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Abstract

Designing optimal mRNA sequences to enhance protein synthesis in human cells is crucial for the
advancement of gene therapies and mRNA vaccines. In this context, the Protein-to-mRNA (PTR) ra-
tio serves as a useful proxy for translation efficiency. This master’s thesis systematically benchmarks
nine state-of-the-art deep learning architectures, along with simple baselines, to classify whether an
mRNA sequence results in a low or high PTR ratio across 29 human tissues. All models are trained on
11,000 mRNA sequences using a 70/15/15 train/validation/test split, with performance measured by
the area under the receiver operating characteristic curve (AUC). Building upon the best-performing
backbone, we introduce PTRnet, an enhanced version of the CNN-based RiboNN architecture. PTRnet
integrates secondary structure features, domain-specific training strategies, and unsupervised pre-
training. While several sequence-based models show reasonable generalization – e.g., RiboNN achiev-
ing a 69.1% test AUC and PTRnet 68.6% – they are limited by early overfitting during training. No-
tably, a simple codon frequency-based Multilayer Perceptron (MLP) achieves a 72.2% test AUC, sub-
stantially outperforming both a Random Forest baseline (66.8%) and the more complex pretrained
PTRnet. These results suggest that the deep models evaluated struggle to capture subtle patterns
beyond what is already encoded in codon frequencies, which appear to carry much of the signal nec-
essary to distinguish between low and high protein expression.

Source code: github.com/f-krause/master-thesis

Illustration of National Human Genome Research Institute (2025) in public domain.
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Zusammenfassung

In der Entwicklung von Gentherapien und mRNA-basierten Impfstoffen ist die gezielte Optimierung
von mRNA-Sequenzen zur Steigerung der Proteinsynthese in menschlichen Zellen von zentraler Be-
deutung. In diesem Kontext dient das Verhältnis von Protein zu mRNA (PTR-Ratio) als nützlicher Proxy
zur Abschätzung der Translationseffizienz. Die vorliegende Masterarbeit untersucht systematisch die
Leistungsfähigkeit von neun modernen Deep-Learning-Architekturen sowie einfachen Baselines bei
der Klassifikation, ob eine gegebene mRNA-Sequenz in 29 verschiedenen menschlichen Geweben zu
einer niedrigen oder hohen PTR-Ratio führt. Alle Modelle wurden auf einem Datensatz von 11.000
mRNA-Sequenzen mit einem 70/15/15-Split für Training, Validierung und Test trainiert bzw. evaluiert.
Die Modellleistung wird anhand der Fläche unter der Receiver-Operating-Characteristic-Kurve (AUC)
bewertet. Aufbauend auf dem leistungsstärksten Backbone-Modell wird PTRnet eingeführt, eine er-
weiterte Version der CNN-basierten RiboNN-Architektur. PTRnet integriert zusätzlich Informationen
über die Sekundärstruktur der mRNA, domänenspezifische Trainingsstrategien sowie Unsupervised
Pretraining. Während mehrere sequenzbasierte Modelle eine gewisse Generalisierungsfähigkeit zei-
gen – etwa RiboNN mit einer Test-AUC von 69,1% und PTRnet mit 68,6% – ist ihre Qualität durch frühes
Overfitting im Trainingsprozess limitiert. Ein einfaches Multilayer-Perceptron (MLP), das lediglich auf
Codonhäufigkeiten basiert, erreicht allerdings eine deutlich höhere Test-AUC von 72,2% und übertrifft
damit sowohl die Random-Forest-Baseline (66,8%) als auch das komplexere, pretrained PTRnet. Diese
Ergebnisse deuten darauf hin, dass die untersuchten Deep-Learning-Modelle Schwierigkeiten haben,
subtilere Muster zu erfassen, die über die in den Codonfrequenzen enthaltenen Informationen hin-
ausgehen. Letztere enthalten offenbar bereits den Großteil der Information, die zur Unterscheidung
zwischen niedriger und hoher Proteinexpression erforderlich ist.

Quellcode: github.com/f-krause/master-thesis
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1 Introduction

1.1 Setting the Scene

Recent advancements in biotechnology and molecular biology have significantly accelerated research
and clinical applications in gene therapy and vaccine development, as seen in the fast COVID-19 vac-
cine development (Hernandez-Alias et al., 2023; Kim et al., 2024; Shen et al., 2024; Xue et al., 2023).
At the forefront of these innovations is messenger RNA (mRNA), which plays a pivotal role as an inter-
mediary between genetic information encoded in DNA and protein synthesis.

Being able to predict the amount of protein produced from a given mRNA sequence is crucial to
better understand the underlying mechanisms of gene expression, the process by which genetic infor-
mation in DNA is converted into functional proteins. This knowledge can help optimize mRNA vaccine
design, enhance gene therapy efficacy, and reduce side-effects of such treatments (Eraslan et al., 2019;
Gould et al., 2014; Hwang et al., 2024; Kim et al., 2024; Shen et al., 2024). Current studies indicate con-
siderable opportunities for effective therapies for rare diseases (Shen et al., 2024) and cancer therapy
(Kong et al., 2023) based on mRNA technology.

The rate at which proteins are synthesized from mRNA sequences in human cells can be estimated
by the Protein-to-mRNA (PTR) ratio. This ratio serves as a proxy measure for translational efficiency
and is critical for understanding how genes regulate protein production independently of mRNA lev-
els in the cell (Franks et al., 2017; Hernandez-Alias et al., 2023). Although previous research exten-
sively studied gene expression and protein synthesis factors (Eraslan et al., 2019; Franks et al., 2017;
Guimaraes et al., 2014; Hernandez-Alias et al., 2023; Vogel et al., 2010), prediction methods for PTR
ratios using Deep Learning (DL) remain underexplored.

Employing DL techniques to predict PTR ratios, however, presents promising opportunities. DL
models excel in capturing complex, non-linear relationships and nuanced interactions within bio-
logical sequences and large datasets (Hwang et al., 2024; Zrimec et al., 2021). The advent of high-
throughput RNA sequencing has generated vast RNA biology datasets (Fagerberg et al., 2014; Frankish
et al., 2023), which have been successfully utilized by DL models across various biological applications
(Hwang et al., 2024). These precedents demonstrate that sequence-based neural networks can extract
transferable features from nucleotide data and therefore hold strong potential for advancing PTR ratio
prediction as well.

Drawing parallels to Natural Language Processing (NLP), the nucleotides of an mRNA sequence
can be compared to words in sentences. Just as linguistic context influences the meaning of words, bi-
ological context and structural information impact gene expression (Gould et al., 2014). Consequently,
established NLP techniques and models could be applied to this setting. DL sequence models such
as Long Short-Term Memory (LSTM) (Hochreiter & Schmidhuber, 1997), Transformer (He et al., 2023;
Vaswani et al., 2017), and the novel State Space Model (SSM), Mamba (Gu & Dao, 2023), could be well
suited to model the complex biological dependencies required for effective PTR ratio prediction.

Despite the availability of large-scale, high-quality transcriptomic and proteomic datasets, as used,
for example, in Eraslan et al. (2019), until May 2025 no peer-reviewed and published deep learning-
based study on PTR ratio prediction using raw mRNA sequence data has been found. Identified previ-
ous work has primarily relied on shallow models and custom engineered features (Eraslan et al., 2019;
Hernandez-Alias et al., 2023; Vogel et al., 2010). This thesis aims to close this gap by applying deep
learning directly to raw sequences in the context of PTR ratio classification.

1.2 Research Questions

To systematically investigate the potential of DL for PTR ratio classification, the following research
questions will be addressed:

1. How accurately can mRNA sequences be classified into low- and high-PTR ratio outcome across
different human tissues using state-of-the-art deep learning models?

1



University of Vienna, 2025

2. Which additional features, particularly secondary structure predictions, enhance the predictive
accuracy of PTR ratio classification?

3. Can the most promising DL architecture be further improved through extensive hyperparame-
ter tuning, architectural enhancements, and advanced training strategies such as unsupervised
pretraining?

1.3 Challenges

The application of DL to biological sequence data, particularly for predicting PTR ratios, presents sev-
eral challenges:

• Variable Sequence Lengths: mRNA sequences vary significantly in length, from a few hundred
to thousands of bases, complicating model training and inference.

• Computational Complexity: Processing long biological sequences using advanced DL archi-
tectures requires substantial computational resources, regarding storage, memory, and com-
pute.

• High Feature Dimensionality: The high dimensionality of the input data, particularly when
incorporating secondary structure features, poses challenges for model training, and general-
ization.

• Generalizability: The risk of overfitting due to the complexity of DL models and the limited
dataset size necessitates careful regularization and validation strategies. Models trained on a
specific dataset may not generalize well to unseen real-world data.

• Large Search Space: The multitude of possible data encodings, pre-processing steps, architec-
tures, model configurations, and hyperparameters results in a high-dimensional search space
that needs to be navigated.

1.4 Novelties & Contributions

This thesis aims to contribute to the field of bioinformatics and deep learning in several novel ways:

• Integrated Tissue Modeling: Unlike previous works that trained separate models for each tis-
sue (Eraslan et al., 2019; Hernandez-Alias et al., 2023), we develop unified models capable of
predicting PTR ratios across multiple tissues simultaneously.

• Application of State-of-the-Art DL Models: Early application and comprehensive benchmark-
ing of DL models in the domain of PTR ratio prediction on raw sequences, including the novel
Mamba (Gu & Dao, 2023), xLSTM (Beck et al., 2024), and mRNA tailored RiboNN architecture
(Zheng et al., 2025).

• Incorporation of mRNA Structural Information: By integrating secondary structure and loop
type predictions, this thesis evaluates the impact of structural information on translational ef-
ficiency predictions.

• Targeted Model Optimization: Focused optimization of the most promising DL architecture
– including hyperparameter search and unsupervised pretraining – to quantify how far deep
sequence models can be pushed for PTR ratio classification under realistic computational bud-
gets.

2
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1.5 Outline

This thesis follows a structured, two-step approach: starting with simple baseline models to establish
performance benchmarks and then progressively increasing complexity by utilizing more advanced
training procedures, enhancing the model architecture, and incorporating additional sequence infor-
mation, such as secondary structure features. This incremental approach not only facilitates a robust
comparison of model performance but also ensures computational feasibility despite the challenges
posed by variable sequence lengths and high dimensionality.

Results indicate that while DL models can accurately classify PTR ratios across tissues using simple
codon frequency-based features, more complex architectures suffer from overfitting, likely prevent-
ing them from capturing additional relevant information from raw sequences. Initial benchmarking
of several widely used DL architectures demonstrated the feasibility of applying DL directly to raw se-
quences, ultimately leading to the identification of a lightweight CNN-based model with promising
performance. However, further optimization, additional features, and pretraining of this architecture
resulted in only minor, statistically non-significant improvements, suggesting that codon frequencies
already encapsulate much of the relevant information required for PTR ratio classification and more
complex models fail to capture more fine-grained distinctions. This observation is consistent with
previous studies emphasizing the role of codon usage in translational efficiency (Guimaraes et al.,
2014; Hernandez-Alias et al., 2023; Vogel et al., 2010). Notably, a frequency-based Multilayer Percep-
tron (MLP) substantially outperforms both sophisticated sequence-based models and shallow custom
feature-based approaches from prior work, underscoring the potential of deep learning when codon
frequencies are used as input features.

The remainder of this thesis is structured as follows: Chapter 2 provides an overview of related
work in DL applications for gene expression prediction and mechanisms behind PTR ratio outcomes.
Chapter 3 introduces foundational biological concepts and DL methodologies relevant to PTR ratio
classification. Chapter 4 details the experimental setup, data processing, model architectures, and
training procedures that underpin the empirical analysis. Chapter 5 presents benchmarking and ab-
lation studies that progressively incorporate architectural refinements, structural features, and opti-
mization strategies. Chapter 6 interprets the findings in light of biological constraints and method-
ological limitations, highlighting promising avenues for future research. Finally, Chapter 7 summa-
rizes the key contributions and concludes the thesis.

3
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2 Related Work

This chapter reviews the state of research relevant to predicting protein abundance from mRNA se-
quence data, with a particular focus on the PTR ratio. It first summarizes key studies that have investi-
gated the determinants of protein levels and PTR ratio variation, highlighting both classical statistical
approaches and more recent machine learning methods. Then the application of deep learning ar-
chitectures to genomic sequence analysis is discussed, outlining advances in model design and their
potential for improving predictive performance in this domain.

2.1 PTR Ratio Prediction

The amount of protein synthesized in a cell is largely determined by mRNA levels, as detailed in Sec-
tion 3.1.5. However, additional variation in protein levels is captured by the protein-to-mRNA (PTR)
ratio and understanding its determinants remains an active area of research.

Vogel et al. (2010) were among the first to investigate the relationship between mRNA and protein
levels. Using multivariate adaptive regression splines (MARS), a shallow nonlinear regression method,
they analyzed absolute protein and mRNA levels for over 1,000 genes from the human Daoy medul-
loblastoma cell line. Their model explained approximately two-thirds of the variance in protein abun-
dance, attributing 31% to translation elongation factors and 27% to mRNA concentration. Additional
contributing features included translation and degradation-related elements such as mRNA sequence
length, amino acid properties, upstream open reading frames (uORFs), and 5’ UTR secondary struc-
tures.

Similarly, Guimaraes et al. (2014) studied around 800 genes in Escherichia coli using partial least
squares (PLS) regression with over 100 engineered mRNA sequence features. Their model also ex-
plained two-thirds of the protein abundance variation, with 53% attributed to mRNA levels and 12%
to translation elongation factors, such as codon usage bias and specific amino acid compositions.

Franks et al. (2017) analyzed across-tissue PTR ratio variation using datasets of twelve human
tissues. They found that this variation is substantially smaller than across-gene protein level differ-
ences and is primarily driven by post-transcriptional regulation or measurement noise, rather than
by sequence-intrinsic properties. This underscores the challenge of predicting tissue-specific protein
output from sequence data alone.

Lahtvee et al. (2017) applied MARS with mRNA sequence-based features of yeast and also found
mRNA abundance (61%) and translation elongation features (15%) to be significant predictors of pro-
tein levels.

Expanding on these findings, Li et al. (2019) demonstrated that mRNA sequence features exert a
stronger influence on translation rates than previously assumed. Analyzing several bacterial species
and the human genome, they showed that these features could explain between 42% and 81% of the
variance in translation rates.

Unlike earlier studies that primarily focused on predicting protein levels using mRNA sequence
features, including mRNA levels, Eraslan et al. (2019) directly modeled the PTR ratio to better isolate
the influence of purely sequence-based factors. They trained multivariate linear regression models on
over 180 engineered features derived from 11,575 mRNA sequences across 29 human tissues. These
features included codon usage frequency, secondary structure, GC content, and others. On average,
their models explained 58% of the tissue-specific variance in PTR ratios. The authors concluded that
mRNA sequence features alone account for a substantial portion of the variability in protein abun-
dance across tissues, emphasizing that the genetic code influences both the synthesis and stability of
proteins and mRNAs. However, their results did not support the existence of tissue-specific optimal
codons, which are triplets of mRNA bases (see Section 3.1.5 for background information).

More recently, Hernandez-Alias et al. (2023) explored codon usage effects on protein synthesis
across 36 human tissues. They trained tissue-specific random forest classifiers to distinguish between
low- and high-PTR genes using codon frequency features, achieving an average Area Under the Curve
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(AUC; explained in Section 3.3.4) of 63%. Their results indicate that codon preferences differ across tis-
sues and can be exploited for tissue-specific gene design. They also observed that GC-ending codons
are more prevalent in the human genome and are associated with higher mRNA and protein expres-
sion levels across genes, while across tissues some favor AT-ending codons. The present work builds
upon the ideas and methodologies introduced in this study.

In their preprint1, Zheng et al. (2025) developed a deep learning model based on Convolutional
Neural Networks (CNNs; see Section 3.4.2), termed RiboNN, to predict translation efficiency – approx-
imated by normalized ribosome density – from full mRNA sequences. The model was trained on a
compendium of 2,277 ribosome profiling samples, achieving an R2 of approximately 62% in predict-
ing mean translation efficiency across 78 human and 68 mouse cell types. The authors benchmarked
RiboNN against a classical machine learning approach by training a light gradient-boosting machine
(LGBM) on hand-crafted features, similar to those used in prior studies and observed nearly identical
performance for the human dataset. These features included regional and total sequence lengths,
codon frequencies, nucleotide frequencies in untranslated regions (UTRs), amino acid frequencies,
and secondary structure characteristics. Notably, secondary structure features did not significantly
contribute to translation efficiency prediction.

2.2 Deep Learning Architectures for Genomic Sequences

To date, most approaches for predicting protein levels from mRNA have relied on shallow models
trained on yeast, Escherichia coli, and human data, using engineered features rather than raw se-
quence data. DL methods specifically targeting human PTR ratio prediction are not yet established.
Nevertheless, DL architectures are increasingly applied to biological sequence tasks and show strong
potential for this domain (Hwang et al., 2024; Zrimec et al., 2021), although there are still issues re-
garding generalization of DL models for mRNA translation prediction to unseen datasets (Schlusser
et al., 2024).

While Convolutional Neural Networks (CNNs; see Section 3.4.2) initially dominated DL-based ap-
proaches in genomics (Hwang et al., 2024; Zrimec et al., 2021), more advanced architectures have
recently emerged that might be better equipped to capture the complex dependencies inherent in
genomic sequences. Several of these models could also be promising for PTR ratio prediction.

DNABERT. DNABERT (Ji et al., 2021) is a BERT-based (Devlin et al., 2019) Transformer architecture
pretrained on DNA sequences, accepting sequences of length up to 512 bases. Pretraining significantly
boosts performance across various tasks, including promoter detection, splice site prediction, and
identification of transcription factor binding sites. DNABERT-2, an improved version, promises better
sequence encoding and training efficiency (Zhou et al., 2024).

RNAdegformer. RNAdegformer (He et al., 2023) combines Transformers (see Section 3.4.4) with
convolutional layers to predict degradation rates of COVID-19 vaccine mRNA sequences. Developed
for a 2020 Kaggle competition (Das et al., 2020), it was trained on sequences of up to 130 nucleotides
enriched with secondary structure information. The model uses unsupervised pretraining, followed
by full fine-tuning, and semi-supervised fine-tuning with pseudo-labels. It achieved high accuracy,
placing 7th out of over 1,500 teams (Das et al., 2020; He et al., 2023; Wayment-Steele et al., 2022).

LegNet. LegNet (Penzar et al., 2023, see Section 3.4.2), inspired by EfficientNetV2 (Tan & Le, 2021), is
a deep CNN trained on 6.7 million promoter sequences of length 80. It achieved the best performance
in the 2022 DREAM challenge on expression prediction in yeast. The top-performing teams employed
CNNs, Transformer variants, or hybrid architectures. Challenge results analysis showed that advanced

1Paper was not peer-reviewed at the time of consideration, 01.05.2025
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training strategies and model optimization are similarly important as the architecture itself (Rafi et al.,
2024).

HyenaDNA. HyenaDNA (Nguyen et al., 2023) is a long-range sequence model that addresses scaling
limitations of Transformers through implicit convolutions. Pretrained on the human genome, it han-
dles sequences up to one million nucleotides and performs well on various downstream genomics
benchmarks, including species classification and biotype embeddings.

Mamba. Mamba (Gu & Dao, 2023, see Section 3.4.5) is a state space model (SSM) designed for ef-
ficient processing of long sequences, offering linear scaling, fewer parameters, and strong perfor-
mance. It outperforms HyenaDNA on several long-sequence benchmarks. Caduceus (Schiff et al.,
2024), a recent extension, enhances Mamba with bidirectionality and other refinements, achieving
even better results after pretraining on the human genome and task-specific fine-tuning.

Bio-xLSTM. The xLSTM architecture (Beck et al., 2024, see Section 3.4.3) improves upon standard
LSTMs (Hochreiter & Schmidhuber, 1997, see Section 3.4.3) by addressing issues such as scalability,
parallelizability, and long-sequence performance. Its DNA-specific implementation, DNA-xLSTM, per-
formed on par with or surpassed Transformers and the Mamba-based Caduceus on several genomic
benchmark tasks (Schmidinger et al., 2024).
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Figure 1: The central dogma of molecular biology. Illustration of National Human Genome Research
Institute (2025) in public domain.2

3 Background

Understanding the relationship between genetic information and protein synthesis is fundamental
to molecular biology and underpins many advances in computational biology. This chapter tries to
provide a sufficient foundation to understand the key concepts in genomics, including gene expres-
sion and the regulatory mechanisms that influence protein abundance. For detailed information on
molecular biology, the reader can refer to the works of Alberts et al. (2022). After a genomics overview,
the chapter outlines foundational principles of Machine learning (ML) and Deep Learning (DL), with a
focus on architectures and techniques relevant to biological sequence processing. Finally, the chapter
discusses methods for encoding biological sequences and structures, which are essential for applying
modern computational models to genomics data. Together, these sections establish the theoretical
context for the research presented in subsequent chapters.

3.1 Genomics

All living organisms on earth are composed of cells, which store their hereditary information in the
form of large, complex molecules known as DNA. This genetic code is organized into genes – specific
segments of DNA that encode proteins essential for the cell’s structure, function, and regulation. Gene
expression (see Figure 1) occurs through two fundamental processes: transcription and translation
(Alberts et al., 2022, pp. 1-5; Jia et al., 2024).

3.1.1 Transcription

The first step of gene expression, transcription, takes place in the cell nucleus of eukaryotic cells,
where DNA is located. During transcription, a specific DNA segment is transcribed into mRNA by the

2License: https://www.genome.gov/about-nhgri/Policies-Guidance/Copyright; downloaded from: https:
//www.genome.gov/genetics-glossary/Translation
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enzyme RNA polymerase. This mRNA serves as a template for protein synthesis and is composed of
four nucleotides: adenine (A), uracil (U), cytosine (C), and guanine (G), each complementary to a cor-
responding DNA nucleotide. Note that mRNA uses uracil (U) instead of thymine (T), used in DNA.

After transcription, the mRNA undergoes several modifications before it leaves the nucleus to the
cytoplasm. These modifications include the addition of a 5’ cap, a poly-A tail, and the removal of non-
coding sequences (introns) through a process called splicing. The remaining coding regions (exons)
are then joined to form a continuous sequence.

The mature mRNA molecule comprises three main components: the 5’ Untranslated Region (5’
UTR), the Coding DNA sequence (CDS), and the 3’ Untranslated Region (3’ UTR) (Alberts et al., 2022,
pp. 323-358).

3.1.2 Translation

The second step of gene expression, translation, occurs in the cytoplasm, where ribosomes read the
mRNA sequence to synthesize the corresponding protein. Translation consists of three phases: initia-
tion, elongation, and termination. During initiation, guided by initiation factors, the small ribosomal
subunit binds to the mRNA and scans for the start codon ("AUG"; see Figure 2). Once the start codon
is located, the large ribosomal subunit binds to the mRNA and elongation begins.

As the ribosomes move along the mRNA in the 5’ to 3’ direction, transfer RNA (tRNA) molecules
deliver the appropriate amino acids, which are linked together to form a polypeptide chain. When a
stop codon is encountered, release factors bind to the ribosome, terminating translation and releasing
the completed polypeptide (Jia et al., 2024; Alberts et al., 2022, pp. 358-389).

3.1.3 Codons

The CDS of an mRNA encodes the amino acid sequence of the protein and is read in triplets of nu-
cleotides, known as codons. Each codon corresponds to a specific amino acid or a stop signal during
the translation process (see Figure 2). There are 64 codons in total, including the start codon, three
termination codons, and codons encoding 20 distinct amino acids. Multiple codons can encode the
same amino acid, known as redundancy or degeneracy of the genetic code. This adds flexibility to
the coding sequence, as codon changes in the DNA sequence may not alter the resulting protein (Al-
berts et al., 2022, pp. 358-360) but can influence gene expression, which is known as codon usage bias
(Hanson & Coller, 2018).

3.1.4 RNA Structure

RNA nucleotides can interact through base stacking, which contributes to mRNA folding, or by forming
stable hydrogen bonds between complementary bases. These interactions are not limited to adjacent
nucleotides in the sequence, allowing distant regions to pair and giving rise to secondary structures.

These interactions result in a variety of base-pairing geometries and characteristic secondary struc-
ture types (see Figure 3). Common examples include stems, formed by base-paired regions of double-
stranded RNA, and loops, which consist of unpaired nucleotides. Other typical secondary structures
include hairpin loops, bulges, internal loops, and multiloops. Beyond these two-dimensional configu-
rations, RNA can fold into complex three-dimensional conformations, referred to as tertiary structures
(Leontis & Westhof, 2001, pp. 1 f., Danaee et al., 2018).

3Accessed from https://commons.wikimedia.org/wiki/File:Aminoacids_table.svg
4License: https://creativecommons.org/licenses/by/4.0/; downloaded from: https://academic.oup.com/view-large/

figure/466870504/NAR_46_11_5381_f2.jpeg
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Figure 2: Correspondence between codons and amino acids, read from 5’ UTR (center) to 3’UTR. Image
in public domain.3

3.1.5 Regulatory Mechanisms of Gene Expression

The level of protein produced in a cell, referred to as protein abundance, is strongly correlated with
mRNA abundance, the amount of mRNA present at a given time. Prior studies estimate that around
66-85% of protein expression can be explained by mRNA levels, which are governed by transcriptional
regulation and mRNA degradation rates (Zrimec et al., 2021, pp. 18-20). In other words, the amount of
mRNA transcribed from a gene is a key determinant of how much protein is ultimately synthesized. To
focus solely on mRNA sequence related factors, translational efficiency quantifies how many protein
molecules are produced per mRNA molecule and can be approximated by the PTR ratio.

Substantial research has focused on identifying factors that influence mRNA translation (see Sec-
tion 2). However, the completeness of the catalog of such features as well as their quantitative contri-
bution to the PTR ratio remains a subject of debate (Zrimec et al., 2021, pp. 18-20). Some of the most
relevant and widely discussed factors include:

Codon Usage Bias. Due to the redundancy of the genetic code, multiple codons can encode the
same amino acid. The preferential use of certain synonymous codons over others, known as codon
usage bias, seems to vary across tissues and can impact both protein folding and translational ef-
ficiency. Translation depends on the availability of codon matching tRNAs in the cell. Rarely used
codons tend to correspond to less abundant tRNAs, while frequently used codons match more abun-
dant tRNAs (Gould et al., 2014; Hernandez-Alias et al., 2023). However, the extent to which codon
usage bias affects protein synthesis in human cells remains debated (Hanson & Coller, 2018, pp. 21 f.,
Eraslan et al., 2019, pp. 1 f., Guimaraes et al., 2014).

Additionally, the context of neighboring codons, especially those neighboring the start and stop
codons, can influence translational elongation dynamics (Gould et al., 2014, p. 2; Eraslan et al., 2019,
pp. 1 f.).

GC Content. Sequences with a high proportion of codons ending in guanine (G) or cytosine (C) tend
to exhibit elevated mRNA and protein abundance. Notably, codon preferences seem to vary between
human tissues. In some tissues, genes rich in adenine- or thymine-ending codons may exhibit higher
expression levels on average (Hernandez-Alias et al., 2023; Kudla et al., 2006).
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Figure 3: Secondary structure types identified by the bpRNA algorithm (Danaee et al., 2018). A)
Schematic overview of RNA structure types. B) Hairpin. C) Internal loop. D) Bulge. E) Multiloop. Il-
lustration published under CC BY 4.0 license.4
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mRNA Secondary Structure. The secondary structure of mRNA can affect ribosomal transit speed
and influence the stability and lifespan of the transcript. Both of these factors contribute to the overall
translational efficiency of the mRNA molecule. In particular the secondary structure in the 5’ UTR
could be relevant (Gould et al., 2014, pp. 2 f., Eraslan et al., 2019; Zrimec et al., 2021; Li et al., 2019;
Vogel et al., 2010).

Kozak Sequence. The Kozak sequence is a specific nucleotide sequence that plays a crucial role in
the initiation of translation. It is typically located in the 5’ UTR, just upstream of the start codon (AUG).
The presence of a Kozak sequence can enhance the efficiency of translation initiation by facilitating
ribosome binding and positioning over the start codon (Zrimec et al., 2021, pp. 14 f., Eraslan et al.,
2019).

Additional Factors. Regulatory molecules such as microRNAs (miRNAs) and RNA-binding proteins
(RBPs) can interact with mRNA to modulate translation (Eraslan et al., 2019, p. 2). Specific sequence
motifs, which are characteristic subsequences of mRNA, can influence protein output through sin-
gle strand or structure-recognition mechanisms (Zrimec et al., 2021, pp. 1 f.). Furthermore, post-
transcriptional regulation such as protein degradation also impacts the PTR ratio by altering the in-
tracellular concentration of proteins (Eraslan et al., 2019, pp. 1 f., Franks et al., 2017). Also the length
of the mRNA sequence, in particular the coding region, upstream open reading frames (uORFs), and
ORF length can impact translational efficiency (Zrimec et al., 2021).

3.2 Foundations of Machine Learning

3.2.1 Supervised Learning

In many real-world scenarios, we aim to predict a target variable y, which is often difficult to obtain,
based on a set of readily available features x = (x1, x2, ..., xd). For example, while it is relatively
easy to observe an mRNA sequence (features), defining and determining the corresponding protein
outcome (target) is considerably more complex (Eraslan et al., 2019; D. Wang et al., 2019). This setting
is commonly referred to as supervised learning, where each sample consists of a set of features and a
corresponding target variable (James et al., 2023, pp. 17-19).

In such cases, we assume that the data generating process follows the form:

y = f(x) + ϵ (1)

where the target variable y is determined by an unknown but fixed function f of the features x, along
with a random additive error term ϵ. This error is assumed to be independent of the features and to
have zero mean. To estimate the target variable ŷ based on observed data x, we estimate a function
f̂ , referred to as the model:

ŷ = f̂(x) (2)

The accuracy of our prediction ŷ depends on two factors: The reducible error introduced by approx-
imating the true function f(x) with the estimate ŷ. And the irreducible error introduced by ϵ, which
can arise from unmeasurable variability (James et al., 2023, pp. 15-17).

This relationship can be expressed mathematically as:

E[(y − ŷ)2] = E
[
(f(x) + ϵ− f̂(x)

)2
]

=
(
f(x)− f̂(x)

)2︸ ︷︷ ︸
Reducible

+ Var(ϵ)︸ ︷︷ ︸
Irreducible

(3)
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The goal in Machine learning (ML) is to find a model f̂(x,θ), with parameters θ that closely approx-
imates the true but unknown data generating function f , ensuring that y ≈ f̂(x,θ) for any given
sample (x, y) (James et al., 2023, p. 30).

3.2.2 Classification

If the target variable y is not numerical but instead belongs to a set of categories k, the problem
is referred to as a classification task. In this case, the learning algorithm must construct a function
f̂ : Rd → {1, ..., k} that either directly assigns a numeric label to each category or predicts a proba-
bility distribution over the possible classes (Goodfellow et al., 2016, p. 100). When there are only two
possible categories, the problem is specifically known as binary classification.

3.2.3 Model Generalization & Evaluation

To assess the capabilities of a trained model to accurately predict targets for unseen observations,
it is essential to evaluate its performance on a held-out test set. This test set should be drawn from
the same data generating process as the training data, ensuring that samples are independently and
identically distributed (i.i.d.). With such a setup the expected error on the test set provides an upper-
bound of the expected error on the train set and hence a generalization error estimate (Goodfellow
et al., 2016, 110 f.).

Similarly, when setting hyperparameters – parameters to configure a models learning process –
an additional validation set of previously unseen samples should be used. This prevents bias in esti-
mating the generalization loss and avoids overfitting to the training set. After tuning hyperparameters
on the validation set, the final generalization error is estimated using the test set (Goodfellow et al.,
2016, p. 121).

3.2.4 Over- and Underfitting

Continuous evaluation on a dedicated validation set allows for monitoring of the model’s generaliza-
tion error during the training process. In particular, tracking both training and validation error helps
identify underfitting and overfitting:

A model that exhibits a high training error and fails to learn meaningful patterns from the data is
underfitting (Goodfellow et al., 2016, 110 f.). This is illustrated by the yellow linear model in Figure 4,
which is too simplistic to adequately capture the true data distribution.

Conversely, a model that is excessively tailored to the training set, capturing random noise rather
than meaningful patterns, will have a very low training error but a high validation error. This phe-
nomenon, known as overfitting, leads to poor generalization performance (James et al., 2023, 30 f.).
The dark orange, dotted model in Figure 4 exemplifies this issue.

In the simplified setting of Figure 4, the balanced model with a polynomial degree of 4 achieves the
best trade-off between model complexity and generalization. It effectively captures the underlying
data distribution without being overly sensitive to irreducible noise caused by omitted variables and
inherent randomness (James et al., 2023, pp. 17-19).

This balance is commonly referred to as the bias-variance trade-off, which involves managing the
trade-off between two sources of error: High variance, where an overly complex model is too sen-
sitive to small fluctuations in the training data, leading to poor generalization. High bias, where an
overly simplistic model fails to capture the underlying patterns in the data, leading to systematic er-
rors. An optimal model finds a middle ground, minimizing both bias and variance to achieve strong
generalization performance (James et al., 2023, pp. 31-33).
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Figure 4: Under- and overfitting depending on model complexity. Inspired by James et al. (2023, p. 29).

3.2.5 Random Forest Classifier

The Random Forest is a well-established and widely utilized machine learning algorithm (Breiman,
2001). As an ensemble method built upon decision trees, it supports both regression and classifica-
tion tasks. A decision tree is constructed by recursively partitioning the training data based on feature
values, using an objective function – such as minimizing node impurity – to identify splits that best
separate the classes, in classification scenarios. A Random Forest Classifier (RFC) generates multiple
such trees, each trained on a random subset of the data and using a randomly selected subset of fea-
tures at each split. Final predictions are obtained by aggregating the individual tree outputs: each
tree provides a class prediction based on the majority class in its terminal node and the overall pre-
diction is determined by majority voting across all trees. This ensemble strategy effectively mitigates
the overfitting tendency of individual decision trees, reducing variance compared to a single tree and
enhancing predictive performance (James et al., 2023, pp. 343-347).

3.3 Deep Learning

When estimating the data generating function f , as described in Section 3.2.1, plenty of supervised
learning classification algorithms are available. These range from simple methods such as logistic
regression, decision trees, random forests, and the Support Vector Machine (SVM) to more advanced
approaches like Artificial Neural Networks (ANNs). The latter form the core of DL.

An ANN typically consists of multiple interconnected layers, each performing a specific transfor-
mation on the input data. The layers situated between the input and output layers of such a function
f̂ are referred to as hidden layers (Hwang et al., 2024; James et al., 2023). These layers apply a series
of linear transformations followed by non-linear activation functions to learn complex representa-
tions of the data. In simplified terms, the universal approximation theorem states that an ANN with
enough hidden units and a non-linear activation function can approximate any continuous function
(Goodfellow et al., 2016, pp. 198 f., Hornik et al., 1989). While this holds theoretically, basic neural net-
works may require an impractically large number of parameters to solve complex problems or may
fail altogether. More sophisticated architectures (see Section 3.4) help mitigate these challenges and
have proven effective in various domains, including mRNA applications (see Section 2), provided the
training dataset is sufficiently large (Hwang et al., 2024; James et al., 2023).
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Training a deep learning model typically follows a standard procedure: preparing a clean dataset,
defining the model, specifying a differentiable loss function and selecting an optimization strategy
(Goodfellow et al., 2016, 153 f.).

3.3.1 Cross Entropy Loss Function

To train classification models, the Cross-Entropy (CE) loss is a commonly used objective function. For
a single data point x with ground-truth label y and a classifier f̂ that outputs predicted class proba-
bilities ŷ = f̂(x;θ), the loss is defined as

LCE(y, ŷ) = −
k∑

j=1

y(j) log ŷ(j), where ŷ = f̂(x;θ) (4)

Given k classes, y = (y(1), . . . , y(k)) is the one-hot encoded ground-truth vector, where y(j) = 1
if class j is the true class and 0 otherwise. The vector ŷ = (ŷ(1), . . . , ŷ(k)) denotes the predicted
class probabilities. The loss decreases as the predicted probability of the true class approaches 1,
indicating increasing model confidence in its correct prediction (Goodfellow et al., 2016, pp. 153–155;
Leskovec et al., 2019, pp. 537 f.).

3.3.2 Optimization

To minimize the loss, an optimization strategy is required to adjust the model parameters θ. In DL,
large datasets are often necessary to achieve strong generalization capabilities. However, directly
optimizing the loss function over an entire dataset is typically computationally infeasible. Instead,
the negative gradient – indicating the direction in which θ should be updated to reduce the loss the
most – can be estimated using a small set of m randomly drawn samples (Goodfellow et al., 2016,
pp. 151-153). The parameter m is commonly referred to as the batch size. The gradient estimate for a
batch of samples {x1,x2, . . . ,xm} is given by:

g =
1

m

m∑
i=1

∇θLCE
(
yi, f̂(xi;θ)

)
(5)

To efficiently compute the gradients, the backpropagation algorithm is used (Rumelhart et al., 1986).
Neural networks are nested functions of the form:

f(x;θ) = f (L)
(
f (L−1)(. . . f (1)(x;θ(1)) . . . ;θ(L−1));θ(L)

)
(6)

where L denotes the number of layers and θ(l) the parameters of layer l. By repeatedly applying the
chain rule of calculus, backpropagation efficiently computes the gradient of the loss with respect to
every parameter in the network. This is achieved by propagating the error backward through the
network, layer by layer, starting from the output layer and moving towards the input layer. Thereby
improving the model’s predictions based on the training set or a random batch thereof (James et al.,
2023, 428 f.). Once the gradient is computed, the parametersθ are updated in the direction of steepest
descent of the loss, scaled by the learning rate η:

θ′ ← θ − ηg (7)

This iterative update method, estimating the gradient based on a small subset of the training set, is
commonly known as mini-batch gradient descent (Goodfellow et al., 2016, pp. 151-153). Once every
sample in the training set has been used in a gradient update step, an epoch is completed. Train-
ing typically continues for multiple epochs until the model converges to a local minimum of the loss
function or overfitting appears.
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Since neural networks involve non-convex optimization, the loss landscape typically contains nu-
merous local minima rather than a single global minimum (Goodfellow et al., 2016, pp. 283-285). If the
learning rate η is too large, convergence may be prevented because of oscillations in the parameters,
while a too small value may slow down convergence or lead to suboptimal solutions (Leskovec et al.,
2019, 545 f.). Hence, the learning rate is another hyperparameter to be carefully specified.

To prevent the optimization from becoming trapped in poor local minima and to accelerate con-
vergence, advanced optimization techniques are often employed. For example, Kingma and Ba (2015)
introduced one of the most widely used optimizers, called Adam, which incorporates momentum-
based parameter updates to enhance parameter adjustment. Additionally, adaptive learning rates
with scheduled warm restarts (Loshchilov & Hutter, 2017) and regularization via weight decay to pro-
mote model generalization (Loshchilov & Hutter, 2019) are commonly applied.

3.3.3 Pretraining with Denoising Autoencoders

In certain DL settings, it can be beneficial to pretrain a model on a larger unlabeled dataset before
fine-tuning it on a smaller labeled one. This strategy is part of unsupervised learning, as only the ob-
servationsxare provided, without associated targetsy. Unsupervised pretraining can enhance model
performance by enabling the learning of meaningful representations from unlabeled data, which can
then be transferred to a supervised task through fine-tuning on labeled data (Goodfellow et al., 2016,
pp. 526-528). In particular, this technique has been shown to improve model initialization and reduce
the likelihood of convergence to suboptimal local minima (Vincent et al., 2008).

To pretrain DL models for mRNA data, autoencoders can be employed. An autoencoder consists of
an encoder that compresses the input sequence into a lower-dimensional latent representation and a
decoder that reconstructs the original input from this representation. A denoising autoencoder builds
upon this concept by corrupting the input, typically by removing parts of the input vector, to encour-
age the learning of more robust latent representations. The model is then trained to reconstruct the
original, uncorrupted input from the corrupted version (Vincent et al., 2008). This approach has been
successfully applied to biological sequences, such as single guide RNA (sgRNA), to learn latent rep-
resentations that capture structural and functional relationships within RNA sequences (Chuai et al.,
2018).

To introduce noise into mRNA sequences, the method proposed by N. Wang et al. (2024) can be
adopted. They employ a sophisticated masking strategy that randomly selects from three masking al-
gorithms: masking random individual bases, masking random contiguous subsequences, or masking
predefined motifs – subsequences known to be relevant for gene expression. This strategy enables
the model to learn biologically meaningful representations from mRNA sequences, particularly by
emphasizing the importance of motifs.

3.3.4 Evaluation: Area Under the Curve

In a binary classification setting, a model typically predicts the probability that a given sample be-
longs to the positive class. Given a threshold τ , the model classifies a sample as positive if the pre-
dicted probability exceeds τ . The resulting predictions fall into one of four categories: true positives
(TP), true negatives (TN), false positives (FP), or false negatives (FN). Based on these counts, various
performance metrics can be computed. For instance, the true positive rate (TPR):

TPRτ =
TPτ

TPτ + FNτ
(8)

measures the proportion of correctly classified positive samples, whereas the false positive rate (FPR):

FPRτ =
FPτ

FPτ + TNτ
(9)
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Figure 5: Illustration of the Receiver Operating Characteristic (ROC) curve (dark blue), along with its
associated Area Under the Curve (AUC), represented by the light blue shaded region.

quantifies the proportion of negative samples incorrectly classified as positive (Kevin P. Murphy, 2022,
pp. 171-173).

The Area Under the Curve (AUC) is a widely used metric that measures the area under the Receiver
Operating Characteristic (ROC) curve, which displays the trade-off between the true positive rate and
the false positive rate across different classification thresholds τ . The AUC ranges from 0.5 for a ran-
dom classifier to 1 for a perfect classifier. Ideally, the ROC curve should be as close as possible to the
top-left corner of Figure 5, indicating a high true positive rate and a low false positive rate across all
thresholds. The AUC is a useful metric for evaluating the performance of a binary classifier, as it is
threshold-independent and provides a single scalar value to compare different models (James et al.,
2023, pp. 154-156).

3.4 Deep Learning Architectures

Learning complex patterns becomes increasingly more difficult with increasing dimensionality of the
data due to the curse of dimensionality. The development of DL architectures was motivated by the
need to address this challenge, where each architecture comes with distinct advantages and limita-
tions (Goodfellow et al., 2016, pp. 155-157). In the context of mRNA data, the following architectures
are particularly relevant and will be assessed in this work.

3.4.1 Dense Feedforward Neural Networks

As introduced in Section 3.3, feedforward neural networks (see Figure 6) form the foundation of DL and
often serve as building blocks for more complex architectures. An architecture consisting of multiple
dense layers, where each neuron is linked to all neurons in the subsequent layer, is called Multilayer
Perceptron (MLP). The output of a neuron is computed by applying a non-linear activation function ϕ
to a weighted sum of inputs, either the features x or the output from the preceding layer f l−1:

f (l) = ϕ(W (l)f (l−1) + b(l)) (10)
whereW (l) is the learnable weight matrix, b(l) the learnable bias vector andϕ the activation function.
The final network output is obtained as a composition of all L layers:
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Figure 6: Dense feedforward neural network. Data flows from the input nodes in the left through all
nodes of the network to generate a final output. Bias terms and activations are left out for simplicity.
Inspired by James et al. (2023, p. 404).

ŷ = f (L) ◦ f (L−1) ◦ · · · ◦ f (1)(x) (11)

The network depth is determined by the number of hidden layers, while width refers to the neurons
per layer (Goodfellow et al., 2016, pp. 168-170). Designing such networks involves carefully selecting
hyperparameters, including layer count, neuron count, activation function, loss function, optimizer
and learning rate (Leskovec et al., 2019, p. 529; Goodfellow et al., 2016). Given the numerous design
choices involved – each of which can significantly affect model performance – constructing effective
neural networks is often considered more of an art than a science (Leskovec et al., 2019, p. 555).

The activation functionϕ enables modeling non-linear relationships, essential for capturing com-
plex patterns (Goodfellow et al., 2016, pp. 168-170). To ensure stable training and prevent vanish-
ing or exploding gradients, activation functions must satisfy specific properties (Leskovec et al., 2019,
p. 531). Common choices include Rectified Linear Unit (ReLU), sigmoid, hyperbolic tangent, and more
advanced functions like Swish and GELU (Leskovec et al., 2019; Ramachandran et al., 2017). The ReLU
function (Nair & Hinton, 2010) is defined as:

ReLU(x) = max(0, x) (12)

3.4.2 Convolutional Neural Networks

For high-dimensional input data, feedforward neural networks require a large number of parameters
to capture complex patterns. This can lead to overfitting and demands extensive computational re-
sources. Convolutional Neural Networks (CNN) (LeCun et al., 1989) address this issue by leveraging
the spatial structure of the input data, making them particularly well-suited for image and sequence
data. Its design makes CNNs parallelizable which enables training speedup. Also compared to dense
networks, they reduce both computational costs and memory requirements as they need less param-
eters due to parameter sharing (Goodfellow et al., 2016, pp. 335-337).
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Figure 7: Simple CNN network with convolution and pooling layers as well as dense output network.
Illustration of Zhang et al. (2023), published under CC BY 4.0 license5.

As can be seen in Figure 7, a typical CNN consists of alternating convolutional and pooling layers,
often followed by a fully connected layer (Leskovec et al., 2019, p. 553). The convolutional layer serves
as the core of a CNN, where convolution kernels slide across input features, computing the sum of the
elementwise product between the kernel and the features. Through iterative processing with multi-
ple kernels and layers, the model learns to detect task-relevant patterns (Hwang et al., 2024, 1299 f.).
The pooling layer then condenses the convolutional output into a smaller representation, reducing
dimensionality while preserving essential features (James et al., 2023, p. 410). This process helps
the model achieve approximate invariance to translations of the input data (Goodfellow et al., 2016,
p. 342).

CNNs first extract abstract low-level features and patterns via convolution kernels, which are then
combined to form higher-level representations. The presence or absence of these high-level features
contributes to the final prediction (James et al., 2023, p. 407). In the context of mRNA sequences, con-
volution kernels can act as automatically learned motif detectors, identifying relevant local sequence
motifs that influence gene expression (Hwang et al., 2024, 1299 f.). Since such motifs play a crucial role
in gene expression, CNNs have become a widely used and effective architecture for predicting gene
expression based on RNA and DNA data (Hwang et al., 2024, p. 1305; Rafi et al., 2024; Zrimec et al.,
2021).

LegNet. LegNet (Penzar et al., 2023) is a sophisticated CNN-based architecture (see Figure 8) specifi-
cally designed for predicting gene expression from DNA sequences with fixed length of 150 bases. The
model achieved first place in the DREAM challenge (Rafi et al., 2024), outperforming existing mod-
els at the time of publication. Inspired by EfficientNetV2 (Tan & Le, 2021), LegNet features a carefully
designed structure comprising custom convolutional blocks and squeeze-and-excitation (SE) blocks
with skip connections, which concatenate the block’s output with the untransformed input features
(Penzar et al., 2023).

RiboNN. The RiboNN network developed by Zheng et al. (2025) is another CNN-based architecture
designed to predict the translational efficiency of full mRNA sequences, closely aligning with the ob-
jective of the present study. The model consists of ten stacked convolutional blocks, each comprising

5License: https://creativecommons.org/licenses/by/4.0/; downloaded from: https://github.com/d2l-ai/d2l-en/blob/
master/img/lenet.svg

6License: https://creativecommons.org/licenses/by/4.0/; downloaded from supplementary data.
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Figure 8: LegNet architecture. Illustration copied from supplementary data of Penzar et al. (2023),
published under CC BY 4.06.
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RNN unfolded RNN

Figure 9: RNN, classic view (left) and unfolded (right). Inspired by James et al. (2023, p. 417).

a layer normalization, a ReLU activation, a one-dimensional convolution, a dropout layer and a max-
pooling layer. Initially, RiboNN was pretrained in a multitask setting to predict translational efficiency
across multiple cell types. It was subsequently fine-tuned to a specific cell type to improve its predic-
tive performance.

3.4.3 Recurrent Neural Networks

While CNNs are specifically designed for spatial data such as images, Recurrent Neural Networks (RNN)
are tailored for sequential data, including time series, text and biological sequences like RNA. RNNs
process sequences recursively, where each recurrent unit receives some hidden state from the pre-
ceding step, processes it and passes it to the next unit while also generating an output. This recur-
sive structure enables RNNs to capture dependencies between distant elements within a sequence
(Hwang et al., 2024, p. 1300) and parameter sharing, as each unit applies the same operation with
a fixed set of weights to produce its output (Goodfellow et al., 2016, p. 374). The basic RNN unit is
defined as:

ht = ϕ(Wxt +Uht−1 + b(h)) (13)

where ht−1 is the hidden state at step t − 1, W and U the weight matrices, b(h) the bias vector and
ϕ the activation function (see Figure 9). The hidden state ht serves as memory, retaining information
from previous inputs. The unit’s output is given by:

yt = ϕ(V ht + b(y)) (14)

where V and b(y) denote another weight matrix and bias vector, respectively. Depending on the ap-
plication, either all unit outputs or only the last unit’s output is used, often passed to a fully connected
layer (Leskovec et al., 2019, pp. 557-559).

Long Short-Term Memory (LSTM). Vanilla RNNs struggle with learning long-term dependencies,
often either overaccumulating or prematurely forgetting relevant information. They are also prone to
vanishing or exploding gradient issues (Leskovec et al., 2019, pp. 561 f., Hwang et al., 2024). To miti-
gate these challenges, advanced RNN variants such as Long Short-Term Memory (LSTM) (Hochreiter &
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Figure 10: LSTM unit. Illustration of Zhang et al. (2023), published under CC BY 4.0 license7.

Schmidhuber, 1997) and Gated Recurrent Unit (GRU) (Cho et al., 2014) introduce gating mechanisms
within the RNN unit that enable to selectively remember and forget information.

LSTM units comprise three gates (see Figure 10): the input gate, forget gate, and output gate. The
input and forget gates are defined as:

it = σ(W (i)xt +U (i)ht−1 + b(i)) (15)

ft = σ(W (f)xt +U (f)ht−1 + b(f)) (16)

Here,W andU are weight matrices of the input gate iand forget gate f (denoted by the superscripts),
b represents bias vectors and σ denotes the sigmoid activation function, which outputs values be-
tween 0 and 1. The forget gate ft controls the extent to which information is discarded from the long-
term memory, while the input gate it determines how much new information from the current input
xt should be stored. The cell state ct (i.e., the long-term memory) is updated as:

ct = ft ⊙ ct−1 + it ⊙ c̃t (17)

where⊙ denotes element-wise multiplication and c̃t, the candidate cell state, is computed as:

c̃t = tanh(W (c)xt +U (c)ht−1 + b(c)) (18)

The output gate regulates the extent to which the updated cell state contributes to the output (i.e.,
the new hidden state ht) and is given by:

ot = σ(W (o)xt +U (o)ht−1 + b(o)) (19)

The resulting output, which serves as the next hidden state (short-term memory), is then:

yt = ht = ot ⊙ tanh(ct) (20)

For downstream tasks, either the last output yT or the concatenation of all outputs across all steps
may be passed to a fully connected layer (Leskovec et al., 2019, p. 559).

21



University of Vienna, 2025

Figure 11: GRU unit. Illustration of Zhang et al. (2023), published under CC BY 4.0 license8.

These architectural improvements enhance the model’s ability to capture long-term dependen-
cies and mitigate gradient instability, making LSTMs well-suited for processing long sequences and
ensuring more stable training dynamics.

Gated Recurrent Unit (GRU). The Gated Recurrent Unit (GRU) (Cho et al., 2014) is a streamlined
alternative to the LSTM that consolidates the forget and input gates into a single update gate (see
Figure 11). It also merges the cell state and hidden state (long-term and short-term memory) into
a unified representation, thereby reducing both the parameter count and computational overhead
(Leskovec et al., 2019, p. 564; Cho et al., 2014).

xLSTM. A further development of the LSTM architecture is the extended LSTM (xLSTM) (Beck et al.,
2024), which addresses several limitations of the standard LSTM. These include restricted revision
capabilities of storage decisions due to the sigmoid activation function, limited memory capacity and
poor parallelizability. Moreover, xLSTM aims to improve both computational efficiency and predictive
accuracy. Unlike single LSTM units (see Section 3.4.3), xLSTM units are composed of stacked scalar
LSTM (sLSTM) and matrix LSTM (mLSTM) modules. An xLSTM architecture comprises multiple such
stacked xLSTM units (see Figure 12).

sLSTM introduces exponential gating in place of the sigmoid activation used in standard LSTMs.
By applying exponential activation functions in the input and forget gates, the model gains the ability
to make more pronounced updates to the long-term memory (i.e., cell state) when new information
is presented – enabling both rapid forgetting and memory amplification. A dedicated normalization
state is introduced to maintain balance between the input and forget gates with exponential gating.

mLSTM also adopts exponential gating, but additionally introduces a matrix-based cell state. Each
memory unit in the cell state is now represented as a matrix, allowing the model to store and manip-
ulate a richer set of features at each step. This structure facilitates the capture of more complex and

7License: https://creativecommons.org/licenses/by/4.0/; downloaded from: https://github.com/d2l-ai/d2l-en/blob/
master/img/lstm-3.svg

8License: https://creativecommons.org/licenses/by/4.0/; downloaded from: https://github.com/d2l-ai/d2l-en/blob/
master/img/gru-3.svg
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Figure 12: xLSTM architecture. Illustration of Beck et al. (2024), published under Apache 2.0 license9.

longer-range dependencies. Crucially, mLSTM units are designed to operate on the full input sequence
in parallel, enhancing computational throughput.

The xLSTM architecture combines these two components: parallelizable mLSTM units, which pro-
cess the entire sequence simultaneously and sequential sLSTM units, which account for the inherently
sequential structure of the data. According to the authors, this structure offers great performance and
scalability, offering linear computational complexity and constant memory complexity with respect
to sequence length (Beck et al., 2024; Ahmed, 2024). The usage of xLSTM for biological tasks, among
others on DNA data, has been showcased by Schmidinger et al. (2024).

3.4.4 Transformers

The transformer architecture (Vaswani et al., 2017) represents a groundbreaking advancement in deep
learning, particularly for sequence to sequence tasks as well as generative AI. Unlike traditional mod-
els such as CNNs and RNNs, which rely on convolutional or recurrent layers to process data sequen-
tially, transformers leverage the self-attention mechanism to directly capture long-range dependen-
cies within sequences. This mechanism simultaneously compares the relevance of every token with
every other token in the sequence, assigning attention to relevant token pairs, allowing for a high de-
gree of parallelizability (Vaswani et al., 2017; Choi & Lee, 2023, pp. 3 f., Hwang et al., 2024, pp. 1300 f.).

Self-attention. The self-attention mechanism is traditionally implemented as scaled dot-product
attention (see right side of Figure 13). It computes a weighted sum of valuesV , where the weights are
determined by the similarity between a query Q and keys K:

Attention(Q,K,V ) = softmax
(
QK⊤
√
dk

)
V (21)

Here,Q,K, andV are the queries, keys, and values, respectively. The termdk is the dimensionality of
the keys and queries and the softmax function ensures that the attention weights sum to1across each
row of the output. The attention mechanism allows the model to focus on different parts of the input
sequence when generating each output, enabling it to capture long-range dependencies effectively
(Vaswani et al., 2017).

9License: https://www.apache.org/licenses/LICENSE-2.0; downloaded from https://github.com/NX-AI/xlstm/blob/
main/res/desc_xlstm_overview.svg
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Multi-head Attention. The multi-head attention mechanism (see middle part of Figure 13) extends
the self-attention mechanism by allowing the model to jointly attend to information from different
representation subspaces. This is achieved by applying the self-attention mechanism multiple times
in parallel, each with its own set of learned weight matrices. The outputs of these attention heads are
then concatenated and linearly transformed. Mathematically, this is expressed as:

MultiHead(Q,K,V ) = Concat(head1, head2, ..., headh)W
(O) (22)

where each attention head is computed as:

headi = Attention(QW
(Q)
i ,KW

(K)
i ,V W

(V )
i ) (23)

Here, W (Q)
i , W (K)

i , and W
(V )
i are the learned projection matrices for the i-th head and W (O) is the

output projection matrix. The use of multiple attention heads allows the model to capture diverse
patterns and relationships in the input data, e.g. by specializing on a specific pattern per head. Due to
this design, the attention mechanism scales quadratically with the sequence length, making it com-
putationally expensive for long sequences (Vaswani et al., 2017).

Positional Encoding. The Transformer architecture employs positional encoding to preserve the
sequential structure of input data. Since the self-attention mechanism is permutation-invariant and
thus unable to inherently capture token order, positional encodings are added to the input embed-
dings (Kevin P. Murphy, 2022, 528 f. Vaswani et al., 2017).

Architecture. The transformer architecture consists of an encoder and a decoder (see left side of
Figure 13), both built using stacked layers of multi-head attention and feedforward neural networks.
The encoder processes the input sequence, generating a sequence of hidden representations, while
the decoder uses these representations along with the target sequence to generate the output. In
contrast to the encoder, the decoder can only consider previous tokens in the target sequence during
training, ensuring that predictions are made in an autoregressive manner (Vaswani et al., 2017; Islam
et al., 2024, pp. 3-5).

Applications. Transformers have been successfully applied in various domains, including natural
language processing, computer vision as well as audio, speech, and signal processing (Islam et al.,
2024). In the context of biological data, transformers have shown promise in many tasks, among oth-
ers in gene expression prediction and RNA secondary structure prediction (Choi & Lee, 2023; Hwang
et al., 2024, pp. 1300 & 1309; Rafi et al., 2024).

3.4.5 Selective Structured State Space Models

While RNNs offer linear scaling during inference due to their sequential nature, they lack paralleliz-
ability and struggle with modeling long-range dependencies. Transformers, in contrast, are highly
parallelizable and excel at capturing long-range dependencies, but incur a quadratic computational
cost due to the self-attention mechanism. The Selective Structured State Space Model, Mamba (Gu &
Dao, 2023), aims to unify the advantages of both architectures while mitigating their respective limi-
tations.

State Space Models. The models discussed so far receive a discrete sequence xi as input. In con-
trast, State Space Models (SSMs), see Figure 14, represent a continuous-time process x(t) via a latent
stateh(t), modeling system dynamics through equations that describe temporal evolution. SSMs can
be viewed as a hybrid between RNNs and CNNs: they enable efficient convolution during training and
linear-time recurrence during inference. The model is typically defined by the following equations:
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Figure 13: Original Transformer architecture based on Vaswani et al. (2017, 3 f.), usage allowed for
scholarly works. Illustration inspired by Weng (2018).

h′(t) = Ah(t) +Bx(t) (24)

y(t) = Ch(t) (25)

Here, h′(t) is the state equation, describing how the hidden state h(t) evolves over time (via ma-
trixA) and how the inputx(t) influences the system (via matrixB). The output equation, y(t), trans-
forms the latent state into the output through matrix C. This continuous-time formulation models
the system’s evolution based on observed input data. In practice, these equations are discretized to
accommodate the discrete nature of real-world data such as text or mRNA sequences (Gu & Dao, 2023;
Grootendorst, 2025).

SSMs can be expressed in mathematically equivalent but computationally distinct forms with dif-
ferent advantages: the recurrent representation enables efficient inference due to constant-time scal-
ing with sequence length, while the convolutional view is well-suited for training due to their paral-
lelizable structure (Grootendorst, 2025).

Structured SSMs. Structured State Space Models (S4) are a subclass of SSMs that introduce struc-
ture into the state matrix to optimize computational efficiency. For instance, Mamba sets the matrix
A to a diagonal form to simplify computations (Gu & Dao, 2023).

Mamba. Mamba extends S4s by integrating a selective attention mechanism, which enhances the
model’s ability to focus on relevant parts of the input sequence – much like self-attention in trans-

10License: https://www.apache.org/licenses/LICENSE-2.0; downloaded from https://github.com/state-spaces/mamba/
blob/main/assets/selection.png
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Figure 14: Selective State Space Model architecture in discrete time. Copied from Gu and Dao (2023),
published under Apache-2.0 license10.

formers – while maintaining the efficient scaling properties of SSMs. This design allows Mamba to
retain long-range modeling capabilities without incurring the quadratic costs of attention.

As shown in Figure 15, a Mamba block begins with a linear projection that doubles the input di-
mensionality. This is followed by a convolutional layer, a selective S4 block and a gated linear pro-
jection that restores the original dimensionality. The SiLU (also called Swish) activation function is
employed throughout. Several Mamba blocks can be stacked to form a deeper architecture (Gu &
Dao, 2023).

Due to Mamba’s combination of favorable scaling properties and its promised performance, it has
been successfully applied to DNA sequence modeling (Gu & Dao, 2023; Schiff et al., 2024).

3.5 Encoding Biological Sequences

The described DL models require input data in the form of numerical, multidimensional arrays. How-
ever, mRNA sequences and secondary structure information are typically represented as character
strings, which cannot be directly processed by these models. Consequently, it is essential to transform
these sequences into suitable numerical representations that capture their generalizable properties.
This encoding step is critical for the effective application of DL models, as it enables the extraction of
meaningful patterns and relationships within the data. A variety of encoding methods exist, each with
distinct advantages and limitations (Hwang et al., 2024, p. 1298).

3.5.1 Encoding RNA Sequences

One-hot Encoding. To date, one-hot encoding (see upper left of Figure 16) has been the most com-
monly used method for representing biological sequences (Hwang et al., 2024; Rafi et al., 2024). In
this approach, each vector element corresponds to a distinct class – specifically, one of the four nu-
cleotides (A, C, G, U) or a specific codon. The vector position representing the present nucleotide or
codon is then set to 1, while all others are set to 0. This method allows the model to learn suitable
feature representations of nucleotides during training (Hwang et al., 2024, p. 1298).

Embeddings. Biological sequences bear similarities to linguistic data in NLP, where codons or nu-
cleotides can be treated analogously to words in a sentence. Accordingly, NLP techniques such as

11License: https://creativecommons.org/licenses/by/4.0/; downloaded from: https://www.nature.com/articles/
s12276-024-01243-w/figures/1
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Figure 15: Mamba block architecture. Several Mamba blocks might be stacked on top of each other in
a deep architecture. Inspired by Gu and Dao (2023, p. 8).

RNA structure Nucleic acid sequence 

Figure 16: Different encodings for RNA sequences (left) and RNA structure (right). Illustration of Hwang
et al. (2024, p. 1299), published under CC BY 4.0 license11.
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word2vec can be employed to generate dense numerical embeddings (middle left of Figure 16) (Mikolov,
Chen, et al., 2013; Mikolov, Sutskever, et al., 2013). These embeddings may either be pretrained or
learned in task-specific models via a dedicated embedding layer. This allows the model to capture
task-relevant nucleotide or codon representations (Hwang et al., 2024, p. 1298). Prior studies suggest
that embeddings generally outperform one-hot encodings in DL applications involving DNA and RNA
sequences (Trabelsi et al., 2019).

k-mer Encoding. Alternatively, sequences can be encoded by counting the frequency of k-mers,
subsequences of length k, within the sequence (bottom left of Figure 16). In the context of RNA, this
could involve computing the frequency of codons or other short motifs (Hwang et al., 2024, p. 1298).

3.5.2 Encoding RNA Structure

RNA structure carries crucial information about the molecule’s function, interactions and stability
(Hwang et al., 2024, p. 1298) as well as influences translation (Gould et al., 2014).

A common representation is the dot-bracket notation, where unpaired nucleotides are denoted
by dots and base pairs by opening or closing brackets (Huang et al., 2019). From this notation, more
complex structural features such as stems, loops, and bulges can be inferred (see Section 3.1.4 and
upper right of Figure 16) (Danaee et al., 2018). These categorical features can be encoded with the
above-mentioned techniques, for example using one-hot vectors or embeddings (Hwang et al., 2024,
p. 1298).

Additionally, the structure can be represented through distance matrices, encoding pairwise dis-
tances between nucleotides, or through binding probability matrices that reflect the likelihood of
base-pair interactions (middle right of Figure 16). These matrix-based encodings capture spatial rela-
tionships and provide structural context to the model. Alternatively, full 3D structural representations
– such as atomic or base-level coordinates – can be numerically encoded for even more detailed tertial
structural modeling (Hwang et al., 2024, p. 1298).
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4 Methodology

This chapter details the methodological approach used to address the research questions outlined in
Section 1.2 which is structured in two main phases:

1. A systematic benchmarking of various DL architectures for predicting low- and high-PTR ratio
outcomes from mRNA sequences across different tissues (Section 4.2).

2. An in-depth optimization of the most promising architecture, termed PTRnet, involving targeted
adjustments to the input data, model design, hyperparameters, and training strategies to max-
imize predictive performance (Section 4.3).

4.1 Data

4.1.1 Data Sources

The data used in this thesis originates from two major data sources: the Human Protein Atlas (HPA)
(Fagerberg et al., 2014) and the GENCODE project (Frankish et al., 2023).

Human Protein Atlas. The HPA provides gene and protein abundance data for 29 human tissues12

(Fagerberg et al., 2014). The raw transcriptomics data was processed by Eraslan et al. (2019) to obtain
PTR ratios per mRNA sequence for the available tissues and published by Hernandez-Alias et al. (2023).

GENCODE Project. The GENCODE project provides comprehensive gene annotations for coding and
non-coding mRNA regions (Frankish et al., 2023). Processed data from this source was obtained from
Wolfinger (2023). By integrating the processed gene annotation data from GENCODE with the pro-
cessed transcriptomics data from the HPA, a combined dataset of PTR ratios across multiple tissues
per unique mRNA sequence was constructed.

Bias. Tissue samples were sourced from Uppsala’s Biobank (Fagerberg et al., 2014). However, donor
information, including demographic diversity, is not publicly available.13 This limitation likely intro-
duces a bias toward (northern) European populations, reducing the dataset’s ability to capture global
genetic diversity. Consequently, models trained on this data may have limited generalizability (Sirugo
et al., 2019; Hwang et al., 2024, pp. 1315 f.). Addressing such biases is crucial for ensuring the real-
world applicability of these models.

4.1.2 Target Variable

This thesis focuses on a binary classification task based on the PTR ratio across tissues for individual
mRNA sequences, rather than directly predicting the numeric PTR ratio. For this simplified setting, we
adopt the classification scheme proposed by Hernandez-Alias et al. (2023), which determines whether
a given gene-tissue pair exhibits exceptionally low or high protein expression.

Only genes with PTR ratio measurements available in at least three tissues are considered. High-
PTR combinations are defined by two criteria: (1) the PTR ratio is at least twice the gene’s average
across tissues and (2) it represents the highest PTR value for that mRNA sequence. Conversely, low-
PTR combinations satisfy: (1) the PTR ratio is less than half the average and (2) it is the lowest observed
value for the sequence. These stringent thresholds exclude genes with relatively uniform PTR ratios,

12The included tissues are: Adrenal, Appendices, Brain, Colon, Duodenum, Uterus, Esophagus, Fallopian Tube, Fat, Gall-
bladder, Heart, Kidney, Liver, Lung, Lymph Node, Ovary, Pancreas, Placenta, Prostate, Rectum, Salivary Gland, Small Intes-
tine, Smooth Muscle, Spleen, Stomach, Testis, Thyroid, Tonsil, and Urinary Bladder.

13See www.proteinatlas.org for some details on sample sources.

29

https://www.proteinatlas.org/about/assays+annotation#hpa_rna


University of Vienna, 2025

Ad
re

na
l

Ap
pe

nd
ic

es

Br
ai

n

Co
lo

n

Du
od

en
um

U
te

ru
s

Es
op

ha
gu

s

Fa
llo

pi
an

 T
ub

e

Fa
t

Ga
llb

la
dd

er

H
ea

rt

Ki
dn

ey

Li
ve

r

Lu
ng

Ly
m

ph
no

de

104

105

106

107

PT
R 

Ra
tio

Low
PTR

High
PTR

2x Mean PTR
Mean PTR
0.5x Mean PTR

Figure 17: Classification procedure for one mRNA sequence’s targets (mock up data with fewer tissues
for illustration).

resulting in some genes appearing in the training data with only a low- or high-PTR label – or being
excluded entirely. The classification procedure is illustrated in Figure 17.

Following this mapping, the dataset comprises approximately twice as many training samples as
there are unique mRNA sequences (see Section 4.1.4 for details). The resulting class distribution is
balanced between high- and low-PTR combinations, ensuring that the classification model is not bi-
ased towards either class. Nonetheless, class imbalance exists at the tissue level due to the specified
classification procedure (see Appendix A).

4.1.3 Data Pre-Processing

As outlined in Section 4.1.1, we assemble datasets by integrating processed data from the HPA and
GENCODE projects and extend them with secondary structure features. They comprise 11,279 unique
mRNA sequences along with their corresponding PTR ratios for up to 29 tissues, with an average cov-
erage of slightly above 20 tissues per sequence. We prepare two training datasets with different se-
quence encodings: one codon-encoded and one nucleotide-encoded (see Table 1).

Codon-Encoded Dataset. The codon-encoded dataset contains only the coding regions (CDS) of
mRNAs, along with tissue identifiers and binary classification labels. Only sequences up to 8,100 nu-
cleotides (2,700 codons) were retained, resulting in the exclusion of fewer than 2% of sequences (see
the "dropped" column in Table 2). Since some mRNA sequences can exceed 100,000 nucleotides, this
constraint enables the use of models with fixed maximum input lengths, reducing complexity and
accelerating training (see Appendix B for sequence length distributions).

Nucleotide-Encoded Dataset. The nucleotide-encoded dataset enables a more detailed represen-
tation by incorporating structure-related features. Each entry includes the complete mRNA sequence
at the nucleotide level, encompassing both the 5’ and 3’ untranslated regions (UTR), which play essen-
tial roles in the post-transcriptional regulation of protein abundance (see Section 3.1.5; Eraslan et al.
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Table 1: Features of codon- and nucleotide-encoded dataset.

Dataset
Encoding Feature Description Max Sequence

Length

Codon
Codon-
encoded
sequence

Coding region only (CDS) 8,100 nucleotides

Tissue ID Tissue sample identifier

Nucleotide
Nucleotide-
encoded
sequence

Full mRNA sequence (5’ UTR,
CDS & 3’ UTR) 9,000 nucleotides

Coding area encoding 5’ UTR, 3’ UTR ends,
or nucleotide index in codon

Secondary
structure

LinearFold-based secondary
structure prediction
(dot-bracket notation)

Loop Type bpRNA-based loop type
prediction

Tissue ID Tissue sample identifier

E E E S S S S H H H H H H H S S B S S X X X X X S S H H H H S S E E E E

. . . ( ( ( ( . . . . . . . ) ) . ) ) . . . . . ( ( . . . . ) ) . . . .

5 5 5 5 5 5 5 5 5 0 1 2 0 1 2 0 1 2 0 1 2 0 1 2 0 1 2 0 1 2 0 1 2 3 3 3

G C G G C C G C U A U G U A C G U G C U A G G U G G A A A U C C A U A A

Loop Type
Structure

Coding Area
Sequence

5  UTR CDS 3  UTR

Figure 18: Demonstration of nucleotide-level data structure with secondary structure and loop type
predictions. Illustration inspired by He et al. (2023, p. 6).

(2019) and Zrimec et al. (2021)). These regions increase the overall sequence length compared to the
codon-encoded dataset, which contains only the CDS. To ensure the inclusion of as many sequences
from the codon-encoded dataset as possible – despite the longer lengths – a higher maximum se-
quence length was required. Accordingly, a threshold of 9,000 nucleotides was imposed, balancing
the goal of maximizing dataset overlap with the need to exclude excessively long sequences. This
limit also helps maintain manageable computational demands and reasonable training times.

We also incorporate structural features (see Figure 18), given their relevance for predicting the PTR
ratio (see Section 3.1.5). These features include base pairing, represented in dot-bracket notation and
predicted by "LinearFold" (Huang et al., 2019), as well as loop types identified by "bpRNA" (Danaee
et al., 2018). Additionally, an index is included to indicate whether a given nucleotide resides in the
5’ or 3’ UTR, or – if within the CDS – its position within the codon. As in the codon-encoded dataset,
tissue identifiers and classification labels are also provided.

Conventional RNA secondary structure prediction tools typically scale with O(n3), making them
unusable for long sequences of several thousand bases. In contrast, "LinearFold" operates in linear
time, enabling rapid predictions, even for the longest sequences in the dataset, within one minute,
while achieving accuracy comparable to state-of-the-art tools such as "mfold" and "RNAfold" in sec-
ondary structure prediction (Binet et al., 2023).
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4.1.4 Train, Validation, and Test Split

As discussed in Section 3.2, separate validation and test sets comprising unseen samples from the
same distribution as the training set are essential for unbiased estimation of the generalization error,
which is necessary for hyperparameter tuning and final performance evaluation (Goodfellow et al.,
2016). To preserve the original data distribution and composition across splits, stratified sampling
is applied based on the length of the mRNA coding region. This strategy minimizes sampling bias,
particularly for the relatively rare long sequences (see sequence length distributions in Appendix B).
The validation and test sets are each assigned 15% of the total data, balancing representativeness
with sufficient training data.

Stratified Sampling. Each mRNA sequence is usually associated with a low- and high-PTR label for
different tissues14, resulting in several gene-tissue pairs per sequence. Preliminary testing showed
that models tend to overfit to mRNA sequences seen during training, as variation across tissues is gen-
erally smaller than across sequences (Hernandez-Alias et al., 2023, p. 9). To mitigate this, the splitting
strategy ensures that no mRNA sequence appears in more than one dataset split.

To achieve this, sequences are first grouped into ten bins based on their coding region lengths.
Within each bin, sequences are randomly selected one at a time and all associated tissue-target pairs
are allocated to the training set until its target size (70%) is reached. The same procedure is then
applied to form the validation set, with remaining sequences assigned to the test set. Due to this se-
quential sampling approach, the validation and test set proportions (15% each) may only be approx-
imately met. However, the overall dataset size allows these targets are closely achieved in practice
(see Table 2). This method maintains mutual exclusivity of sequences across splits and preserves the
training distribution, including representation of rare long sequences, through stratified selection.

Evaluation Comparability across Datasets. Due to differences in the included regions (CDS only
vs. full transcript with UTRs) and sequence length constraints, the codon- and nucleotide-encoded
datasets contain slightly different sets of mRNA sequences.

To enable fair model comparisons, the test set is filtered to include only genes common to both
datasets. This requires adherence to both sequence length constraints: a maximum coding region
length of 8,100 nucleotides and a maximum full sequence length (including UTRs) of 9,000 nucleotides.
Enforcing these constraints reduces the test set by 72 sequences.

Because the training and validation sets are used for model development and hyperparameter
tuning rather than final evaluation, slight discrepancies in their composition across datasets are ex-
pected to only introduce slight bias and hence considered acceptable. Prioritizing data volume over
strict overlap results in minor differences in set sizes, as detailed in Table 2.

4.2 Benchmarking Models

The ability of various deep learning architectures to predict PTR ratios from mRNA sequences is eval-
uated using the codon-encoded dataset (see Section 4.1.3). Specifically, the task is framed as a binary
classification problem: determining whether a given sequence-tissue pair exhibits low or high protein
abundance, as defined in Section 4.1.2.

To ensure a fair and consistent comparison, a standardized pipeline is used to train and evalu-
ate a set of backbone architectures commonly employed for sequence-based prediction tasks. This
pipeline encompasses feature processing, model training, and performance evaluation, as detailed in
the following sections.

14as mentioned in Section 5.4, there are few edge cases where only one label is assigned for a sequence or two tissues
have identical PTR values, resulting in two low- or high-PTR labels for two tissues of a sequence.

32



University of Vienna, 2025

Table 2: Number of samples in codon- and nucleotide-encoded datasets. The "Dropped length" col-
umn indicates the number of sequences excluded due to exceeding maximum sequence length. The
"Dropped set alignment" column indicates the number of sequences additionally removed to create
identical test datasets across both dataset encodings.

Dataset
encoding Category Train Valid. Test Total Dropped

length
Dropped
set align.

Codon Unique mRNA seq. 7,782 1,688 1,599 11,069 210 -
Binary classification 13,596 2,951 2,773 19,320 - -

Nucleotide Unique mRNA seq. 7,489 1,628 1,599 10,716 491 72
Binary classification 13,055 2,843 2,773 18,671 - -

4.2.1 Training Pipeline

The training data comprises the codon-encoded CDS region of each mRNA sequence (up to 8,100 nu-
cleotides, which equals 2,700 codons) alongside the associated tissue ID and classification label. Val-
idation data is used throughout training to monitor progress and detect issues such as overfitting or
model misconfiguration. How different hyperparameters of this training pipeline are tuned will be
described in Section 4.2.4.

Training Procedure. Model training is implemented using the PyTorch deep learning framework
(Paszke et al., 2019), following best practices in the field (Rafi et al., 2024; Wayment-Steele et al.,
2022). A binary cross entropy loss is used (PyTorch Contributors, 2023b). Optimization is performed
using mini-batch stochastic gradient descent (SGD) (Goodfellow et al., 2016, pp. 151-153) in conjunc-
tion with the Adam optimizer (Kingma & Ba, 2015) and weight decay (PyTorch Contributors, 2023a).
As proposed by Loshchilov and Hutter (2017) a cosine annealing learning rate schedule with warm
restarts after a specific number of epochs is utilized (PyTorch Contributors, 2024b).

Early Stopping. To prevent overfitting and ensure generalization, early stopping is employed as a
regularization technique, inspired by the implementation suggestion of isle_of_gods (2022). Training
is halted if the validation AUC (see Section 3.3.4) stays below the highest achieved AUC of that training
run minus 0.01 for eight epochs. The model checkpoint with the highest validation AUC is retained for
evaluation (Goodfellow et al., 2016, pp. 246-248).

Sequence Reversal. Inspired by the use of bidirectional LSTMs in RNA modeling, random sequence
reversal is used as a form of data augmentation. This technique leverages the bidirectionality of bio-
logical sequences, encouraging the model to learn directionally robust representations of biological
interactions without altering the underlying architecture (Goodfellow et al., 2016, pp. 240 f.). This ap-
proach has been successfully applied in prior competitions, including the OpenVaccine (Das et al.,
2020; Wayment-Steele et al., 2022) and DREAM challenges (Rafi et al., 2024).

Sequence Encoding. As discussed in Section 3.5, biological sequences can be encoded using vari-
ous methods. One-hot encoding, while commonly used, results in high-dimensional and sparse rep-
resentations – especially in the present codon setting, with 64 possible codons. An alternative is to
use dense, low-dimensional representations inspired by NLP word embeddings (Mikolov, Sutskever,
et al., 2013). In this approach, each codon is mapped to a trainable embedding vector via a fully con-
nected embedding layer (PyTorch Contributors, 2023f), allowing the representation to adapt during
backpropagation (Hwang et al., 2024, p. 1298). The embedding dimension is treated as a tunable hy-
perparameter.
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Figure 19: Training pipeline for model benchmarking. The codon-encoded input sequence is first em-
bedded and contextualized with tissue information, then passed to a backbone model and finally to
a dense predictor network.

The sequence of codon embeddings is element-wise summed with a fixed tissue embedding of
the same dimensionality, forming contextualized embeddings that incorporate tissue-specific infor-
mation at each codon position (see Figure 19). This strategy, inspired by the addition of positional
encodings in Transformer models (Vaswani et al., 2017), outperformed simple concatenation of em-
beddings in later experiments (Section 5.2.1).

Predictor Network. The outputs of the backbone models are passed to a predictor network with
one hidden layer. This network reduces dimensionality and produces a binary classification proba-
bility through a final sigmoid function. Dropout is applied to hidden layers to improve generalization
and prevent overfitting (Srivastava et al., 2014; James et al., 2023, p. 431). The popular ReLU activa-
tion function (Nair & Hinton, 2010) is used in the hidden layers, shown to provide solid performance
across multiple domains (Ramachandran et al., 2017).

Automatic Mixed Precision. Automatic mixed precision (AMP) is used to accelerate training and re-
duce memory usage by utilizing lower-precision floating-point numbers where possible (Micikevicius
et al., 2018). This technique is particularly beneficial for large models, as it allows for faster training
times without sacrificing model performance. The PyTorch framework provides built-in support for
AMP, making it easy to integrate into the training pipeline (PyTorch Contributors, 2024a).

4.2.2 Backbone Model Implementations

With a standardized training pipeline in place, the selected models need to be implemented, which en-
tails lots of possible design choices. The theoretical foundations of these architectures are discussed
in Section 3.4. The concrete design choices made for each model are described in the following para-
graphs while the chosen hyperparameters can be found in Table 3.

Multilayer Perceptron. A basic MLP is implemented as a baseline model. The first hidden layer’s
size is a tunable hyperparameter, while the second hidden layer contains half as many neurons. The
output layer consists of a single neuron followed by a sigmoid to produce a binary class probability.
ReLU activations are used in the hidden layers. Dropout is applied for regularization and its rate is
treated as a tunable hyperparameter. Because input sequences vary in length, they are padded with
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zeros to a fixed maximum of 2,700 codons. The input to the MLP is a flattened vector of the contex-
tualized codon embeddings, with input dimensionality defined by the maximum sequence length of
2,700 codons times the embedding dimension.

Convolutional Neural Network. Given their success in gene expression prediction tasks (Hwang et
al., 2024, p. 1309; Zrimec et al., 2021), a simple CNN architecture is implemented. Following padding,
embedding, and tissue contextualization, the sequence is passed through two convolutional blocks,
each followed by ReLU activations (Nair & Hinton, 2010) and max pooling (Goodfellow et al., 2016,
pp. 339-341). The resulting output is then passed to the predictor network (see Section 4.2.1).

LegNet. The LEGnet architecture (Penzar et al., 2023) is integrated using its publicly available imple-
mentation.15 Although originally designed for short sequences of only 150 bases, its CNN-based archi-
tecture enables seamless integration as a backbone model within the standardized training pipeline
employed here. Unlike the original implementation, which employs one-hot encoding, the input here
consists of tissue-contextualized codon embeddings.

RiboNN. As RiboNN is not yet open-sourced – the corresponding paper is currently a preprint – the
architecture is implemented based on the descriptions and accompanying supplementary materi-
als of Zheng et al. (2025). To incorporate the model as a backbone within the standardized training
pipeline, slight modifications were necessary, primarily involving the use of the predictor network
as the final model head. Similar to LegNet, the original RiboNN implementation employed one-hot
encoding, representing another point of divergence from the present approach.

Recurrent Neural Networks. For the recurrent models LSTM and GRU input sequences are padded
and then packed using PyTorch utilities (PyTorch Contributors, 2023g). This enables the RNNs to han-
dle variable-length sequences efficiently by ignoring padded elements. The packed sequences are
processed using PyTorch’s native LSTM (PyTorch Contributors, 2023d) and GRU (PyTorch Contribu-
tors, 2023c) implementations. The final hidden state of the last recurrent unit is used as input to the
predictor network.

xLSTM. The same procedure is applied to the currently developed xLSTM architecture (Beck et al.,
2024)16, with the exception that sequence packing is omitted, as it was not supported at the time of
experimentation.

Transformer. An encoder-only Transformer architecture is implemented, which enables full atten-
tion over the entire sequence, as opposed to a decoder-only Transformer which can only attend pre-
vious elements of the sequence. This setup, similar to the BERT model (Devlin et al., 2019), allows the
model to access global sequence context for improved prediction. PyTorch’s Transformer encoder
module (PyTorch Contributors, 2023e) is used, with sinusoidal positional encodings added to the
tissue-contextualized codon embeddings, as proposed by Vaswani et al. (2017). The output corre-
sponding to the final codon position is passed to the predictor network.

Mamba. The recently proposed Mamba architecture (Gu & Dao, 2023)17 is also evaluated. The pro-
cessed, tissue-contextualized input is passed through stacked Mamba layers – which is a tunable hy-
perparameter – and the final hidden state is fed into the predictor network to produce the classifica-
tion output.

15Source code: https://github.com/autosome-ru/LegNet/blob/main/legnet/model.py
16Source code: https://github.com/NX-AI/xlstm, version 2.0.0
17Source code: https://github.com/state-spaces/mamba, version 2.2.2
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4.2.3 Codon Frequency Baseline Models

Codon frequency features have demonstrated strong predictive power in related studies (Eraslan et
al., 2019; Hernandez-Alias et al., 2023), making them a natural choice for baseline models in this work.
These features represent the relative frequencies of the 64 possible codons within the coding se-
quence (CDS), capturing compositional patterns potentially associated with PTR ratios. Two baseline
models are implemented to evaluate the predictive capacity of codon frequency features.

The first model is a simple MLP with a single hidden layer. This layer is followed by a ReLU activa-
tion and dropout for regularization. The input to the model is a concatenation of the codon frequency
vector and the corresponding tissue embedding vector. This design enables the model to incorporate
tissue-specific context alongside sequence composition in its predictions.

The second model is a basic RFC, similar to the approach of Hernandez-Alias et al. (2023). The
existing implementation of the scikit-learn library (scikit-learn Developers, 2023) was utilized with
default parameters: 100 trees, no maximum tree depth, and the Gini impurity criterion for evaluating
splits. The input to this model is – as for the MLP – the concatenation of codon frequency vector with
one-hot-encoded tissue identifier.

Compared to the sequence-based deep learning models, both baselines operate on significantly
smaller feature spaces – fewer than 100 input features versus several thousand – making them com-
pact and highly efficient. These models establish a reference point for evaluating the benefits of using
more complex architectures in low and high PTR ratio classification.

4.2.4 Hyperparameter Tuning

The implemented models and used training pipeline involve many hyperparameters, such as learning
rate, dropout probability, embedding dimensionality, and architecture specific parameters, that can
substantially impact performance. However, identifying optimal values is non-trivial, as the complex-
ity of the search grows exponentially with the number of parameters. Consequently, an efficient and
scalable strategy for hyperparameter optimization is essential.

For this purpose, we employ Optuna (Akiba et al., 2019). A scalable and highly performant frame-
work for automated hyperparameter tuning. Optuna provides tools for defining the search space and
leverages advanced optimization algorithms to sample hyperparameters effectively. In this work, the
tree-structured Parzen estimator (TPE) algorithm (Bergstra et al., 2011; Optuna Contributors, 2018c) is
used to guide the search. TPE constructs a probabilistic model of the objective function and prioritizes
exploration of the most promising regions in the parameter space. To further reduce computational
cost, a median-based pruning strategy (Optuna Contributors, 2018b) is applied, which terminates un-
derperforming trials early based on intermediate results. Each trial is evaluated on the dedicated val-
idation set, ensuring that the selected hyperparameter configurations generalize well to unseen data.
Optuna’s dynamic sampling and pruning capabilities make it particularly well-suited for navigating
the high-dimensional search spaces of the deep learning models described in this thesis by balancing
a fast tuning process and model quality.

4.2.5 Evaluation

To obtain a final unbiased estimate of performance across models, while accounting for the use of the
validation set during hyperparameter optimization, the models are trained on both the train and vali-
dation set and evaluated on the test set (see Section 4.1.4). Performance metrics and further training
details are provided in Section 5.1.
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4.3 Model Optimization: Custom PTRnet Model

Building on the architecture benchmarking of Section 4.2, a custom model – referred to as PTRnet –
is developed to further enhance the predictive performance of low and high PTR ratio classification.
PTRnet is based on the most promising architecture identified during benchmarking and integrates
advanced training strategies along with additional input features to improve overall accuracy.

The emphasis on sophisticated training strategies arises from the recognition that, in deep learn-
ing, training procedures can be just as crucial to model performance as the architecture itself (Rafi
et al., 2024; He et al., 2023; Zheng et al., 2025).

In contrast to the benchmark setup, which relied on the codon-encoded sequence of the coding
region only, the PTRnet model utilizes the full nucleotide-encoded mRNA sequence, including the 5’
and 3’ UTR regions as well as structure features (see Section 4.1.3). This comprehensive input could
enable the model to capture the full sequence context and structural attributes, which have been
shown to influence translation efficiency, as discussed in Section 3.1.5.

4.3.1 Training & Tuning

To develop a high-performing custom model for PTR ratio classification, the training procedure de-
scribed in Section 4.2.1 is extended and optimized by systematically exploring alternative training
approaches, architectural modifications, and hyperparameter configurations. For this purpose, the
Optuna framework (Akiba et al., 2019) is employed on the validation set to efficiently search the large
space of possible parameter, architecture, and training strategy combinations. Based on the opti-
mized PTRnet model, an ablation study is conducted to assess the contribution of each adaptation to
model performance, enabling a comprehensive understanding of their respective impacts.

The following strategies, architectural changes, and hyperparameters are explored:

Aligning AUGs. To enhance the model’s capacity to learn critical features near the start codon, such
as the Kozak sequence (see Section 3.1.5), input sequences are aligned at their respective start codon.
To facilitate this alignment, the 5’ UTR is padded with zeros. This technique has shown effectiveness
in a CNN-based architecture, as proposed in the preprint by Zheng et al. (2025). Depending on the
architecture type, this alignment may be more or less beneficial. For instance, RNNs can inherently
capture long-range dependencies, potentially reducing the need for explicit alignment, whereas CNNs
may benefit more from such preprocessing due to their localized receptive fields.

Concatenating Tissue Embeddings with Sequence Embeddings. In the existing training pipeline
(Section 4.2.1), tissue information is incorporated by element-wise addition of sequence and tissue
embeddings, inspired by the approach of Vaswani et al. (2017) to incorporate positional information
to word embeddings of a sentence. As an alternative, concatenating the tissue embedding with the
sequence embedding is explored as a different strategy for integrating tissue information.

Inputting Frequency Features to Predictor Network. Given that codon frequency-based models
have demonstrated strong predictive performance (Eraslan et al., 2019; Hernandez-Alias et al., 2023),
incorporating codon frequency features into the predictor network is evaluated as a potential method
to enhance performance.

One-Hot Encoding for Sequence Encoding. As discussed in Section 3.5.1, one-hot encoding is a
widely used method for representing biological sequences. Although it produces high-dimensional
and sparse vectors, it remains a valid alternative to dense embeddings and is therefore considered in
the model variations.
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Using Sequence Only. PTRnet is designed to operate on nucleotide-level mRNA sequences enriched
with annotations such as coding region indicators (codon affinity in the codon region, 5’ and 3’ UTRs),
secondary structure, and loop type features (see Figure 18). To evaluate the importance of these en-
richments, the model is also tested using sequence information alone.

Extended Hyperparameter Tuning. Beyond the core hyperparameters optimized during bench-
marking (see Section 4.2.4 and results in Section 5.1.1), additional parameters are included in the
tuning process. These include settings of the cosine annealing learning rate scheduler (PyTorch Con-
tributors, 2024b), the weight decay parameter in the AdamW optimizer (PyTorch Contributors, 2023a),
as well as the hidden size and dropout rate of the predictor network.

Motif-Aware Pretraining Strategy. As discussed in Section 3.3.3, unsupervised pretraining using a
denoising autoencoder can significantly improve downstream model performance by providing bet-
ter weight initialization (Vincent et al., 2008; Chuai et al., 2018). In this work, PTRnet is pretrained on
the complete dataset (train, validation, and test sets) using a denoising autoencoder with motif-aware
noise, following the strategy described by N. Wang et al. (2024). The exact implementation details can
be found in Section 5.2.2.

4.3.2 Evaluation

Following training and tuning, the PTRnet model is evaluated on the test set (see Section 4.1.4), which
comprises previously unseen mRNA sequences – identical to those used in the codon-based bench-
marking described in Section 4.2. This evaluation serves to provide an unbiased estimate of the model’s
generalization performance. Results from the tuning process, ablation study and test set evaluation
are presented in Section 5.2.
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5 Results

This chapter presents the empirical findings of the methodological approach described in Section 4,
addressing the research questions outlined in Section 1.2. We begin by benchmarking a range of state-
of-the-art DL models on the codon-encoded dataset (Section 4.1.3), with detailed benchmarking re-
sults provided in Section 5.1. Building on these results, we introduce and optimize a custom model,
PTRnet, which integrates additional sequence features and advanced training strategies. The out-
comes of this optimization are discussed in Section 5.2. Section 5.3 summarizes the overall test set
performance of the key models. Finally, Section 5.4 provides an in-depth analysis of PTRnet’s predic-
tions, offering further insights into model behavior and limitations.

5.1 Benchmarking Results

Based on the codon-encoded dataset (see Section 4.1.3), we tune, train and evaluate the different
backbone architectures according to the pipeline described in Section 4.2.1. The results and model
predictions will be presented and analyzed in more detail in the following sections and address the
first research question stated in Section 1.2: How accurately can mRNA sequences be classified into
low- and high-PTR ratio outcome across different human tissues using state-of-the-art deep learning
models?

5.1.1 Hyperparameter Tuning Results

The dataset is split into a training set (70%), a validation set (15%), and a test set (15%). The validation
set is used to evaluate models trained on the training data during hyperparameter tuning, which is
performed using the Optuna framework (Akiba et al., 2019) for efficient parameter search, as outlined
in Section 4.2.4. The search space comprises values for the different hyperparameters, informed by
prior work as well as our own experience and experiments. To constrain the search space and maintain
a practical tuning duration, we try to focus only on the most influential hyperparameters for each
model, as detailed in Appendix C.

All models are trained on two servers, each equipped with two A100 GPUs (see software and hard-
ware configuration in Appendix D), following the procedure described in Section 4.2.1. As the hard-
ware is shared with other users, training times may be affected by concurrent workloads.

We use a batch size of 64 samples for all experiments, except for xLSTM, where GPU memory lim-
itations lead us to reduce the batch size to 16. All sequence-based models are trained for up to 100
epochs with early stopping. However, the codon frequency MLP model ("MLP (freq)") is trained for
150 epochs, as it requires more iterations to converge. The learning rate for the AdamW optimizer
(PyTorch Contributors, 2023a) is treated as a tunable hyperparameter. In contrast, weight decay and
the parameters of the cosine annealing scheduler with warm restarts (PyTorch Contributors, 2024b)
remain fixed to reduce the size of the search space. The tuning process spans a maximum of 150 trials
over a 24-hour period, including 10 warm-up trials with randomly selected parameters and employs
the median pruner to terminate unpromising trials early.

The best-performing hyperparameters identified during tuning are summarized in Table 3 and are
used to evaluate model performance on the test set in Section 5.1.3.

5.1.2 Analysis of Hyperparameter Tuning

As shown in Table 3, the models exhibit substantial differences in training speed, which limits the
number of hyperparameter tuning trials for slower models. This constraint is particularly problem-

18This value corresponds to the learning rate used for the final test evaluation. The value obtained via Optuna tuning
on the training set alone suggested a tenfold larger value, which led to unstable training when applied to the full training
dataset (i.e., including both training and validation sets).
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Table 3: Best parameters of hyperparameter tuning. For documentation the runtime in hours (capped
at 24 hours) and number of trials (capped at 150) of the Optuna runs is given. Included hyperparame-
ters are codon embedding dimension (embed_dim), predictor network hidden dimension (pred_dim),
learning rate (lr), random sequence reversal flag (seq_rev), and model-specific hyperparameters.

Model Runtime (h) Trials embed_dim pred_hid lr seq_rev Model-Specific Params
MLP (baseline) 1.55 150 128 - 3.21e-4 True hidden_size: 512

dropout: 0.4
MLP (freq) 16.53 150 64 - 6.02e-4 True hidden_size: 512

dropout: 0.0
CNN 2.05 150 128 128 9.88e-4 True num_kernels_conv1: 64

num_kernels_conv2: 32
kernel_size_conv1: 6
kernel_size_conv2: 9
max_pool1: 20
max_pool2: 5

LegNet 24.00 80 128 32 2.30e-3 False kernel_size: 11
resize_factor: 6
se_reduction: 8
filter_per_group: 2

RiboNN 6.40 150 128 32 1.80e-3 True num_layers: 4
grad_clip_norm: 0.27
dropout: 0.1

LSTM 24.00 48 128 32 1.56e-4 False num_layers: 2
rnn_hidden_size: 512
bidirectional: True
dropout: 0.1

GRU 24.00 18 128 64 1.32e-5 True num_layers: 2
rnn_hidden_size: 256
bidirectional: True
dropout: 0.1

xLSTM 24.00 9 64 64 2.96e-4 False num_blocks: 5
conv1d_kernel_size: 9
m_qkv_proj_blocksize: 8
num_heads: 8
proj_factor: 1
dropout: 0.4

Transformer 24.00 11 32 128 1.09e-418 True num_layers: 12
dim_feedforward: 128
num_heads: 4
dropout: 0.2

Mamba 5.28 150 128 128 2.16e-4 True num_layers: 2
d_state: 16
d_conv: 2

atic for models with large search spaces, as the randomly initialized configurations in the early trials
may strongly influence the tuning outcome. This issue is especially pronounced for xLSTM, which
completes only nine trials despite its expansive search space, but it also affects GRU and Transformer
models. Consequently, the optimal hyperparameter combination may not be identified within the
allotted time.

Most architectures tend to prefer larger embedding dimensions (embed_dim) under the current
training pipeline. Dropout is commonly selected as a regularization strategy, though its extent varies
across models. Random sequence reversal, used as a form of data augmentation, appears benefi-
cial for seven out of ten models. However, the reversals overall influence on model performance is
consistently among the least significant hyperparameters (see Appendix C). More broadly, embed-
ding dimension stands out as a consistently important hyperparameter across models, whereas the
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predictor network hidden dimension (pred_hid) tends to be less impactful on average. Notably, hy-
perparameter importance varies considerably across models. For instance, learning rate and dropout
show high sensitivity in some architectures but limited relevance in others.

Training dynamics, as illustrated in Appendix C, further reveal that certain models, such as the
baseline MLP and Mamba backbone, exhibit instability and are highly sensitive to changes in hyper-
parameters. In contrast, models like the codon frequency-based MLP, LegNet, and Transformer back-
bones demonstrate greater stability and robustness to hyperparameter variations.

5.1.3 Benchmarking Results
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Benchmarking Results

Validation
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Figure 20: Test set AUC scores with 95% confidence intervals (Gildenblat, 2023) across models (trained
on train and validation set) and best validation set score of hyperparameter tuning with Optuna (on
train set).

Model Performance Overview. After training, AUC scores on the test and validation set are col-
lected for each model in Figure 20. We report 95% confidence intervals computed using the Python
package confidenceinterval (Gildenblat, 2023), which employs a fast implementation of DeLong’s
algorithm for analytical interval estimation (Sun & Xu, 2014). The simple codon frequency-based MLP
baseline ("MLP (freq)") outperforms all more complex models, reaching 72% AUC on the test set. The
shallow RFC ("RFC (freq)") achieves only 67% AUC, performing approximately on par with many deep
learning models. This is in line with previous findings by Hernandez-Alias et al. (2023) and Zheng et
al. (2025), which show that simple models leveraging hand-crafted features can be highly effective for
gene expression prediction. However, it is important to interpret the results with caution, as the rel-
atively wide confidence intervals suggest that the performance differences between models may not
be statistically significant.

Among the sequence-based models, LegNet performs best with 69% test AUC, though still three
percentage points below the frequency-based MLP. CNN-based backbones (LegNet, RiboNN, and CNN)
generally perform better than other architectures, providing support for the frequent use of CNNs in
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previous work in the field (Hwang et al., 2024; Zheng et al., 2025; Zrimec et al., 2021). Also the novel
xLSTM model achieves favorable results. In contrast, GRU, LSTM, Transformer, and the novel Mamba
model yield lower performance, with AUC scores around 67-68%. Across all sequence-based models,
performance variation is modest, ranging from 65% to 69% AUC. These results slightly exceed those
of Hernandez-Alias et al. (2023), who report an average AUC of 63% across tissue-specific models.

Validation-Test Score Discrepancies. Validation scores obtained through Optuna-based hyperpa-
rameter tuning generally align with test scores, but notable lower test scores occur for GRU, Mamba,
LSTM, and LegNet – which suggests overfitting to the validation set. The Transformer model initially
showed a large gap between validation and test AUC. Examination of loss curves revealed that the
tuned learning rate is too high when training on the combined train and validation sets, causing insta-
bility and oscillating validation losses. Reducing the learning rate by a factor of ten stabilized training
and yields more reliable benchmarking results. This intervention seemed reasonable, as the Trans-
former architecture was not able to learn at all which prevented a fair comparison. Similar issues of
suboptimal learning rates for the larger training set size may have affected GRU, LSTM and Mamba,
where tuning results do not fully transfer to the larger training setup.

5.1.4 Computational Efficiency and Model Complexity

Figure 21: Overview of benchmarking results. Including test and train AUC (trained on train and vali-
dation set), training time, average epoch duration, best epoch used for evaluation, number of model
parameters and FLOPs for one forward pass. For comparison, the best validation set score from hy-
perparameter tuning (on train set) is also included. The darker the green color, the better the per-
formance (AUC). The darker the red colors the higher the resource requirement (time, parameters,
FLOPs, epochs). Since the RFC baseline is different in architecture and training procedure, some val-
ues are not reported.

Training Efficiency and Resource Requirements. Figure 21 provides a detailed comparison of mod-
els with respect to performance, training procedure and model complexity. Alongside test, validation,
and train AUC scores, the figure includes total training time, average epoch duration, and the best
epoch selected for evaluation. Model complexity is captured through parameter counts and FLOPs
(floating point operations) for a single forward pass. While parameter counts are retrieved using the
PyTorch model summary, FLOPs are estimated via the fvcore library (Facebook Research, 2022), giv-
ing a best guess on FLOP counts. Notably, some components, especially within novel architectures
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and the predictor network, could not be included in the FLOP estimation, so reported values might
represent lower bounds.

Model Trade-offs: Performance vs. Efficiency. Mamba and xLSTM stand out with low parame-
ter counts but relatively high FLOP counts, indicating computationally intensive operations despite
compact architectures. In contrast, the MLP baseline exhibits a high number of parameters due to
its large fully connected layers. Surprisingly, xLSTM is the slowest to train among all models despite
its efficient parameter usage. LegNet is both parameter-heavy and relatively slow but offers top-tier
predictive performance. RiboNN achieves competitive results while training is an order of magnitude
faster than LegNet, suggesting a favorable trade-off between performance and efficiency. The slim
and simple CNN backbone stands out with rather few parameters and FLOPs while still achieving high
performance. The shallow RFC remains an outlier, offering solid performance despite its simplicity
and exceptionally fast training.

Overfitting Behavior. Analysis of the train AUC scores reveals that several models – especially the
frequency- and sequence-based MLPs, Mamba, and LegNet – exhibit signs of overfitting, with notice-
ably higher training AUC compared to test AUC in the best epoch. The train and test set loss curves
can be found in Appendix F.

5.2 PTRnet Optimization Results

As outlined in Section 5.1, the simple codon frequency-based MLP baseline outperformed all other
models, achieving 72% AUC on the test set. However, this model does not utilize sequence informa-
tion beyond codon frequencies, potentially limiting its capacity to capture more complex and nu-
anced patterns in the data. To overcome this limitation, we introduced a novel architecture in Sec-
tion 4.3, PTRnet, which extends the performant and efficient RiboNN architecture (Zheng et al., 2025).

This section presents the results of optimizing PTRnet. The optimization process includes hyper-
parameter tuning, architectural modifications, and unsupervised pretraining. An ablation study is
conducted to evaluate the contribution of these components on unseen data. The findings are dis-
cussed with respect to the second and third research questions defined in Section 1.2:

• Which additional features, particularly secondary structure predictions, enhance the predictive
accuracy of PTR ratio classification?

• Can the most promising DL architecture be further improved through extensive hyperparame-
ter tuning, architectural enhancements, and advanced training strategies such as unsupervised
pretraining?

5.2.1 PTRnet Configuration Tuning

As described in Section 4.3.1, we extend the RiboNN architecture by incorporating additional sequence
information, modifying its architecture, and applying advanced training techniques. The optimization
process was executed over 42 hours using two A100 GPUs in parallel, leveraging Optuna for configura-
tion search (Akiba et al., 2019). The search space and identified best configuration, based on highest
validation AUC, are summarized in Table 4.

19The importance of embedding dimension related features (dim_embedding and dim_embedding_tissue) is omitted
in the dashboard, but was provably part of tuning. Since dim_embedding depends on the concatenation or summing of se-
quence and tissue embeddings (i.e. if summed, dim_embedding = tissue_dim_embedding), if concat_tissue_feature
is True,tissue_dim_embedding is considered a parameter. Hence, the importance of these parameters might not be shown
in the dashboard due to the conditional nature of their search space.
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Table 4: Search space, best identified configuration and description of each parameter used in tuning
the PTRnet model.

Parameter Search Space Best Value Explanation

seq_encoding {"embedding", "ohe"} embedding Input encoding type (embedding vs. one-hot)
dim_embedding {16, 32, 64, 128} 32 Sequence feature embedding dimensionality
dim_embedding_tissue {4, 8, 16, 32} 4 Tissue embedding dimensionality
lr [1e-5, 1e-2] 4.59e-4 Learning rate of AdamW optimizer
weight_decay [1e-5, 1e-3] 6.79e-4 Weight decay coefficient in AdamW optimizer
grad_clip_norm [0.1, 5.0] 0.152 Norm of gradient clipping
reset_epochs {5, 10, 20} 20 Epoch interval for cosine annealing LR scheduler
T_mult {1, 2, 3} 1 Multiplicative factor for cosine annealing cycle length
num_layers {6, 7, 8, 9} 6 Number of convolutional layers in PTRnet
dropout {0.0, 0.1, 0.3} 0.0 Dropout applied between layers in PTRnet
seq_only {True, False} False Only sequence, no structure and coding area features
concat_tissue_feature {True, False} False Concatenate tissue to nucleotide embeddings
align_aug {True, False} True Align AUG codons across sequences by padding
frequency_features {True, False} True Input frequency-based features to predictor network
predictor_hidden {32, 64, 128} 32 Hidden dimension of the predictor network
predictor_dropout {0.0, 0.1, 0.3} 0.0 Dropout rate in the predictor network
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Figure 22: Relative hyperparameter importance of PTRnet based on Optuna’s fANOVA importance
evaluator (Optuna Contributors, 2018a).19

Figure 22 displays the relative importance of each parameter from the tuning process (see Ap-
pendix G for training curves, trial timeline and optimization history of the tuning process). The relative
importance is based on Optuna’s fANOVA importance evaluator (Optuna Contributors, 2018a), which
quantifies the impact of each hyperparameter on the validation AUC score by fitting random forest re-
gression models which predict the objective values given the parameter configurations of completed
trials (Hutter et al., 2014). The most influential parameters include the learning rate, number of convo-
lutional layers and strategy for contextualizing sequence embeddings – specifically, summing the se-
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quence and tissue embeddings rather than concatenating them (concat_tissue_feature), as done
in the benchmarking pipeline before in Section 4.2.1. Other notable factors, though less critical, in-
clude dropout in the convolutional layers, the gradient clipping norm and both the hidden dimension
and dropout rate of the predictor network.

5.2.2 Final PTRnet Architecture

The final PTRnet architecture is depicted in Figure 23. It extends the RiboNN model by introducing
several key modifications designed to enhance both performance and generalization. These modifi-
cations, guided by the configuration tuning results detailed in Section 5.2.1, include:

• Pretraining: PTRnet is pretrained using a denoising autoencoder strategy, where the model
learns to reconstruct the original sequence from a corrupted input (see also Section 4.3.1). This
pretraining phase allows the model to develop robust representations before fine-tuning on the
downstream task. The approach involves an encoder that maps the input sequence to a latent
representation, from which a decoder reconstructs the original sequence. The encoder com-
prises six stacked convolutional layers applied to the sum of tissue embeddings and nucleotide
embeddings (with secondary structure and coding region features). The decoder mirrors the
encoder architecture and consists of six transposed convolutional layers. The model is trained
to minimize reconstruction loss, computed as the cross-entropy between the original and re-
constructed sequences. After pretraining, the decoder is discarded, and the encoder’s weights
are used to initialize the PTRnet model for subsequent supervised training on the PTR classifi-
cation task. Pretraining is performed using the same hyperparameters as the baseline PTRnet
model (see Parameters in Table 4).

• AUG Alignment: Start codons (AUG) are aligned across sequences by padding the sequence
beginnings, ensuring consistent positional context.

• Encoding: Categorical input features are encoded using a learned embedding layer, instead of
the commonly utilized one-hot encoding.

• Secondary Structure Features: Predicted secondary structure and coding region indicators
are integrated as additional input features. These are summed with nucleotide embeddings to
augment the sequence representation.

• Tissue Information: The model backbone receives a tissue-contextualized sequence embed-
ding, computed as the element-wise sum of the augmented sequence representation and tissue
embeddings, rather than their concatenation.

• Convolutional Layers: The number of convolutional layers is reduced from 10 (as used in the
benchmarking setup) to 6, based on tuning outcomes. The hyperparameters used for the origi-
nal RiboNN configuration are provided in Table 3 and can be compared with the ones of PTRnet
in Table 4.

• Codon Frequency Features: The input to the predictor network is augmented by concatenat-
ing codon frequency features with the latent sequence representation produced by the convo-
lutional layers.

5.2.3 Ablation Study Results

Following the final PTRnet architecture of Section 5.2.2, we perform an ablation study to evaluate
the contribution of individual configurations and components. This is achieved by systematically re-
moving or altering specific elements and assessing the impact on test set performance. Results are
summarized in Figure 24.
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Figure 23: Final PTRnet architecture. The model extends RiboNN by incorporating additional se-
quence features, including codon frequencies and applying AUG alignment (right). The pretraining
strategy employs a denoising autoencoder approach in which the model learns to reconstruct the
original sequence from a corrupted input (left). Illustration inspired by Chuai et al. (2018, p. 4).

0.66 0.68 0.70 0.72 0.74 0.76
AUC

- AUG alignment

OHE of inputs

sequence only

- codon frequencies

baseline (tuned PTRnet)

+ pretraining

concat tissue embeddings

PTRnet Ablation Study Results

Test
Train

Figure 24: Ablation study results of PTRnet on the test set. Showing AUC scores with 95% confi-
dence intervals (Gildenblat, 2023) for different model configurations. The baseline model is based
on the best model configuration obtained from Optuna (Akiba et al., 2019) training, described in Sec-
tion 5.2.2.
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With all test AUC scores lying within 67.98% to 68.67%, model performance varies only marginally
and is, overall, statistically indistinguishable across different ablation configurations. The baseline
model, optimized through configuration tuning, achieves a test AUC of 68.50%. Pretraining this model
yields an AUC of 68.59%, corresponding to eleven additional correctly classified samples out of 2,773,
indicating that while pretraining is marginally beneficial, its impact remains limited in the current
implementation. However, on the training set, certain ablation variants – particularly those omitting
AUG alignment or using one-hot encoded (OHE) inputs – show statistically significant deviations from
the baseline, suggesting that these design choices might meaningfully affect model learning capacity.

Interestingly, concatenating tissue and sequence embeddings – contrary to the summation strat-
egy identified as optimal during tuning – results in a slight performance increase to 68.67%. The ef-
fects of incorporating codon frequencies into the predictor network or training solely on sequence
data appear negligible, suggesting that either the model inherently captures tissue-specific codon
usage bias and secondary structure features or it fails to make meaningful use of this additional infor-
mation.

In contrast, replacing learned embeddings with one-hot encoding and omitting AUG alignment
both reduce performance slightly, with AUC scores dropping to approximately 67.98% in each case.
Removing AUG alignment, however, led to a strong increase of train AUC, indicating overfitting behav-
ior in this setting.

Training curves for all ablation experiments are provided in Appendix H, where consistent over-
fitting is observed after approximately 40 epochs. Across all experiments, even with stronger regu-
larization by utilizing dropout, performance appears to plateau below 70% AUC – an upper limit that
none of our deep learning models has yet surpassed on the test dataset. This plateau is evident in the
final test set runs (Appendices F and H) and in the Optuna-based tuning results on the validation set
(Appendices C and G).

5.3 Overall Test Set Results

Figure 25 summarizes the final test set performance of the most relevant models. These models were
trained on the combined training and validation sets using the best configurations identified through
hyperparameter tuning and the PTRnet ablation study.

For comparison, results from Hernandez-Alias et al. (2023) are included. In their study, tissue-
specific Random Forest Classifiers (RFCs) were trained on custom-engineered features derived from
either sequence data or codon frequencies. These models were evaluated via 5-fold cross-validation
using the same dataset as this work. The reference score shown in Figure 25 represents the average
performance across all tissue-specific RFC models.

The lowest performance is observed in the shallow RFC models from Hernandez-Alias et al. (2023),
with a mean cross-validation AUC of 63.3%.20 When applied to our test set using codon frequency
features across all tissues, an RFC baseline achieved 66.82% AUC. In contrast, the pretrained PTR-
net model, trained on full nucleotide-encoded mRNA sequences enriched with secondary structure
features, achieved a higher test AUC of 68.6%. However, this is slightly lower than the 69.1% AUC
achieved by the simpler RiboNN model during benchmarking (Section 5.1.3). RiboNN, which serves
as the architectural foundation for PTRnet, was trained on codon-encoded representations of the cod-
ing regions only. The best overall performance was achieved by the MLP baseline model, which was
trained solely on codon frequency data. This simple model outperformed all others with a test AUC
of 72.2%, significantly outperforming the RFC baseline models.

20Since the result is taken from Hernandez-Alias et al. (2023), no confidence intervals could be estimated.
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Figure 25: Mean cross-validation AUC of RFCs of Hernandez-Alias et al. (2023) and test set AUC with
95% confidence intervals (Gildenblat, 2023) of major models trained on the combined training and
validation sets.

5.4 PTRnet Predictions Analysis

As outlined in Section 5.3, PTRnet struggles to match the performance of simpler models when ap-
plied to full nucleotide-encoded mRNA sequences enriched with secondary structure features. To bet-
ter understand the model’s behavior, this section analyzes PTRnet’s predictions and compares them
with those of the best-performing model – the codon frequency-based MLP ("MLP (freq)").

Recall that the binary classification task was designed so that nearly all mRNA sequences appear
twice in the dataset: once associated with a tissue exhibiting a low PTR ratio (lowest among all tissues
of a sequence and at least half of the across-tissue PTR ratio average) and once with a tissue exhibiting
a high PTR ratio (highest among all tissues and at least double the across tissue average). Only a few
edge cases deviate from this pattern: 35 sequences appear only once, due to only a low- or high-PTR
tissue meeting the target criteria (see Section 4.1.2) and four sequences appear three times, resulting
from tied PTR values that produce two low or two high labels for the same sequence.

5.4.1 Prediction Distribution

Figure 26 presents two visualizations based on the test set for both the PTRnet and MLP (freq) mod-
els: a confusion matrix of predicted versus true labels (left) and the distribution of correctly classified
samples per sequence frequency (right). The right-hand plots illustrate, for each unique mRNA se-
quence (y-axis), how many of its occurrences in different tissues were correctly classified (x-axis) as
either low- or high-PTR ratio samples.

The confusion matrix shows that PTRnet correctly classifies 1,772 out of 2,773 samples, corre-
sponding to an accuracy of 64%, whereas the codon frequency-based MLP achieves a slightly higher
accuracy of nearly 67%.

Given that most mRNA sequences appear twice in the dataset – once paired with a tissue show-
ing a low PTR ratio and once with a tissue showing a high PTR ratio – it is informative to examine
how often the model predicts the same class for both occurrences. The middle row of the right-hand
plot for PTRnet reveals that this occurs in 1,204 cases (43%). In comparison, the model predicts both
samples correctly for 1,132 sequences (41%) and both incorrectly for 390 sequences (17%). The MLP
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Figure 26: Confusion matrices (left) and number of correctly classified targets per sequence frequency
(right) for PTRnet (top) and MLP (freq) (bottom) on the test set. Some combinations are omitted due
to infeasibility: the number of correct predictions cannot exceed the total number of occurrences.

baseline performs marginally better across all categories. The upper and lower rows represent the
edge cases described in Section 5.4, where sequences appear only once or three times. Overall, these
results indicate that for only slightly more than 40% of the sequences, either model successfully cap-
tures tissue-specific differences in PTR ratios. While for a similar number of sequences, the model
just assigned one of the two categories, to score at least one correct. This suggests that while the
models exhibit some sensitivity to tissue context, their predictive capacity remains limited for many
sequences. The next section explores how these predictive patterns vary across tissues.

5.4.2 Predictions per Tissue

Figure 27 compares AUC scores across tissues for three different models: pretrained PTRnet, the codon
frequency-based MLP baseline ("MLP (freq)"), and the tissue-specific RFCs from Hernandez-Alias et al.
(2023). Tissues marked with † indicate that PTRnet produced only majority-class predictions based on
in tissue class imbalance, effectively failing to distinguish between low and high PTR classes. This is-
sue did not arise for the MLP baseline, while no such metadata is available for the RFC models.

The performance of PTRnet varies substantially across tissues, with AUC scores ranging from near-
random (around 50%) to strong predictive performance exceeding 80%. A similar trend is observable
for the RFCs and MLP baseline, though the variation is generally less pronounced.

All models appear to struggle with certain tissues, such as Testis, Esophagus, and Liver, whereas
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others like Kidney and Lung consistently yield strong performance. However, there remains notable
variation across models, each exhibiting distinct strengths and weaknesses. Importantly, AUC scores
may be artificially inflated due to within-tissue class imbalances, as can be seen in Appendix A. This
is particularly evident in tissues such as Fat, Brain, Appendices, and Urinary Bladder, where PTRnet
achieves high AUC values but resorts to majority-class predictions. In these cases, the model appears
to exploit label imbalance rather than learning biologically meaningful patterns.
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6 Discussion

The results of Section 5 provide insights into the feasibility and challenges of classifying sequence-
tissue pairs into low- and high-PTR categories using DL models. Here, we discuss the results in relation
to the research questions, highlighting the key findings, limitations, and potential avenues for future
research.

6.1 Discussion of Results

Benchmarking Results. The benchmarking experiments presented in Section 5.1 address the first
research question outlined in Section 1.2, namely, how accurately mRNA sequences can be classified
into low- and high-PTR ratio categories across different human tissues using state-of-the-art DL mod-
els. Within the standardized evaluation pipeline, the codon frequency-based MLP achieved the high-
est test AUC of 72.2%, also outperforming the shallow models used in previous studies (Hernandez-
Alias et al., 2023). In contrast, all sequence-based DL architectures plateaued below 70% AUC while
incurring substantially higher computational and memory costs (see Table 21). Most began to over-
fit after approximately 30–40 epochs despite the applied regularization strategies (Appendix F; see
also Section 5.3). These observations align with earlier work showing that hand-crafted codon usage
features contain considerable discriminative signal for PTR ratio classification (Eraslan et al., 2019;
Hernandez-Alias et al., 2023). Biologically, the superior performance of codon frequency representa-
tions suggests that tissue-specific synonymous codon biases and tRNA availability remain the domi-
nant determinants of translational efficiency in the current dataset, whereas incorporating secondary
structure information did not yield measurable improvements (Hanson & Coller, 2018; Hernandez-
Alias et al., 2023).

Achieving comparability across architectures required enforcing identical training data, codon-
level encoding, and predictor heads throughout the benchmarking pipeline (Section 4.2.1). While this
design isolates architectural effects and limits confounding from hyperparameter choices (Table 3),
it may also restrict certain models from reaching their optimal performance, potentially explaining
the suboptimal results of well-established architectures such as the Transformer. Consequently, part
of the observed performance gap may arise from these harmonization constraints rather than from
inherent limitations of the sequence models, and the reported scores should therefore be interpreted
within the bounds of the adopted pipeline.

Model Optimization Results. The second and third research questions (see Section 1.2) examine
whether additional features – particularly secondary structure features – can enhance the predictive
accuracy of PTR ratio classification and whether the most promising DL architecture can be further im-
proved through extensive hyperparameter tuning, architectural modifications, and advanced training
strategies.

To address these questions, the RiboNN architecture (Zheng et al., 2025) was selected as the most
promising sequence-based backbone architecture from benchmarking, achieving the second-highest
test AUC (69.1%) with high training speed. Building on this foundation, the custom PTRnet model
was developed as an extension of RiboNN. PTRnet utilizes nucleotide-encoded sequence inputs, inte-
grates additional features such as coding region indicators, secondary structure as well as loop type
and employs advanced training strategies, including unsupervised pretraining, AUG alignment, and
extensive hyperparameter optimization.

Despite these enhancements, PTRnet did not surpass the codon frequency-based MLP, achiev-
ing a lower test AUC of 68.6% compared to 72.2%. As detailed in the ablation study (Section 5.2.3),
architectural refinements such as learned embeddings and AUG alignment yielded only minor, sta-
tistically non-significant improvements. Similarly, incorporating structural annotations and unsuper-
vised pretraining did not meaningfully affect performance. Despite employing multiple regularization
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and training strategies – including pretraining, dropout, weight decay, data augmentation via random
sequence reversal, and layer normalization – overfitting could not be sufficiently mitigated (see Ap-
pendix H). Consequently, the second and third research questions can be answered in the negative:
under the current data regime, neither richer feature sets – including, among others, secondary struc-
ture features – nor extensive optimization of the leading sequence architecture is sufficient to narrow
the performance gap to codon frequency-based models. This finding further supports prior evidence
that codon usage remains the dominant correlate of PTR ratios (Eraslan et al., 2019; Hernandez-Alias
et al., 2023).

A persistent limitation across architectures is the difficulty of capturing tissue-specific context. For
43% of sequences, PTRnet predicts the same class for both the low- and high-PTR tissue occurrences,
underscoring limited sensitivity to within-gene differences (Section 5.4.1). Tissue-level evaluation fur-
ther reveals majority-class behaviour in imbalanced tissues such as Fat, Brain, Appendices, or Urinary
Bladder, which inflates AUC values without reflecting genuine regulatory insight (Section 5.4.2). Nev-
ertheless, tissues including Kidney and Lung exhibit strong performance, suggesting that the models
do learn biologically meaningful patterns when sufficient discriminative signal and balanced labels
are present.

6.2 Limitations

In addition to the limitations mentioned in the previous section, the following limitations of this thesis
should also be considered:

Target Variable Definition. The current binary classification scheme, based on Hernandez-Alias
et al. (2023), emphasizes across-tissue variation by designating one tissue per gene as low-PTR and
another as high-PTR (with edge cases as described in Section 5.4). This method yields a balanced
dataset and highlights the most pronounced tissue-gene combinations – those exhibiting particularly
low or high protein abundance. While this strategy effectively focuses the model on significant across-
tissue differences, it substantially limits the available information. Specifically, it discards PTR ratio
data from other tissues for each gene, narrows the task’s scope and thereby potentially overlooks
broader expression patterns and more subtle but biologically relevant tissue-dependent signals.

Training Data Quantity and Quality. The predictive power of all machine learning models is funda-
mentally limited by the amount and quality of available training data (James et al., 2023; Goodfellow
et al., 2016). In this thesis, the dataset is constrained by the number of mRNA sequences with reliable
PTR measurements across tissues. Furthermore, measurement errors and noise in the underlying ex-
perimental data can propagate through the models, limiting achievable accuracy (Zrimec et al., 2021,
p. 20; Franks et al., 2017).

Secondary Structure Prediction Accuracy. The integration of secondary structure features in this
thesis relies on the predictions of LinearFold (Huang et al., 2019) and bpRNA (Danaee et al., 2018).
While effective and efficient, they are not perfectly accurate and only show one probable secondary
structure outcome among many possible ones (Huang et al., 2019; Danaee et al., 2018; Binet et al.,
2023). Prediction errors or limitations in modeling complex mRNA structures may introduce noise
into the feature set, potentially obscuring true biological signals.

Experimental Scope and Methodology. The experimental design, including the choice, design,
and training procedure of models, feature encodings as well as evaluation metrics, represents only
a subset of possible approaches. Other architectures, feature representations, or training strategies
not explored here may yield different or improved results.
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Model Combinations. This thesis evaluates individual models in isolation. Potential benefits from
combining different architectures – in an ensemble or hybrid fashion – are not assessed.

6.3 Future Work

Based on the findings and limitations of this thesis, several avenues for future research can be pursued
to further enhance the understanding and prediction of mRNA translation efficiency:

Data-Related Considerations

• Increased Data Availability: Expanding the dataset to include more mRNA sequence samples
across diverse tissues, each paired with corresponding PTR ratio values, could enhance model
training. This could be particularly beneficial for more complex architectures – which currently
show limited performance – by providing them with the volume and diversity of data needed to
exploit their full capacity.

• Alternative Target Definition: Revising the current binary classification scheme to incorporate
all mRNA-tissue pairs with PTR ratios above or below a defined threshold, rather than restricting
the dataset to the top and bottom tissues per gene, could increase data size. Postprocessing
could still facilitate obtaining a balanced dataset. This approach would expose the model to a
wider range of tissue contexts per gene, capturing more nuanced protein expression patterns
and enabling more robust tissue-specific learning.

Architectural Extensions

• Graph Neural Networks (GNNs): GNNs present a promising direction, as mRNA molecules ex-
hibit intricate secondary and tertiary structures that can naturally be represented as graphs
(Hwang et al., 2024, p. 1301; Das et al., 2020). Leveraging GNNs may enable more effective mod-
eling of structural dependencies and contextual relationships within mRNA sequences.

• Specialized Transformers: Given the strong performance of Transformer architectures in ge-
nomic tasks (Choi & Lee, 2023), more specialized variants merit exploration. Models such as
Longformer (Beltagy et al., 2020), RNAdegformer (He et al., 2023), and DNABERT (Ji et al., 2021)
could be adapted to better capture long-range dependencies and structural features in mRNA
sequences.

• HyenaDNA & Bio-xLSTM: Novel architectures like HyenaDNA (Nguyen et al., 2023) and Bio-
xLSTM (Schmidinger et al., 2024) offer innovative alternatives to traditional attention mecha-
nisms and recurrent structures.

• Ensemble and Hybrid Architectures: Ensemble methods, such as model averaging or majority
voting across multiple seeds or models could improve prediction generalization and accuracy
(Goodfellow et al., 2016, pp. 256-258). Similarly, hybrid models that integrate different archi-
tectural paradigms – such as combining CNNs with Transformers or incorporating GNN layers –
may help harness complementary strengths.

Pretraining

• Expanded Pretraining Corpus: Enhancing the unsupervised pretraining dataset by including
a broader set of mRNA sequences – along with their predicted secondary structures – could
improve the quality of learned latent representations.
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• Alternative Unsupervised Objectives: Exploring different unsupervised learning objectives,
such as variational autoencoders (VAEs) or masked language modeling (MLM), may prove more
effective (He et al., 2023; N. Wang et al., 2024).

Training Procedures and Optimization

• Regularization Techniques: To counteract the overfitting observed in Appendices F and H, fu-
ture work could focus on refining regularization strategies. Techniques such as early stopping,
dropout at various levels, weight decay, data augmentation, and layer normalization were em-
ployed in this thesis. However, further exploration of these methods or the introduction of novel
regularization approaches may help improve model generalization.

• Alternative Encoding Strategies: Various encoding schemes for mRNA sequences, their as-
sociated features, and tissue-specific context could be explored, such as k-mer embeddings,
position-aware encodings, or learned latent representations (Hwang et al., 2024).

Alternative Prediction Objectives

• Classification vs Regression: Initial approaches of this thesis to predict the numeric PTR ratio
in a regression setting did not generalize effectively, achieving only an R2 of below 15% due to
overfitting. This limitation could be addressed with access to larger, high-quality datasets and
the application of more advanced modeling techniques.

• Predicting Deltas Across Tissues: In a regression framework, predicting the PTR ratio deltas
from across-tissue means instead of the individual values for each unique mRNA sequence could
shift focus of DL models to tissue-specific variations.

• Multi-Output Predictions: Jointly predicting PTR ratios for all tissues in a multi-output setting
could eliminate the need to explicitly encode tissue information in the input sequence.

• Auxiliary tasks: Integrating auxiliary tasks such as token reconstruction or secondary structure
prediction in a multi-task learning framework could improve model convergence and foster the
development of more generalizable representations. This setup may also help models implicitly
learn biologically meaningful patterns relevant to the primary classification objective.

Interpretability and Explainability

• Explainable AI Methods: Applying interpretability techniques (e.g., relevance propagation or
saliency maps) could help investigate what features the models focus on and gain insights into
why complex models overfit and fail to capture more subtle biological signals.

• Model and Prediction Analysis: Performing a more in-depth error analysis – such as examin-
ing gradients, activations, or misclassified examples – can provide insights into where and why
models fail, thereby revealing potential areas for improvement.
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7 Conclusion

This thesis investigates whether Deep Learning (DL) models can distinguish low and high Protein-to-
mRNA (PTR) ratios directly from mRNA sequences in a specific tissue. Across eleven thousand mRNA
sequences and 29 human tissues, we systematically compared different network architectures, train-
ing strategies, and feature augmentations, including secondary-structure predictions. While earlier
work has mostly emphasized across-gene variability as the main determinant of translational effi-
ciency, this thesis concentrates on the relatively smaller across-tissue differences that may contribute
to the identification of regulatory elements relevant to therapeutic gene design (Hernandez-Alias et
al., 2023; Eraslan et al., 2019; Zrimec et al., 2021).

Our findings indicate that sequence-based DL models can classify PTR ratios across tissues but
remain outperformed by simpler codon frequency-based approaches. The MLP trained exclusively
on codon usage achieved a test AUC of 72.2%, compared to 69.3% for the best-performing codon-
encoded backbone (LegNet) and 68.6% for the custom-designed PTRnet, which was pretrained and
optimized using secondary structure-enriched, nucleotide-level inputs. The shallow RFC baseline,
which reached an average of 63.3% AUC when trained separately per tissue in earlier work (Hernandez-
Alias et al., 2023), improved to 66.8% in our unified setting, yet still fell short of the codon frequency-
based MLP. These performance gaps underscore how quickly the deep, sequence-based models tend
to overfit despite extensive regularization.

The superiority of codon-informed models is consistent with long-standing evidence that synony-
mous codon usage mirrors tissue-specific tRNA availability and thereby modulates translation effi-
ciency (Gould et al., 2014; Hanson & Coller, 2018; Hernandez-Alias et al., 2023). By aggregating each
sequence into codon frequency profiles, the MLP effectively capitalized on these translational signa-
tures without needing to rediscover them from raw nucleotide context. This behaviour echoes re-
ports that GC- versus AT-ending codon preferences partition human tissues into distinct translational
regimes (Kudla et al., 2006), reinforcing the interpretation that our classifier succeeds precisely when
codon composition harmonizes with the tissue-specific protein synthesis machinery.

Despite these promising results on codon frequency data, considerable variability in prediction
performance across tissues persists. Kidney, Lung, and Thyroid achieved AUC values above 75%,
while Testis, Esophagus, and Liver remained close to random guessing (Figure 27), in line with previ-
ous work (Hernandez-Alias et al., 2023; Eraslan et al., 2019). Moreover, the confusion-matrix analysis
revealed that PTRnet predicted the same class for both tissue occurrences of an mRNA sequence in
1,204 out of 2,773 samples (43%; Figure 26), inflating accuracy in class-imbalanced tissues such as
Fat, Brain, Appendices, and Urinary Bladder where majority-class predictions yield deceptively high
scores (Figure 27).

Another important observation is that training unified models across all tissues consistently im-
proved generalization relative to tissue-specific training. The unified multi-tissue RFC, for instance,
surpassed the previously reported per-tissue average (Hernandez-Alias et al., 2023) by more than
three percentage points: 66.8% versus 63.3% AUC (Figure 25). These gains suggest the presence of
transferable features that encode shared translational control mechanisms across tissues.

Several factors may explain why the sophisticated PTRnet model did not meet expectations. Lim-
itations in data quality or quantity, architectural shortcomings, insufficient regularization, or a lack
of learnable sequence-level signals could all contribute. Indeed, it is possible that, as Eraslan et al.
(2019, p. 16) hypothesized, there may be no robust, deterministic sequence features that enable reli-
able prediction of across-tissue variability after all. As outlined in Section 6.3, future efforts could aim
to improve data curation, experiment with alternative modeling strategies, and integrate domain-
specific biological knowledge. The application of explainable AI techniques may also offer insights
into current model limitations and guide the design of more effective predictive tools.

Overall, this thesis demonstrates that applying deep neural networks to codon frequencies cur-
rently provides the most reliable option for effective PTR ratio classification. Future priorities include
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collecting larger, more balanced across-tissue datasets, along with exploring improved strategies to
mitigate overfitting. Incorporating measures of tRNA availability or codon optimality could further
clarify whether the learned representations truly reflect tissue-specific translational control and may
ultimately reveal actionable levers for therapeutic sequence optimization (Hanson & Coller, 2018;
Hernandez-Alias et al., 2023).
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Acronyms

ANN Artificial Neural Network

AUC Area Under the Curve

CDS Coding DNA sequence

CNN Convolutional Neural Network

DL Deep Learning

GRU Gated Recurrent Unit

HPA Human Protein Atlas

LSTM Long Short-Term Memory

ML Machine learning

MLP Multilayer Perceptron

mRNA messenger RNA

NLP Natural Language Processing

PTR Protein-to-mRNA

ReLU Rectified Linear Unit

RFC Random Forest Classifier

RNN Recurrent Neural Network

S4 Structured State Space Model

SSM State Space Model

UTR Untranslated region

xLSTM extended LSTM
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Appendix

A Detailed Dataset Composition

Class distribution per tissue in the codon- and nucleotide-encoded datasets. The test set has been
aligned to contain identical sequences to allow for direct comparison of the models.

Tissue PTR Class Codon-encoded Nucleotide-encoded

Train Val Test* Train Val Test*

Adrenal low 116 32 24 114 31 24
high 149 44 23 144 41 23

Appendices low 418 86 89 406 84 89
high 194 37 43 181 36 43

Brain low 204 49 38 196 47 38
high 523 124 81 501 119 81

Colon low 207 54 44 200 53 44
high 199 33 41 191 31 41

Duodenum low 161 32 34 157 32 34
high 144 30 25 141 27 25

Uterus low 92 24 24 87 24 24
high 136 29 29 130 28 29

Esophagus low 258 70 59 249 67 59
high 158 29 31 153 29 31

Fallopiantube low 139 37 27 136 35 27
high 224 40 62 219 40 62

Fat low 510 99 108 479 96 108
high 194 29 38 186 27 38

Gallbladder low 177 36 44 169 36 44
high 140 18 25 132 18 25

Heart low 402 64 72 391 64 72
high 253 59 51 238 56 51

Kidney low 274 71 66 259 66 66
high 295 61 62 293 60 62

Liver low 324 57 78 305 53 78
high 206 51 40 194 50 40

Lung low 303 63 55 292 59 55
high 552 111 103 521 108 103

Lymphnode low 186 23 25 176 23 25
high 177 46 35 174 46 35

Ovary low 369 82 63 354 78 63
high 308 72 68 301 70 68

Pancreas low 484 119 97 463 116 97
high 346 73 71 333 70 71

Placenta low 194 32 30 185 32 30
high 210 59 52 196 55 52

Prostate low 202 45 51 200 43 51
high 196 46 31 181 43 31

Rectum low 114 32 25 109 30 25
high 166 41 29 163 38 29
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Tissue PTR Class Codon-encoded Nucleotide-encoded

Train Val Test* Train Val Test*

Salivarygland low 244 45 33 232 44 33
high 218 50 45 209 47 45

Smallintestine low 113 21 29 109 20 29
high 181 30 28 174 28 28

Smoothmuscle low 197 42 35 195 39 35
high 223 50 60 210 49 60

Spleen low 133 42 37 129 41 37
high 152 30 28 151 28 28

Stomach low 105 25 21 103 24 21
high 135 41 34 126 40 34

Testis low 233 37 59 223 36 59
high 383 86 94 373 83 94

Thyroid low 181 49 40 166 45 40
high 363 73 73 353 72 73

Tonsil low 220 61 43 214 58 43
high 230 45 50 223 45 50

Urinary Bladder low 248 47 40 237 47 40
high 133 38 31 129 36 31

Sum low 6,808 1,476 1,390 6,535 1,423 1,390
high 6,788 1,475 1,383 6,520 1,420 1,383

Total 13,596 2,951 2,773 13,055 2,843 2,773
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B Sequence Length Distributions

The longest mRNA sequence in the dataset consists of 109,224 nucleotides. For better visual com-
parison of the raw data distributions, we do not show sequences with more than 10,000 nucleotides.
72 sequence-tissue tuples were hence not displayed from the codon encoded dataset and 392 from
nucleotide dataset.

The plots illustrate the sequence length distribution across sequence-tissue pairs in the training
data. These distributions represent sequence-tissue pairs rather than unique mRNA sequence lengths
as this is the final model input and in edge cases, sequences might also appear only once or even three
times.
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C Benchmarking Hyperparameter Tuning Analysis

Hyperparameter Search Spaces

Parameter search spaces for all benchmarked models are listed, with the first row containing shared
parameters: codon embedding dimension (embed_dim), predictor hidden dimension (pred_dim),
learning rate (lr), sequence reversal flag (seq_rev), and model-specific hyperparameters. Thelrand
grad_clip_norm are defined as ranges optimized using Optuna (Akiba et al., 2019). For the xLSTM ar-
chitecture, configurations with num_blocks set to 5 or 6 use only sLSTM blocks, while a value of 9 uses
exclusively mLSTM blocks, in accordance with the DNA-xLSTM variants described in Schmidinger et al.
(2024). The optimal parameters for each model are reported in Table 3.

Model Parameter Search Range
General Parameters (all models) embed_dim {16, 32, 64, 128}

seq_rev {True, False}
pred_hid {32, 64, 128}
lr (log) [1e-5, 1e-2]

MLP (baseline & frequency) hidden_size {64, 128, 256, 512}
dropout {0.0, 0.1, 0.2, 0.4}

CNN num_kernels_conv1 {32, 64, 128, 256}
num_kernels_conv2 {8, 16, 32, 64}
kernel_size_conv1 {3, 6, 9, 15}
kernel_size_conv2 {3, 9, 15}
max_pool1 {10, 20, 30}
max_pool2 {3, 5, 10}

LegNet kernel_size {5, 7, 9, 11, 13}
resize_factor {2, 4, 6, 8}
se_reduction {2, 4, 8}
filter_per_group {1, 2, 4}

RiboNN num_layers {1, 2, 4, 8}
grad_clip_norm (log) [0.1, 5.0]
dropout {0.0, 0.1, 0.2, 0.4}

LSTM num_layers {1, 2, 4}
rnn_hidden_size {128, 256, 512, 1024}
bidirectional {True, False}
dropout {0.0, 0.1, 0.2, 0.4}

GRU num_layers {1, 2, 4}
rnn_hidden_size {128, 256, 512, 1024}
bidirectional {True, False}
dropout {0.0, 0.1, 0.2, 0.4}

xLSTM num_blocks {5, 6, 9}
conv1d_kernel_size {4, 6, 9}
m_qkv_proj_blocksize {2, 4, 8}
num_heads {2, 4, 8}
proj_factor {1, 1.25, 2}
dropout {0.0, 0.1, 0.2, 0.4}

Transformer num_layers {4, 6, 8, 12}
dim_feedforward {128, 256, 512}
num_heads {2, 4, 8, 16}
dropout {0.0, 0.1, 0.2, 0.4}

Mamba num_layers {1, 2, 4, 8}
d_state {8, 16, 32, 64}
d_conv {2, 3, 4}
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Hyperparameter Importance & Training Curves

Model Parameter Importance Training Curves (AUC)

MLP (baseline)

MLP (freq)

CNN

LegNet

RiboNN
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Model Parameter Importance Training Curves (AUC)

LSTM

GRU

xLSTM

Transformer

Mamba
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Optimization History & Trial Timeline

Model Optimization History Trial Timeline

MLP (baseline)

MLP (freq)

CNN

LegNet

RiboNN
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Model Optimization History Trial Timeline

LSTM

GRU

xLSTM

Transformer

Mamba
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D Hardware and Software Configuration of Experimental Servers

For the exact package versions used in the experiments, please refer to the environment.yml file in
the GitHub repository (see below). The environment was created using themambapackage manager21,
which is a faster alternative to conda. The environment file contains all the necessary dependencies
and their versions to replicate the setup.

For the experiments, we had access to two identical servers with shared filesystem with the following
specifications:

Component Specification

CPU Model Intel Xeon Silver 4214R @ 2.40GHz
CPU min MHz 1000 MHz
CPU max MHz 3500 MHz
CPU Cores 24 cores per socket, 2 sockets (48 threads total)
L1 Cache 768 KiB L1d + 768 KiB L1i (per 24 instances)
L2 Cache 24 MiB (24 instances)
L3 Cache 33 MiB (2 instances)
Operating System Ubuntu Linux 6.8.0-54-generic (x86_64)
GPU Model 2× NVIDIA A100-PCIE-40GB
GPU Memory 40960 MiB per GPU
CUDA Version 12.2
NVIDIA GPU Driver Version 535.216.03
Python Version 3.10.14
PyTorch Version 2.4.1

GitHub source code: https://github.com/f-krause/master-thesis

Environment file: https://github.com/f-krause/master-thesis/blob/main/environment_files/
environment_linux_py3.10.yml

21https://mamba.readthedocs.io/en/latest/index.html
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E Benchmarking Test Set Metrics

Below we report diverse metrics for the training, validation, and test sets. The validation metric cor-
responds to the best AUC score achieved on the validation set during hyperparameter tuning with
Optuna. The training and test scores are computed using the model trained with the optimal hyper-
parameters on the combined training and validation sets and evaluated on the test set. A darker shade
of green indicates better performance.
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F Benchmarking Train and Test Set Training Curves

The following plots show the training and test loss curves (Binary Cross Entropy Loss and negative
AUC) for all benchmarked models when trained on the training and validation set and evaluated on
the test set. The visualization is obtained from the tracking software Aim (Arakelyan et al., 2020). The
curves are smoothed for better visualization and comparability.
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G Hyperparameter Tuning of PTRnet

Hyperparameter tuning visualizations for PTRnet.

(a) Training Curves (AUC)

(b) Trial Timeline

(c) Optimization History
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H PTRnet Ablation Study Train and Test Set Training Curves

The following plots show the training and test loss curves (Cross Entropy Loss and negative AUC) for
the PTRnet ablation study models when trained on the training and validation set and evaluated on
the test set. The visualization is obtained from the tracking software Aim (Arakelyan et al., 2020). The
curves are smoothed for better visualization and comparability.
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