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Abstract

Proteomic analysis plays a central role in unraveling the complex molecular underpin-
nings of biological systems. However, traditional approaches to protein inference and pep-
tide sequencing have been hampered by challenges such as data complexity, label scarcity,
and spectral noise. In this thesis, we leverage advanced deep learning techniques to address
these challenges, thereby expanding the efficacy of proteomic analyses.

Our work is organized around three major contributions. First, we introduce GraphPI,
a novel protein inference framework that redefines the inference problem as a node clas-
sification task within a tripartite graph structure. In GraphPI, proteins, peptides, and
peptide-spectrum matches (PSMs) are modeled as interconnected nodes, while edges in-
corporate features such as peptide identification scores and a specialized peptide-sharing
attribute. By harnessing a tailored graph neural network (GNN) architecture inspired by
GraphSAGE, our approach effectively aggregates and propagates information across het-
erogeneous node types. Critically, GraphPI is trained in a semi-supervised manner using
pseudo-labels generated from established protein inference methods, combined with hard
negative decoy information. This training process not only circumvents the typical bot-
tleneck of limited labeled data but also yields protein scores that generalize across diverse
datasets, all while substantially reducing computational overhead relative to Bayesian net-
work—based approaches. Experimental evaluations on multiple benchmark datasets demon-
strate that GraphPI delivers competitive accuracy with significant speed improvements,
thus paving the way for real-time applications in large-scale proteomic studies.

Second, we present DIANovo, an innovative deep learning method designed to tackle
the inherent complexities of Data-Independent Acquisition (DIA) data for de novo pep-
tide sequencing. Unlike conventional de novo approaches that often struggle with the
multiplexed nature of DIA spectra, DIANovo incorporates a suite of strategies to man-
age coelution and spectral noise. Our approach begins by constructing a spectrum graph
that captures the mass differences between peaks. Next, a Transformer-based encoder, en-
hanced with Rotary Positional Embeddings (RoPE), processes the graph by encoding these
mass differences along its edges, effectively treating the spectrum graph as fully connected.
Furthermore, DIANovo introduces a coelution-aware pretraining stage, where the model is
first optimized to predict ion types from coeluting peptides. This pretraining step equips
the network with a nuanced understanding of spectral interferences, thereby improving
the fidelity of subsequent peptide sequence predictions. In addition, a two-stage decoding
strategy is employed: the first stage identifies an optimal path through the spectrum graph,
while the second refines this path to generate a final amino acid sequence by filling in mass
tags. Comparative analyses against state-of-the-art methods reveal that DIANovo achieves



significant improvements in both amino acid and peptide recall, especially when applied to
high-quality narrow-window DIA data obtained from next-generation instruments such as
the Orbitrap Astral. Moreover, we investigate whether DIA identifies more peptides than
DDA in de novo sequencing by comparing their performance on the same biological sample
under varying acquisition modes and parameters. Our results demonstrate that DIA only
outperforms DDA when employing narrower isolation windows.

The third component of this thesis presents a comprehensive theoretical analysis that
sheds light on the performance limits of peptide identification methods. By linking the
signal-to-noise profile to peptide identification accuracy, our study elucidates the inher-
ent trade-offs between Data-Dependent Acquisition (DDA) and DIA strategies. We derive
quantitative metrics to predict peptide identification performance under a range of ex-
perimental conditions, and these predictions are validated against empirical data. This
framework not only explains why Astral DIA data can provide superior peptide coverage
in certain scenarios but also delineates the conditions under which peptide identification is
most favorable. These insights are crucial for guiding the design of future mass spectrom-
etry experiments and for optimizing computational pipelines in proteomic research.

Collectively, the three contributions of this thesis demonstrate the transformative po-
tential of integrating deep learning with advanced computational frameworks in proteomics.
GraphPI and DIANovo both showcase how novel neural network architectures can over-
come longstanding challenges in protein inference and de novo peptide sequencing, while
the theoretical analysis provides a foundation for understanding and further refining these
methodologies. The experimental results across multiple datasets underscore the robust-
ness, efficiency, and generalizability of our approaches, suggesting that deep learning—based
strategies will play an increasingly central role in the future of proteomic analysis.

In conclusion, this work not only advances the state-of-the-art in protein and peptide
identification but also offers practical solutions for handling large-scale, complex proteomic
data. By bridging the gap between theoretical insights and practical implementations, our
integrated framework lays the groundwork for enhanced biomarker discovery, more accurate
disease diagnosis, and a deeper understanding of biological systems at the molecular level.
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Chapter 1

Introduction

Proteins are essential biomolecules that orchestrate virtually every cellular process, includ-
ing metabolic regulation, signal transduction, and immune responses [5]. The complete
set of proteins expressed by a cell, tissue, or organism at a given time collectively known
as the proteome is highly dynamic and re ects the current state of biological systems
[2]. Proteomic analysis is therefore crucial for understanding cellular functions, disease
mechanisms, and for identifying potential biomarkers and therapeutic targets [141][24].
Variations in protein expression patterns are frequently associated with diseases such as
cancer and neurodegenerative disorders, underscoring the importance of accurate and com-
prehensive proteomic pro ling [48][27].

1.1 Shotgun Proteomics

To navigate the complexity inherent in biological samples, shotgun proteomics has emerged
as a pivotal high-throughput approach for comprehensive protein analysis [137]. This
method involves the enzymatic digestion of proteins into smaller peptides, which are then
analyzed using mass spectrometry to infer the protein content of the sample [146]. Central
to this approach is tandem mass spectrometry (MS/MS), where peptides are rst ionized
and then fragmented to produce spectra representing the mass-to-charge (m/z) ratios of
peptide fragments [115]. Peptide identi cation, the process of determining peptide se-
quences from MS/MS data, relies on interpreting these spectra [22]. Subsequently, protein
identi cation involves linking the identi ed peptides back to their parent proteins, which

is critical for understanding protein functions and interactions within the biological system

[94].



Figure 1.1: Components of mass spectrometer.

Figure 1.2: Tandem mass spectrometry process.

1.1.1 Tandem Mass Spectrometry

Mass spectrometry (MS) is a fundamental analytical technique that enables the identi ca-
tion and quanti cation of molecules by measuring their mass-to-charge ratio (m/z). It has
revolutionized multiple scienti ¢ disciplines, including chemistry, physics, and life sciences,
due to its high sensitivity, precision, and capability to analyze complex biological mixtures.

A typical mass spectrometer consists of three primary components: an ion source, which
ionizes the sample molecules into the gas phase; a mass analyzer, which separates these
ions based on their m/z values; and an ion detector, which measures the abundance of
detected ions, generating a mass spectrum (Figure 1.1) [1] [28]. This conventional MS
setup provides valuable insights into molecular composition but often lacks the structural
information required for in-depth analysis of biomolecules such as peptides and proteins.

To overcome this limitation, tandem mass spectrometry (MS/MS) extends conventional
MS by incorporating multiple rounds of mass selection and fragmentation, allowing for a
more detailed examination of molecular structures. In MS/MS, the rst mass spectrometry
stage (MS1 scan) records the m/z values of all ionized molecules present in the sample. A
subset of these ions, referred to as precursor ions, is then isolated and subjected to fragmen-
tation using dissociation techniques such as collision-induced dissociation (CID), higher-
energy collisional dissociation (HCD), or electron-transfer dissociation (ETD) [96][118].
These fragmentation methods break the precursor ions into smaller fragment ions, which
are subsequently analyzed in a second mass spectrometry stage (MS2 scan), producing
an MS2 spectrum (Figure 1.2). This spectrum provides structural information about the
precursor ions, making MS/MS a crucial tool in proteomics, lipidomics, and metabolomics

[L3][16].

In proteomics, tandem mass spectrometry is widely used for peptide and protein iden-
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ti cation, enabling large-scale characterization of biological samples. The process typically
involves digesting proteins into peptides using proteolytic enzymes such as trypsin before
MS analysis. The resulting peptide fragments are then analyzed in an MS1 scan, fol-
lowed by fragmentation and analysis in an MS2 scan. The selection of precursor ions for
fragmentation is guided by di erent acquisition strategies, the most common being Data-
Dependent Acquisition (DDA) and Data-Independent Acquisition (DIA). In DDA, only

a xed number of the most abundant precursor ions are selected for fragmentation per
scan cycle [85]. In contrast, DIA fragments all precursor ions within a speci ed m/z range

[421077].

MS/MS has become an indispensable tool in modern biomedical research, enabling the
identi cation of post-translational modi cations (PTMs), protein-protein interactions, and
biomarker discovery for diseases such as cancer and neurodegenerative disorders [148][113].
Advances in MS-based proteomics have also facilitated breakthroughs in precision medicine,
where mass spectrometry is used to identify disease-speci ¢ molecular signatures, aiding
in the development of targeted therapies [41]. Moreover, MS/MS plays a critical role in
metabolomics and lipidomics, allowing researchers to study small molecules and lipids in
various biological systems [104][15].

In summary, tandem mass spectrometry signi cantly enhances the analytical power
of traditional MS by providing detailed structural information through ion fragmentation
and sequential mass analysis. Its applications extend beyond proteomics to metabolomics,
lipidomics, and clinical diagnostics, making it a cornerstone technique in molecular and
systems biology.

1.1.2 Identi cation Modes in Shotgun Proteomics

The identi cation of proteins from mass spectrometry data typically involves two stages,
including peptide sequencing and protein identi cation. As shown in Figure 1.3, protein
identi cation methods can be broadly categorized into database-dependent and database-
free approaches. Database-dependent methods rely on prior knowledge from known protein
sequences, while database-free methods infer sequences directly from MS data without re-
quiring a reference database. This section provides an overview of peptide database search,
spectral library search, and protein inference (database-dependent approaches), as well as
de novo peptide sequencing and de novo protein assembly (database-free approaches).

Database-Dependent Approaches



Figure 1.3: Identi cation modes in shotgun proteomics.

" Peptide Database Search

Peptide database search is one of the most common computational approaches for
peptide identi cation. In this method, MS/MS spectra are matched against a protein
sequence database, which is typically constructed from genome or transcriptome
sequencing data [1]. The database is rst in silico digested using the cleavage rules
of a speci c protease (e.g., trypsin) to generate a list of theoretical peptides. Each
experimental MS2 spectrum is then compared to these theoretical peptides, and a
similarity score is assigned to rank potential matches. The peptide with the highest
peptide-spectrum match (PSM) score is selected as the most likely identi cation [34].

A key advantage of database searching is the ability to control the false discovery
rate (FDR) using the target-decoy search strategy. This strategy involves generating

a set of decoy sequences (e.g., reversed or shu ed protein sequences) and searching
them alongside the real database [31]. By analyzing the frequency of incorrect iden-
ti cations from the decoy set, researchers can estimate the FDR and lter results to
maintain high con dence identi cations. Popular database search tools include SE-
QUEST [34], Mascot [99], X!Tandem [23], Comet [33], MaxQuant [21], and PEAKS

[145].

Despite its widespread use, peptide database search has limitations. It cannot identify
novel peptides that are absent from the reference database, which restricts its appli-
cability for studying mutated, modi ed, or non-canonical proteins [93]. Additionally,

it relies on accurate precursor mass measurements, as incorrect mass assignments can
lead to missed identi cations. [34]



" Spectral Library Search

Spectral library search is an alternative to traditional peptide database search that
uses experimentally derived peptide spectra instead of theoretical sequences. A spec-
tral library is a collection of high-quality MS/MS spectra annotated with known
peptide sequences [66]. When analyzing a new sample, the experimental spectra
are compared directly to this reference library, and the best-matching spectrum is
selected for peptide identi cation.

One major advantage of spectral library search is its speed and e ciency. Because the
search space is signi cantly reduced compared to sequence-based database searching,
spectral library search is computationally faster and can improve the sensitivity of
peptide identi cation [40]. Moreover, spectral libraries contain rich fragmentation
pattern information, allowing for better discrimination between correct and incorrect
matches.

However, spectral library searching also has limitations. It requires high-quality
reference spectra, meaning that peptides not represented in the library cannot be
identi ed. Additionally, constructing comprehensive spectral libraries can be labor-
intensive and may require extensive prior experimentation. This method is par-
ticularly useful for data-independent acquisition (DIA) proteomics, where it often
outperforms database searching in identi cation sensitivity [42]. Common tools for
spectral library search include SpectraST [66], Spectronaut [14], and OpenSWATH

[105].

Protein Inference

Once peptides have been identi ed using either peptide database search or spectral
library search, the next step is protein inference, where peptide sequences are mapped
back to their corresponding proteins [94]. Because many peptides can be shared
among multiple proteins, determining the exact source protein(s) is often ambiguous.
Various computational methods, such as parsimony-based approaches, attempt to
infer the minimal set of proteins that can explain the observed peptides.

Protein inference bene ts from having a prior protein sequence database, which al-
lows for robust identi cation and quanti cation. However, it su ers from limitations
such as ambiguity in peptide-to-protein mapping and incomplete sequence coverage,
making it challenging to distinguish protein isoforms or homologous proteins [110].

Database-Free Approaches



" De Novo Peptide Sequencing

Unlike database-dependent methods, de novo peptide sequencing reconstructs pep-
tide sequences directly from MS/MS spectra, without relying on any existing sequence
database [80]. This approach is essential when studying novel proteins, mutations,
or post-translational modi cations (PTMs) that are not represented in reference
databases.

The core idea of de novo sequencing is to analyze the fragment ion series produced by
peptide fragmentation and infer the amino acid sequence step by step [29]. Various
computational methods have been proposed to solve this problem, including spectrum
graph analysis, dynamic programming, and probabilistic models [S]. More recently,
deep learning has signi cantly improved de novo sequencing accuracy, with models
such as DeepNovo [124] achieving state-of-the-art results.

While de novo sequencing provides unbiased peptide identi cation, it is challenging
due to spectral noise and missing fragment ions. Additionally, de novo sequencing
typically has lower con dence than database search methods, and validation is often
required using orthogonal techniques [145].

De Novo Protein Assembly

While de novo peptide sequencing reconstructs individual peptides, de novo protein
assembly attempts to rebuild full protein sequences from identi ed peptides [111].
This process is signi cantly more challenging than peptide sequencing due to incom-
plete peptide coverage, sequencing errors, and ambiguous mappings.

De novo protein assembly typically involves computational overlapping and stitching

of peptides to reconstruct the full-length protein sequence. While it remains an
emerging eld, it has promising applications in proteogenomics, antibody sequencing,
and novel protein discovery. [35]

Compared to protein inference, which relies on existing databases, de novo protein
assembly is entirely database-independent and can uncover previously unknown pro-
teins. However, due to incomplete MS coverage, the assembled sequences often con-
tain gaps or errors, requiring additional validation through RNA sequencing or long-
read proteomics [113].

In summary, the identi cation of peptides and proteins in shotgun proteomics can be
performed using database-dependent approaches, such as peptide database search, spectral
library search, and protein inference, or database-free approaches, such as de novo peptide
sequencing and de novo protein assembly. While database search methods benet from
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Figure 1.4. DDA vs DIA.

high con dence and controlled FDR, they are limited to known proteins. In contrast, de
novo methods allow for the discovery of novel proteins but face challenges such as lower
accuracy and increased computational complexity.

1.1.3 Data Dependent Acquisition (DDA) and Data Independent
Acquisition (DIA)

Data-Dependent Acquisition (DDA) and Data-Independent Acquisition (DIA) are two
widely used strategies for selecting precursor ions in tandem mass spectrometry (MS/MS)
experiments. While both methods aim to generate MS2 spectra for peptide identi cation,
they dier in their approaches to precursor ion selection and fragmentation, leading to
distinct strengths and weaknesses. The comparison between DDA and DIA is illustrated
in Figure 1.4.

DDA is a targeted fragmentation approach in which the mass spectrometer rst per-
forms an MS1 scan to detect all ionized peptides in the sample. It then selects a subset of
the most intense precursor ions for fragmentation and MS2 analysis, prioritizing those with
the highest signal at each scan cycle. This method produces high-quality MS2 spectra with
a strong signal-to-noise ratio, making peptide identi cation relatively straightforward [1].
Additionally, DDA generates a manageable number and size of spectra, reducing computa-
tional complexity and making data analysis more e cient. Due to its long-standing use in
proteomics, DDA is well-supported by existing protein databases and identi cation algo-
rithms [28]. However, DDA has notable limitations. Because precursor selection is based
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on ion intensity, low-abundance peptides are often underrepresented, leading to incomplete
proteome coverage [35]. Furthermore, its stochastic nature means that di erent runs on
the same sample may yield di erent sets of identi ed peptides, limiting reproducibility.

In highly complex samples, such as clinical or environmental proteomes, DDA may fail to
capture all relevant peptides, resulting in missing data [42].

In contrast, DIA is an untargeted fragmentation approach that systematically frag-
ments all precursor ions within prede ned m/z windows in each scan cycle. Unlike DDA,
which isolates only a few precursor ions per cycle, DIA ensures that all detectable pre-
cursors are fragmented, leading to a more comprehensive dataset. This approach provides
better reproducibility, as the same peptides are analyzed across multiple runs, making
DIA particularly advantageous for large-scale proteomics studies [77]. Moreover, because
all precursors are fragmented, DIA achieves improved identi cation and quanti cation by
minimizing missing values [42]. However, these advantages come at the cost of increased
data complexity. Since multiple precursor ions are fragmented simultaneously, MS2 spectra
generated in DIA are signi cantly more complex than those in DDA, requiring sophisti-
cated computational methods for peptide identi cation [105]. The sheer volume of data
produced by DIA also demands higher computational resources, making data processing
more challenging [91]. Despite these challenges, DIA is increasingly favored for applications
requiring high reproducibility and comprehensive peptide detection.

The protein inference method we propose is theoretically compatible with both DDA
and DIA data, as it does not impose restrictions on the acquisition strategy. However,
our de novo sequencing project focuses exclusively on the DIA case, taking advantage of
its ability to generate extensive peptide coverage. Additionally, our theoretical analysis
of peptide identi cation performance applies to both DDA and DIA, ensuring that our
ndings remain relevant across di erent acquisition methods.

1.2 Deep Learning

Deep learning, a subset of machine learning, has emerged as a powerful computational
approach for modeling complex patterns and relationships in data. It is characterized by
the use of multi-layer arti cial neural networks, which are capable of learning hierarchi-
cal representations from raw data. Unlike traditional machine learning methods that rely
on manually designed features, deep learning enables end-to-end learning, allowing mod-
els to automatically extract and re ne features through training. This ability to learn
complex patterns makes deep learning particularly e ective in domains where data is high-
dimensional, noisy, or structured in non-trivial ways.
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Figure 1.5: A three-layer MLP.

One of the most fundamental deep learning architectures is the multi-layer perceptron
(MLP), a fully connected neural network where each layer of neurons applies a learned
transformation to the input data before passing it to the next layer, illustrated in Fig-
ure 1.5. MLPs are theoretically universal function approximators, meaning that given
enough neurons and layers, they can approximate any continuous function [53]. This uni-
versal learnability characteristic is crucial in deep learning, as it allows models to capture
highly complex data distributions that are di cult to express with traditional rule-based
approaches.

In recent years, deep learning has revolutionized a wide range of elds, including com-
puter vision, natural language processing (NLP), speech recognition, drug discovery, and
biomedical research [68]. The success of deep learning is largely attributed to three key
factors. First, the availability of large-scale datasets has enabled models to learn from vast
amounts of information, improving their ability to generalize. Second, advancements in
computational hardware, particularly the widespread adoption of graphics processing units
(GPUs) and tensor processing units (TPUs), have accelerated neural network training and
inference, making deep learning feasible for large-scale applications. Finally, algorithmic
innovations, such as improved activation functions, optimization techniques, and novel
network architectures, have signi cantly enhanced model performance and scalability.

In the context of shotgun proteomics, deep learning has become an essential tool for im-
proving peptide and protein identi cation, quanti cation, and functional annotation. The
complexity of proteomics data arises from the vast combinatorial space of possible peptides,
the variability in fragmentation patterns during mass spectrometry (MS), and the chal-
lenges in distinguishing signal from noise in MS spectra. Traditional approaches, such as



database searching and heuristic-based scoring functions, often struggle with noisy, incom-
plete, and ambiguous spectra, limiting their ability to identify peptides with high accuracy
[43]. Deep learning methods address these challenges by learning complex fragmentation
patterns in mass spectrometry data, allowing for more precise de novo peptide sequencing
and improved scoring of peptide-spectrum matches in database searches [124][143]. Ad-
ditionally, neural networks can infer missing peaks in mass spectrometry data, helping to
reconstruct incomplete spectra and improve spectral interpretation. This ability to recon-
struct spectra enhances peptide identi cation and reduces ambiguity in spectral matching

[121].

Deep learning is also well-suited for handling the high-dimensional nature of proteomics
data, particularly in modeling relationships within peptide fragmentation spectra, protein-
peptide-spectrum mappings, and other structured representations of MS data. Architec-
tures such as transformers and graph neural networks (GNNs) have demonstrated e ective-
ness in capturing these relationships. [31] Furthermore, deep learning enables large-scale
proteomics studies by signi cantly reducing computational costs and increasing the speed
of peptide-spectrum analysis. Modern neural networks can e ciently process millions of
spectra, facilitating high-throughput proteomics work ows that were previously computa-
tionally infeasible [36] [121]. Given these advantages, deep learning is increasingly inte-
grated into proteomics pipelines, enhancing both the accuracy and scalability of peptide
and protein identi cation.

1.2.1 Graph Neural Networks

Graph neural networks (GNNs) have emerged as a powerful class of deep learning models
designed to process data represented as graphs. Unlike traditional neural networks, which
operate on structured data such as images or sequences, GNNs excel in learning repre-
sentations from relational data, where entities (nodes) are connected through interactions
(edges) [138]. The core idea behind GNNs is message passing, where each node itera-
tively aggregates information from its neighbors to update its representation. This enables
the model to learn structural dependencies within the graph, making GNNs particularly

e ective for applications in social networks, molecular chemistry, knowledge graphs, and
proteomics [149].

In the context of shotgun proteomics, graphs naturally arise when modeling the rela-
tionships between proteins, peptides, and mass spectra. These entities form a structured
protein-peptide-spectrum graph, where nodes represent di erent biological components,
and edges capture the interactions between them. In an MS2 spectrum, the peaks can be
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represented as a spectrum graph, where nodes correspond to the masses of amino acids
extending from the N-terminal, and edges indicate possible amino acid sequences connect-
ing two nodes. GNNs provide an e ective framework for analyzing these relationships by
leveraging graph-based message passing to improve protein inference and peptide identi -
cation.

Among the various GNN architectures, GraphSAGE (Graph Sample and Aggregate)
[47] is particularly well-suited for large-scale graphs, as it employs neighbor sampling in-
stead of aggregating information from all connected nodes. Instead of considering the
entire neighborhood of a node, GraphSAGE randomly samples a xed number of neigh-
bors and aggregates their information. This approach signi cantly reduces computational
complexity while maintaining representative graph structure learning. The general update
rule for GraphSAGE at each noder is:

hd = W, AGGREGATE fh V:u2N (v)g (1.1)

where:

~ h( is the representation of noder at layer k.

N (v) denotes the sampled neighborhood of node
W, is a trainable weight matrix.

AGGREGATE represents di erent neighborhood aggregation mechanisms, such as
mean pooling, max pooling, or LSTM-based aggregators. Although LSTMs are not
permutation-invariant, they can be used when node neighborhoods are ordered (e.qg.,
by structural or learned criteria), enabling more expressive, sequence-based aggrega-
tion as explored in GraphSAGE [47].

is a non-linear activation function.

By learning node representations through sampled message passing, GraphSAGE gen-
eralizes to unseen nodes, making it highly e ective for large and dynamic graphs.

Biological graphs, such as protein-peptide-spectrum graphs, exhibit heterogeneity, mean-
ing they contain multiple node types and edge types, each with di erent semantic meanings.
Standard GNNs typically assume homogeneous graphs, where all nodes and edges follow
the same message passing scheme. However, in real-world proteomics applications, di er-
ent types of interactions, such as protein-peptide bindings and peptide-spectrum matches,
require distinct aggregation strategies.
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GraphSAGE can be extended to handle heterogeneous graphs by assigning di erent
message passing schemes to di erent types of nodes and edges. Speci cally, GraphSAGE
can adopt type-speci ¢ aggregation functions where each node type has a separate aggre-
gation function to process neighborhood information di erently. This advantage makes
GraphSage suitable our protein inference problem.

1.2.2 Transformers

The Transformer architecture has become a foundational model in deep learning, par-
ticularly in domains involving sequential and structured data. Originally introduced for
natural language processing tasks [131], the Transformer relies on a mechanism known
as self-attention, which allows the model to capture dependencies between elements in
a sequence regardless of their distance. This characteristic gives Transformers a signi -
cant advantage over traditional recurrent neural networks (RNNs), which model sequences
sequentially and su er from limitations in long-range dependency modeling.

At the heart of the Transformer is the scaled dot-product attention mechanism, illus-
trated in Figure 1.6(a). Given a query matrix Q, key matrix K, and value matrix V,
attention is computed as:

. K~
Attention (Q; K; V') = softmax %d: \Y (1.2)
k

where

A

Q is the query matrix
" K is the key matrix
V is the value matrix

" dk is the dimensionality of the key vectors

This mechanism computes the relevance of each token in the sequence with respect
to all others using a similarity score between queries and keys. The resulting scores are
normalized and used to compute a weighted sum of the value vectors, enabling the model
to selectively focus on di erent parts of the input.

To enhance expressiveness, the Transformer uses multi-head attention (Figure 1.6(b)),
where multiple attention mechanisms (or heads ) operate in parallel. Each head learns
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Figure 1.6: (a) Scaled dot-product attention, and (b) multi-head attention.

to focus on di erent aspects of the input, and their outputs are concatenated and linearly
transformed. This design enables the model to capture richer and more diverse patterns
in the data, improving its capacity to model complex relationships.

Beyond their application to sequences, Transformers can be adapted to graph-structured
data, leading to a class of models known as graph Transformers. A notable example is
Graphormer [139], which modi es the attention mechanism to incorporate edge informa-
tion and graph topology. In Graphormer, structural priors such as shortest path distances,
edge types, and centrality encodings are embedded directly into the attention matrix,
allowing the model to learn both node features and connectivity patterns in a unied
attention-based framework. Unlike traditional GNNs that rely on local neighborhood ag-
gregation, graph Transformers o er global receptive elds, enabling every node to attend
to every other node with awareness of the graph's structural context.

The overall encoder-decoder structure of the Transformer is depicted in Figure 1.7.
The encoder is composed of stacked layers that include multi-head self-attention and feed-
forward sublayers, and it maps the input sequence to a series of contextualized represen-
tations. The decoder follows a similar structure but includes an additional cross-attention
sublayer that allows it to attend to the encoder outputs. The decoder generates outputs
step-by-step using causal self-attention, which ensures that each position can only attend
to previous positions, preventing information leakage. Both encoder and decoder layers
are equipped with residual connections and layer normalization, which stabilize training
and improve convergence.

This encoder-decoder architecture is particularly well-suited for de novo peptide se-
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Figure 1.7: The encoder-decoder Transformer architecture.

quencing, where the goal is to predict a peptide sequence directly from a given mass spec-
trum. In this setting, the spectrum can be treated as the encoder input, and the peptide
sequence is generated by the decoder, analogous to machine translation. The attention
mechanism allows the model to align fragment ions in the spectrum with speci c amino
acids during decoding, leading to more accurate sequence reconstruction from complex and
noisy spectra.

1.3 Thesis Outline

Mass spectrometry based proteomics has become an indispensable tool for characterizing
the proteome. However, the interpretation of MS/MS data remains computationally chal-
lenging due to several inherent limitations. For protein inference, a fundamental di culty
arises from the fact that many peptides can be shared among multiple proteins, leading
to ambiguity in assigning peptides to their true source proteins. Moreover, the presence
of false or uncertain peptide-spectrum matches (PSMs), especially for low-abundance pep-
tides, introduces additional noise into the inference process. These challenges are further
exacerbated by the scarcity of high-quality labeled datasets for training machine learn-
ing models, which limits the performance and generalizability of traditional inference ap-
proaches. On the other hand, de novo peptide sequencing, especially in the context of
Data-Independent Acquisition (DIA), presents a di erent set of di culties. DIA leads to
highly multiplexed spectra, where signals from multiple coeluting peptides are superim-
posed, making it di cult to distinguish which fragment ions belong to which precursor.
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Traditional de novo sequencing algorithms are not designed to handle this level of complex-
ity, often resulting in reduced accuracy and incomplete sequence recovery. Furthermore,
the high dimensionality and noise in DIA spectra pose signi cant barriers to e ective in-
terpretation. These technical barriers have limited the e ectiveness of DIA in de novo
contexts, despite its advantages in proteome coverage and reproducibility.

This thesis aims to address the core challenges of protein inference and DIA-based
de novo sequencing through the development of novel deep learning based computational
frameworks. These methods are designed to be both data-e cient and scalable, leveraging
modern neural architectures to better model the intricate structure of MS/MS data. The
work is organized into three major contributions.

Chapter 2 presents GraphPl, a graph neural network based framework that formu-
lates the protein inference problem as a node classi cation task over a tripartite graph.
In this graph, proteins, peptides, and PSMs are represented as distinct node types, with
edges encoding both structural and statistical relationships, such as shared sequences and
PSM con dence scores. To capture the heterogeneous nature of this graph, GraphPI
extends the GraphSAGE architecture to support type-speci c message passing and ag-
gregation functions. In addition, GraphPl adopts a semi-supervised learning paradigm,
where pseudo-labels are generated from existing protein inference tools and augmented
with decoy-derived hard negatives. This allows the model to learn e ectively even in the
absence of large manually annotated datasets. The result is a highly generalizable and com-
putationally e cient inference method that achieves strong performance across multiple
benchmark datasets, while signi cantly reducing the computational overhead associated
with Bayesian or combinatorial inference frameworks.

Chapter 3 focuses on DIANovo, a deep learning framework for de novo peptide sequenc-
ing from DIA data. DIANovo introduces several architectural and algorithmic innovations
to tackle the multiplexed and noisy nature of DIA spectra. First, it constructs a spectrum
graph in which each node represents a peak, and edges are de ned based on possible mass
di erences between amino acids. A Transformer-based encoder, enhanced with Rotary
Positional Embeddings (RoPE), processes this graph by encoding mass di erences along
its edges. To cope with signal interference from coeluting peptides, DIANovo includes a
coelution-aware pretraining stage that trains the model to identify ion types using sig-
nals from mixed peptide sources. This pretraining stage enables the model to develop
a better understanding of spectral structure, improving its downstream sequencing per-
formance. During inference, DIANovo employs a two-stage decoding strategy: the rst
stage nds a high-con dence path through the spectrum graph, and the second re nes
this path to produce the nal amino acid sequence. Empirical evaluation shows that DI-
ANovo signi cantly outperforms state-of-the-art de novo sequencing tools in both amino
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acid level and peptide level recall, particularly on narrow-window DIA datasets obtained
from next-generation instruments such as the Orbitrap Astral. In addition, we investigate
the comparative performance of DIA and DDA for de novo sequencing on matched sam-
ples, revealing that DIA provides superior peptide coverage only under speci ¢ acquisition
con gurations, such as narrower isolation windows.

Chapter 4 presents a theoretical framework for analyzing peptide identi cation perfor-
mance under varying experimental conditions. The goal is to quantify how factors such
as signal-noise pro le, ion intensity distributions, and peptide length a ect the likelihood
of correct peptide identi cation. We derive estimated p-value of peptide identi cation by
performing spectrum-peptide matching with XCorr[34] on simulated spectra. These pre-
dictions are then validated using real data acquired from various mass spectrometers and
experimental parameters. Our ndings not only explain empirical trends such as why Or-
bitrap Astral [46] improve de novo sequencing but also provide guidance for optimizing
acquisition parameters to maximize identi cation yield. This analysis serves as a founda-
tion for better experiment design and o ers a principled understanding of the trade-o s
involved in MS/MS data acquisition and interpretation.

Collectively, the three contributions of this thesis illustrate how deep learning can be
harnessed to address the key computational bottlenecks in modern proteomics. By rethink-
ing protein inference as a graph problem and adapting sequence modeling architectures to
the structure of DIA data, we introduce robust and scalable solutions that extend the
frontier of peptide and protein identi cation. Moreover, our theoretical analysis provides
a quantitative lens through which to interpret empirical performance and improve acquisi-
tion strategies. Together, these e orts advance the state of the art in computational pro-
teomics, enabling more accurate, e cient, and interpretable analysis of large-scale MS/MS
datasets. Ultimately, this work contributes to the broader goal of making high-throughput
proteomic analysis more accessible and reliable for applications in biomarker discovery,
disease diagnostics, and systems biology.
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Chapter 2

GraphPl: E cient Protein Inference
with Graph Neural Networks

Understanding the proteins in a biological sample is crucial for unraveling their func-
tions and roles in biological systems. Protein inference, which involves identifying proteins
through peptides detected in tandem mass spectrometry (MS/MS) experiments, is funda-
mental to proteomics. Accurate protein identi cation is essential for applications such as
discovering biomarkers, identifying drug targets, and annotating protein functions, which
are vital for advancing personalized medicine and therapeutic strategies [6] [27] [52].

In an MS/MS experiment, proteins are initially digested with some proteolytic enzyme,
like trypsin, into peptides. The peptide mixture is then passed through a mass spectrom-
eter, generating MS1 spectra. One prominent peptide, or a group of peptides, at a time
is selected from the MS1 spectra and further fragmented into fragment ions, and mass
spectrometer will capture them=z values and intensities of these fragment ions, resulting
in a speci c mass spectrum signature for each peptide, named the MS2 spectrum. Next,
the acquired MS2 spectra are matched to a peptide database to detect which peptides are
present in the sample. Finally, the peptide prole is used to predict which proteins are
more likely to produce the observed peptide set.

"This chapter is reproduced with permission from Journal of Proteome Research, 2024, American
Chemical Society. DOI: https://doi.org/10.1021/acs.jproteome.3c00845
The article can be accessed via ACS Article on Requestjttps:/pubs.acs.org/articlesonrequest/
AOR-GESZT64SEDG6BQKSFSTX?_gl=1*2intf*_ga*MTg3NjgwOTE1Ni4xNzUyMTAzMTM1* ga_
XP5JV6H8Q6*czZE3NTIXMDMxMzQkbzEkZzAkdDE3NTIXMDMxMzQkajYwJGwwJIGgw
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However, high dynamic range of protein abundance, as well as limitations in digestion
and mass spectrometry often lead to ambiguous peptide identi cation result [100] [109].
In addition, the existence of shared peptides and one-hit proteins further complicates the
problem [100]. Shared peptides are those that can be derived from multiple (degenerate)
proteins. Those peptides introduce ambiguity in associating detected peptides with their
respective proteins. One-hit proteins are those that are backed by single-peptide evidence,
making it di cult to con dently infer the presence of this protein. The issue is ampli ed
as some peptides are more prone to detection, skewing protein identi cation toward those
producing such peptides. These elements together complicate the protein inference process,
creating an intricate, complex landscape for protein identi cation.

Various approaches have been developed to address the challenges associated with pro-
tein inference, with limited success due to the fundamental challenges mentioned above.
ProteinProphet [95], an early innovator in this eld, employs a heuristic-based probabilis-
tic model to estimate protein probabilities, accounting for factors such as shared peptides
and the quantity of peptides identi ed for each protein. PIA [128], a rule-based algorithm,
conducts inference by identifying the minimal set of proteins that most accurately accounts
for the observed Peptide-Spectrum Matches (PSMs).

In addition to these methods, Bayesian networks have emerged as a highly e cacious
technique for protein inference. Fido [109] was the rst to implement Bayesian networks
in this domain, incorporating simple yet rational assumptions. Speci cally, for proteins
sharing peptides, the method gives preference to those with independent evidence. Con-
currently, the explain away e ect reduces the scores for proteins without distinct evidence.
For instance, if two proteins share a common peptide with no other evidence, their scores
should be equal due to symmetry. If one protein gains unique peptide evidence, its score
should be elevated due to this new evidence. Concurrently, the score of the protein without
unique evidence should be lowered, as the unique peptide evidence for the rst protein ef-
fectively explains away the shared peptide, reducing the likelihood of the second protein
being present. Epifany [100] utilizes a Bayesian network akin to Fido's, but incorporates
additional priors to regularize the inference process and employs a rapid approximation in-
ference algorithm to enhance computational e ciency. Nevertheless, these techniques are
constrained by the inherent limitations of Bayesian networks, which include high computa-
tional costs in terms of time and memory, and susceptibility to prior probabilities [3] [92].

With the advent of neural network advancements, deep learning techniques have deliv-
ered promising results in biomedical research, including, but not limited to, prediction of
peptide properties from tandem mass spectra [45], peak detection [150], peptide database
search [26], and de novo sequencing of peptides [124] [101] [123]. However, given that
deep learning methods usually require a massive amount of labeled data for training, it is
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challenging to apply them in the eld of protein inference. The scarcity of labeled data in
this eld, possibly because of the prohibitive costs of accurately annotating the proteins in
a biological sample, presents a considerable barrier.

In recent years, a limited number of deep learning-based methods have been proposed
to address the protein inference problem. For instance, Barista [114] trains a binary clas-
si cation network using decoy proteins (in silico-generated by shuing or reversing real
sequences) as negative labels and real proteins as positive labels. Thereby the classi -
cation scores can be directly adopted as the protein scores. However, this methodology
can inadvertently infer an inaccurate classi cation boundary, as not all assumed positive
proteins are actually present in a given sample. Secondly, the strategy also runs the risk
of over tting decoy proteins, which are conventionally employed to discern truly present
proteins based on a prede ned FDR threshold [31]. Moreover, the neural network design of
Barista [114] does not allow the feature of one protein to a ect another, making it unable
to take advantage of the explain away e ect of a Bayesian network.

Contrastingly, DeepPep [60] leverages self-supervised learning, using peptide scores to
circumvent the problem of protein label scarcity. Speci cally, it utilizes peptide identi ca-
tion scores as labels and trains a model to predict these scores based on all proteins. By
sequentially removing each protein from the input, the model can infer the contribution
of each protein to each peptide. The nal protein score is an aggregation of each protein's
contribution to all potential peptides based on their identi cation scores. Nonetheless,
this approach su ers from computational ine ciency, as it necessitates iterating over all
proteins for each peptide.

Moreover, the self-supervised objective introduces a misalignment between the train-
ing and testing objectives, further diminishing its e ectiveness. Therefore, despite the
potential of existing deep learning methods, they remain somewhat marginalized within
the protein inference eld due to their subpar performance relative to Bayesian networks.
For instance, DeepPep [60] underperforms by over 25% compared to the best performing
Bayesian method.

In this study, we present GraphPI, a novel deep learning-based framework to address
the protein inference problem. Drawing inspiration from Bayesian network techniques, we
design a protein-peptide-spectrum graph structure with uniquely crafted node and edge
features.

A graph consists of nodes (vertices) and edges (connections). In our case, the nodes
represent proteins, peptides, and Peptide-Spectrum Matches (PSMs), forming a tripartite
structure. Edges connect proteins to peptides, and peptides to PSMs, re ecting the rela-
tionships formed during the protein digestion and mass spectrometry process. This enables
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us to perceive candidate proteins as interconnected entities rather than isolated individuals.
The protein inference problem can be then formulated as a node classi cation problem with
protein scores generated directly from the node classi cation scores. To process the protein-
peptide-spectrum tripartite graph, we employ Graph Neural Networks (GNNs)[61], which
learn node representations by recursively aggregating information from neighbors. How-
ever, standard GNNs are not well-suited to handle the heterogeneous nature of our graph,
which consists of di erent types of nodes and edges. To address this issue, we develop a
tailored GNN architecture based on GraphSAGE[47], designed to e ectively manage this
heterogeneity. To mitigate the label scarcity issue and enhance computation e ciency,
our model is primarily trained on a set of large and unlabeled public protein datasets
from ProteomeXchange [{ttps://proteomecentral.proteomexchange.org/ ) in a semi-
supervised learning setting, using pseudo-labels generated by an existing protein inference
algorithm as the base model. We further re ne these labels by introducing hard negative
decoy protein information, allowing the model to surpass capabilities of the base model
and produce improved test results. Finally, we perform self-training to further enhance our
model's performance by iteratively re ning labels based on their con dence scores. Fig-
ure 2.1 presents the overall pipeline of GraphPl. Contrary to alternative approaches which
necessitate the execution of training or ne-tuning processes for each individual dataset,
our analysis indicates that the data pertaining to peptide identi cation exhibits consider-
able normalization across all test datasets. This standardization facilitates the application
of a single model, which can be trained and subsequently assessed universally, thus cir-
cumventing the issue of over tting. Additionally, this method enhances computational

e ciency by mitigating the need for repetitive training processes for disparate datasets.

To the best of our knowledge, we are the rst to apply GNNs and a semi-supervised
training scheme to the protein inference problem, and the experiments demonstrate that
our approach achieves competitive performance across diverse test datasets. Addition-
ally, we leverage the inherently parallelizable structure of neural networks, leading to con-
siderably faster computations in comparison to existing methods. Moreover, our model,
pre-trained on a wealth of publicly available datasets, is adept at performing inference
instantaneously during real-time applications. As a result, the improvements in e ciency
facilitate our model to handle protein inference tasks, seamlessly scaling to accommodate
large protein datasets.
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Figure 2.1: The architecture of our protein inference algorithm leveraging GNN for node
classi cation. The process begins with the input of Percolator [65] PSM les into the GNN-
based Node Classi cation module. This module utilizes pseudo-scores from an established
protein algorithm to guide the initial classi cation. Within the module, a tripartite graph

is constructed, linking proteins, peptides, and PSMs, as indicated in the detailed view. The
algorithm then employs a self-training strategy over multiple iterations to re ne the protein
scores, as illustrated in the top sequence. Finally, the iterative process yields aggregated
con dence scores for each protein, denoted lyy, which are presented on the right. These
resulting scores re ect the cumulative learning and adjustment from the iterative self-
training, yielding a robust set of protein identi cations.

2.1 Methods

2.1.1 Overview

We present a deep-learning framework, GraphPl, for protein inference that avoids the need
for labeled protein datasets, and o ers improved computational e ciency compared to ex-
isting methods. Our approach leverages a semi-supervised binary classi cation model that
is trained on a set of protein datasets, which are pseudo-labeled by an existing protein
inference method. Each dataset is represented as a tripartite graph and encoded using a
GNN network that accommodates the heterogeneity of node and edge types. Following
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training on the pseudo-labels, we implement a self-training procedure that re nes the la-
bels based on protein probability scores followed by a fresh retraining, and we iterate this
process for multiple rounds. The nal protein scores are calculated as an ensemble of the
models from all rounds. To ensure the generalizability of our model to real-world data, we
utilize a variety of experimental datasets from published biological research. The following
sections delineate our methodology in three parts: 1) Construction of Tri-partite Graph:
the conversion of protein datasets into tripartite graphs; 2) GNN Model Architecture:
the elaboration of our model's architecture for encoding these graphs into latent repre-
sentations amenable to deep learning; 3) Training: a detailed exposition of our training
paradigm. This paradigm leverages the power of semi-supervised learning with an itera-
tive self-training mechanism that begins with pseudo-labels and evolves to deliver re ned,
reliable inferences.

2.1.2 Construction of Tri-partite Graph

For the protein inference problem, understanding the relationship between proteins, pep-
tides, and their associated PSMs is paramount since the identi cation of each protein is
closely tied to its constituent peptides, which in turn is validated by the con dence of their
PSMs. Given the inherent interconnectedness of these components, a graphical formulation
naturally emerges as an apt choice.

By representing the data as a graph, we can capture the complex dependencies among
proteins, peptides, and PSMs through GNNs, which learn robust node representations by
recursively aggregating information from neighboring nodes. Then, we leverage the learned
protein node representation, which includes information propagated through connected
peptides and PSMs, to generate the protein score.

In the following paragraphs, the details of the graph are presented, focusing primarily
on the nodes and edges, and their associated features.

Nodes in the Tri-partite Graph

The foundation of our graph lies in its nodes, which are categorized into three specic
types: proteins, peptides, and PSMs. We prioritize PSMs over spectra as a node type
due to their inherent adaptability in incorporating supplementary features. For instance,
peptide search engines such as Percolator [65] rely on a suite of PSM-centric features to
compute peptide identi cation scores. In this study, we primarily utilize the PSM features
from Percolator. In our model, these PSM features are harnessed not just for peptide
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Figure 2.2: (a): The schema of the bidirectional tri-partite graph, withS,, and E,, denote

as the edge attribute for (protein, peptide) and (peptide, PSM) node pairs respectively,
and x, is an example of the node feature vector for each type of the three nodes (one-
hot embedding for protein and peptide nodes, and database search engine features for
PSM nodes). (b): An illustrative example of the tripartite graph containing one protein
surrounded by its peptide and PSM nodes within 2-hop.

identi cation but are further re ned to aid in the prediction of protein scores. By doing

so, we facilitate an end-to-end training process where peptide identi cation scores are
optimized in alignment with the ultimate goal of predicting protein scores. Moreover, the
volume of PSM nodes corresponding to a peptide is deemed valuable; a higher number of
matches between peptides and spectra, especially with elevated identi cation scores, often
indicates a heightened likelihood of peptide presence.

While PSM nodes come with pre-existing features from a database search engine, the
nodes representing peptides and proteins lack such attributes. Nonetheless, GNNs ne-
cessitate node features. Possible strategies for feature assignment range from designating
unique one-hot vectors for each node to allotting universal features (e.g., a vector with all
ones) across all nodes. However, a unique one-hot vector for every node tends to restrict
the graph learning to be transductive, inhibiting its generalization to datasets with varying
node counts and structures. On the other hand, uniform features for peptide and protein
nodes might compromise the GNN's ability to di erentiate between messages from diverse
node types. To circumvent these challenges while maintaining inductive capabilities, we al-
locate two separate one-hot vectors for protein and peptide nodes. Additionally, learnable
embedding layers are applied on top of the one-hot vectors to make them dimensionally
equivalent to the PSM node features. This strategy enables our model to distinguish
between di erent types of nodes while retaining the capacity to adapt to diverse datasets.
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Connecting the Dots: Edges in the Tri-partite Graph

While nodes represent distinct entities, the true essence of their relationships is captured
through edges. Peptides and PSMs are interconnected in a one-to-many relationship, with
each PSM associated with a unique peptide-spectra pair. To enable our model to selectively
control the ow of information from a speci c PSM node to a peptide node, we choose the
peptide identi cation score as the edge weight for each (peptide, PSM) pair, which is
de ned asE,, for a given source nod@ and a target nodev in the remaining sections. In
doing so, a lower identi cation score signals a weaker presence of a peptide in the sample
mixture, thereby indicating that the corresponding PSM node is less reliable for computing
the score of its parent protein nodes.

An edge is formed between a protein and a peptide if the peptide appears in the protein.
Instead of setting all edge weights to 1, which simply indicates connectivity between peptide
and protein nodes, we could incorporate certain prior knowledge into the design. To this
end, we integrate a peptide-sharing feature into our graph design by creating a specialized
edge attribute S, between a peptideu and a proteinv, which is de ned as

8
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Here, A is the bipartite adjacency matrix for peptide and protein, andA,, = 1 indicates
a connection between peptider and protein v. C is the node index set of the protein
nodes that connect to the peptidau, and jCj represents the size of the sef. f (), a score
indicating if a protein is connected to many high-scoring peptide, is de ned as

X
f (k)= (14> );whereD = fljAx =19 (2.2)
12D

whered, is the maximum peptide identi cation scores of peptidé (i.e., each score associates
with one PSM), and 2 [0; 1] is a hyper-parameter.1y> is an indicator function, which

is 1 whend, > , and O otherwise. D is the node index set of the peptide nodes that
connect to the proteink. The peptide-sharing feature discounts a peptide's relevance to
its parental proteins if it is connected to multiple proteins. Elaborating, for a peptide that
connects to multiple proteins, a surrogate score (i.ef,(k) in Eq.(2.2)) is ascertained for
each protein, gauged by the count of top-scoring peptides tethered to it. Subsequent to
this, solely the edge weight for the protein with the highest surrogate score is retained,
with all others being nulli ed. The penultimate step involves diminishing the edge weight
of this top-scoring protein by a factor of%j as laid out in Eq.(2.1). The intuition here is
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Figure 2.3: An illustrative example of the message passing operation of GNN, where the
message update function of each edge type is processed di erently.

that we aim to further mitigate the contribution of a peptide to its parental protein if it

is not unique evidence of the protein. In practice, the thresholdis set at 0.9, a decision
stemming from our intention to prioritize peptides with high con dence. Note that in this
feature design, although the edge weight between a peptide and a weakly connected protein
is set to O, it is only used as a feature in the subsequent model, and the edge still exists.
A schematic depiction of the tri-partite graph is available in Figure 2.2a, and an example
of the tripartite graph containing the related information of one protein is presented in
Figure 2.2b.

2.1.3 GNN Model Architecture

Using the tripartite graph as input, we can naturally formulate the protein score generation
as a protein node prediction task, utilizing GNNs as the foundational model architecture.
Our design draws inspiration from GraphSAGE, a network that elevates message-passing
operations through a customized aggregation function. This o ers greater exibility com-
pared to GCNs (Graph Convolutional Neural Networks [61]), which rely solely on a lin-
ear transformation of node features and a subsequent mean aggregation from neighboring
nodes. Notably, our model augments GraphSAGE by addressing the inherent heterogene-
ity of the tripartite graph. This re ned architecture is underpinned by two core principles:

1) distinct edge types propagate messages uniquely. 2) di erent node types update their
hidden representations di erently.

Formally, given the tri-partite graph G = ( E; V), where the set of node¥ is partitioned
into three disjoint subsets: Vyep, Vpro, and Vysm, representing the nodes for peptides, pro-
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teins, and PSMs, respectively. We de ne the message passing operation between a source
nodev 2 V and a target nodeu 2 ans

all) = mk (2.3)

V2N y
h{ = (W (h% *kal?)+ k) (2.4)

wherehk denotes the output feature representation of node at the k-th GNN layer (h® =
Xu, the feature of nodeu), N, represents the set of neighboring nodeswfW, and b, are the
learnable weights and biases, is a ReLU function, andk denotes a vector concatenation.
The messagen, propagating from nodev to u is uniquely de ned for di erent edge pairs.
For node pairs comprising peptides and proteins, i.e(b 2 Vyo;V 2 Vpep) OF Vice versa,
the messagem, at the k-th layer is computed as

mi = (W (h{ YVksSy)+ ) (2.5)

where S, represents the edge attribute associated with theu( v) pair, i.e., the feature
that penalizes the peptide having non-unique evidence for the target proteitwy,” and b

are the weights and biases for the peptide-protein pairs. Conversely, the message between
peptides and PSMs, i.e.(u 2 Vpsm; V 2 Vep) OF Vice versa, is de ned as

m¥ = E, (W™ hi D+ 4 (2.6)

whereE,, corresponds to the identi cation score of the source PSM nod&/," and I’ are
the weights and biases for the peptide-PSM pairs. See Figure 2.3 for a visual illustration
of the proposed GNN message passing operation.

It's noteworthy that our model employs a unique set of learnable weights and biases
for di erent edge pair types, capturing the varied distributions across node types. For
example, the number of PSM nodes serves as important prior information, as a peptide
connected to more PSMs suggests a higher likelihood of occurrence. Similarly, the count
of peptides linked to a protein indicates the probability of its target protein's presence. By
using speci c transformations for these node distributions, our model captures information
intrinsic to each node type.

Moreover, we use di erent message functions for pairs of nodes that have dierent
edge attributes. For the edge attribute between peptides and PSMs, which re ects the
probability that a PSM originates from a given peptide, we selectively lter out PSMs that
are unlikely to have originated from the peptide directly based on the edge score (shown
in Eq. (2.6)). On the other hand, for the edge attribute between proteins and peptides,
we treat the edge attribute as a feature rather than a Iter (shown in Eq. (2.5)), as it
provides relatively weak prior information. In this way, we let the neural network learn
the importance of peptides in relation to a given protein primarily in a data-driven way.
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2.1.4 Training

We train our model under a self-training scheme, which is a classic semi-supervised learning
technique that iteratively uses the label generated by the trained model as the training
label for the next round of training procedure. This approach hinges on the premise that
the e cacy of a new model iteration is closely tied to the quality of the pseudo protein
labels from its predecessor.

In a typical self-training setting, a model is initially trained using a small labeled
dataset and subsequently applied to a large unlabeled dataset to generate pseudo labels.
The same model is then trained on a combination of labeled and pseudo-labeled data, with
unlabeled data iteratively added to the training set. However, in our problem setting, we
lack labeled data initially, while having access to other protein inference models to generate
pseudo labels for the unlabeled data. As a result, we adopt a self-training variation similar
to the work [98], in which an existing benchmark model provides the initial labeled dataset.

In this study, our model undergoes training within a binary classi cation framework.
The training loss, binary cross entropy, is mathematically de ned as:
1 X
L = [ilogyi + (1 $)log(1 i)l (2.7)

ijrOj i2v pro

In this formulation, y; represents the predicted label, derived from the GNN output repre-
sentation h; of protein i through a trainable one-layer feedforward neural network followed
by a sigmoid layer, denoted ago() : RY! R. The term ¥ corresponds to the actual
label of proteini, and jVy,j is the number of proteins used for training. The classi cation
process predominantly focuses on protein nodes.

Given the typical unavailability of ground truth labels for proteins, our approach em-
ploys pseudo labels generated by thresholding the scores from a benchmark model. The
threshold is determined based on the False Discovery Rate (FDR); speci cally, proteins
exceeding a de ned FDR threshold (e.g., 0.05 in our experiments) are categorized as pos-
itive samples, with the rest deemed negative. Additionally, decoy proteins are explicitly
labeled as negative, owing to their inherent absence in biological samples. After the initial
training round based on the labels provided by the benchmark model, we replace the pre-
vious pseudo labels with the new ones generated by our latest model and retrain our deep
learning model accordingly in subsequent self-training rounds.

In each roundi (including the initial round, where the training is based on labels pro-
vided by the selected benchmark model), the self-learning procedure outputs a learned
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model ; and returns a list of trained models. Analogous to ensemble learning, we per-
form an average aggregation of all learned models to obtain the optimal protein score.
Speci cally, the nal protein score for a given proteinx is computed as follows:

1 X
scorg(x) = i i(X) (2.8)

i=1

wheret denotes the total number of self-training rounds. In our experiments, we seto
10 rounds.

We employ self-training on several public datasets. Once trained, the model is directly
applied to each test dataset to produce the respective protein scores, eliminating the need
for re-training. In contrast to methods demanding distinct training or ne-tuning for indi-
vidual datasets, our ndings underscore a pronounced consistency in peptide identi cation
data across all examined datasets. Such uniformity allows us to deploy a single, univer-
sally adaptable model, mitigating the problem of over tting. Moreover, this approach
increases computational e ciency by reducing the need for redundant training procedures
for di erent datasets.

2.1.5 Implementation
Experimental Setting

In our experiments, we select Epifany [100] as the base model to generate the initial pseudo
labels due to its relative computational e ciency compared to other models and competing
performance, as demonstrated in their original paper.

We adopted the Adam optimizer with a learning rate of 0.001. The model is composed
of six GNN layers, with node and edge hidden dimensions set to 100. In addition, our
model is trained on a single Nvidia RTX4090 graphics card over 1000 epochs, and the
parameters leading to the best validation loss are stored.

The software versions and con gurations in our experiments are all listed in Table S3.
Trainging Datasets

The training datasets are public protein datasets downloaded from ProteomeXchange. To
avoid over- tting to a speci ¢ benchmark dataset used in our experiment, those datasets are
selected randomly, and processed with Comet [32] search and Percolator [65] for peptide
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database search, with respect to their experimental specications. For convenience, we
selected only human data, but this does not a ect our generalizability.

The following are the datasets used for training: PXD004789 [64], PXD005388 [34],
PXD006640 [133], PXD010319 [84], PXD022881 [12], PXD023034 [144], PXD023593 [78],
PXD025701 [88], PXD026991 [38], PXD030330 [57], PXD030448 [54], PXD032035 [74],
PXD032284 [75], PXD034012 [17], PXD035125 [49], PXD036171 [117], and PXD039272 [56],
the links and search parameters of which are listed in Table S2.

Test Datasets

We evaluated our algorithm on the following MS/MS datasets: iIPRG2016 [119], UPS2 [4],
18Mix [62], Yeast [102] and Hela-3T3 [107]. All datasets except Hela-3T3 provides us
with ground truth labels for evaluating entrapment FDR, while for Hela-3T3 we evaluate
based on two-species FDR. Among these datasets, iPRG2016 was speci cally curated to
test protein inference algorithms on proteins that share peptides. 18Mix and Yeast also
contain a small portion of peptide-sharing proteins. Hela-3T3 provide us with human hela
or mouse 3t3 cells, with large amount of shared peptides. Table 2.1 o ers the summary
statistics of these datasets, while a detailed description of these datasets are provided in
the Material S1.

Dataset # True Proteins # Contaminate Proteins # ldenti ed
iPRG2016 A 191 1,191 179
iPRG2016 B 191 1,191 187
iPRG2016 AB 382 1000 368

Yeast 4,265 6,330 551
UPS2 48 48 23
18Mix 18 1,802 13
Hela 20,419 17,202 1335
3T3 17,202 20,419 799

Table 2.1: Number of true proteins and contaminate proteins of each test dataset, along
with numbers of protein identi ed at 5% FDR by GraphPl.

To process the tandem MS data, we rst converted and centroided the raw les with
msConvert [18]. For UPS2, we do not need to generate decoy proteins since they are
already provided by the fasta le. For other datasets, the provided fasta le was used
to generate a decoy database through shuing of amino acid with the OpenMS [106]
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DecoyDatabase tool. Then, spectra were searched using Comet allowing 10 ppm precursor
mass tolerance, 0.01 Da fragment mass tolerance, and one missed cleavage for fully tryptic
peptides (for 18Mix, the precursor and fragment mass tolerance is set to 1.005 Da since
it comes from a low resolution instrument). Carbamidomethylation(C) is selected as the
xed modi cation except Yeast (which does not undergo alkylation), and oxidation(M)

the variable one. Then, we extracted additional features from the Comet search, and feed
them into Percolator to obtain better peptide scores.

Benchmark Methods

We used the following four popular and representative methods to compare against our
model: Epifany [100], Fido [109], PIA [128], and DeepPep [60]. They are either based on
parsimony, probability, Bayesian, or deep learning approaches, covering the majority of the

approaches to this problem.

Leveraging PSM features from Percolator, each method derives a probability score for
individual proteins. The probability output of each model is used to rank the proteins.
Groups of identically connected proteins are treated as one single protein group during
inference. When we are referring to the number of proteins, such groups contribute only
one per group, instead of contributing once per protein.

2.2 Results and Discussion

2.2.1 Comparison Study

The performances of all methods are evaluated by the receiver operator characteristic
(ROC) curve, which plots the number of true positive proteins (i.e. the number of ground
truth proteins) as a function of entrapment FDR (the portion of contaminate proteins in
the identi ed list, where contaminate proteins refers to real proteins in the database,
but known not to exist in the biological sample). The curve is plotted by varying the
FDR threshold above which a protein will appear in the identi ed list. Given that the
test datasets all have ground truth attached (except Hela-3T3, where we implement a two-
species approach), we can evaluate based on empirical FDR instead of decoy FDR. Since
we are mostly interested in the performance of the methods when the FDR is small, we
plot the curve within the entrapment FDR range of[0:01; 0:05] The results are shown in
Figure 2.4.
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(a) iPRG2016 A (b) iPRG2016 B

(c) iPRG2016 AB (d) Yeast
(e) UPS2 (f) 18Mix
(9) Hela (h) 3T3

Figure 2.4: ROC curve (entrapment FDR vs. number of true proteins) of various models
on the benchmark datasets: (a) iPRG2016 A, (b) iPRG2016 B, (c) iPRG2016 AB, (d)

Yeast, (e) UPS2, (f) 18Mix, (g) Hela, and (h) 3T3.

Overall, our method shows competing performance across all datasets. For both the
IPRG2016 A and B datasets, GraphPl is the only one that can compete with Epifany in
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(a) iPRG2016 A (b) iPRG2016 B

(c) iPRG2016 AB (d) Yeast
(e) UPS2 (f) 18Mix
(9) Hela (h) 3T3

Figure 2.5: pAUC (partial AUC) score of various models on the benchmark datasets: (a)
IPRG2016 A, (b) iPRG2016 B, (c) iPRG2016 AB, (d) Yeast, (e) UPS2, (f) 18Mix, (g)
Hela, and (h) 3T3.
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terms of identi cation performance. In addition, our ROC curves ascend faster than any
other method in these two datasets, showing improved performance in the low FDR range.
In iIPRG2016 AB, GraphPI ranks the second throughout the whole FDR range, only falling
behind PIA, which performs extraordinarily well in this dataset. In the Yeast dataset, our
method again shows overall best performance. In the UPS2 dataset, GraphPIl acquires
identi cation performance similar to that of Epifany, surpassing Fido, PIA, and DeepPep.
With the 18Mix dataset, we rank the top along with Epifany. Additionally, we tested our
model on the Hela-3T3 [107] dataset, where we take the samples of 100% Hela cells and
100% 3T3 cells, and evaluate the performance based on a two-species library strategy. Our
model achieves the top most performance in the comparison, only falling behind Epifany
on the 3T3 dataset at 1% FDR. Moreover, only GraphPl and Epifany can achieve adequate
performance in these two datasets,largely due to the high prevalence of shared peptides,
which adds complexity to the analysis. It is worth noting that, while Epifany can produce
state-of-the-art performance in iPRG2016 A and B, it falls short in other datasets like
AB and Yeast, but our approach retains competitive and consistent performance across all
datasets.

We also compared the pAUC based on FDR frot®oto 5% of test methods, summarized
in Figure 2.5. pAUC computes the area under our ROC curve (between 1% and 5% FDR),
relative to the perfect curve (a horizontal line with all groundtruth proteins identi ed at
any FDR). A higher pAUC value indicates we identify more proteins within the FDR
range of interest. The results are consistent with our previous analysis, with our method
achieving the top performance in iPRG2016 A, B, Yeast, 18Mix, Hela, and 3T3, being
second in iPRG2016 AB and UPS2.

2.2.2 Computational E ciency

To demonstrate the computational e ciency of GraphPl, we report the runtimes in minutes
on the Yeast dataset, which is the largest dataset in our test data. The runtimes are
measured on an Intel Core i7 8700K processor. Every algorithm is executed with 12
threads to take advantage of parallelism. GPU acceleration is disabled during inference
time to make the comparison fair.

Our method shows a signi cant advantage when compared to other models, especially
Bayesian methods, like Fido or Epifany. On the Yeast dataset, our method takes only 88
seconds to run, while Epifany takes over 14 minutes. Partially this is due to the inherent
speed advantage of neural networks over Bayesian networks. On the other hand, Epifany
and Fido need to run a grid search of their parameters, , and for every test dataset,
while our approach does not need such a procedure, further improving e ciency.

33



(@) (b)

Figure 2.6: (a) Inference time of the benchmarked methods on the Yeast dataset. (b)
Scaling of inference time for our model on datasets of di erent sizes.

Additionally, the design of the GNN model architecture guarantees that the runtime
scales linearly with respect to the dataset size (number of proteins to be evaluated), elim-
inating the undesired e ect of higher-order scaling. Figure 2.6b shows the runtime of our
method plotted against the number of proteins in the dataset, demonstrating the linear
scaling.

The e ciency of our method enables its application in large-scale datasets, which might
be impossible for other methods due to computational constraints.

2.2.3 Extended Investigation
Experiments on Target-Decoy Labels

Noticing that Barista [114] is removed from the latest version of Crux [83], we create a
comparable model using our GNN network as the foundational architecture. We trained
this model on each test dataset, designating decoy proteins as negative samples and the
remainder as positive. Adhering to Barista's documented procedures, we employed 5-fold
cross-validation, averaging protein scores across the ve models. We've termed this model
Ours with Target Decoy Training .

The ROC curves of our GraphPI and the target-decoy setting is plotted in Figure 2.7.
It is evident that while this training setting yields favorable outcomes in the iPRG 2016 AB
and UPS2 datasets, it underperforms in datasets featuring shared peptides among proteins
(such as iPRG2016 A and B). This limitation stems from the fact that decoy proteins
typically do not share peptides with target proteins, leading to a training gap where the
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(a) iPRG2016 A (b) iPRG2016 B

(c) iPRG2016 AB (d) Yeast

(€) UPS2 (f) 18Mix

Figure 2.7: ROC curve (entrapment FDR vs. number of true proteins) of GraphPI and
GraphPl with target-decoy training on the benchmark datasets: (a) iIPRG2016 A, (b)
IPRG2016 B, (c) iPRG2016 AB, (d) Yeast, (e) UPS2, and (f) 18Mix.

model lacks exposure to examples necessitating di erentiation between proteins that share
peptides. Our approach e ectively addresses this issue by incorporating pseudo-labels from
Epifany which additionally imposes penalization on degenerate proteins.
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Analysis on Epifany Results

The bene t of GraphPlI, a data-driven deep-learning-based approach, is its ability to learn
the contribution of each peptide to its parental protein through the data distribution of a
common set of datasets. In contrast, Epifany relies on prior probabilities and makes strong
assumptions about the data distribution, which can lead to inaccurate protein scores. We
provide two visual examples in the following paragraphs, supported by explanations that
demonstrate the limitations of Epifany in dealing with certain types of proteins.

Protein prior distribution presents an important role: In situations where a pep-
tide has multiple siblings, Epifany tends to downweight the contribution of the peptide
score and place greater reliance on the prior score of the protein, particularly in cases
where there is no other supporting evidence (i.e., unique peptides connecting to the pro-
tein). This can lead to inaccuracies in protein inference, especially when the prior score
of the protein is high and the dataset contains many peptides with shared proteins. We
demonstrate an example of this phenomenon in Figure 2.8a, where the highlighted protein
is a decoy protein that should not have received a high score, yet Epifany assigns a score
that is close to its protein prior score, which is around 0.7. This is attributed to the fact
that the prior score of proteins is optimized by the grid search program of Epifany based
on Decoy FDR, which has the risk of over tting the distribution of decoy rather than the
actually contaminated proteins.

Epifany has strong penalization on degenerate proteins: We use Figure 2.8b as
an example for illustration: Speci cally, the highlighted protein present in the gure is
supposed to belong to the true protein group (having higher protein scores). However,
Epifany assigns a relatively lower score to it regardless of the high-score peptides that con-
nect to it. The reason behind this is that Epifany assigns a strong prior to peptides that
have connections to multiple proteins, having the purpose of lowering their contribution to
each parental protein. Speci cally, Epifany sets the probability of a peptide that a certain
number of proteins can generate td=N, whereN is the number of proteins that the pep-
tide is connected to. This prior probability a ects the posterior probability score of the
peptide, leading to a signi cant penalty in the contribution of the peptide to the calcula-
tion of each parental protein score. This approach gives Epifany superior performance in
IPRG2016 A and B where most true proteins do not have shared peptides connected, but
the performance on other datasets are lacking.
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(a) (b)

Figure 2.8: In (a)&(b), the orange circle represents a peptide with its peptide identi cation
score inside, while the blue circle represents a protein. The scores generated by both
Epifany and our model are given for the highlighted protein in each graph, respectively.
Accordingly, (a) shows the bipartite graphs for the selected proteins and their connected
peptides from dataset PXD005388 . The protein prior is set to 0.7 based on the grid search
program of Epifany. The highlighted protein is a decoy protein, which should has a lower
score. (b) shows the bipartite graph for proteins selected from the dataset iPRG2016 AB .
The highlighted protein is a true protein, which should have a higher score.

Learning beyond Epifany Scores

Some may posit that GraphPI, which is trained on Epifany's pseudo-labels, might merely
mimic Epifany's outputs without surpassing its performance. We argue that the divergence
between GraphPI and Epifany can be distilled into three primary distinctions.

Generalization over over tting: As elucidated earlier in the case study, Epifany is
prone to over tting, particularly given its optimization strategy on priors anchored in De-
coy FDR. In contrast, the training of GraphP| harnesses a set of public protein datasets. By
building upon Epifany's results generated from diverse datasets, GraphPI inherently pro-
motes broader generalization capabilities. As shown in both Figure 2.8a and Figure 2.8b,
our method is able to produce a relatively lower score for the decoy protein and a higher
score for the true protein, whereas the scores generated from Epifany is either in ated
or de ated primarily due to its over tting of prior probabilities on decoys of individual
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datasets.

Discerning label incorporation: In our label-generation mechanisms, decoy proteins,

known to be arti cial constructs and absent from biological samples, are consistently tagged
as negative, irrespective of the scoring of Epifany. This information enables GraphPI to
learn patterns surpassing those identi ed solely by Epifany. Supporting this claim, a

comparison of GraphPl's performance with and without the presence of decoy proteins is
shown in Table 2.2. It is evident that the absence of decoy proteins signi cantly hampers
our model's performance.

Setting True Positives
Normal Train Data 187
Without Decoy 176
Decoys within 5% FDR as Positive Samples 183

Table 2.2: Number of true positive (TP) proteins identi ed by our algorithm, with decoy
proteins, without decoy proteins, or with decoys within 5% FDR labeled as positive pro-
teins. The numbers are acquired under 5% entrapment FDR, from iPRG2016 B dataset,
using only pseudo-labeled training (without self-training) to demonstrate the performance
di erence.

Nonetheless, an argument could be made that incorporating decoy proteins merely
expands the training set, which in turn leads to enhanced performance. To address this
concern, we conducted another experiment, where decoy proteins within a 5% FDR thresh-
old are labeled as positive (mimicking their incorrect identi cation by Epifany), and the
remaining decoy proteins are labeled as negative. In this scenario, positive and negative
sample labels are derived by thresholding Epifany's scores based on a 5% FDR, resulting
in labels that precisely match those obtained from Epifany. The results in Table 2.2 show
that while integrating decoy data as hard negatives does enhance the model's e cacy, the
presence of a few decoy proteins in the positive class can impair performance relative to
our standard con guration.

Tailored GNN architecture, graph design, and self-training Another aspect of
GraphPI's enhanced capability is its GNN architecture, speci cally tailored for a tripartite
graph encompassing proteins, peptides, and PSMs. This tailored structure adeptly captures
the complex relationships within proteomic data, reducing the likelihood of over tting to
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inaccuracies in Epifany's initial labels. Complementing this, GraphPl employs iterative
self-training to re ne these pseudo-labels from Epifany. This process allows our model to
continually learn and adjust, potentially rectifying inaccuracies in the initial labels.

Accuracy of FDR Estimation

We provided an additional analysis on the relationship between entrapment FDR and
decoy FDR. Generally speaking, our method provides less conservative FDR estimates
than Epifany, while being more conservative than other methods in our comparison.

Figure 2.9 illustrates the relationship between decoy FDR (our estimated FDR) and
entrapment FDR. Generally, Epifany provides the most conservative FDR estimate in
IPRG2016 A and B, while our model lies between Epifany and Fido. In iPRG2016 AB,
Yeast and 18Mix dataset, our model yields the most accurate FDR estimate. In hela,
GraphPl o ered the second best estimate, after DeepPep, while being after DeepPep and
Epifany in 3t3. Every model gets irregular FDR estimate in UPS2, making this dataset
an outlier.

We can observe that a higher entrapment FDR at a consistent decoy FDR level doesn't
necessarily imply subpar identi cation performance. Instead, it indicates that decoy pro-
teins are ranked after both positive and entrapment ones. As illustrated in Figure 2.10,
at a speci c decoy FDR, our model identi es a greater number of proteins than Epifany
in the IPRG2016 B dataset, leading to a higher entrapment FDR. Such disparities can be
readily calibrated.

2.3 Conclusion

In this study, we present GraphPI, a deep-learning framework designed to tackle the pro-
tein inference problem in proteomics. Our method conceptualizes proteins, peptides, and
PSMs as interconnected entities within a protein-peptide-spectrum graph. By formulating
the protein inference problem as a node classi cation task, we designed a GNN architec-
ture inspired by GraphSAGE to handle the heterogeneous nature of the tri-partite graph.
Recognizing the hurdle of limited labeled data in proteomics, we leverage large, unla-
beled public protein datasets in a semi-supervised learning setting, utilizing pseudo-labels
generated by existing protein inference algorithms. We further re ned these labels by
incorporating hard negative decoy protein information and employing self-training to it-
eratively improve the performance of the model. The experimental results demonstrated
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(a) iPRG2016 A (b) iPRG2016 B

(c) iPRG2016 AB (d) Yeast
(e) UPS2 (f) 18Mix
(9) Hela (h) 3T3

Figure 2.9: Relationship between decoy FDR and entrapment FDR for di erent models,
demonstrating the accuracy of FDR estimate. The dashed line is a straight line from (O,
0) to (1, 1), demonstrating the perfect FDR estimate.
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Figure 2.10: (a) shows the relationship between decoy FDR and entrapment FDR for
IPRG2016 B, (b) shows the number of identi ed proteins under di erent decoy FDR values.

that our approach achieved superior performance across diverse test datasets. The use of
GNNs and the semi-supervised training scheme contribute to signi cant improvements in
protein inference accuracy. Furthermore, our method exhibited enhanced computational
e ciency by leveraging the inherent parallelizability of neural networks. The universal ap-
plicability of GraphPl, trained on a common set of peptide identi cation data, eliminated

the need for repetitive training processes on di erent datasets. In prospect, the realm of
protein inference holds vast research potential. Future research directions could explore
incorporating additional features and information, such as protein-protein interactions or
post-translational modi cations, to further enhance the performance of protein inference
methods.
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Chapter 3

Disentangling the Complex Multiplexed
DIA Spectra in De Novo Peptide
Sequencing

De novo peptide sequencing plays a crucial role in proteomics, enabling the identi cation

of novel peptides, post-translational modi cations, and mutations absent from existing
protein databases[/6][124][39][147]. This capability is crucial for personalized immunother-
apy, guiding targeted treatments by identifying unique neoantigens. It is also essential

for studying species with unsequenced genomes, where database searches are not feasi-

ble [37] [10] [134].

Compared to database-driven methods, de novo sequencing o ers the advantage of
discovering new peptide sequences independently of pre-existing data, enables capturing the
full diversity of proteomes, especially in complex and dynamic biological systems [134] [7]
[9]. In traditional Data-Dependent Acquisition (DDA) methods, where abundant peptides
are selected to fragment[140] [87], deep learning-based approaches such as DeepNovo[124],
Casanovo[142], PepNet[/3] and GraphNovo[S2] have signi cantly improved performance,
making them valuable and e cient tools for biological research.

Despite their promising results, traditional DDA methods su er from limitations such
as biased sampling and inconsistent detection of low-abundance peptides, leading to in-
complete proteome coverage [87] [132] [42]. Data-Independent Acquisition (DIA) [42][70]
addresses these limitations by fragmenting all ionized peptides within a prede ned mass
range, providing a more comprehensive and unbiased snapshot of the proteome [132].

DIA data fundamentally di er from DDA data in that DIA produces highly multiplexed
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spectra containing fragment ions from multiple coeluting peptides, where fragments of mul-
tiple peptides coexist in the same spectrum [105] [30]. However, these characteristics come
with signi cant challenges for de novo peptide sequencing. DIA spectra are inherently
noisier due to the simultaneous fragmentation of all peptides, complicating the distinction
between signal peaks and noise. The concurrent fragmentation leads to overlapping frag-
mentation patterns, making it di cult to assign fragment ions to speci c peptides. The
mixed signals from multiple coeluting peptides increase the complexity of spectral interpre-
tation compared to DDA, where each spectrum typically associates with a single precursor
ion. Furthermore, the need to process and analyze these complex, noisier spectra increases
computational demands. In addition, DIA provides chromatogram information that o ers

a temporal pro le of peptide ions, and the similarities between these chromatograms could
help trace the source of the corresponding ion.

Recent advancements such as DeepNovo-DIA [123] and Transformer-DIA [29] have har-
nessed the power of deep learning to address the challenges inherent to de novo sequencing
in DIA, while approaches such as PepNet [73] have sought to develop uni ed models capable
of handling both DDA and DIA data modalities. These models employ neural networks to
analyze precursor and fragment ions across multiple dimensions, including mass-to-charge
ratio (m/z), retention time, and intensity, thus e ectively handling the complexity of highly
multiplexed spectra. For instance, DeepNovo-DIA integrates lon-CNN and Spectrum-CNN
[69] with a long short-term memory (LSTM) [50] network to capture the three-dimensional
structure of fragment ions and their interrelationships. Similarly, Transformer-DIA adopts
a Transformer-based [131] architecture, using an encoder-decoder framework to predict
peptide sequences by iteratively generating each subsequent amino acid based on prior out-
puts. Despite their e cacy, both models are constrained by their focus on encoding only
a portion of the spectrum, potentially missing important signals related to future amino
acids.

We propose DIANovo, a framework speci cally designed to address the complexities of
DIA data introduced by coelution. Concretely, we rst set to tackle the sheer size of highly-
multiplexed DIA spectrum. Our encoder encodes the spectrum graph, like GraphNovo[52].
To reduce memory consumption, we implements an automated edge generation process
with rotary positional embeddings [116], which primarily focuses on learning the rela-
tive mass di erences between graph nodes while the inter-node amino acid information is
learned in a task-speci ¢ manner. To further reduce computational overhead, we lever-
age FlashAttention 2 [25], a linear-memory Transformer architecture designed for e cient
computation. We also integrate dilated convolutional neural networks (CNNs) [129] [67]
to directly process chromatograms, enabling e cient encoding of time series information.
Time-series embeddings are fed into the Transformer encoder, where the self-attention
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mechanism explicitly learns the similarities of the chromatograms, helping us to distin-
guish signal ions from those of coeluting peptides and noise. Moreover, we introduce a
coelution-aware pretraining step that further improves model performance by incorporat-
ing coeluting peptides alongside the target peptide. This involves pretraining a model to
predict ion types from coeluting peptides, with the resulting embeddings used as features
in subsequent training stages. The coelution information helps the model better di erenti-
ate between signal and noise, leading to more accurate target peptide predictions. To the
best of our knowledge, this is the rst work to leverage coeluting peptide information in
de novo sequencing, addressing a gap overlooked by previous methods.

Additionally, our study seeks to assess the realistic performance of DIA de novo se-
guencing. We report amino acid and peptide recalls compared with DIA-NN [26] search
outcomes, considering only peptides unique to the test set. Our ndings indicate that de
novo peptide sequencing using DIA on older-generation instruments like the Q Exactive[36]
or Fusion [136] is suboptimal, yielding relatively lower peptide recall. However, the Orbi-
trap Astral [46] signi cantly outpaces older-generation in acquisition speed, enabling the
use of narrow-window data-independent acquisition (nDIA). The Astral narrow-window
DIA method [46], which o ers more consistent fragmentation patterns and fewer missing
fragmentations, even in case of high coelution level, yields better results.

Our extensive experiments across various datasets, including older-generation and As-
tral data, highlight the robustness and e ectiveness of our proposed method. We demon-
strated that our model consistently outperformed the baselines DeepNovo-DIA and
Transformer-DIA. Sensitivity-to-coelution-number analysis further reveals that our algo-
rithm maintains stable performance even with any number of coeluting peptides. These
ndings underscore the potential of our method for robust and accurate de novo peptide
sequencing in the challenging DIA setting.

Finally, we address a key question: can de novo sequencing in DIA mode detect more
peptides than DDA mode? We present a comparison between DDA and DIA data ac-
quired from the same biological sample, demonstrating that with older-generation mass
spectrometers, DIA surpasses DDA in peptide detection when using smaller isolation win-
dows. However, as the isolation windows widen, DIA loses this advantage and falls behind
DDA. With Astral data, DIA can consistently detect more peptides than DDA because of
the narrow DIA method enabled, showcasing the superior performance of next-generation
mass spectrometry.
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3.1 Methods

Our model architecture is an encoder-decoder Transformer operating on the spectrum
graph, including spectrum graph construction, dilated CNN (convolutional neural network)
layers to process the chromatograms, RoOPE (rotary positinal embedding) [116] integration
to encode mass dierences in the graph, coelution-aware pretraining to provide better
understanding of the multiplexed spectra, and the two-stage decoding, where we predict
the optimal path through the spectrum graph in stage 1, and re ne the path to generate
the nal peptide sequence with mass tag lling in stage 2, in order to alleviate the sequence
memorization problem commonly associated with de novo sequencing algorithms, where
the model relies too much on previous seen peptide sequences during training. The model
architecture is shown in Figure 3.1.

3.1.1 Feature Extraction

In a tandem mass spectrometry experiment, peptide precursors are rst analyzed in their
intact form, generating rst-stage scans (MS1 scans). The peptides are then fragmented,
and the resulting fragments are analyzed again, producing second-stage scans (MS2 scans).

The feature construction for the encoder is designed to capture the chromatogram
characteristics in DIA, in order to better distinguish signal peaks from coeluting fragment
ions and noise. For each PSM (peptide-spectrum match), we collect ve neighboring MS2
spectra along the retention time (RT) dimension, centered around the RT peak. This
selection is crucial as it di erentiates DIA data from DDA. The neighboring spectra provide
a chromatogram for each observed peak in the spectrum, and the relationship among these
chromatograms improves the robustness of peptide sequence predictions. [26]

For MS1 spectra, alignment with corresponding MS2 spectra is needed. To achieve
this, MS1 intensity values are linearly interpolated based on their RT values to match the
MS2 spectra exactly, ensuring that the features derived from MS1 and MS2 spectra are
directly comparable.

During preprocessing, each spectrum is binned into xed-size 0.01 Th intervals, enabling
the construction of chromatograms for each m/z value. Once the chromatograms are
generated through binning, the spectra are reconstructed as a list of (m/z, chromatogram)
pairs for neural network processing.

In addition to the primary spectral data, our methodology involves the calculation of
eight supplementary features to enrich the feature set used for encoding, adapted from
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Figure 3.1: The model structure of Our entire work ow. On the top is the optimal path
task, generating a series of node indices, which are transformed into the optimal path.
The mass values in the optimal path are then translated to the corresponding amino acids
when a single match is found. On the button is the sequence generation task. It takes
the generated optimal path as input and outputs the amino acid sequence to replace mass
tags. In the gure, FFNGLU refers to Feed-Forward Network with Gated Linear Units,
commonly used in Transformers and deep learning architectures to enhance expressiveness
and e ciency. CNN refers to Convolutional Neural Networks, and RoPE refers to Rotary
Positional Embeddings.

GraphNovo[52] and Novor[79]. These features are derived from each spectrum within the
50 Th neighboring window and are designed to capture various statistical and intensity-
based characteristics of the spectral peaks. Below is a list of the 8 additional features about

the spectrum in our model.

1. Normalized Mass Over Charge: We compute the mass-to-charge ratio, normalized by
a prede ned upper limit of 3500T h, to standardize this value across di erent spectra.

m=z

Computed aseUPPER _tmIT

2. Relative Intensity: Each peak's intensity is expressed as a fraction of the intensity
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of the most abundant peak in the spectrum, facilitating comparisons across variable
signal strengths. Computed as,m'?, where | o IS the intensity of most abundant
peak in the spectrum.

3. Rank: Each peak is assigned a rank based on its abundance relative to other peaks,
sorted from the most to the least abundant. Computed a%, whereR is the target
peak's rank in terms of intensity.

4. Half Rank: This metric assigns a rank to a peak after the intensities of all peaks are
halved, highlighting the relative stability of peak abundances. Computed a%';\ji,
whereRyy; is the target peak's rank with half its intensity.

5. Local Signi cance: Using the hyperbolic tangent function, we scale the intensity of
each peak relative to the minimum intensity within the neighboring window, empha-
sizing peaks with signi cant local variance. Computed at:anh(my wherel min
Is the lowest intensity within 50 Th window.

6. Local Rank: Similar to the global rank, but restricted to peaks within the 50 Th
m/z range, providing a localized perspective on peak signi cance. Computed as
Reasimilar to rank.

)
local

7. Local Half Rank: This is computed like the half rank but limited to the local win-
dow, o ering insights into the comparative dynamics of local peaks. Computed as
Rhalf _ local

Niocal

8. Local Relative Intensity: We measure each peak's intensity relative to the most
intense peak within the neighboring window, allowing for an assessment of local
peak dominance. Computed a§'7.

local _ max

Post feature extraction, we compile the data into two structured tensors for each m/z
value in combined spectrum:

" A [5; 1] tensor representing the chromatogram data across the ve neighboring MS2
spectra.

" A [5; 8] tensor that encapsulates the eight computed features across the same neigh-
boring spectra.
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Figure 3.2: An example of a spectrum graph is shown, where the bottom value on each
edge represents the mass di erence between nodes, encoded by RoPE, and the top value
indicates the corresponding amino acid sequence. Only a subset of nodes and edges is
plotted for clarity, whereas, in a complete spectrum graph, all possible forward connections
would be present.

Although these manually engineered features enhance model performance in our current
training setup, it is important to acknowledge that our training dataset is relatively small.
As we scale to larger datasets, such features may hinder the model's ability to learn optimal
representations and potentially lead to reduced performance [68]. This is an important
consideration that warrants further investigation in future work.

Finally, the spectrum graph is constructed by transforming every peak in the original
spectrum from m/z to N-terminal residual masses. Each peak in the original spectrum is
converted into 6 peaks in spectrum graph, taking into account 6 types of ions, including
a‘, a’, b, ", y", and y**. We operate on the N-terminal residual masses, denoted as
the graph node mass, following Equation 3.1, during which C-terminal ions are converted
to their N-terminal residual masses by subtracting their C-terminal residual mass from
the precursor mass. Note that although we did not speci cally include other common ion
types likeb H,O ory NH g3, their peaks are converted into graph node as well. They
do not belong to the target sequence, but their graph node can still contribute to our de
novo objective by self attention. We provide an example of spectrum graph in Figure 3.2.

(M=Z  Mpoton) C if ion 2 f a; b; ciongy
Mprecursor  (M=Z  Mpoon) €+ 5 ifion 2 x;y; z-ionsg

mnterm -

(3.1)

where o set depends on the ion type, computed as Table 3.&;is the charge of ion;
Mproton 1S the mass of proton andMyecursor IS the precursor mass [52].
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lon Type | Neutral O set

a [N] - CHO
b [H]-H
y [C]+H

Table 3.1: lon o sets for ion types we used. [N] is the molecular mass of the neutral
N-terminal group; [C] is the molecular mass of the neutral C-terminal group. C,H,O are
the mass of the carbon atom, hydrogen atom and oxygen atom individually. [32]

3.1.2 Time-Series Encoder and Spectrum Encoder

In our approach, we employ a dilated convolutional neural network (CNN) to e ectively
encode the time-series data derived from the chromatogram and the additional spectral
features.

Dilated CNNs [72] are a variant of traditional convolutional networks. The primary
distinction of dilated convolutions lies in their ability to expand the receptive eld with-
out losing resolution or coverage, achieved by inserting gaps (known as dilation) be-
tween each element in the convolution kernel. This allows the network to encode time-
dependent information in chromatograms while keeping the number of parameters and
memory/computational complexity relatively low.

For the chromatogram and its associated spectral features, dilated CNNs are ideally
suited. Our model processes inputs structured dS; 1] or [5; 8] tensors, where5' repre-
sents the number of neighboring spectra considered, denotes the chromatogram, and8
re ects the additional computed features. By applying dilated convolutions, the model can
integrate both local and broader contextual information across these inputs. The outputs
of the dilated CNN are encoded into tensors of sifdidden_size], where hidden_size'
indicates the dimension of the feature space. This encoding captures information about
the temporal dynamics of a speci ¢ m/z value.

The time-series embeddings are input directly into the Transformer spectrum encoder,
where the self-attention mechanism learns to identify similarities in the time-series data.
Ideally, ions from the same peptide will exhibit similar chromatograms, whereas ions from
coeluting peptides will display di erent patterns. By explicitly modeling these similarities,
the model's ability to di erentiate between ions from coeluting peptides is improved.

In addition, we adopt the FlashAttention 2 [25] implementation of the attention func-
tion, allowing us to process very large DIA spectra, with high computation and memory
e ciency.
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3.1.3 ROPE Integration

GraphNovo employs the Graphformer[139] graph neural network to encode the spectrum
graph, capturing comprehensive information about the spectrum. However, applying this
approach to DIA data is impractical due to the large size of DIA spectra, which results
from high levels of coelution. To address this challenge, we replace the memory-intensive
node and path encoders used in Graphformer with Rotary Position Embedding (RoPE).
This step is also neccessary for the adoption of Flash Attention 2, since it does not allow
us to operate directly on the attention matrix, which is required by Graphformer.

ROPE is a position encoding technique that introduces rotational invariance by repre-
senting positional information in a circular format[116]. In our approach, RoPE encodes
the mass di erences between graph nodes, allowing the model to learn meaningful mass
relationships automatically. This e ectively transforms the spectrum graph into a fully-
connected graph where edges represent mass di erences, enabling the model to identify
the most relevant mass di erences for the task without the computational overhead of tra-
ditional node and path encoders. The adoption of ROPE is advantageous, as it captures
the critical information conveyed by the mass di erence between pairs of graph nodes,
e ectively representing the cumulative mass of the amino acids that lie between them. It
also suggests that adopting RoPE to encode the edges in the graph structure is a viable
approach, achieving better memory and computational e ciency. It is important to note
that ROPE is a xed positional embedding method, similar to sinusoidal embeddings. Its
key advantage lies in its ability to directly encode mass di erences within the spectrum
graph. To gain deeper insight into why RoPE yields stronger performance, it would be
valuable to conduct vector similarity analysis or examine the key-value attention patterns.

3.1.4 Two Stage Decoder

We adopt a two-stage decoding process, similar to GraphNovo[52] to alleviate the sequence
memorization issue during training, where the decoder simply remembers seen training
sequences, and fail to generalize on unseen sequences. This approach includes:

" Stage One: Optimal Path Prediction

In the rst stage, the model predicts the optimal path through the spectrum graph.
This involves identifying the most probable sequence of nodes (representing graph
node mass values) that form a potential peptide sequence. The graph is constructed
such that each node represents a possible peptide fragment, and edges denote feasible
transitions based on mass di erences.
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~ Stage Two: Sequence Filling

In the second stage, the optimal path is re ned to generate the nal peptide se-
quence. This stage involves lling in the mass tags along the predicted path with
corresponding amino acids, ensuring the sequence adheres to known peptide frag-
mentation patterns.

Reader can refer to Figure 1la of Mao et al. (2023)[52] for a detailed visualization of
the two-stage decoding process.

3.1.5 Coelution-aware Pretraining

A key di erence between DDA and DIA data is that, in DDA, since precurosr selection is

performed, there is typically a small number of peptides in the MS2 spectrum. Meanwhile
in DIA, since we uniformly select a precursor range to perform fragmentation, there is a
signi cant amount of coelution, i.e., one spectrum consisting of fragment ions of multiple
coeluting peptides. In our study, coeluing peptides are identi ed by searching through
the database search result, and include those whose RT (retention time) overlaps with the
target de novo peptide, and their precursor m/z falls in the same isolation window as the
target peptide.

In a normal de novo sequencing algorithm, we typically only consider the fragment ions
of the de novo target peptide. For instance, in the optimal path task of our program, we
predict only the graph nodes (n-terminal masses of peaks) belonging to the de novo target
peptide, and the next step we replace these graph nodes with amino acids, resulting in
predicted peptide sequence.

However, if we incorporate the information about the fragment ions of other coeluting
peptides, we might be able to provide the model broader information about the spectrum,
improving de novo performance. More speci cally, in traditional de novo algorithms, the
fragment ions of other coeluting peptides are treated as noises, but we can give them
labels for the model to learn. With such information, the model can make less mistakes
distinguishing noise peaks from signal peaks (of the target de novo peptide), since the
model knows some noise peak is probably a fragment ion of other coeluting peptide, thus
less likely predict it as a signal peak.

To achieve this, we introduce coelution-aware pretraining to our algorithm. We adopt
the same Transformer encoder in Section 3.1.1, without the spectrum graph conversion, i.e.
we keep all the original m/z values as the input to the Transformer. After layers of self-
attention, we obtain the embedding for each m/z value in the spectrum. These embeddings
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lon Type
la

1b

2a

2b
1a-NH;
la-H,0O
1b-NH;
1b-H,O
1y

2y
1y-NH;3
1y-H20

Table 3.2: Types of lons Labeled during coelution-aware pretraining. For precursor charge
2, ions with charge 1 are considered. For precursor charge > 2, ions with charge 1 or 2
are considered.

Figure 3.3: Pretrain model architecture.

are trained under the ion type loss, a cross entropy loss, representing the type of fragment
ions. 12 types of ions are considered (see Table 3.2), plus noise. These labels corresponds
to the fragment ion types of all coeluting peptides, not only the target peptide.

The work ow for the pretraining model is illustrated in Figure 3.3. After pretrain-
ing, the trained embeddings are fed to downstream optimal path and sequence generation
models as features for the Transformer encoder.
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3.1.6 Precursor Feature Detection

For the detection of precursor features from liquid chromatography-mass spectrometry
(LC-MS) maps, we utilized the same standard set of precursor information as employed
by DeepNovo-DIA [123]. In our experiments, we implemented the detection results from
DIA-NN [26] during the main experiment, and DIAUmpire [125] during the comparison
with Cascadia; however, these can be substituted with outputs from other existing peak
detection algorithms, such as those referenced in Zhang et al. (2012) [145], Taynova et
al. (2016) [127] or Tsou et al. (2015) [125]. The outcome of this detection step is a
list of precursor features, each comprising the following essential information: feature ID,
precursor mass-to-charge ratio (m/z), charge state, retention-time center, and scans across
the retention-time range.

Furthermore, given the m/z and retention-time range of a feature, we collected all
tandem mass spectrometry (MS/MS) spectra that fell within the feature's retention-time
range and whose DIA m/z windows encompassed the feature's m/z value. More speci cally,
our precursor information includes the following data:

Feature ID: an unique identi er given to each precursor.
Precursor m/z: the mass-to-charge ratio of the precursor ion.
Precursor Charge: the charge state of the precursor ion.
RT_Mean: the mean of the retention-time range.

Sequence: this column remains empty during de novo sequencing; in training mode, it
contains the peptide sequences identi ed by the in-house database search for training
purposes.

Scans: a list of all MS/MS spectra associated with the feature as described above.

3.1.7 Model Implementation Detalls

Our model is trained on a Lion optimizer [19] with learning rate2 10 ©, over 3 epochs.
The model includes 4 layers both on encoder and decoder side, with 1,024 hidden size and
8 attention heads.

For older-generation data, training and validation sets are Pain, PXD019777, and
PXD003179, with 680,947/254,467/1,206,052 PSMs respectively. For Astral data, they
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Dataset | Link

Hela [120] Chorus Project, number 1105

Pain [89] ftp://IPASS00706:YP9554a@ftp.peptideatlas.org/

PXD003179 [126] https://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD003179
PXD026600 [44] | https://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD026600
PXD019777 [58] | https://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD019777
PXD046386 [46] | https://proteomecentral.proteomexchange.org/cgi/GetDataset?|D=PXD046386
PXD046453 [46] | https://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD046453
PXD046444 [46] | https://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD046444
PXD046283 [46] | https://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD046283
PXD046471 [46] | https://proteomecentral.proteomexchange.org/cgi/GetDataset?ID=PXD046471

Table 3.3: Links to each dataset

are PXD046386, PXD046453, and PXD046444, with 1,896,662, 1,086,577, and 2,136,215
PSMs respectively, these PSMs are chosen from the DIA-NN search result with 1% FDR.
For the test set, we ensured that no testing sequences appeared in the training set.

The links to all datasets utilized in this project is listed in Table 3.3

3.2 Results

Our experiments comprehensively evaluated the performance and robustness of our de
novo peptide sequencing algorithm across various datasets and conditions. We found that
older-generation mass spectrometers exhibit relatively lower peptide recall, while Astral
data showed better results due to improved fragment ion coverage. Our model consistently
outperformed the baselines DeepNovo-DIA and Transformer-DIA model across multiple
datasets, highlighting its superior capability in complex DIA settings. We also include

a comparison with a recent state-of-the-art model, Cascadia, demonstrating the superior
performance of our approach.

Furthermore, in the comparison of DDA and DIA on the Hela [120] (older-generation)
and PXD046453 [46] Hek293T (Astral) dataset, DIA demonstrated advantage in peptide
detection when isolation window is small, with our de novo sequencing algorithm iden-
tifying additional peptides that DDA missed. These ndings collectively underscore the
robustness, versatility, and superior performance of DIA in diverse and challenging pro-
teomics scenarios. These ndings provide valuable insights into the proper scenarios for
applying DIA de novo sequencing and highlight DIA's capability to extend identi cation
beyond DDA. Finally, we provide an ablation study justifying our model design choices.
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(&) Amino acid recall (b) Peptide recall (c) Amino acid precision

Figure 3.4: Amino acid recall (a), peptide recall (b), and amino acid precision (c) of our
method vs DeepNovo-DIA and Transformer-DIA, training sequences excluded from test
set, on various older-generation datasets, measured over 10,000 randomly selected peptide
precursors per dataset.

3.2.1 De Novo Performance on Older-Generation Data

We compared our model's performance with the baselines across several datasets [58] [44]
[120] in Figure 3.4, where peptide recall is de ned as the proportion of peptides whose entire
sequences exactly match the database search results, without any mismatches or errors. On
most datasets, our model demonstrated signi cantly better performance than the baselines,
however the results are relatively lower compared to DDA levels across the board, indicating
that there is a signi cant gap between database and de novo identi cation performance in
older-generation mass spectrometers. Our amino acid recall is on average 60% higher than
DeepNovo-DIA, while peptide recall being 53% higher. Comparing to Transformer DIA,
our amino acid recall and peptide recall is 32% and 24% higher respectively.

Although our method shows greater ability beyond the baselines, the results indicate
that further re nements are needed to achieve satisfactory accuracy in de novo peptide
sequencing in older-generation instruments.

3.2.2 Performance on Orbitrap Astral Data

Our experiments on Astral data demonstrate superior de novo performance compared to
Orbitrap data. Our ndings indicate that Astral data outperforms older-generation data

in de novo peptide sequencing. This superior performance can be attributed to better
fragment ion coverage in the Astral data, resulting in fewer missing fragments during the
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(&) Amino acid recall (b) Peptide recall (c) Amino acid precision

Figure 3.5: Amino acid recall (a), peptide recall (b), and amino acid precision (c) of our
method vs baselines on various Astral datasets.

sequencing process. The performance di erences are visually represented in the Figure 3.5,
comparing our model's performance against the baseline across the di erent datasets.

The performance of our model on the Astral datasets shows a marked improvement
over the baselines. On average we can expect a 43%/60% increase of amino acid / peptide
recall with our methods compared to DeepNovo-DIA, or a 27%/47% improvement com-
pared to Transformer-DIA. Furthermore, Astral data delivers a signi cant boost to de novo
performance, a rming the e ectiveness of DIA de novo sequencing in such system.

3.2.3 Sensitivity to Coelution Number

In this section, we investigate how our algorithm responds to varying levels of coelution.
The coelution number is de ned as the number of peptides that coelute with a target
peptide, speci cally when their precursor m/z values fall within the same precursor isolation
window and their retention times overlap.

To visualize the relationship between coelution number and de novo sequencing per-
formance, we generated a plot (shown in Supporting Figure 3.6) that demonstrates our
algorithm's performance across di erent levels of coelution. The plot illustrates that our
algorithm maintains consistent performance irrespective of the coelution number, indicat-
ing its robustness in handling complex spectral data.

The ability of our method to maintain performance in the presence of numerous coelut-
ing peptides underscores its e ectiveness in dealing with the inherent complexity of DIA
data. This resilience is critical for practical applications in proteomics, where accurate
peptide detection amidst complex mixtures is essential.
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Figure 3.6: Performance of our method vs baselines, on the Yeast KO Dataset, on peptides
with varying coelution number.

3.2.4 Comparison of Peptide Detection by DDA and DIA

In this experiment, we conducted a detailed comparison of the number of peptides de-
tected by de novo sequencing using both Data-Dependent Acquisition (DDA) and Data-

Independent Acquisition (DIA) modes, utilizing both older-generation mass spectrometers
and the newer Orbitrap Astral model. The goal was to understand how these acquisition
strategies perform across di erent isolation windows, particularly in the context of de novo

peptide identi cation.

For older-generation instruments, we adopted the Hela dataset [120], analyzing peptides
identi ed from the same biological sample in the DDA and DIA modes with varying DIA
isolation windows (5 Th, 10 Th, and 20 Th). In the DDA experiments, we performed a
database search using the PEAKS[145] DB search engine and employed PointNovo [101]
for de novo peptide sequencing. For DIA, we utilized the DIA-NN[26] search engine for
database search and applied our de novo sequencing methods.

The results (shown in Figure 3.7) reveal a clear relationship between the isolation
window size and the e cacy of peptide detection. When the isolation window is narrow
(5 Th), DIA de novo sequencing signi cantly outperforms DDA, identifying almost twice
as many peptides. This suggests that in older-generation mass spectrometers, smaller
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(a) 5 Th DIA window (b) 10 Th DIA window

(c) 20 Th DIA window

Figure 3.7: Venn diagram, comparison of peptide identi cation under DDA or DIA mode,
with Orbitrap Q Exactive (older-generation), where blue and orange circles refer to number
of peptides identi ed in database search, while pink and green circles refer to number of
peptides identi ed in de novo mode, under DDA and DIA respectively.

(@) 2.5ms DIA Data (b) 3.5ms DIA Data

Figure 3.8: Venn diagram, comparison of peptide identi cation Under DDA or DIA mode,
with Orbitrap Astral.

isolation windows in DIA mode allow for more precise detection, enhancing the depth of
peptide identi cation. However, as the isolation window increases to 10 Th and 20 Th, the
performance of DIA begins to diminish in both de novo sequencing and database search,
losing its advantage over DDA. At a 20 Th isolation window, while DIA database search still
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detects more peptides than DDA, de novo sequencing lags behind. The additional peptides
identi ed in database search mode cannot be accurately recovered by de novo sequencing.
This decline illustrates that larger isolation windows introduce higher-level of coelution,
leading to unwanted noise and overlapping ion signals, reducing the accuracy and e ciency
of peptide detection. Therefore, increasing the isolation window in older-generation mass
spectrometers appears to be a suboptimal approach for DIA experiments.

In contrast, the performance of the Orbitrap Astral mass spectrometer, using the
PXD046453 [46] HEK293T dataset, presents a more consistent scenario (shown in Fig-
ure 3.8) due to the enabled narrow window mode. This dataset provides both DDA data
and DIA data acquired at di erent cycle times (2.5 ms and 3.5 ms), both using a narrow
2 Th isolation window. The Astral data demonstrates that DIA consistently outperforms
DDA, regardless of the cycle time. The DDA de novo sequencing identi es approximately
17,000 peptides, whereas the DIA de novo sequencing detects nearly 32,000 peptides, show-
ing a considerable increase over DDA. The additional 15,000 peptides identi ed by DIA de
novo are likely missed by DDA due to biased sampling. This highlights the key advantage
of DIA over DDA its comprehensive and unbiased sampling of peptides, which is further
enhanced by the speed and sensitivity of the Orbitrap Astral. In this case, the smaller iso-
lation window and improved performance of Astral's DIA mode enable the identi cation
of a broader range of peptides, overcoming the limitations observed with DDA.

Overall, the results of both datasets underscore the advantages of using DIA de novo
sequencing with narrow isolation windows, particularly when coupled with the advanced
capabilities of next-generation instruments like the Orbitrap Astral. This mode not only
boosts peptide detection rates but also minimizes the sampling bias inherent in DDA,
providing a more comprehensive view of the proteome.

3.2.5 Comparison with Cascadia [108]

To evaluate the performance of our approach in a practical setting, we conduct a com-
parative analysis against Cascadia, a recently introduced state-of-the-art model. For this
purpose, we selected a representative raw le from the PXD046386 Yeast Knockout (KO)
dataset. This dataset provides a relevant benchmark for assessing model e ectiveness in
proteomics data analysis. Both our method and Cascadia were applied to this identical
data source under equivalent preprocessing and parameter settings to ensure a fair com-
parison. The resulting performance di erences are summarized and visualized in Figure
3.9.

Our model demonstrates a 21% increase in peptide identi cations compared to Casca-
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Figure 3.9: Venn diagram for Cascadia comparison.

dia. Notably, the overlap in identi ed peptides between the two models is relatively limited,
indicating that each model captures distinct subsets of the data. This suggests that our ap-
proach exhibits di erent identi cation characteristics, potentially o ering complementary
insights to those provided by Cascadia.

3.2.6 Ablation Study

In this ablation study, illustrated in Figure 3.10, we evaluate the impact of di erent con-
gurations on our model using the Yeast KO dataset. The results highlight that coelution-
aware pretraining plays a helpful role in model performance, as its removal reduces peptide
recall by 8.5% compared to DIANovo. More notably, the removal of Rotary Positional En-
coding (ROPE) leads to a severe performance drop, with peptide recall plunging to 67.2%
of the original. This decline suggests that absolute positional embeddings alone are in-
su cient for encoding graph node masses e ectively. Additionally, excluding extended
peak features or limiting the input to only three neighboring spectra results in moderate
performance losses, demonstrating the importance of both extended features and broader
spectral context. Finally, binning spectra into 0.5 Th intervals causes a signi cant drop
in performance due to reduced spectral resolution, which increases ambiguity in peptide
identi cation.

3.2.7 Visualization of Learned Embeddings

In this section, we present a visualization of the learned peak embeddings to better under-
stand the features captured by our pretrained model.

We generate a t-SNE [130] plot from the learned peak embeddings, and observe that
the model implicitly captures the relationship between coeluting precursors and their cor-
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(a) Relative amino acid recall (b) Relative peptide recall (c) Relative aa precision

Figure 3.10: Relative amino acid recall (a), peptide recall (b), and amino acid precision
(c) of our method vs di erent con gurations, compared to our method, on the Yeast KO
dataset.

responding fragment ions, even when trained solely with the ion type loss. The t-SNE
plots (shown in Figure 3.11, 3.12, and 3.13) further reveal that peak embeddings are or-
ganized not only by fragment ion type (ion type label) but also by their source peptide
(ion source label). For instance, in Figure 3.11, a dark blue cluster on the right side of
the graph represents peaks originating from peptide 1 in the ion source plot. Within this
cluster, the peaks are further subdivided into distinct colors (pink and green) in the ion
type plot, corresponding to di erent fragment ion types. We provide the t-SNE plots from
three di erent peptides to illustrate this e ect.

These results suggest that the model inherently learns to associate each fragment ion
with its coeluting peptide, highlighting its ability to extract meaningful structural rela-
tionships from the data.

3.3 Discussion

This study introduces a robust and highly accurate method for de novo peptide sequencing
within the DIA setting, o ering substantial improvements over existing approaches. By
incorporating dilated convolutional neural networks, FlashTtention-2, RoPE, as well as
coelution-aware pretraining, our model is adept at handling the complex, highly-multiplexed
and noisy spectral data inherent to DIA experiments. The use of these advanced techniques
allows our approach to e ectively capture intricate spectral patterns, enabling reliable pep-
tide sequence predictions even in challenging conditions.

Our comprehensive experiments demonstrate the superior performance of the proposed
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