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Abstract Protein secondary structure prediction (PSSP) is a fundamental bioinformatics task for which
Convolutional Neural Networks (CNNs) offer efficient alternatives to costly experimental methods, yet
systematic, tuning-controlled comparisons between 1D and 2D CNN topologies remain limited and
conventional hyperparameter tuning typically relies on manual trial-and-error. This study evaluates
standalone 1D and 2D CNN architectures for eight-class (Q8) PSSP under Optuna-based (TPE)
hyperparameter optimization, training on CullPDB with 10-fold cross-validation and evaluating on the
independent CB513 benchmark to enable paired statistical comparison, contributing a tuning-controlled
comparative analysis, a reproducible optimization pipeline, cross-dataset generalization validation, and a
complexity-performance trade-off analysis. Results show that Optuna’s benefit is architecture-dependent:
for the 1D CNN, tuning yielded a 56% smaller model (18,600 vs. 41,992 parameters) with statistically
equivalent performance to the manual baseline (p > 0.6), while for the 2D CNN, tuning yielded significantly
higher F1-score (0.4009 vs. 0.39) and AUC (0.8240 vs. 0.8032, both p < 0.001, Cohen's d > 1.7) than its
baseline, at the cost of a substantially larger model (765,768 parameters); the Optuna-optimized 2D CNN
configuration significantly outperformed all other configurations, indicating that this gain reflects the joint
effect of representation and tuning rather than either alone, consistent with Optuna identifying a receptive
field better matched to the joint sequence-feature structure than a narrow, manually-chosen kernel. These
findings were obtained under a search constrained by the available cloud GPU environment and under
severe Q8 class imbalance that leaves rare classes such as pi-helix poorly predicted, both of which are
discussed as limitations. Automated hyperparameter optimization thus measurably improves training
efficiency and, combined with a 2D representation, yields a statistically validated and practically
substantial performance gain, with the choice between 1D and 2D topologies should be guided by the
accuracy, interpretability, and computational-cost requirements of the downstream application.
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l. Introduction sequences. Computational prediction methods have
Proteins are essential macromolecules whose therefore emerged as efficient, scalable alternatives

biological function is strongly associated with their  [6l [7], [8], with accurate protein secondary structure
structural organization, commonly categorized into  Prediction (PSSP) carrying substantial practical value
primary, secondary, tertiary, and quaternary levels [1]. ~ for downstream applications such as drug discovery,
Protein secondary structure, local folding patterns such ~ Protein engineering, and vaccine design. PSSP is a
as alpha-helices, beta-sheets, and beta-turns, crucial bioinformatics task [9], [10], [11], and a wide
stabilized primarily by hydrogen bonding [2], serves as  fange of approaches has been explored to capture the
an intermediate representation between amino acid  relationship - between ~primary sequence and

sequences and three-dimensional conformations [3], secondary-structure folding patterns. Earlier studies
and is difficult to determine directly. Experimental relied on traditional machine learning methods such as

methods such as Nuclear Magnetic Resonance (NMR) ~ Support Vector Machines (SVM) and Decision Trees as
or X-ray Crystallography remain expensive, labor- @ hybrid model [6]. More recently, deep learning
intensive, and time-consuming [4], [5], leaving the appro_ach_es, deployed either as standalone or hybrid
number of experimentally determined structures far ~ combinations of Recurrent Neural Networks [12],

behind the rapidly growing number of available Convolutional Neural Networks (CNN) [13], [14], [15],
Long Short-Term Memory (LSTM) [14], Bidirectional
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LSTM [16], [17], [18], and Transformer-based
architectures [16], [19], have demonstrated superior
performance in capturing complex sequence-to-
structure relationships. Among these, CNNs have been
widely adopted for their ability to capture local
sequence motifs and amino acid propensities
effectively [20].

Despite the adoption, three related gaps remain.
First, comparative studies that systematically evaluate
one-dimensional against two-dimensional CNN
representations for PSSP are limited, and architectural
configurations such as kernel size and filter count are,
in most existing CNN-based studies, determined
through manual trial-and-error rather than systematic
search [21], an approach that introduces human bias,
is computationally inefficient, and often traps the
network in a suboptimal performance region. Second,
more advanced architectures, attention-based
networks, hybrid CNN-BILSTM and CNN-TCN models,
and Transformer-based protein language models,
typically layer additional representational components
onto a convolutional backbone whose own
hyperparameters remain manually selected, making it
difficult to isolate the contribution of the representation
choice (1D versus 2D) from the effects of these
additional components and from inconsistent tuning
practices across studies. Third, automated
hyperparameter optimization frameworks such as
Optuna, which employs a Tree-structured Parzen
Estimator (TPE) that learns from previous trials to guide
subsequent configurations toward more promising
regions [22], [23], and whose superiority over
conventional methods such as grid and random search
has been validated across multiple domains [24],
remain largely unexplored in the specific context of
PSSP, particularly for independently comparing 1D and
2D CNN architectures under systematic optimization.
Taken together, these gaps motivate a standalone,
tuning-controlled comparison of 1D and 2D CNN
representations as a foundational reference point:
establishing how much of a model's performance can
be attributed to the representation itself, under a fair,
systematic  hyperparameter-selection  procedure,
before introducing additional architectural complexity.

To address these gaps, this study proposes a
comparative framework in which standalone 1D and 2D
CNN architectures are each integrated with Optuna-
based hyperparameter optimization, trained on the
CullPDB benchmark and independently evaluated on
the CB513 benchmark. This study aims to evaluate the
effectiveness of 1D and 2D CNN architectures for
eight-state (Q8) PSSP and to investigate the impact of
Optuna-based hyperparameter optimization on model
performance and training efficiency. The primary
contributions of this study are as follows. First, we
present a tuning-controlled comparative analysis of

standalone 1D and 2D CNN topologies for Q8 PSSP,
in which both representations are optimized under an
identical hyperparameter-search protocol, isolating the
effect of the representation choice from the effect of
tuning quality. Second, we implement and document a
reproducible  Optuna/TPE-based hyperparameter
optimization pipeline, including the full search space,
objective function, and best configurations for each
architecture, reducing reliance on manual trial-and-
error and enabling more systematic hyperparameter
selection than fixed-heuristic tuning. Third, we validate
the generalization capability of the optimized models
through strict cross-dataset testing, training exclusively
on CullPDB and evaluating on the independent CB513
benchmark. Fourth, we provide a quantified trade-off
analysis between model complexity (parameter count)
and predictive performance across the four evaluated
configurations, offering practical guidance on when the
added computational cost of a 2D representation
and/or hyperparameter optimization is justified.

This study is structured as follows: Section Il
reviews the related literature on PSSP using deep
learning approaches. Section Il discusses the dataset
used and proposed methods. Section IV presents CNN
accuracy results and a comparative analysis across all
configurations. Section V discusses the interpretation,
comparison with prior studies, and limitations of these
findings. Section VI concludes by revisiting the study's
objectives, summarizing the main findings, and
outlining directions for future work.

ll. Related Works

Deep learning approaches, particularly Convolutional
Neural Networks (CNNs), have dominated recent
advances in PSSP. Guo et al. [25] demonstrated
ensemble learning using Atrous Spatial Pyramid
Networks with 1D CNN encoders, achieving
competitive Q3 and Q8 accuracy on CB513 and
CullPDB benchmarks. Similarly, Yuan et al. [26]
proposed a bidirectional temporal convolutional
ensemble model showing that multiscale convolution
significantly enhances feature extraction over single-
architecture CNNs, while Jin et al. [27] introduced an
improved channel attention with multiscale convolution
module within a GAN framework, collectively affirming
that CNN architecture configuration directly governs
prediction quality. The comparative performance of 1D
and 2D CNNs on sequential biological data has
attracted growing research interest. 1D CNNs
efficiently capture local inter-residue patterns along the
sequence dimension, whereas 2D CNNs enable richer
processing of matrix-based representations such as
Position-Specific Scoring Matrices (PSSM). Cheng et
al. [28] demonstrated that deep residual 2D CNNs
combined with PSSM features push Q3 accuracy
beyond 80% on standard benchmarks, while Kim and
Kwon [29] showed through AttSec that 2D
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convolutional feature maps extracted from attention
representations yield richer spatial encodings than
purely 1D approaches. Bongirwar and Mokhade [30]
further confirmed that no single architecture universally
dominates without careful hyperparameter tuning
tailored to the dataset characteristics.

More recently, several studies have pushed Q8
performance on the CB513 benchmark further by
combining convolutional backbones with additional
representational mechanisms. Cheng et al. [31]
combined CNN, residual connections, bidirectional

Table 1. Feature and label indices in the CullPDB
and CB513 dataset representations.

Index Data Representation
0-21 Amino acid sequences
22-30 8 class secondary
structure

31 N-Terminal

32 C-Terimnal
33-34 Solvent accessibility
35-56 PSSM'’s profile

Table 2. Index mapping of amino acid residues
and secondary-structure labels.

Ildx Sym Idx Sym ldx Sym
0 A 11 N 22 L
1 C 12 Q 23 B
2 E 13 P 24 E
3 D 14 S 25 G
4 G 15 R 26 I

5 F 16 T 27 H
6 I 17 w 28 S
7 H 18 V 29 T
8 K 19 Y 30 NoSeq
9 M 20 X

10 L 21 NoSeq

recurrent units, and attention to reach 67.1% Q8
accuracy on CB513; Alanazi et al. [32] leveraged pre-
trained protein language model embeddings to reach
84.6-86.6% Q3 accuracy with corresponding Q8 gains;
and Sharma et al. [33] combined convolutional and
bidirectional gated recurrent layers to reach 70.4% Q8
accuracy on CB513. While these results demonstrate
the performance ceiling achievable by layering
additional architectural components onto a CNN
backbone, in each case the underlying convolutional
representation (1D or 2D) and its hyperparameters are
fixed choices inherited from prior work rather than the
object of systematic study, making it difficult to attribute
their reported gains specifically to the added
components versus the quality of the underlying CNN
configuration.

Automated  hyperparameter  optimization s
essential for maximizing deep learning model
performance on complex biological prediction tasks.
Zubair et al. [34] applied systematic hyperparameter
tuning on CNN and LSTM models for PSSP using
stratified k-fold cross-validation, demonstrating that
optimized  configurations  substantially improve
prediction accuracy. Alsenan et al. [35] investigated
optimization strategies on CNN-based RNA-protein
binding models and found that automated tuning
critically affects performance, particularly in selecting
convolutional window sizes and dropout values.
Despite these advances, and despite the growing use
of attention-based, residual, bidirectional-recurrent,
and protein-language-model-based extensions to CNN
backbones for Q8 PSSP, studies that specifically
isolate and compare 1D and 2D CNN representations
under integrated, systematic Optuna-based
hyperparameter optimization remain scarce. This
represents the specific research gap that the present
study addresses: establishing how much of a model's
Q8 PSSP performance can be attributed to the
convolutional representation itself, independent of the
additional architectural components used by the more
complex models cited above.

I1l. Method
A. Dataset

This study utilizes public protein datasets, specifically
CullPDB and CB513, as referenced in [36]. The
CullPDB dataset is a pre-processed dataset
represented in a 2D array of 5365 rows and 39900
columns. Each row represents a protein sequence that
was originally a flattened matrix of 700 x 57, where 700
denotes the maximum length of the amino acid
sequence, and 57 represents the feature dimensions.
Similarly, the CB513 dataset consists of 513 protein
sequence data stored in a 2D array of 514 rows and
39900 columns. Both datasets have no redundancy to
each other. Using CullPDB as the training set and
CB513 as an independent testing benchmark is a well-
established standard protocol in the protein secondary
structure prediction (PSSP) domain. Several recent
state-of-the-art studies have widely adopted these two
datasets to validate deep learning architectures [27],
[37], [38].

The features and labels are detailed in Table 1. In
Table 2, the indices for amino acid residues (0-21) and
the eight classes of secondary structure labels (22-30)
are mapped to their respective symbols. The symbol
'NoSeq' is utilized as padding to maintain a consistent
sequence length across the dataset. Each protein
sample is processed as a pair of aligned sequences:
the primary structure serves as the input features, while
the secondary structure serves as the target labels.
Beyond the amino-acid and secondary-structure-label
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channels shown in Table 2, the remaining columns of
the original 57-channel CullPDB/CB513 encoding
(indices 31-56) comprise three additional groups: N-/C-
terminal position indicators (indices 31-32), relative and
absolute solvent accessibility (indices 33-34), and a
PSSM (position-specific scoring matrix) evolutionary
profile (indices 35-56, 22 columns). In this study, we
retain only the PSSM columns as model input. To
provide a clear representation of the dataset's
alignment, a concrete example of a processed protein
instance from the benchmark is illustrated in Table 3.
Each protein sample is an aligned sequence pair,
where the primary structure serves as the input feature
vector and the corresponding secondary structure
represents the target labels, as in [27] and the
evolutionary mapping methods in [37].

Dataset Acquisition
CullPDB train, CB513 test

v

‘ Preprocessing 7 feature split ‘

57ch split, build mask
|

A7 2

1D Representation 2D Representation
700 x 44 sequence 700 x 44 x 1 map

v v

Optuna search (1D) Optuna search (2D)
TPE, 5-fold CV TPE, 5-fold CV

v v

10-fold training (1D) 10-fold training (2D)
class-weighted, early stop class-weighted, early stop

| |
v

CB513 independent testing
Held out throughout

v

Statistical analysis
paired t-test, CI, effect size

v

Output evaluation
Metrics, tables, figures

Fig. 1. End-to-end experimental workflow for 1D
and 2D CNN-based protein secondary structure
prediction, including preprocessing, Optuna
optimization, cross-validation, CB513 testing, and
statistical analysis.

B. Feature Representation

Since this study independently evaluates and
compares the performance of 1D and 2D CNNs, the
raw protein sequences described in Section IlI-A are
transformed into two distinct computational
representations. Each protein sample is represented as

a fixed-length sequence of L = 700 residue positions
(shorter sequences are zero-padded). For every
position, the original 57-channel CullPDB/CB513
encoding is split into: (i) an amino-acid identity vector,
one-hot encoded over the 20 standard amino acids
plus a padding token (22 channels, indices 0-21), and
(i) a PSSM (position-specific scoring matrix)
evolutionary-profile vector (22 channels, indices 35—
56). Of the intervening channels, indices 22-30 encode
the eight-class secondary-structure label itself (used to
construct the target tensor Y and, via its NoSeq marker
at index 30, the sequence-validity mask M described
below), while indices 31-32 (terminal indicators) and
33-34 (solvent accessibility) are auxiliary descriptors
that are not used as model input in this study.
Concatenating the two retained components yields the
input tensor represented in Eq. (1).

X = [Xaas Xpssm] € REx44) (1)
A binary validity mask, derived from the label channel,
marks padded positions and is used as a sample
weight during training and evaluation, so padded
positions do not contribute to the loss or any reported
metric. The target tensor is constructed as Y =
onehot (argmax(Xyapen)) in RE*®, derived from the
eight-class one-hot encoding at indices 22-29
(excluding the NoSeq marker at index 30). The
sequence-validity mask M in {0,1}{} is derived from the
same NoSeq marker: M; = 0 if position i is padding
(NoSeq = 1 at index 30), and M; = 1 otherwise. This
mask is applied as a sample weight during training and
evaluation for both the 1D and 2D architectures,
ensuring that padded positions do not contribute to the
loss or to any reported metric.

For the 1D CNN model, this feature tensor X €
REX44} js consumed directly, allowing 1D convolutional
filters to slide along the sequence-length axis to
capture local evolutionary and biochemical patterns.
For the 2D CNN model, X is reshaped into a single-
channel two-dimensional map, X' € R4} py
adding a channel axis, so that both the sequence-
position axis (length L) and the feature axis (width 44)
are treated as spatial dimensions for a 2D convolution.
This lets each output value aggregate information from
neighbouring sequence positions and neighbouring
feature channels simultaneously  within  the
convolutional kernel's receptive field, rather than
combining all 44 input channels at every position as the
1D  convolution does. This 2D-convolutional
formulation operates on the sequence-length x feature-
channel plane of a single protein and is distinct from the
residue-residue pairwise (contact-map-style) 2D
representations used in some prior PSSP work, in
which the two spatial axes both index residue position
(an L x L map) and each cell encodes a pairwise or
evolutionary coupling between two residues. The
present architecture does not construct such a residue-
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pair map, and constructing and evaluating a true
residue-pair 2D representation is identified as a
direction for future work.

C. Convolutional Neural Network

Convolutional Neural Network (CNN) workflow in this
study is designed as shown in Fig. 1, where the figure
summarizes the complete experimental workflow
employed in this study, from raw dataset acquisition
through final statistical evaluation. Standalone 1D and
2D CNNs are explained below (Fig. 2 and Fig. 3).

1. 1D CNN Architecture

The 1D CNN architecture in this study is designed to
capture local sequential patterns and structural motifs
directly from protein primary structure. This mechanism
aligns with the fundamental capability of 1D CNNs to
extract localized features and transient motifs from
one-dimensional sequential data, a technique
previously proven effective in time-series anomaly
detection [39] and astrophysical signal classification
[40]. Unlike 2D image processing that relies on spatial
pixels, the 1D convolutional operation slides along a
single dimension representing the sequence length of
the protein, allowing the model to capture relevant
biochemical properties without losing sequential
context. Two stacked 1D convolutional layers ("same"
padding, ReLU activation) are used, followed by a
dropout layer and two time-distributed dense layers,
the first a ReLU projection, the second an 8-way
softmax classifier applied independently at every
sequence position to produce the per-residue Q8
secondary-structure prediction. Fig. 2 illustrates the
structural workflow of the proposed standalone 1D
CNN model and the integration with Optuna
optimization. Dashed lines from the "Optuna search"
box branch out to three layers with automatically
determined values: two Conv layers (filter and kernel
size) and a Dropout layer (rate). During the training
phase, the specific structural hyperparameters of this
1D CNN, including the number of filters, kernel sizes,
dropout rates, and the learning rate, are not fixed
manually for the Optuna-tuned configuration; instead,
they are dynamically searched and optimized using the
Optuna framework as described below. Formally, the
1D convolution operation applied at position t of a

single filter is defined as Eq. (2) [41].

Ve = Ir(n_=10Wm “Xeym + b (2)
where k is the kernel size, wm denotes the learnable
filter weights, b is the bias term, and x is the input
feature sequence. The convolution output is then
passed through a Rectified Linear Unit (RelLU)
activation (Eq. (3) [42]) to introduce non-linearity:

ReLU(y;) = max(0,y,) 3)
2. 2D CNN Architecture

Unlike the 1D sequential approach, the 2D convolution
operation processes data in a matrix form, allowing the

filters, kernel, dropout, Ir

Optuna search (TPE + pruner) J

Input Input
700 x 44 700 x 44

; :

ConvlD k=3, 64f ConvlD k=4, 32f
700x64 - 8,512 params 700x32 - 5,664 params

I ;

ConvlD k=3, 128f Conv1D k=4, 64f
700x128 - 24,704 params 700x64 - 8,256 params

v N ' .
Dropout : Dropout
rate 0.30 rate 0.369
) - {
Dense (RelLU) Dense (RelLU)
700x64 - 8,256 params 700x64 - 4,160 params
v v

Dense (softmax, 8)
700x8 - 520 params
Total 41,992 params

Dense (softmax, 8)
700x8 - 520 params
Total 18,600 params - Ir 0.00101

Fig. 2. Architectures of the baseline 1D CNN (left)
and Optuna-optimized 1D CNN (right).

model to learn local dependencies jointly across
neighbouring sequence positions and neighbouring
feature channels within the convolutional kernel's
receptive field. This is distinct from a residue-residue
contact-map representation, in which both spatial axes
would index residue position; the present formula
instead operates on the sequence-position x feature
channel plane of a single protein. This transition to a
two-dimensional convolutional formulation allows the
network to reveal spatial correlations between adjacent
positions and feature channels that are otherwise
inaccessible to 1D convolutions, a methodological
advantage widely demonstrated in other domains, such
as converting time-series signals into 2D time-
frequency or sensor-position arrays to capture richer
features [39], [40].

The 2D CNN architecture in this study applies two-
dimensional convolution over the sequence-feature
map described above, allowing the model to jointly

learn local dependencies across neighbouring
sequence positions and neighbouring feature
channels. Two stacked 2D convolutional layers

("same" padding, ReLU activation) are used, followed
by dropout. The resulting feature maps are then
reshaped back into a per-position sequence
representation before being passed through the same
time-distributed dense classification head used in the
1D architecture. To achieve optimal performance, the
architectural hyperparameters of the 2D CNN, the
number of filters, kernel size, dropout rate, and learning
rate, are likewise autonomously explored by the

Manuscript received 29 June 2026; Revised 20 July 2026; Accepted 30 July 2026; Available online 10 October 2026

Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i4.1878

Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0

International License (CC BY-SA 4.0).

1507


https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i4.1878
https://creativecommons.org/licenses/by-sa/4.0/

Journal of Electronics, Electromedical Engineering, and Medical Informatics

Homepage: jeeemi.org; Vol. 8, No. 4, October 2026, pp: 1503-1521

e-ISSN: 2656-8632

Optuna framework for the Optuna-tuned configuration.
The structural components and workflow of the
proposed standalone 2D CNN model and 2D with
Optuna integration are represented in Fig. 3.
Analogous to the 1D operation, the two-dimensional
convolution applied at spatial position (p,q) using a

square kernel of size k x k is formulated as Eq. (4) [41].

Zp,q = fnllozlﬁ;é Wm,n : Mp+m,q+n + b (4)
where W, represents the learnable 2D kernel weights
and Zpq is the resulting feature map, which is likewise
followed by the RelLU activation defined in Eq. (3).
Beyond the convolutional layers described above, both
the standalone 1D and 2D CNN topologies share the
following common building blocks. To mitigate
overfitting, dropout (Eq. (5)) is applied by randomly
deactivating a proportion p of neural activations during
training [43].

A =h © Bernoulli(1 — p)/(1 —p) (5)
where h is the pre-dropout activation and h is the
resulting masked activation. The (reshaped, in the 2D
case) feature sequence is then passed through a time-
distributed fully connected (dense) layer (Eq. (6))
applied independently at each sequence position [44]:

Uy = ReLU( ch ht + bfc) (6)
where Wy, and by, are the dense layer weights and
biases. Finally, a second time-distributed dense layer
applies the softmax function (Eq. (7)) to produce a
probability distribution over the eight secondary
structure classes for each residue [44]:

Yieey = exp(zie) / ZAc = 138} exp(zeey)  (7)
where z . is the logit for class c at position t and Y{t_c}
is the predicted probability that residue t belongs to
secondary structure class ¢ out of the eight DSSP
classes.

3. Hyperparameter Optimization using Optuna

To ensure an unbiased and rigorous evaluation, the
architectural and training hyperparameters for both
standalone 1D CNN and 2D CNN models are
systematically optimized using the Optuna framework.
Optuna is a next-generation hyperparameter
optimization software that utiizes a Bayesian
optimization approach, specifically the Tree-structured
Parzen Estimator (TPE) algorithm, to efficiently
navigate the multi-dimensional search space [45].
Previous research highlighted Optuna's ability to
effectively search for model configurations and was
shown to outperform unoptimized models on all
evaluation metrics [46]. In this study, Optuna is used to
optimize the parameters in CNNs, such as the number
of filters, kernel size, dropout rate, learning rate, and
batch size of each CNN. Each trial is internally
validated via 5-fold cross-validation on the CullPDB
training pool, and the search is formulated as a

maximization problem over the search space O (Eq.
(8)).
6" = argminLyy(f(6)) (8)
feo

Optuna search (TPE + pruner)
filters, kernel, dropout, Ir

Input, reshaped 2D i Input
700 x 44 x 1 : 700 x44 x 1

Conv2D k=3, 32f Conv2D k=7, 64f
700x44x32 - 320 params 700x44x64 - 3,200 params

¥ ¥

Conv2D k=3, 64f Conv2D k=7, 128f
700x44x64 - 18,496 params 700x44x128 - 401,536 params

l | J

.

Dropout : Dropout
rate 0.30 rate 0.499
Reshape Reshape
700 x 2,816 700 x 5,632
Dense (RelLU) . Dense (RelU)
700x64 - 180,288 params 700x64 - 360,512 params

Dense (softmax, 8)
700x8 - 520 params
Total 199,624 params

Dense (softmax, 8)
700x8 - 520 params
Total 765,768 params - Ir 0.00076

Fig. 3. Architectures of the baseline 2D CNN (left)
and Optuna-optimized 2D CNN (right).

where 6 denotes a candidate hyperparameter
configuration (number of layers, filters, kernel size,
dropout rate, learning rate), f(6) is the CNN trained
under that configuration, and Lva is the validation cross-
entropy loss used as the objective. To efficiently
navigate this search space, Optuna’s Tree-structured
Parzen Estimator (TPE) models the conditional
densities of hyperparameters associated with low-loss
and high-loss trials separately, using a loss threshold

6:[47] (Eq. (9)):
{1(9) ifLyy < 0°

where /(6) and g(6) are kernel density estimates fitted
respectively to the better-performing and worse-
performing trials observed so far. The next candidate
configuration is then selected by maximizing the ratio
between these two densities, which is asymptotically
equivalent to maximizing the Expected Improvement
(EN [47] (Eq. (10)):

- ue
Onext = aregér;axg(g) (10)

This region with the highest /(6)/g(6) ratio represents
the most promising area of the search space, allowing
Optuna to progressively concentrate trials toward
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Algorithm 1: Optuna-Based Hyperparameter Search and Cross-Validated Training
Input: CullPDB dataset D_train, CB513 dataset D_test, architecture type A in {1D, 2D}
Output: Best hyperparameters theta*, ten fold-trained models, per-fold CB513 metrics

1: X, Y, Mask <- Preprocess(D _train)

: repeat
: theta <- SuggestParameters(search space)

O~NO AR WN

: theta* <- BestParameters()

9: // Stage 2: Final evaluation (10-fold CV, outer)
10: for fold = 1 to 10 do

13: record per-fold precision, recall, F1, and AUC

14: end for

15: // Stage 3: Statistical analysis

19: end for
20: return theta*, trained models, per-fold metrics

: /] Stage 1: Optuna hyperparameter search (5-fold CV, TPE + Median Pruner)

: objective <- Mean(5-fold cross-validation accuracy on D _train using theta)
: prune trial early if underperforming (Median Pruner)
: until target number of completed trials reached or trial budget exhausted

11: train model on 9 folds using theta*, with class-weighted loss and early stopping
12: predict on held-out fold and on CB513 (D_test) // CB513 never used above this line

16: compute 95% confidence intervals across the 10 folds
17: for each pair of the four evaluated configurations do
18: paired t-test, Holm-Bonferroni correction, Cohen's d

configurations likely to minimize the validation loss
while still allocating a fraction of trials to unexplored
regions. Pseudocode of Optuna optimization is
presented in Algorithm 1.

4. Experimental Setup

This study evaluates four deep learning configurations
for Q8 (eight-state) PSSP: standalone CNN 1D, CNN
1D with Optuna optimization, standalone CNN 2D, and
CNN 2D with Optuna optimization. All four
configurations were trained exclusively on the CullPDB
dataset and evaluated on the independent CB513
benchmark, following the strict cross-dataset protocol
established in Section IlI-A. All experiments used the
same dataset split to ensure a fair, directly comparable
evaluation across configurations [36], [37]. To account
for training variance and to support statistical validation
of the reported differences between configurations,
each configuration is evaluated using 10-fold cross-
validation on CullPDB (random_state = 42, held
constant across all four configurations to enable paired
statistical comparison), with the fixed, held-out CB513
set evaluated separately by each of the 10 fold-trained
models, vyielding 10 independent performance
measurements per configuration for statistical
comparison; CB513 itself remains fully excluded from
training and hyperparameter tuning throughout.
Because the Q8 label distribution is heavily imbalanced
(the rarest class, m-helix, constitutes well under 0.1%
of residues), class-weighted categorical cross-entropy

loss is used during training, with per-class weights
computed via scikit-learn's balanced class-weighting
scheme (inversely proportional to class frequency) [48]
and combined multiplicatively with the sequence-
validity mask described in the Feature Representation
subsection (Eq. (11)).

W, =

N
K xXn¢

(11)

Cross-entropy loss was used as the optimization
objective during training, consistent with the multi-class
classification nature of the PSSP task and the
probabilistic output layer of each CNN architecture [44]
(Eq. (12)):

Leg = =3 201 221 Ve 108 (9nc) (12)

where N is the number of residues in a batch, yncis the
ground-truth one-hot label indicating whether residue n
belongs to class ¢, and Ync is the corresponding
softmax probability. Each fold of each model
configuration was trained for a maximum of 50 epochs,
with early stopping (patience = 5 epochs on validation
loss, best weights restored) determining the actual
stopping point per fold; convergence epochs therefore
vary across folds rather than following a single fixed
value per configuration, and are reported as a
distribution rather than a single number. All models
were trained using the Adam optimizer with a batch
size of 16 (for baseline configurations) or the Optuna-
selected batch size (16 or 32) for the tuned
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configurations. Experiments were run on Google
Colaboratory with GPU acceleration.

For the Optuna optimization runs, the target was 5
completed trials per architecture, with a maximum
budget of 15 total trial attempts (allowing for pruned or
failed trials) and a Median Pruner (1D CNN: 5 startup
trials, 10 warmup steps; 2D CNN: 2 startup trials, 1
warmup step). The 1D CNN search reached its target
of 5 completed trials with no pruning or failures. The 2D
CNN search reached the maximum budget of 15 total
attempts with only 3 of the target 5 trials completing
successfully (4 trials pruned, 2 trials failed, most likely
due to GPU memory exhaustion given the larger
filter/kernel combinations explored); the reported best
2D configuration is therefore drawn from a smaller
effective sample than originally planned, and this is
disclosed as a limitation in the Discussion. All
experiments were conducted on Google Colaboratory’s
GPU runtime, whose capped, shared memory
allocation is the most probable cause of these failures,
and whose non-persistent sessions prevented the TPE
sampler seed and individual per-trial objective values
from being retained beyond the best configuration.

It is important to clarify the relationship between the
hyperparameter search and the final evaluation
protocol. The Optuna search and the 10-fold cross-
validation used for final performance estimation both
draw their training and validation splits from the same
CullPDB pool, using independent K-fold partitions (5-
fold for the Optuna objective, 10-fold for final
evaluation) rather than a fully nested cross-validation
design in which hyperparameter search would be
repeated separately within each outer fold. This design
was adopted due to the substantial computational cost
of the search itself, which made a fully nested search
(requiring the entire search to be repeated once per
outer fold) computationally impractical within the scope
of this study. Critically, this design does not affect the
primary reported performance metrics: the CB513
benchmark, which underlies every accuracy, precision,
recall, F1, and AUC figure reported in this study, was
never accessed by either the Optuna search or the
outer 10-fold training loops and therefore remains a
fully independent test set throughout. The potential
effect of this non-nested design is limited to the internal
comparability of hyperparameter choices across
CullPDB-validation folds, not to the CBS513-based
results that form the basis of this study's conclusions.

IV. Result

This study evaluates and compares four deep learning
model configurations for protein secondary structure
prediction: CNN 1D, CNN 1D with Optuna
hyperparameter optimization, CNN 2D, and CNN 2D
with Optuna optimization, on the eight-class (Q8)
DSSP labeling scheme. All experiments were

conducted using identical 10-fold cross-validation splits
on CullPDB (random_state = 42, held constant across
all four configurations), and each fold-trained model
additionally evaluated on the independent CB513
benchmark. The classification task involves predicting
protein secondary structure classes, an inherently
imbalanced multi-class problem, as certain structural
elements appear far more frequently than others in
protein datasets.

A. Overall Performance Comparison

Table 4 summarizes the aggregate performance of the
four evaluated configurations. The Optuna-optimized
2D CNN configuration achieved the highest
performance across all CB513 metrics (Accuracy
0.9016, Precision 0.4093, Recall 0.4386, F1 0.4009,
AUC 0.8240), at the cost of substantially higher model
complexity (765,768 parameters, roughly 41x more
than the CNN 1D baseline). Across all four models, a
consistent pattern is observed: F1-score and Precision
remain considerably lower than the aggregate
accuracy figure, a discrepancy characteristic of
imbalanced multi-class classification, where a model
can achieve a high accuracy-like aggregate by
predicting majority classes well while performing poorly
on minority classes.

B. Evaluation Metrics

All evaluation metrics are formally defined below in
terms of the confusion-matrix quantities true positive
(TP), false positive (FP), true negative (TN), and false
negative (FN) counts, computed per class and macro-
averaged across the eight DSSP secondary structure
classes. Accuracy, Precision, Recall, and F1-score are
computed following the standard definitions [49]
presented in Eq. (13)-(16); AUC is derived from the
Receiver Operating Characteristic (ROC) curve [50]
presented in Eq. (17)-(18), computed using a one-vs-
rest scheme across the eight classes and macro-
averaged [49] as Eq.(19).

Accuracy = S L E— (13)
TP + TN + FP + FN
Precision = —— (14)
TP + FP
Recall = ——~ (15)
TP + FN
F1 = 2 x Prectjst:on X Recall (1 6)
Precision + Recall

TPR = — 4, FPR = ——~ (17)

TP + FN FP+TN
AUC = [ TPR d(FPR) (18)
Metricpgero = %2115:1 Metricy (19)

C. Performance of CNN 1D and Optuna-optimized
1D CNN
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The CNN 1D baseline model achieved a CB513
accuracy of 0.8813 across the 10 folds, with a CB513
precision of 0.3769, recall of 0.3937, F1-score of
0.3544, and AUC of 0.8005. When Optuna-based
hyperparameter optimization was applied (5 completed
trials, 5-fold cross-validation per ftrial), the resulting
configuration, 32 filters, kernel size 4, dropout 0.369,
learning rate 0.00101, achieved marginally different
aggregate metrics (CB513 F1 0.3569, AUC 0.7997)
that were not statistically distinguishable from the
baseline (paired t-test, p = 0.607 for F1, p = 0.613 for

comparison), at the cost of a substantially larger model
(765,768 parameters).
E. Statistical Validation Across Folds

t = (20)

] =

To assess whether the observed performance
differences reflect genuine effects rather than random
variation, paired t-tests (as shown in Eq. (20) [51])(a =
0.05) were conducted between all six model pairs using
the 10 per-fold F1 and AUC values as matched

Table 4. Performance of the four model configurations on the independent CB513 benchmark.

Model Params CB513 CB513 CB513 CB513 F1 CB513 AUC
Accuracy Precision Recall

CNN 1D 41,992 0.8813 0.3769 0.3937 0.3544 0.8005
Optuna-optimized 1D 18,600 0.8825 0.3794 0.3971 0.3569 0.7997
CNN

CNN 2D 199,624 0.8844 0.3791 0.3988 0.3599 0.8032
Optuna-optimized 2D 765,768 0.9016 0.4093 0.4386 0.4009 0.8240

CNN

Table 3. Mean F1-score and AUC with standard deviations and 95% confidence intervals across 10 folds.

Model F1 (mean£SD) F1 (mean 95% CI) AUC (meanxSD) AUC (mean 95% CI)
CNN1D  0.3542+0.0099 (.3542[0.3471,0.3613] 0.8038 +0.0123 0.8038 [0.7951, 0.8126]
Optuna- 0.3562 + 0.0045 (0.3562 [0.3530, 0.3594] 0.8057 + 0.0028 0.8057 [0.8038, 0.8077]
optimized

1D CNN

CNN2D  0.3599+£0.0110 0.3599[0.3520, 0.3678] 0.8071 £ 0.0108 0.8071 [0.7993, 0.8148]
Optuna-  0.4008 + 0.0071 (0.4008 [0.3957, 0.4059] 0.8282 % 0.0040 0.8282 [0.8254, 0.8311]
optimized

2D CNN

AUC). Notably, however, Optuna converged on a
substantially smaller model: 18,600 parameters versus
41,992 for the baseline, a 56% reduction, while
maintaining statistically  equivalent predictive
performance. This indicates that, for the 1D
architecture, Optuna's principal benefit in this study
was model compression rather than an accuracy gain.
D. Performance of CNN 2D

The CNN 2D baseline model achieved a CB513
accuracy of 0.8844, with a CB513 precision of 0.3791,
recall of 0.3988, F1-score of 0.3599, and AUC of
0.8032, not statistically distinguishable from the CNN
1D baseline (p = 0.192 for F1). When Optuna
optimization was applied to the 2D architecture (3 of a
targeted 5 trials completed successfully within a 15-trial
budget; the resulting configuration, 64 filters, kernel
size 7, dropout 0.499, learning rate 0.00076, achieved
a CB513 accuracy of 0.9016, F1-score of 0.4009 and
AUC of 0.8240, the highest among all four
configurations. Unlike the 1D case, this improvement
was statistically significant relative to all three other
configurations (p < 0.001 in every pairwise

samples, exploiting the fact that identical cross-
validation splits were wused across all four
configurations. Table 5 reports the mean * standard
deviation of F1 and AUC across folds for each model,
and Table 6 reports the corresponding paired t-test
results. To further characterize the practical magnitude
of these differences and control for the risk of false
positives across six comparisons, Table 6 additionally
reports Cohen’s d effect sizes and Holm-Bonferroni-
corrected p-values. The results reveal a clear and
interpretable  pattern: neither the change in
representation alone (CNN 1D to CNN 2D, without
Optuna) nor Optuna tuning alone (applied only to the
1D architecture) produced a statistically significant
improvement in F1 or AUC. However, the combination
of the 2D representation with Optuna-based
hyperparameter optimization produced a statistically
significant improvement over all three other
configurations. This indicates that the performance
gain observed in this study is attributable specifically to
the joint effect of representation choice and systematic
tuning, not to either factor in isolation, directly
addressing the question of whether the small
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performance differences reported in earlier PSSP
literature are statistically meaningful. After Holm-
Bonferroni correction for multiple comparisons, the
same three comparisons involving Optuna-optimized
2D CNN remain statistically significant, each with a
large effect size (Cohen’s d ranging from -1.75 to -
4.69), indicating that this performance advantage is
both statistically robust and practically substantial.

F. Per-Class Performance and Class Imbalance

Table 7 compares per-class F1 and AUC between the
CNN 1D baseline and the best-performing Optuna-
optimized 2D CNN configuration on CB513, alongside
each class's support. The Q8 label distribution is
severely imbalanced: the 1-helix class (I) accounts for
only 0.04% of CB513 residues (30 out of approximately
85,000), while a-helix (H) and B-strand (E) together
account for over half the dataset. This imbalance is
reflected directly in per-class performance: F1 for the |
class remains below 0.002 even in the best-performing

classes (e.g., class B, 1.4% support) without fully
resolving the extreme scarcity of class I.

G. Comparative Analysis Across All

Configurations

Table 8 summarizes the Optuna search outcomes for
both tuned architectures. Both searches used a Tree-
structured Parzen Estimator (TPE) sampler with a
Median Pruner and internally validated each trial via 5-
fold cross-validation. The CNN 1D search reached its
target of 5 completed trials without any pruning or
failures. The CNN 2D search reached the maximum
trial budget (15 total attempts) with only 3 of the target
5 trials completing successfully; 4 trials were pruned
early, and 2 failed, most likely due to GPU memory
exhaustion given the larger kernelffilter combinations
attempted. The reported best 2D configuration is
therefore drawn from a smaller effective sample than
originally planned; this is disclosed here as a limitation
rather than presented as a fully realized 5-trial search.

Table 5. Paired statistical comparisons of F1-score and AUC across model configurations, including Holm-
Bonferroni-adjusted p-values and Cohen'’s d effect sizes.

Comparison Metric t(9) p (raw) p (holm) Cohen’s d Effect
CNN 1D vs Optuna-optimized F1 -0.53 0.607 0.716 -0.17 negligible
1D CNN

CNN 1D vs Optuna-optimized AUC -0.53 0.613 1.000 -0.17 negligible
1D CNN

CNN 1D vs CNN 2D F1 -1.41 0.192 0.575 -0.45 small
CNN 1D vs CNN 2D AUC -0.74 0.476 1.000 -0.24 small
Optuna-optimized 1D CNN vs F1 -0.97 0.358 0.716 -0.31 small
CNN 2D

Optuna-optimized 1D CNN vs AUC -0.38 0.710 1.000 -0.12 negligible
CNN 2D

CNN 1D vs Optuna-optimized F1 -10.09 <0.001 <0.001 -3.19 large
2D CNN

CNN 1D vs Optuna-optimized AUC -6.06 <0.001 0.001 -1.92 large
2D CNN

Optuna-optimized 1D CNN vs F1 -14.83 <0.001 <0.001 -4.69 large
Optuna-optimized 2D CNN

Optuna-optimized 1D CNN vs AUC -14.72 <0.001 <0.001 -4.66 large
Optuna-optimized 2D CNN

CNN 2D vs Optuna-optimized F1 -8.86 <0.001 <0.001 -2.80 large
2D CNN

CNN 2D vs Optuna-optimized AUC -5.53 <0.001 0.001 -1.75 large
2D CNN

model, while F1 for the H and E classes exceeds 0.71
and improves substantially under the Optuna-
optimized 2D CNN configuration (H: 0.7165 increased
to 0.8239; E: 0.6407 increased to 0.7188). Class-
weighted training (via balanced class weighting,
applied multiplicatively with the sequence-validity
mask) was used specifically to mitigate this imbalance;
the results indicate this measure improves
performance on moderately represented minority

H. Comparison with Related Q8 Methods from the
Literature

Table 9 presents a same-task (Q8, CB513) comparison
between the configurations developed in this study and
representative Q8-reporting deep learning approaches
from the literature. All compared figures use the same
eight-class DSSP labeling scheme and are evaluated
on the same CB513 benchmark. Although all compared
methods share the same eight-class DSSP labelling
scheme and are evaluated on the CB513 benchmark,
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Table 6. Per-class F1-score and AUC comparison between the baseline 1D CNN and Optuna-optimized 1D

CNN on CB513.

Class Support CNN 1D F1 Optuna- CNN 1D AUC  Optuna-
optimized optimized 2D
2D CNN F1 CNN AUC

L (Cail) 17,920 (21.1%)  0.4208 0.4635 0.8167 0.8363

B (Bridge) 1,181 (1.4%) 0.0876 0.1190 0.7701 0.7862

E (Strand) 18,016 (21.3%)  0.6407 0.7188 0.8872 0.9275

G (3-10 Helix) 3,132 (3.7%) 0.2133 0.2725 0.7893 0.8479

| (Pi-Helix) 30 (0.04%) 0.0008 0.0019 0.6203 0.5818

H (Alpha-Helix) 26,157 (30.9%) 0.7165 0.8239 0.9037 0.9546

S (Bend) 8,316 (9.8%) 0.3129 0.3446 0.7890 0.8072

T (Turn) 10,013 (11.8%)  0.4423 0.4629 0.8276 0.8508

Table 7. Optuna search outcomes and selected hyperparameters for the 1D and 2D CNN architectures.

Model Complete/Pruned/Failed/Total Best Hyperparameters

Optuna-optimized 5/0/0/5 (target reached) filters=32, kernel=4, dropout=0.369, Ir=0.00101,
1D CNN batch=16

Optuna-optimized 3/4/2/13 (max budget hit, target  filters=64, kernel=7, dropout=0.499, Ir=0.00076,
2D CNN not reached) batch=16

interpret direct rankings across these studies with
caution, as the underlying training protocols are not
fully equivalent. Reported figures may differ in training-
set composition (e.g., CullPDB variants of differing size
and homology-reduction thresholds), input feature sets
(PSSM-only versus combined
PSSM/HMM/physicochemical profiles), sequence-
length handling and padding conventions, and the
precise definition of accuracy (e.g., residue-level
versus sequence-averaged, or whether padded
positions are fully excluded). Given these differences,
the comparison in Table 9 is intended to situate this
study’s results within the broader range of reported Q8
performance on CB513, rather than to establish a strict,
protocol-equivalent ranking against prior work.

V. Discussion
A. Why Optuna Benefits the 2D Architecture but
Not the 1D Architecture

A direct comparison of all four models shows that
Optuna-based optimization did not improve
performance across both architectures: for the 1D
architecture, Optuna produced a smaller, statistically
equivalent model, whereas for the 2D architecture,
Optuna produced a significantly better-performing (but
substantially larger) model. This pattern underscores
that the benefit of automated hyperparameter search is
architecture-dependent, and that reporting only
aggregate "before/after Optuna" comparisons, without
statistical testing, risks overstating the consistency of
such gains. We interpret this asymmetry as follows.
The 1D CNN baseline already operates on a relatively
simple, low-dimensional feature interaction space. At
each sequence position, the 1D convolution

aggregates information across all 44 input channels
using a kernel with a small number of parameters per
channel, so the baseline architecture's capacity is not
obviously undersized relative to the 44-channel input.
Optuna's search over 1D hyperparameters (filters,
kernel size, dropout, learning rate) found a substantially
smaller configuration (18,600 vs. 41,992 parameters)
that matched baseline performance, suggesting that
the baseline 1D architecture was already over-
parameterized for the amount of signal available in the
sequence-only representation, and that the primary
benefit of search in this regime is compression rather
than performance gain. In contrast, the 2D CNN's
baseline configuration uses relatively small kernels
(3x3) over the sequence-position x feature-channel
plane, which may be insufficient to capture cross-
channel interaction patterns that require a wider
receptive field. The Optuna-tuned 2D configuration
selected a substantially larger kernel (7x7) and more
filters (64/128 vs. 32/64), roughly quadrupling the
receptive field extent along both the sequence and
feature axes. This suggests that the 2D representation
contains structure, specifically, joint dependencies
across neighbouring sequence positions and feature
channels, that a narrow 3x3 kernel under-captures,
and which a systematically searched wider kernel can
better exploit. Under this interpretation, Optuna's role
for the 2D architecture was not primarily compression
(as for 1D) but capacity matching: identifying a
receptive field size better suited to the underlying 2D
structure than the manually chosen 3x3 baseline. This
is consistent with the substantially larger effect size and
higher final parameter count observed for the 2D +
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Optuna configuration relative to the other three
configurations.

B. Quantitative Comparison with Prior Studies
Table 9 lists nine prior Q8 studies evaluated on CB513
alongside their reported accuracy. Table 10 below
extends this comparison along dimensions not
captured by Table 9 but requested for meaningful
cross-study evaluation: feature representation, model
size, hyperparameter search strategy, and class-
imbalance handling. Several similarities and

(MLPRNN) and Cheng et al. [31] (RECNN), rely on
manually selected configurations without reporting a
search procedure. Regarding class imbalance, none of
the nine prior studies explicitly report a class-weighting
or resampling strategy, despite the Q8 label distribution
being severely imbalanced by construction of the
CullPDB/CB513 dataset itself. This suggests that the
per-class weaknesses discussed in Section V.D,
particularly for the pi-helix class, likely recur across this
literature even when not explicitly reported or analyzed,

Table 8. Comparison with related Q8 protein secondary structure prediction methods evaluated on CB513.

Method Year Q8 Accuracy (CB513)

This study — CNN 1D / Optuna-optimized 1D CNN/CNN 2026 88.1% /1 88.3% / 88.4% 1 90.2%
2D / Optuna-optimized 2D CNN

Cascaded CNN + BGRU [55] 2016 69.4%

Ensemble of diverse NN architectures [56] 2018 70.7%

CRRNN (1D CNN + residual BGRU) [52] 2018 71.4% (single) / 74.0% (ensemble)
Hybrid CNN-BRNN, 42-D profile features [53] 2020 73.5%

MLPRNN (stacked BGRU + MLP) [58] 2021 70.6%

Cascaded Feature Learning Model [54] 2023 70.74%

Ensemble BTCN+BLSTM [26] 2023 77.91%

CNN + BiGRU [57] 2024 70.4%

RECNN (CNN + residual + BGRU + attention) [31] 2025 67.1%

differences with this study are notable. Regarding
feature representation, this study’s 44-dimensional
input (22 one-hot AA and 22 PSSM channels) is
narrower than several prior approaches: Zhang et al
[52] (CRRNN) used a 50-dimensional hybrid profile,
while Kumar et al. [53] and Geethu and Vimina [54]
incorporated additional solvent-accessibility and
physicochemical descriptors alongside PSSM. This
narrower representation may partly explain why this
study’s accuracy is not uniformly higher than these
methods, since part of their reported performance may
derive from richer input information rather than
architectural differences alone.

Regarding model size, most prior studies do not
report explicit parameter counts, limiting direct
efficiency comparison. Zhang et al. [52] report their
CRRNN ensemble at approximately 7.74 million
parameters, and Li and Yu [55] report an 18.1 MB
ensemble model, both substantially larger than the
standalone Optuna-optimized 2D CNN configuration in
this study (765,768 parameters). In contrast, Drori et al.
[56], Kumar et al. [53], Lu [57], and Cheng et al. [31]
(RECNN) do not report parameter counts or model
size, precluding a complete efficiency comparison
across the full set of nine studies. Regarding
hyperparameter search, none of the nine prior studies
report a systematic, automated search comparable in
documentation to the Optuna/TPE procedure used
here; Yuan et al. [26] mention a grid search over
hyperparameters but do not report the search space or
number of configurations evaluated, while the
remaining eight studies, including Lyu et al. [58]

since Q8 accuracy alone does not reveal per-class
performance.

Because F1-score is not consistently reported
across these nine studies (most report only aggregate
Q8 accuracy in Table 9), a direct F1-based ranking
against this study's macro-F1 (0.4009 for Optuna-
optimized 2D CNN) is not possible without re-
evaluating each prior model under identical conditions,
itself a nontrivial undertaking given inconsistent public
availability of trained models and evaluation code
across this literature. We therefore limit quantitative
comparison in Table 9 to accuracy and note this as a
boundary of what can be responsibly compared given
the current state of reporting practice in this literature.
C. Explaining the Unusually High Accuracy
The reported CB513 accuracy (88.1-90.2%) is
substantially higher than both the macro-averaged F1-
score (0.35-0.40) obtained in this study and the Q8
accuracy range (67-78%) reported by the prior studies
compared in Table 10. We attribute this gap primarily
to two related factors: the severe class imbalance of the
Q8 label distribution, and the accuracy-focused
objective used during hyperparameter optimization.
First, the Q8 label distribution in CB513 is highly
skewed: the three most frequent classes (coil, strand,
and alpha-helix) together account for 73.3% of all
residues, while the rarest class, pi-helix, accounts for
only 0.035% (30 of 84,765 residues), a dominance ratio
of roughly 2,070 to 1. Because overall accuracy is
computed as the proportion of correctly classified
residues across the entire dataset, it is numerically
dominated by performance on the majority classes; a
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model that classifies the three dominant classes well
will achieve high aggregate accuracy even if it performs
poorly on rare classes such as pi-helix. Macro-
averaged F1-score, in contrast, weights every class
equally regardless of its support, so the same poor
minority-class performance that has negligible impact
on accuracy substantially depresses the macro-F1
score. This divergence is directly visible in the per-class
results (Table 7): F1 for the pi-helix class remains
below 0.002 across all configurations, even though
these same classes contribute almost nothing to the
overall accuracy figure due to their extremely low
support. Second, the Optuna hyperparameter search in
this study was explicitly formulated to maximize mean
validation accuracy as its objective (Eq. (8)), not F1-
score or any class-balanced metric. Given the class
distribution described above, a hyperparameter
configuration that improves classification of the
dominant classes will increase the accuracy objective
almost regardless of its effect on minority classes,
since minority-class residues contribute negligibly to
the accuracy calculation. This creates a systematic
incentive, inherent to the search objective itself rather
than any single configuration, for Optuna to select
hyperparameters that are well-suited to the majority
classes while remaining comparatively insensitive to
precision and recall on rare classes such as pi-helix.
This is consistent with the pattern observed across all
four configurations in this study, where substantial
gains in accuracy (e.g., 88.1% to 90.2% for Optuna-
optimized 2D CNN) were accompanied by

comparatively modest gains in macro-F1 (0.3544 to
0.4009), and where the most Optuna-tuned
configuration (Optuna-optimized 2D CNN) did not
achieve a proportionally larger improvement on the
rarest classes (Table 7).

We note this as an important methodological
consideration for future work: because accuracy and
macro-F1 respond very differently to class imbalance,
the choice of optimization objective materially shapes
which aspects of model performance are improved by
automated hyperparameter search. Future iterations of
this pipeline could adopt a class-balanced objective
(e.g., macro-F1 or balanced accuracy) during the
Optuna search to more directly target minority-class
performance, potentially at some cost to the aggregate
accuracy figure reported here. We recommend that
readers interpret the accuracy figures in this study
primarily as a measure of majority-class performance,
and treat macro-averaged precision, recall, F1-score,
and AUC as the more informative metrics for assessing
overall model quality on this imbalanced task.

D. The Pi-Helix Problem: Interpretation and

Recommendations
Across all four configurations, the 1-helix (1) class was
essentially unrecognized, with F1-scores between
0.0008 and 0.0019 despite AUC values of 0.58-0.62 for
this class, indicating that the model retains some
discriminative signal (better than random ranking) but
fails to translate this into confident positive
classifications at the operating threshold implied by
softmax argmax decoding. This gap between AUC and

Table 9. Comparison of this study with previous Q8/CB513 methods in terms of feature representation,
model size, hyperparameter optimization, and class-imbalance handling.

Study Year Feature Rep. Model Size HP Search Imbalance
Handling

Cascaded CNN + BGRU 2016 PSSM+One-hot 18.1 MB, ensemble  Manual Not addressed

[55] (22-dim) of 10

Ensemble of diverse NN 2018 PSSM+One-hot Not reported, Manual Not addressed

architectures [56] ensemble

CRRNN (1D CNN + 2018 50-dim hybrid 7.74M params, Manual Not addressed

residual BGRU) [52] profile ensemble of 10

Hybrid CNN-BRNN, 42-D 2020 42-dim hybrid Not reported Manual Not addressed

profile features [53] profile

MLPRNN (stacked 2021 PSSM+HMM Reductive (smaller  Manual Not addressed

BGRU + MLP) [58] by design)

Cascaded Feature 2023 PSSM+PSEM+sol Not reported, multi- Manual Not addressed

Learning Model [54] vent+physchem stage transfer

Ensemble 2023 PSSM+one-hot Not reported, 6- Manual Not addressed

BTCN+BLSTM [26] (41 dim) model ensemble

CNN + BiGRU [57] 2024 PSSM+one-hot Not reported Manual Not addressed

RECNN (CNN + residual 2025 PSSM+one- Not reported Manual Not addressed

+ BGRU + attention) [31] hot+attention

This study (all 4 2026 PSSM+one-hot 18,600-765,768 Optuna/TPE, Class-weighted

configs) (44 dim) params (config- 5-fold CV loss

dependent)
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F1 for a single class is itself diagnostic: it suggests a
threshold/decision-boundary problem compounded by
extreme scarcity, rather than a complete absence of
learnable signal. Three factors plausibly compound to
produce this outcome. First, extreme scarcity: the -
helix class constitutes only 30 of approximately 84,765
CB513 residues (0.04%), meaning that even a well-
calibrated classifier faces a severe base-rate
challenge; at this prevalence, the softmax output for
class | must overcome very strong priors toward the
seven other classes to be selected as the argmax
prediction for any residue. Second, the class-weighted
loss function used in this study reweights the loss
contribution of each class but does not directly address
the decision boundary at inference time; class
weighting influences gradient magnitude during training
but does not guarantee that the resulting decision
boundary favors minority-class predictions at prediction
time. Third, T-helices are biologically rare and
structurally short (typically spanning only a few
consecutive residues), meaning that even the training
data itself may contain too few contiguous T-helix
examples for the model to learn robust sequence motifs
specific to this class, independent of the class-
weighting scheme applied.

We recommend three directions for future work to
address this specific weakness. First, focal loss (Lin et
al., 2017) directly modifies the loss landscape to down-
weight easy (typically majority-class) examples and up-
weight hard (typically minority-class) examples during
training, which may more directly influence the decision
boundary than class-weighted cross-entropy alone.
Second, hierarchical classification, first predicting a
coarser 3-state label (H/E/C) and then refining within
the H-superclass to distinguish a-helix (H), 3-10 helix
(G), and Tr-helix (I), may allow the model to first
establish the broad structural category before
attempting the much harder fine-grained distinction,
potentially improving minority-class recall within each
coarse category. Third, given the extreme rarity of 1r-
helix residues even in the full CullPDB training pool,
targeted data augmentation or transfer learning from
structurally related classes (e.g., pretraining on 3-10
helix examples before fine-tuning on Tr-helix) may
partially compensate for the intrinsic scarcity of training
examples for this class.

E. Practical Implications

The results offer concrete guidance for practitioners
choosing between 1D and 2D CNN representations for
Q8 PSSP under an Optuna-based optimization
pipeline. When model compactness and computational
efficiency are prioritized, for example, in resource-
constrained deployment settings, the Optuna-

optimized 1D CNN configuration is recommended:
Optuna identified a configuration with 56% fewer
parameters than the manually-configured 1D baseline
while maintaining statistically equivalent predictive
performance (indicating no accuracy cost for this
substantial  efficiency gain.  When predictive
performance is the primary objective and computational
budget is less constrained, the Optuna-optimized 2D
CNN configuration is recommended: it achieved the
only statistically significant and practically substantial
(large effect size) improvement over all three other
configurations, at the cost of a model 41 times larger
than the CNN 1D baseline. Practitioners without the
computational budget to run a full Optuna search
should note that manually configured 2D and 1D
baselines in this study were statistically
indistinguishable from each other, suggesting that
representation choice alone, without accompanying
systematic tuning, is unlikely to yield a meaningful
accuracy advantage; the benefit observed here arose
specifically from the combination of representation and
tuning, not either factor in isolation.

F. Limitations

A primary limitation of this study stems from severe
dataset class imbalance across CullPDB and CB513,
particularly regarding extremely rare secondary
structure classes such as the pi-helix (<0.1% of
residues). Although class-weighted loss partially
mitigated this issue for moderately rare classes,
extreme scarcity hindered the model's capacity to
accurately predict minority structures, highlighting the
need for future targeted oversampling or hierarchical
classification schemes. Furthermore, the architectural
scope was intentionally restricted to standalone CNN
topologies, omitting attention mechanisms, recurrent
layers, and protein language models, to isolate
representation choices; thus, overall performance
reflects a baseline benchmark rather than parity with
complex hybrid architectures. Methodologically, a key
constraint was directing the Optuna hyperparameter
search exclusively toward maximizing overall accuracy.
Because the search space optimized solely for
accuracy, the selected hyperparameter configurations
may be suboptimal for other critical evaluation metrics,
such as macro F1-score or minority-class recall, which
better capture performance under severe class
imbalance. Finally, computational resource limits
restricted the hyperparameter trial budget, which
introduces a potential risk of slight optimistic bias in
internal CullPDB estimates, though final evaluations on
the isolated CB513 test set remain unaffected.

VI. Conclusion

This study evaluated the effectiveness of standalone
1D and 2D CNN architectures for eight-class (Q8)
protein secondary structure prediction under Optuna-
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based hyperparameter optimization, using 10-fold
cross-validation and paired statistical testing. The
results show that Optuna's benefit is architecture-
dependent: for the 1D CNN, hyperparameter
optimization reduced the model from 41,992 to 18,600
parameters (a 56% reduction) while maintaining
statistical performance relative to the manually
configured baseline (0.3544 and 0.3569 on F1 and
0.8005 and 0.7997 on AUC for each model). For the 2D
CNN, hyperparameter optimization increased CB513
accuracy from 88.4% to 90.2%, F1 from 0.3599 to
0.4009, and AUC from 0.8032 to 0.8240. The Optuna-
optimized 2D CNN therefore achieved the best overall
performance among the four evaluated configurations,
with the observed gain attributable specifically to the
joint effect of the 2D representation and systematic
tuning rather than either factor alone. This best-
performing result, however, should be interpreted
within the conditions under which it was obtained: the
Optuna search for the 2D architecture was limited and
incomplete, with only 3 of a targeted 5 trials completing
successfully due to computational constraints; the Q8
label distribution exhibits severe class imbalance,
leaving rare classes such as pi-helix poorly predicted
despite class-weighted training; and the comparability
of this study's accuracy figures to prior literature cannot
be fully guaranteed, as evaluation protocols vary
across studies and were not independently re-verified
under identical conditions. These conditions temper the
extent to which the observed improvement should be
read as general superiority of the 2D + Optuna
configuration. Future work should prioritize four
directions. First, fully nested cross-validation should be
implemented to eliminate any residual risk of optimistic
bias arising from the current non-nested search.
Second, the Optuna search budget should be
expanded, particularly for the 2D architecture, to
determine whether additional trials yield further gains.
Third, evaluation on external, independent datasets
beyond CB513 would help assess the generalizability
of the reported results. Fourth, a systematic
computational-efficiency analysis would complement
the parameter-count-based efficiency comparison
presented in this study and provide a more complete
picture of the practical trade-offs between
configurations.
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