reported metrics are therefore hold-out
scores within this simulated design family, not a geometry-independent generalization test.
Input variables were standardized using training-set statistics only. The three target groups
were normalized separately because of their different numerical scales.

Throughout this manuscript, the 89 variables in the first six rows of Table 1 are the
inputs, and the 15 acoustic indicators in the last three rows are the outputs.

The resulting data structure is summarized in Figure 1, where the 14 predefined spatial
locations form the basis of the subsequent graph representation.

Table 1. Input and output variables used in this study. Rows marked Input are taken from full-data-
input.csv. Rows marked Output are the simulated targets in full-data-output.csv.

Input/Output Category Variables Number Role in the Model

Input Source-to-node distance L01S–L14S 14 Node feature
Input Receiver-to-node distance L01R–L14R 14 Node feature
Input Node-level descriptors r01–r14 14 Node feature
Input Spatial coordinates P01,x–P14,z 42 Node feature
Input Source–receiver distance LSR 1 Global input
Input Source/receiver positions Sx, Sy, Rx, Ry 4 Global input

Output Strength Strength_2–Strength_7 6 Prediction target
Output Clarity Clarity_2–Clarity_7 6 Prediction target
Output STI STI_1–STI_3 3 Prediction target

Figure 1. Spatial organization of the classroom acoustic dataset.
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2.2. Spatial Representation of Classroom Acoustic Configurations

To preserve the spatial organization of the classroom configuration, the 14 predefined
spatial locations were represented as graph nodes rather than as independent tabular
features. For the ith spatial location, the node feature vector was defined as

vi =
[︂

Pi,x Pi,y Pi,z LiS LiR ri

]︂⊤
∈ R6, i = 1, . . . , 14, (1)

where (Pi,x, Pi,y, Pi,z) are the three-dimensional coordinates of node i; LiS and LiR are the
distances from the source and receiver to that node, respectively; and ri is the node-specific
acoustic parameter. The components of the node representation are summarized in Table 2.

To distinguish the graph notation from the acoustic Strength indicator G, the complete
classroom configuration was expressed as

G = (V , E), V = {v1, . . . , v14}, E = {(i, j) | 1 ≤ i < j ≤ 14}. (2)

Here, V is the set of 14 spatial nodes and E is the edge set of the undirected fully con-
nected graph. This approach remains agnostic to predefined physical adjacency, allowing
the GCN to autonomously discover latent relations among all 14 locations without being
biased toward neighboring walls. It does not adapt to irregular plans, additional parti-
tions, or a variable number of surfaces. Localized diffraction, flutter echoes, and furniture
occlusion are not represented as separate graph elements.

The global source–receiver descriptors were retained separately from the node features
and collected in the vector

g =
[︂

LSR Sx Sy Rx Ry

]︂⊤
∈ R5. (3)

Thus, each input configuration consisted of two complementary components: the
14-node graph G describing the local classroom structure and the global source–receiver
descriptor vector g.

Table 2. Node representation used for graph construction.

Component Variables Representation

Spatial coordinates pi = [Pi,x, Pi,y, Pi,z]
⊤ Three-dimensional spatial position of node i

Source relation LiS Distance from the source to node i
Receiver relation LiR Distance from the receiver to node i
Node-specific parameter ri Node-level acoustic or material descriptor
Node feature vector vi = [p⊤

i , LiS, LiR, ri]
⊤ Six-dimensional node representation

Number of spatial nodes i = 1, . . . , 14 14 nodes per classroom configuration
Graph connectivity E Undirected fully connected graph

This representation provides the structural input to the graph convolutional network
described in Section 2.3.

2.3. GCN-Based Multi-Task Learning Framework

A graph convolutional network (GCN) [15] was developed to learn acoustic repre-
sentations from the spatially structured classroom configurations described in Section 2.2.
The model comprises a shared graph encoder and three task-specific prediction heads that
jointly predict Strength, C50, and STI from the same classroom representation.
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The initial node-feature matrix was formed by stacking the 14 node vectors defined in
Equation (1):

H(0) =

⎡⎢⎢⎣
v⊤

1
...

v⊤
14

⎤⎥⎥⎦ ∈ R14×6. (4)

Let A ∈ R14×14 denote the adjacency matrix. Self-connections were introduced
through ˜︁A = A + I, with degree matrix ˜︁Dii = ∑j ˜︁Aij [28]. The node representations
were updated as

H(l+1) = σ
(︂˜︁D− 1

2 ˜︁A˜︁D− 1
2 H(l)W(l)

)︂
, (5)

where W(l) is the trainable weight matrix of layer l and σ(·) is a nonlinear activation
function.

After the final graph-convolution layer, the learned node representations hi were
aggregated using attention pooling [29]:

ei = a⊤ tanh
(︁
Wphi + bp

)︁
, (6)

αi =
exp(ei)

∑14
j=1 exp(ej)

, (7)

hG =
14

∑
i=1

αihi, (8)

where Wp, bp, and a are trainable parameters. The normalized weights satisfy αi ≥ 0 and
∑14

i=1 αi = 1.
The graph-level representation was concatenated with the global descriptor vector g

defined in Equation (3). The fused shared representation was calculated as

zshared = ϕ
(︂

W f [hG ∥ g] + b f

)︂
, (9)

where ∥ denotes vector concatenation and ϕ(·) is the fusion-layer activation function.
Three task-specific heads mapped the shared representation to the acoustic outputs:

ˆ︁yG = fG(zshared) ∈ R6, ˆ︁yC50 = fC50(zshared) ∈ R6, ˆ︁ySTI = fSTI(zshared) ∈ R3. (10)

Thus, the Strength and C50 heads each predict six frequency-dependent values, while
the STI head predicts three speech-scenario values.

Strength, C50, and STI are different summaries of the same source–receiver–surface
configuration and of the same underlying room response. A shared graph encoder is
therefore used to represent that common spatial state, while three task-specific heads keep
the different output dimensions and numerical scales of the three indicator families.

The proposed model architecture is shown in Figure 2.
Training of the neural models followed the protocol in Appendix A. For each task,

a Huber loss with δ = 1.0 was used; the three task losses were combined with Kendall
uncertainty weighting rather than with fixed coefficients λt. This training objective is
distinct from the evaluation metrics in Section 2.4, which are MAE, RMSE, and R2 computed
after the predictions have been returned to their original scales. The shared encoder does
not imply that the three tasks are equally difficult.
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Figure 2. Architecture of the proposed GCN-based multi-task learning framework. Node features
are processed by the shared graph encoder and attention-pooling module, fused with the global
source–receiver descriptors, and mapped to task-specific prediction heads for Strength, C50, and STI.

2.4. Model Training and Evaluation

The dataset was divided at random into 7488 training, 1664 validation, and 1664 test
samples. Seed 42 defined the primary partition. This protocol keeps the comparison among
models consistent, but it may place near-duplicate geometric configurations on both sides
of the split. To evaluate the robustness of model training, all models were independently
trained using five random seeds: 42, 2024, 3407, 1234, and 7. The final performance was
reported as the mean and standard deviation across the five runs.

All input features were standardized using the mean and standard deviation [30]
calculated from the training set. The same transformation was then applied to the validation
and test sets. The three target groups, Strength, C50, and STI, were normalized separately
during training because they have different numerical scales. Predictions were transformed
back to their original scales before calculating the final evaluation metrics.

The proposed GCN model was trained using the AdamW optimizer [31]. Early
stopping [32] based on validation loss was applied to reduce overfitting, and the model
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with the best validation performance was retained for final evaluation on the test set.
The same data partition and evaluation procedure were applied to all comparison models to
ensure a consistent comparison. Detailed hyperparameters, random seeds, and computing
environments for all evaluated models are provided in Appendix A.

Model performance was evaluated using the mean absolute error (MAE), root mean
square error (RMSE), and coefficient of determination (R2) [33,34]:

MAE =
1
N

N

∑
i=1

|yi − ˆ︁yi|, (11)

RMSE =

⌜⃓⃓⎷ 1
N

N

∑
i=1

(yi − ˆ︁yi)
2, (12)

R2 = 1 −

N

∑
i=1

(yi − ˆ︁yi)
2

N

∑
i=1

(yi − y)2
, y =

1
N

N

∑
i=1

yi. (13)

Here, N is the number of scalar observations included in a given evaluation, yi is the
reference value, ˆ︁yi is the corresponding model prediction, and y is the mean of the reference
values. MAE and RMSE quantify the absolute magnitude of prediction errors, whereas
R2 measures the proportion of target variance explained by the model. The metrics were
calculated for the complete output set and separately for Strength, C50, and STI, as well as
for each frequency band or speech scenario where applicable.

2.5. Explainable AI Framework

Explainable analysis was organized in three layers. Group-level SHAP and Integrated
Gradients provided the primary feature attribution. Node-level Integrated Gradients and
attention-pooling weights localized these attributions on the classroom graph. ALE and
counterfactual perturbations described the direction of change in Strength, C50, and STI.
Gradient-weighted message passing was used only to visualize model information flow
and is not interpreted as a causal acoustic path. Where SHAP and Integrated Gradients
agree, the second method is treated as a cross-check, not as independent evidence of a
new mechanism.

At the feature level, SHAP [35] analysis was first applied to a tree-based reference
model to quantify the contribution of individual input variables to the acoustic predictions.
The input variables were additionally grouped into five categories: source-to-node dis-
tances, receiver-to-node distances, node-specific attributes, spatial coordinates, and global
source and receiver descriptors. Group-level SHAP values were used to compare the
relative contribution of these feature groups across the 15 acoustic targets.

For the proposed GCN model, Integrated Gradients [36] was used to quantify the
attribution of individual input features to the model outputs. The analysis was performed
separately for Strength, C50, and STI, allowing the dominant variables to be examined
across different acoustic tasks and output conditions.

At the spatial level, node importance was evaluated by aggregating attribution scores
associated with the six features of each spatial node. The resulting node-level scores were
used to identify spatial locations that contributed most strongly to the predicted acoustic
responses. In addition, the attention pooling weights learned by the model were examined
as a complementary measure of node relevance [37].
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Because the model uses graph convolution rather than explicit edge attention, pairwise
interactions were scored from gradient-weighted message passing. The scores characterize
information routed between node pairs for Strength, C50, and STI. Attribution of any
kind—SHAP, Integrated Gradients, pooling weights, or message passing—explains the
trained mapping from the adopted inputs to the predicted indicators. It does not, by itself,
establish a causal physical mechanism.

Finally, sensitivity and counterfactual analyses were conducted for the most influential
variables identified by the XAI analysis. Accumulated Local Effects (ALE) [38] curves
were used to characterize the relationship between selected variables and the predicted
acoustic responses, while controlled perturbations of key variables were used to quantify
the corresponding changes in Strength, C50, and STI. The hierarchical XAI framework is
summarized in Figure 3.

Figure 3. Hierarchical XAI framework. SHAP and Integrated Gradients form the primary attribution
layer; node scores and attention weights localize spatial contribution; ALE and counterfactuals
describe response direction.

2.6. Surrogate-Based Acoustic Design Exploration

The trained multi-task GCN was used as a surrogate for classroom acoustic design-
space exploration. The search looked for configurations that improve predicted STI, C50,
and Strength while limiting deviation from a baseline. A retained solution is non-dominated
only under this surrogate and the imposed bounds. It is not a physically validated class-
room design.
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The decision variables were the source position (Sx, Sy), the receiver position (Rx, Ry),
and the node descriptors r01–r14. Node coordinates were held fixed. Candidates were
boxed within the ranges observed in the training data.

A multi objective optimization strategy based on the Non dominated Sorting Genetic
Algorithm II (NSGA II) [39] was adopted. The optimization objectives were to improve the
predicted STI, C50, and Strength while minimizing the design-change cost relative to the
baseline configuration. These objectives can be expressed as

max
[︁
STI, C50, G

]︁
, (14)

together with
min D(X, X0), (15)

where X0 is the baseline configuration and D(X, X0) is the normalized magnitude of the
design modification already used in this section. This cost measures how far the candidate
X departs from X0 in the optimized variables—namely the source and receiver coordinates
and the node-level descriptors r01–r14. It is a mathematical deviation from the baseline.
It is not a construction cost, a labour estimate, or an economic objective, and it does
not represent structural, fire-safety, sightline, furniture, or material-supply constraints.
Candidate designs remain within the ranges observed in the training data.

To reduce the influence of prediction uncertainty during optimization, an ensemble of
independently trained GCN models was used [40]. For a candidate design X, the ensemble
mean and standard deviation were calculated as

µ(X) =
1
M

M

∑
m=1

fm(X), (16)

σ(X) = Std( f1(X), . . . , fM(X)), (17)

where M denotes the number of ensemble models. The ensemble prediction and associated
uncertainty were used to assess the reliability of candidate solutions.

An additional target conditioned design exploration was performed by specifying
an acoustic target and identifying the minimum design modification required to satisfy
that target. Candidate solutions were subsequently screened using their distance from
the training distribution and ensemble uncertainty before being considered as potential
design recommendations.

This procedure establishes a forward to inverse workflow in which the learned spatial
acoustic representation is used not only for performance prediction but also for exploring
feasible classroom configurations with improved acoustic performance.

3. Results
3.1. Prediction Performance of the Proposed GCN-MTL

The predictive performance of the six evaluated models was first compared on the
independent test set using three metrics: mean absolute error (MAE), root mean square
error (RMSE), and coefficient of determination (R2). The results are summarized in Table 3,
and the corresponding model-level comparisons are presented in Figure 4. Across five
random seeds, the proposed GCN-based multi-task learning model achieved the best
overall performance, yielding an MAE of 0.10112 ± 0.00130, an RMSE of 0.14802 ± 0.00151,
and an R2 of 0.99967.

Among the neural network-based comparison models, the GCN showed a small but
consistent advantage. Its MAE was slightly lower than those of the MLP and GAT, which
achieved mean MAEs of 0.10138 and 0.10218, respectively. The GCN also produced the
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lowest RMSE across all evaluated models, suggesting that its prediction errors were more
tightly concentrated and that relatively large deviations were better suppressed. The R2

values of the GCN, MLP, and GAT all exceeded 0.9996, confirming that these models
captured the vast majority of variance in the acoustic response variables.

Table 3. Overall predictive performance of the evaluated models on the independent test set.

Model MAE ↓ RMSE ↓ R2 ↑ MAE SD Across Seeds

GCN (Proposed Model) 0.10112 0.14802 0.99967 0.00130
MLP 0.10138 0.14879 0.99966 0.00048
GAT 0.10218 0.14932 0.99966 0.00100
EGNN 0.10618 0.15461 0.99964 0.00790
XGBoost 0.10721 0.15899 0.99962 0.00020
Random Forest (RF) 0.11596 0.17044 0.99956 0.00016

Note: MAE denotes mean absolute error, RMSE denotes root mean square error, and SD denotes stan-
dard deviation across the five random seeds. Downward arrows indicate that lower values are better;
the upward arrow indicates that a higher value is better. Bold values indicate the best performance.

The tree-based models exhibited comparatively lower predictive performance. XG-
Boost achieved an MAE of 0.10721 and an RMSE of 0.15899, while Random Forest produced
the highest overall error (MAE = 0.11596; RMSE = 0.17044). All six models achieved R2

values ranging from 0.99956 to 0.99967. Such near-perfect performance is characteristic of
a densely sampled, simulated response surface, where neighboring design vectors yield
smoothly varying targets. However, these results do not guarantee comparable accuracy
for classroom geometries falling outside the sampled family. Furthermore, differences in
aggregate error among the neural architectures remain marginal.

Figure 4. Overall predictive performance of the evaluated models on the independent test set.
The panels compare MAE, RMSE, and R2 across the six models.

The GCN improved the MLP by only 0.00026 in MAE. Much of the predictive infor-
mation is therefore already present in the original tabular variables. The graph is retained
because it organizes those variables into nodes and relations that can be inspected and then

https://doi.org/10.3390/buildings16214260

https://doi.org/10.3390/buildings16214260


Buildings 2026, 16, 4260 13 of 31

reused in constrained search. Subsequent sections therefore emphasize attribution, node
importance, and design-space exploration rather than further reductions in aggregate error.

Overall, the GCN is a competitive surrogate for this simulated dataset. Its added value
is the spatially inspectable representation, not a decisive advantage in prediction error.

3.2. Task- and Frequency-Specific Acoustic Prediction

To examine the predictive behavior of the proposed GCN-based multi-task framework
in greater detail, model performance was evaluated separately for each of the three acoustic
tasks: Strength (G), Clarity (C50), and Speech Transmission Index (STI). The task-level
results are summarized in Table 4, and the frequency- and target-specific prediction errors
are presented in Figure 5. This analysis tests whether the shared graph representation can
capture acoustic responses that differ in both physical character and spectral content.

Table 4. Task-level predictive performance of the proposed GCN-based multi-task model.

Acoustic Task MAE ↓ RMSE ↓ R2 ↑
Strength (G) 0.09347 0.12019 0.99571
Clarity (C50) 0.15772 0.20078 0.98857
STI 0.00322 0.00412 0.99227

Note: MAE denotes mean absolute error, RMSE denotes root mean square error, and STI denotes
Speech Transmission Index. Downward arrows indicate that lower values are better; the upward
arrow indicates that a higher value is better.

As shown in Table 4, the GCN model achieved the lowest prediction error for STI,
with an MAE of 0.00322, an RMSE of 0.00412, and an R2 of 0.99227. Strength prediction also
exhibited high accuracy (MAE = 0.09347; RMSE = 0.12019; R2 = 0.99571). Among the three
tasks, C50 proved the most challenging, yielding an MAE of 0.15772, an RMSE of 0.20078,
and an R2 of 0.98857. Although all three tasks were predicted with high overall accuracy,
the prediction difficulty was clearly not uniform across acoustic indicators.

Target-level results further revealed frequency-dependent differences within the
Strength and C50 tasks. For Strength, the lowest MAE was obtained for G4000 (0.08510),
whereas G2000 exhibited the highest (0.10166). For C50, the largest errors occurred at 250 Hz
and 2000 Hz, with MAEs of 0.18108 and 0.17852, respectively. Prediction difficulty is
therefore governed not only by the acoustic task itself but also by the frequency band.
In particular, the elevated errors observed for C50 at selected frequencies suggest that the
model encounters greater difficulty in reproducing frequency-dependent variations in
clarity than in predicting Strength or STI.

STI predictions were comparatively consistent across the three output scenarios.
The MAE values remained at approximately the same magnitude, with the best result
obtained for STI2 (MAE = 0.00319). The limited variation across STI scenarios suggests
that the shared representation learned by the GCN captures information relevant to the
different speech transmission conditions present in the dataset.

Prediction quality is therefore not uniform. Strength is an energy-type indicator and
varies comparatively smoothly with geometry and overall attenuation, which is consistent
with its lower error. The three STI outputs describe related speech-transmission conditions
and share much of the same room-acoustic state, which helps explain the small absolute
error and the limited variation across scenarios. C50 is an early-to-late energy ratio and is
more sensitive to the detailed early-reflection structure and to band-wise changes in that
structure. The larger errors at 250 Hz and 2000 Hz should be read in this light: the shared
representation captures the common geometric state more readily than the finer spectral
contrast required by C50. The next section asks which spatial features dominate the shared
mapping, not whether a separate physical model is needed for each band.
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Figure 5. Target- and frequency-specific prediction errors of the proposed GCN-based multi-task
model for Strength, C50, and STI outputs.

3.3. Cross-Method Identification of Dominant Spatial Determinants

Feature-level attribution was obtained from group SHAP and then cross-checked with
Integrated Gradients applied to the GCN. Across both methods, receiver-related spatial
information dominated the learned mapping.

At the feature-group level, receiver-to-node distance variables, denoted L01R through
L14R, accounted for 67.1% of the total absolute SHAP contribution across the 15 acous-
tic targets. Node attributes contributed an additional 19.9%, while spatial coordinates,
global source–receiver variables, and source-to-node distance variables accounted for 6.3%,
6.2%, and 0.5%, respectively. The attribution was thus concentrated in variables describ-
ing the geometric relationship between the receiver and the surrounding spatial nodes.
The comparatively small contribution of the source-distance group further indicates that the
predictive information contained in the input representation was not distributed uniformly

https://doi.org/10.3390/buildings16214260

https://doi.org/10.3390/buildings16214260


Buildings 2026, 16, 4260 15 of 31

across the different geometric descriptors. Detailed group-level results are summarized in
Table 5.

Table 5. Group-level SHAP contributions across the 15 acoustic prediction targets.

Feature Group Variables Contribution Share (%)

Receiver-to-node distances L01R–L14R 67.1
Node-specific attributes r01–r14 19.9
Spatial coordinates P01,x–P14,z 6.3
Global source–receiver descriptors LSR, Sx, Sy, Rx, Ry 6.2
Source-to-node distances L01S–L14S 0.5

Note: Contribution shares were calculated from the total absolute SHAP attribution aggregated
across all acoustic targets.

To verify the robustness of this pattern, we applied Integrated Gradients directly to the
GCN model. The global source–receiver distance (LSR) yielded the highest mean attribution
with an Integrated Gradients value of 0.28749, followed by L02R (0.12228), Rx (0.06956),
r02 (0.06585), and Ry (0.05844). Other high-ranking variables included L02S, r07, and P02,x.
The convergence between the model-agnostic Group SHAP analysis and the model-specific
Integrated Gradients analysis is striking: both methods independently identified source–
receiver geometry and receiver-related node information as the dominant components of
the learned representation. The feature-level attribution patterns are presented in Figure 6.

Figure 6. Feature-level determinants of classroom acoustic quality. The upper-left panel shows the
Group SHAP contribution shares across acoustic targets, the right panel presents the highest-ranked
individual features according to mean absolute SHAP values, and the lower-left panel summarizes
task-specific Integrated Gradients attributions from the GCN model.

These feature-level results offer a finer-grained interpretation of the prediction per-
formance reported in Sections 3.1 and 3.2. The input variables do not contribute equally
to the multi-task prediction; instead, they exhibit a highly non-uniform attribution pat-
tern. Receiver-side distances and the associated node properties consistently carry greater
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attribution weight than source-side distances, suggesting that the spatial configuration
surrounding the receiver supplies a major portion of the information required to estimate
Strength, C50, and STI across the investigated conditions.

The attribution results are model-based importance measures, not causal effects. Agree-
ment between SHAP and Integrated Gradients indicates that the receiver-centered pattern
is not an artifact of one explainer. The next section asks only whether those feature groups
can be localized to particular nodes.

3.4. Spatial Node and Interaction Analysis

The feature-level attribution analysis in Section 3.3 identified receiver-related spatial
variables as the dominant contributors to acoustic prediction. To localize these contributions
within the classroom graph, we performed node-level attribution and graph interaction
analyses. The results reveal a consistent concentration of predictive information around a
small subset of spatial nodes, with node 2 exhibiting the strongest contribution across all
three acoustic tasks.

As summarized in Figure 7, node 2 yielded the highest Integrated Gradients im-
portance for Strength, C50, and STI, with attribution values of 0.3645, 0.2160, and 0.2356,
respectively. In all three tasks, nodes 7 and 9 followed as the next most important. The dom-
inance of node 2 was particularly pronounced for Strength, where its attribution was
approximately four times that of node 7. A similar ranking held for C50 and STI, confirming
that the importance of this spatial location was not restricted to a single acoustic indicator.
These results align with the feature-level findings in Section 3.3, where the corresponding
variables L02R and r02 ranked among the most influential input features.

Figure 7. Task-specific spatial-node importance derived from Integrated Gradients for Strength, C50,
and STI predictions.

Node-level Integrated Gradients measures task-specific sensitivity, whereas attention
pooling describes contribution to the shared classroom embedding. Attention-based pool-
ing weights offered a complementary perspective on node contribution. Node 2 again
received the largest pooling weight, although the distribution was substantially more uni-
form than the task-specific Integrated Gradients attribution. The highest pooling weights
were assigned to node 2 (0.1078), node 11 (0.0894), and node 13 (0.0875), compared with
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an approximately uniform baseline of 0.071 across all 14 nodes. This disparity indicates
that graph pooling and task-specific attribution capture distinct aspects of the learned
representation: the pooling mechanism identifies nodes that contribute strongly to the
shared classroom-level representation, whereas Integrated Gradients reflects the sensitivity
of individual acoustic predictions to the corresponding node-level inputs.

To examine how information propagates through the graph, we analyzed gradient-
weighted message-passing interactions in the GCN. Because the proposed model does not
incorporate an explicit attention mechanism, the interaction measure was derived from
the magnitude of message-passing contributions and their output gradients. The resulting
interaction matrices showed a pronounced concentration around node 2. In the unweighted
message-passing analysis, the outgoing interactions from node 2 reached the highest
observed magnitude of approximately 0.629. Task-specific gradient-weighted interactions
likewise identified node 2 as the dominant interaction hub, with the strongest interactions
observed for the 2 → 6 pair (Strength and STI) and the 2 → 1 pair (C50). Detailed interaction
patterns are presented in Figure 8.

Figure 8. Gradient-weighted message-passing interactions between spatial nodes for Strength, C50,
and STI predictions.

Taken together, the node-level and interaction-level analyses yield a coherent spatial
interpretation of the model. Node 2 is not only highly influential as an individual feature
group but also participates actively in information propagation across the graph. Combined
with the feature-level results from Section 3.3, these findings indicate that the predictive
representation learned by the GCN is strongly concentrated around specific receiver-related
spatial relationships rather than being distributed uniformly across the 14 nodes.
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These interaction scores reflect model information flow rather than causal acoustic
relationships. Nevertheless, the convergence of evidence from feature attribution, node
importance, and graph-level interaction analysis supports the interpretation that a limited
number of spatial relationships dominate the learned acoustic representation. This conclu-
sion provides a basis for the sensitivity and counterfactual analyses in Section 3.5, where
the effects of perturbing the most influential design variables are examined directly.

3.5. Sensitivity and Counterfactual Analysis

The attribution analyses in Sections 3.3 and 3.4 identified a limited set of geometric,
positional, and node-level variables that contributed disproportionately to the acoustic
predictions. To further characterize the relationship between these variables and the
predicted acoustic responses, we performed sensitivity and counterfactual analyses on
the most influential features, including the source–receiver distance (LSR), receiver-related
distance variables, source and receiver positions, and selected node attributes. The analysis
combined accumulated local effects (ALE) with controlled counterfactual perturbations
to examine both the response trends and the magnitude of predicted acoustic changes.
The main results are shown in Figure 9. Complete ALE curves and counterfactual response
profiles for all screened features are provided in Appendix B, Figures A1 and A2.

Figure 9. Accumulated local effect curves and counterfactual responses for the source–receiver
distance (LSR) and receiver position (Ry). The left panels show the ALE curves, while the right panels
show the predicted changes in Strength, C50, and STI under standardized feature perturbations.

The ALE results showed that the effects of the influential variables were generally non-
linear and differed across acoustic indicators. The source–receiver distance LSR exhibited a
clear relationship with the predicted acoustic responses, consistent with its high attribution
identified by Integrated Gradients. The counterfactual analysis provided a more direct char-
acterization of this relationship. As summarized in Table 6, reducing LSR by two standard
deviations increased the predicted STI by 0.0346, accompanied by increases of 1.659 dB
in C50 and 1.875 dB in Strength. Increasing LSR by two standard deviations, by contrast,
reduced STI by 0.0124, C50 by 0.507 dB, and Strength by 0.922 dB. The response is therefore
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asymmetric around the reference condition: shortening the source–receiver path produces
a larger predicted improvement than the deterioration caused by an equivalent increase.

Table 6. Representative counterfactual responses of key acoustic design variables.

Feature Perturbation ∆STI ∆C50 (dB) ∆G (dB)

LSR −2σ +0.0346 +1.659 +1.875
LSR +2σ −0.0124 −0.507 −0.922
Ry −2σ −0.0044 +1.077 −4.197
Ry +2σ +0.0028 +0.724 −1.591

Note: Perturbations are expressed relative to the reference condition in units of the feature standard
deviation, σ. Positive and negative response values indicate increases and decreases, respectively,
in the model predictions.

The receiver-position variable Ry exhibited a different response pattern across acoustic
indicators. Reducing Ry by two standard deviations decreased the predicted STI by 0.0044
while increasing C50 by 1.077 dB and decreasing Strength by 4.197 dB. Conversely, increas-
ing Ry by two standard deviations increased STI by 0.0028 and C50 by 0.724 dB, while
Strength decreased by 1.591 dB. This result illustrates that changes in a single spatial design
variable may affect different acoustic objectives in different directions; improving one
acoustic indicator does not necessarily guarantee simultaneous improvement in all others.

The sensitivity results further establish a direct link between feature-level attribution
findings and their potential design implications. Variables identified as influential by SHAP
and Integrated Gradients, especially LSR and receiver-related spatial descriptors, produced
measurable changes in predicted acoustic responses under controlled perturbations. This
consistency indicates that the identified features are not merely statistically significant
for prediction but also correspond to variables to which the learned surrogate exhibits
meaningful response sensitivity.

Taken together, the sensitivity and counterfactual analyses indicate that influential
classroom design variables do not contribute to acoustic performance in a uniform man-
ner. In particular, changes in the source–receiver distance produced relatively consistent
responses across the three acoustic indicators, whereas changes in receiver position could
generate different responses in STI, C50, and Strength. These results highlight the impor-
tance of considering both the magnitude and the direction of variable-specific responses
when translating model interpretation into design decisions. Moreover, local sensitivity
does not necessarily imply that increasing a given design change will improve the over-
all acoustic performance of a classroom. Therefore, a broader exploration of the feasible
design space is required to determine whether the identified sensitive variables can be
combined to achieve meaningful acoustic improvements under realistic design constraints.
This motivates the surrogate-based acoustic design exploration presented in Section 3.6.
These sensitivity results are obtained under the current input representation. Geometric
variables dominate both the attribution and the perturbations that can be tested. Selected
node descriptors such as r02 and r07 are examined in Appendix B, but the dataset does not
provide frequency-dependent absorption or scattering as separate variables. The ALE and
counterfactual curves should therefore not be read as a material-retrofit study.

3.6. Surrogate-Based Acoustic Design-Space Exploration

Building on the feature-attribution and counterfactual analyses, the trained GCN-
based multi-task model was used as a surrogate for exploring feasible classroom acoustic
designs. Five independently trained GCN models formed a deep ensemble, from which
the mean acoustic prediction and ensemble standard deviation were obtained for each
candidate configuration. A constraint-aware NSGA-II algorithm was then applied to exam-
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ine trade-offs among STI, C50, Strength, and design-modification cost while restricting the
search to the ranges represented in the training data. The search included 18 design vari-
ables: the source and receiver positions and 14 node-level material or scattering parameters.
The spatial coordinates of the 14 nodes and all remaining variables were held fixed.

The baseline configuration served as the reference for evaluating the optimization
results. The ensemble predicted an STI of 0.8564, a C50 of 16.79 dB, and a Strength of
28.58 dB. Consequently, target STI values of 0.75, 0.80, and 0.85 were already satisfied by
the baseline and required no design modification, giving a minimum design-change cost
of zero. By contrast, no feasible configuration achieved the more demanding STI target
of 0.90 under the specified variable bounds and constraints. The target-oriented analysis
therefore identified a clear feasibility limit: lower targets were already met, whereas
the highest target lay outside the performance range found by the constrained search.
The target-specific feasibility results are summarized in Table 7. Six representative high-
quality solutions retained under the 0.75, 0.80, and 0.85 STI conditions are reported in
Appendix C.

Table 7. Target-oriented acoustic design feasibility under constrained optimization.

STI Target Feasible
Solutions

Minimum
Design Cost

Maximum
Design Cost

0.75 200 0.00 12.33
0.80 200 0.00 13.54
0.85 200 0.00 11.18
0.90 0 – 8.48

Note: A dash indicates that no feasible solution was identified for the specified STI target; therefore,
a minimum feasible design cost could not be determined.

The multi-objective search produced 200 retained solutions, all assigned Pareto rank 0.
Across this nondominated set, the predicted STI ranged from 0.8415 to 0.8583 and the
design-change cost ranged from 0 to 12.22. The corresponding ranges for C50 and Strength
were comparatively narrow, at 15.99–16.95 dB and 28.44–28.85 dB, respectively. The cor-
relation between design-change cost and predicted STI was −0.41, indicating that larger
modifications were not associated with systematic STI improvements and, within the ex-
plored solutions, tended to coincide with slightly lower STI values. These results suggest
that the baseline was already situated in a relatively favorable region of the surrogate-
defined design space, with no clear acoustic benefit arising from extensive modification.
The resulting objective relationships, predictive uncertainty, and variable changes are
illustrated in Figure 10.

The optimized-variable distributions further clarified how the search navigated the
design space. The largest absolute changes occurred in the node-level parameters r13, r14,
r10, r12, and r04, whereas the source and receiver coordinates Sx, Sy, Rx, and Ry changed
comparatively little. Under the definition of D(X, X0) in Section 2.6, this pattern means
that the search used the free node-level descriptors more than it relocated the source or
receiver. It does not mean that the corresponding rooms are cheaper or easier to build,
because D(X, X0) is not a construction or economic cost. The pattern is also compatible
with the earlier attribution results: receiver-related geometry is highly informative for
prediction, but those coordinates were only weakly modified because the optimizer was
limited to the existing decision variables and training-set bounds.

In summary, the procedure maps a data-supported performance envelope and the
design changes implied by candidate solutions. It does not identify a single globally
optimal classroom. The baseline already satisfied moderate STI targets, whereas STI = 0.90
lay outside the constrained search. The configurations in Table 7 and Appendix C remain
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model-derived candidates. Their predicted indicators were not re-evaluated with an
independent room-acoustic simulator in this study and require such verification before
engineering use.

Figure 10. Surrogate-based acoustic design-space exploration using the GCN ensemble and NSGA-
II. The upper and middle-left panels show the relationships between design-change cost and the
predicted Strength, C50, and STI values. The middle-right panel relates ensemble uncertainty to
predicted STI, with color indicating the k-nearest-neighbor out-of-distribution distance. The lower
panel summarizes the changes in optimized design variables relative to the baseline configuration.

4. Discussion
4.1. Effectiveness of Structure-Aware Acoustic Prediction

The proposed framework is effective as a structure-aware surrogate. Among the six
models, the GCN yielded the lowest aggregate MAE and RMSE, but the margins over
the MLP and GAT were narrow and should not be overstated. Casting the classroom
configuration as a 14-node spatial graph, the proposed GCN jointly predicts Strength,
C50, and STI. On the simulated hold-out set it reached MAE = 0.10112, RMSE = 0.14802,
and R2 = 0.99967, only marginally better than the multilayer perceptron.
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The limited advantage of GCN over a conventional MLP baseline carries its own
diagnostic value. MAE dropped from 0.10138 (MLP) to 0.10112 (GCN), and RMSE from
0.14879 to 0.14802. Such incremental improvement indicates that much of the acoustic
information was already captured by the original tabular variables—notably the source-
to-node and receiver-to-node distances. The graph representation, then, does not inject
fundamentally new information into the prediction task. Rather, it reorganizes existing
geometric and node-level features into a spatially coherent structure, and its principal
contribution lies beyond a marginal reduction in prediction error.

Subsequent explainability analyses corroborate this reading. Group SHAP analysis
revealed that receiver-to-node distance variables alone accounted for 67.1% of total absolute
attribution, with node attributes contributing a further 19.9%. When Integrated Gradients
was applied to the GCN, the top-ranked inputs included LSR, L02R, Rx, r02, and Ry—all
quantities tied to the spatial arrangement of the receiver relative to surrounding nodes.
The graph formulation offers a natural substrate on which these relationships can be
organized at the node level and subsequently interrogated through node importance scores
and message-passing dynamics.

Consequently, the framework’s contribution is best assessed along two complementary
axes. Predictively, GCN affords a small yet consistent edge over both tabular and graph-
based baselines. Analytically, however, the graph representation opens the prediction
process to examination in terms of spatial nodes and inter-node information flow. Node-
level attribution consistently singled out node 2 as the most influential across Strength,
C50, and STI, and gradient-weighted message-passing analysis further positioned it as an
interaction hub.

This dual character matters in practice. After training, the GCN is a surrogate for
repeated evaluation of G, C50, and STI: each design query requires only a forward pass,
rather than a full room-acoustic simulation. A forecasting tool may be judged by error
alone; a design-oriented surrogate must also show which spatial relations drive the predic-
tion and how those relations respond to perturbation. The graph supplies that interface.
The surrogate reproduces the simulated mapping inside the training family. It does not
replace a physically complete account of occupancy, background noise, or material systems
outside that family.

In sum, the principal contribution of structure-aware learning in the present dataset is
not a dramatic leap in predictive accuracy, but the coupling of accurate multi-task prediction
with an explicitly spatial and interpretable representation. This combination establishes a
foundation for the ensuing discussion of receiver-centred acoustic determinants and the
deployment of the learned surrogate in classroom acoustic design exploration.

4.2. Receiver-Centered Spatial Determinants of Classroom Acoustic Quality

Across all explainability analyses, receiver-related spatial information emerges as the
dominant driver of predicted acoustic responses. According to Group SHAP, the receiver-
to-node distance variables L01R–L14R collectively accounted for 67.1% of total absolute
attribution across the 15 acoustic targets—far exceeding the contributions of node attributes
(19.9%), spatial coordinates (6.3%), global variables (6.2%), and source-to-node distance
variables (0.5%). The spatial relationship between the receiver and surrounding nodes
evidently carries a disproportionately large share of the information the model draws on
to reproduce classroom acoustic behavior. This pattern is consistent with the definitions
of the targets. Strength, C50, and STI are evaluated at the listener. Direct sound depends
on LSR, and early reflections depend on distances from the receiver to surrounding sur-
faces. Receiver-to-node distances and receiver coordinates therefore align directly with
the predicted quantities. Source-to-node distances also enter reflected paths, but they
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contribute only 0.5% of the aggregated SHAP share in this parameterization. That imbal-
ance describes the information used by the model; it does not imply that the source is
acoustically unimportant.

GCN-specific Integrated Gradients analysis reinforces this receiver-centered picture.
The source–receiver distance LSR produced the largest mean attribution, followed by L02R,
Rx, r02, and Ry. The prominence of L02R and r02 alongside the receiver coordinates Rx and
Ry indicates that the model does not hinge on a single geometric descriptor; instead, it
combines direct source–receiver separation, absolute receiver location, and the properties
of nearby spatial nodes. The convergence of Group SHAP and Integrated Gradients is
noteworthy precisely because the two methods rest on distinct attribution strategies yet
arrive at a closely aligned receiver-centered pattern.

This observation also helps explain why the model achieves strong predictive perfor-
mance even though the aggregate error gap between GCN and MLP is narrow. The original
tabular inputs already encode detailed source-to-node and receiver-to-node distances, so
much of the acoustically relevant information is explicitly present before any graph is
constructed. The chief advantage of the graph formulation lies not in generating addi-
tional predictive signal but in arranging these variables into a spatial structure amenable to
node-level inspection and inter-node message-passing analysis. Viewed through this lens,
the strong receiver-distance attribution indicates that the graph model learns a represen-
tation organized around how the receiver is spatially situated relative to its neighboring
acoustic nodes.

The same pattern appears at node level. Node 2 had the highest task-specific attri-
bution for Strength, C50, and STI, and L02R and r02 ranked among the leading individual
features. Message-passing scores also identified node 2 as an interaction hub. In the
14-point layout, node 2 corresponds to a receiver-proximal surface or spatial point whose
distance and descriptor affect the early field at the listener. This is compatible with the
role of nearby reflecting surfaces. It remains a model-based localization, not a causal
identification of a particular wall or ceiling panel.

For inspection of this surrogate, receiver location and its coupling to nearby nodes
should be examined first. Source-side variables are not thereby shown to be acoustically
irrelevant, and attribution does not establish causality. In this dataset, receiver-centered
variables simply supply more predictive information than source-to-node distances. De-
sign guidance drawn from the model should be treated as inspection priorities for the
surrogate, then checked against established acoustic mechanisms and, where necessary,
against independent simulation.

Counterfactual analysis adds a further layer of support. Perturbations of LSR produced
relatively pronounced shifts in predicted STI, C50, and Strength, whereas perturbations
of Ry affected the three indicators in divergent directions. Receiver-related variables are
therefore not only important for prediction; they also delineate meaningful sensitivity
directions within the learned design space. Taken together, these results establish a founda-
tion for deploying interpretable machine learning as a bridge between classroom acoustic
performance assessment and design-oriented exploration.

4.3. Implications for Classroom Acoustic Design

The predictive and explainability results have several implications for using this
surrogate in early classroom acoustic assessment.

In this surrogate, predicted acoustic performance is associated primarily with the
spatial relationship between the receiver and its surrounding acoustic nodes. Receiver-
to-node distance variables alone captured 67.1% of total absolute SHAP contribution,
and Integrated Gradients identified LSR, L02R, Rx, r02, and Ry among the most influential
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individual inputs. Receiver location and its geometric coupling with neighboring spatial
elements should therefore occupy a central position when evaluating or exploring classroom
acoustic configurations.

At a finer granularity, the node-level results argue for spatially localized interpretation
over reliance on global feature rankings alone. Node 2 consistently carried the highest task-
specific attribution for Strength, C50, and STI and simultaneously emerged as a prominent
hub in gradient-weighted message-passing analysis. While these findings stop short of
establishing direct physical causality, they demonstrate that certain spatial regions can
concentrate substantially more predictive information than others. In practical design
workflows, such spatial prioritization offers a means to concentrate detailed acoustic
assessment on the most influential portions of a classroom layout rather than distributing
effort uniformly across all spatial elements.

The sensitivity and counterfactual analyses introduce a further consideration: gains
in one acoustic indicator do not automatically translate into simultaneous improvements
across all objectives. Reducing LSR by two standard deviations was associated with in-
creases of 0.0346 in STI, 1.659 dB in C50, and 1.875 dB in Strength under the model-derived
counterfactual protocol. Perturbations of Ry, by contrast, elicited responses that diverged in
direction across the three indicators. Acoustic design decisions must therefore account for
multiple performance criteria jointly rather than optimizing any single metric in isolation.

Inverse-design results underscore the role of the initial classroom condition when
machine learning is brought to bear on acoustic design. The baseline configuration already
achieved a predicted STI of 0.8564, rendering STI targets of 0.75, 0.80, and 0.85 trivially
satisfiable without design modification. Raising the target to 0.90, however, yielded no fea-
sible solution within the investigated design space and constraints. This target-dependent
behavior indicates that inverse design proves most informative when the baseline does
not already meet the desired acoustic criterion. Under such conditions the surrogate can
quantify the magnitude and direction of potentially beneficial changes; when the baseline
already resides near a favorable region of the learned design space, extensive modification
offers diminishing returns.

The optimization outcomes also shed light on which design variables the surrogate
preferentially exploits. Across the 18-dimensional design space, the largest modifications
concentrated on the node-level parameters r13, r14, r10, r12, and r04, whereas the source
and receiver positions underwent comparatively limited adjustment. Under the imposed
constraints, the surrogate thus favored perturbations of node-level acoustic parameters over
substantial relocation of the source or receiver. This tendency illustrates how the framework
can serve not only as a performance predictor but also as a screen for identifying candidate
variables warranting deeper design investigation.

The intended use is early decision support, not replacement of code-oriented measure-
ment or detailed acoustic design. An architect or consultant supplies a configuration in the
14-node format, including source and receiver positions and node descriptors. The model
returns predicted Strength, C50, and STI. Attribution flags receiver-related distances and
high-importance nodes. If a target is not met, constrained NSGA-II search generates
surrogate-optimal alternatives inside the training bounds. Retained candidates are then
sent to independent simulation or measurement. The framework therefore ranks spatial
relations and outlines a data-supported envelope; it does not produce ready-to-build rooms.

4.4. Limitations and Future Perspectives

Several limitations merit acknowledgment. The GCN exhibited measurable sensitivity
to coordinate transformations, with relative prediction deviations of 7.62% under rotation
and 7.77% under translation, indicating that the current coordinate-based representation
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does not fully preserve geometric invariance and pointing to a clear direction for future
improvement, such as the incorporation of equivariant or invariant graph architectures.
A further limitation is that the number and placement of the 14 nodes were not varied.
Node-level attributions indicate that information concentrates on a few locations, especially
node 2, but this does not replace a sensitivity study of graph resolution. Topology-adaptive
graphs are left to future work.

The inverse-design results revealed limited coverage of the training distribution: of
200 Pareto solutions, 143 were classified as Low confidence and none as High confidence.
Although ensemble uncertainty for STI remained small, the optimized candidates should be
interpreted as design-exploration outputs rather than fully validated design recommendations.

A further constraint concerns the baseline classroom, which already achieved an STI
of 0.8564 and thereby narrowed the useful range of moderate STI targets in the present
inverse-design experiment. Future work should encompass classrooms spanning a broader
spectrum of initial acoustic performance and subject promising candidate designs to vali-
dation through independent acoustic simulation or physical measurement.

The main experiments did not use a geometry- or cluster-based split. Random par-
titioning may therefore give an optimistic view of performance on dissimilar classrooms.
Two further limits follow from the data representation. First, the model is a structure-aware,
data-driven surrogate. It is not a physics-informed network and does not enforce a wave
or energy residual. Second, material specification is restricted to the node descriptors ri.
Frequency-dependent absorption and scattering, furniture, occupancy, outdoor or back-
ground noise, temperature and humidity, and non-ideal surface conditions are not inputs
to the model. A systematic single-task versus multi-task ablation was also not performed.
Predictions and optimized candidates are therefore confined to the simulated design family
and to the variables released with the dataset.

5. Conclusions
This study presents an interpretable, graph-based multi-task learning framework for

predicting classroom acoustic quality and exploring the associated design space. Casting
the classroom configuration as a 14-node spatial graph, the proposed GCN jointly predicts
Strength, C50, and STI, achieving the best overall performance among the evaluated models
(MAE = 0.10112, RMSE = 0.14802, R2 = 0.99967).

Explainability analyses reveal that the learned acoustic representation is strongly
receiver-centered. Receiver-to-node distances account for 67.1% of aggregated SHAP con-
tribution, while Integrated Gradients and node-level attribution consistently highlight
source–receiver geometry and node 2 as pivotal to the prediction. Gradient-weighted
message-passing analysis further identifies node 2 as a prominent spatial interaction hub,
furnishing an interpretable link between the graph representation and the physical class-
room layout.

Sensitivity and counterfactual analyses show that key geometric variables can move
Strength, C50, and STI in different directions, so the three objectives should be inspected to-
gether. Coupling the GCN ensemble with constrained NSGA-II mapped the data-supported
envelope: the baseline already met moderate STI targets, whereas STI = 0.90 was not reached
inside the bounds.

Taken together, the results position the framework as a bridge between spatially
structured prediction, explainable analysis, and constrained design-space exploration. It
can assist early assessment and scheme comparison. It is not a substitute for independent
acoustic simulation or experimental validation. Candidate rooms identified by the surrogate
should not be treated as engineering solutions until such verification is completed.
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Appendix A. Model Configuration and Reproducibility Details
This appendix reports the model settings used in the comparative experiments. Be-

cause the MLP, GCN-MTL, GAT-MTL, and EGNN-MTL models shared the same optimiza-
tion protocol, their common settings are consolidated in Table A1. Model-specific settings
for the tree-based baselines are reported separately in Table A2. All models used the same
data partitions and five random seeds specified in Section 2.4.

Table A1. Common training configuration for the neural-network models.

Configuration Item Setting

Models MLP, GCN-MTL, GAT-MTL, and EGNN-MTL
Optimizer AdamW
Learning rate 1 × 10−3

Weight decay 1 × 10−4

Loss function Huber loss (δ = 1.0) with Kendall uncertainty weighting
Batch size 32
Maximum epochs 300
Early stopping Patience of 40 epochs, monitoring total validation loss

Learning-rate scheduler ReduceLROnPlateau with factor 0.5, patience 20,
and minimum learning rate 10−6

Gradient clipping Global norm limited to 5.0
Random seeds 42, 2024, 3407, 1234, and 7

Hardware and software NVIDIA RTX 2050 (NVIDIA, Santa Clara, CA, USA);
PyTorch 2.6.0; CUDA 12.4

Table A2. Model-specific configuration for the tree-based baselines.

Configuration Item XGBoost Random Forest

Multi-output strategy MultiOutputRegressor MultiOutputRegressor
Learning rate 0.08 –
Number of estimators 400 per target 300
Maximum tree depth 6 None
Row subsampling 0.9 –
Column subsampling 0.9 –
Tree-building method hist –
Parallel jobs – −1
Random seeds 42, 2024, 3407, 1234, and 7 42, 2024, 3407, 1234, and 7

Execution environment CPU; scikit-learn and
XGBoost CPU; scikit-learn

Note: A dash indicates that the setting was not applicable to the corresponding model.

Appendix B. Additional Sensitivity and Counterfactual Results
This appendix presents the complete sensitivity results for the screened design vari-

ables. Figure A1 summarizes the accumulated local effect curves, while Figure A2 reports
the corresponding counterfactual response profiles under standardized perturbations.
These figures extend the representative results discussed in Section 3.5.
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Figure A1. Accumulated local effect curves for the screened classroom design variables. Each panel
shows the model-derived response of representative STI, Strength, and C50 outputs over the observed
range of the corresponding feature.

Figure A2. Counterfactual response profiles for the screened classroom design variables. Each panel
shows the mean predicted changes in Strength, C50, and STI when the corresponding feature is
perturbed from −2 to +2 standard deviations relative to the reference condition.
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Appendix C. Representative Solutions Under Target-Specific
STI Conditions

The following tables report six representative high-quality solutions retained from
the target-oriented optimization. Two solutions are shown for each feasible STI target
(0.75, 0.80, and 0.85). The solution identifiers are held constant across Tables A3–A7,
allowing the complete design variables, acoustic predictions, and reliability measures of
each solution to be read across the five tables without omitting any values from the original
optimization output.

Table A3. Global design variables and node parameters r01–r07 for the representative STI-targeted
solutions.

Solution STI
Target Sx Sy Rx Ry r01 r02 r03 r04 r05 r06 r07

S1 0.75 0.250 0.250 0.250 0.250 174.218 176.338 122.005 122.005 180.000 180.000 172.989
S2 0.75 0.250 0.250 0.250 0.250 174.218 176.338 122.005 122.006 180.000 180.000 172.990
S3 0.80 0.250 0.250 0.250 0.250 174.218 176.338 122.005 122.005 180.000 180.000 172.989
S4 0.80 0.250 0.250 0.250 0.263 174.218 176.338 121.995 122.084 179.999 180.000 172.970
S5 0.85 0.250 0.250 0.250 0.250 174.218 176.338 122.005 122.005 180.000 180.000 172.989
S6 0.85 0.255 0.250 0.261 0.250 174.218 176.338 122.171 122.014 179.991 179.998 173.087

Table A4. Node parameters r08–r14 and design-change costs for the representative STI-targeted
solutions.

Solution STI
Target r08 r09 r10 r11 r12 r13 r14

Design-Change
Cost

S1 0.75 162.998 153.807 121.746 153.807 121.746 153.807 121.746 0.000
S2 0.75 163.017 153.807 121.746 153.836 121.346 153.807 121.746 0.015
S3 0.80 162.998 153.807 121.746 153.807 121.746 153.807 121.746 0.000
S4 0.80 163.071 153.802 122.780 153.884 121.988 153.799 122.416 0.083
S5 0.85 162.998 153.807 121.746 153.807 121.746 153.807 121.746 0.000
S6 0.85 163.074 154.831 122.278 153.664 121.802 153.786 121.811 0.085

Table A5. Predicted Strength outputs for the representative STI-targeted solutions.

Solution ˆ︁G2 ˆ︁G3 ˆ︁G4 ˆ︁G5 ˆ︁G6 ˆ︁G7

S1 28.546 28.573 28.548 28.555 28.573 28.709
S2 28.545 28.572 28.547 28.554 28.572 28.708
S3 28.546 28.573 28.548 28.555 28.573 28.709
S4 28.553 28.579 28.555 28.561 28.579 28.716
S5 28.546 28.573 28.548 28.555 28.573 28.709
S6 28.549 28.575 28.551 28.557 28.575 28.712

Table A6. Predicted C50 outputs for the representative STI-targeted solutions.

Solution ˆ︁C50,2 ˆ︁C50,3 ˆ︁C50,4 ˆ︁C50,5 ˆ︁C50,6 ˆ︁C50,7

S1 17.464 16.921 17.728 17.521 16.950 14.172
S2 17.465 16.922 17.729 17.522 16.950 14.173
S3 17.464 16.921 17.728 17.521 16.950 14.172
S4 17.457 16.915 17.722 17.515 16.944 14.167
S5 17.464 16.921 17.728 17.521 16.950 14.172
S6 17.462 16.920 17.726 17.519 16.948 14.171
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Table A7. STI predictions and reliability measures for the representative STI-targeted solutions.

Solution STI
Target

ˆ︃STI1 ˆ︃STI2 ˆ︃STI3
Mean
STI

Prediction
Uncertainty

STI
Uncertainty

OOD
Distance

OOD Con-
fidence

Pareto
Rank

S1 0.75 0.835 0.861 0.874 0.856 0.102 0.002 3.967 Medium 0
S2 0.75 0.835 0.861 0.874 0.856 0.102 0.002 3.969 Medium 0
S3 0.80 0.835 0.861 0.874 0.856 0.102 0.002 3.967 Medium 0
S4 0.80 0.835 0.860 0.873 0.856 0.101 0.002 3.962 Medium 0
S5 0.85 0.835 0.861 0.874 0.856 0.102 0.002 3.967 Medium 0
S6 0.85 0.835 0.860 0.874 0.856 0.102 0.002 3.963 Medium 0

Note: The output indices 2–7 follow the original dataset field names. OOD denotes out-of-distribution.
All values are reproduced directly from the retained optimization records; no solutions or variables
have been merged or omitted.
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