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EPIGRAPH

THE MORE I STUDY SCIENCE, THE MORE | BELIEVE IN GOD.

- Albert Einstein
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ABSTRACT OF THE DISSERTATION

Towards Precision Glycotherapeutics Through Genome Editing and Next-Generation
Glycoanlytics

by

Haining Li

Doctor of Philosophy in Bioengineering
University of California San Diego, 2025

Professor Nathan E. Lewis, Chair
Professor Xiaohua Huang, Co-Chair

Glycosylation is crucial to many biological functions. Therefore, its control and monitoring
are essential in many fields, from fundamental science to biotechnology and clinical diagnostics
applications. For example, there is a pressing need for effective and affordable glycoprotein

biopharmaceuticals to combat diseases that affect millions worldwide. For these, it is essential to
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control their glycan structures precisely, which can considerably impact their safety and efficacy.
However, glycoengineering faces challenges due to the deficient understanding of
glycosyltransferases—the enzymes that orchestrate glycan synthesis—and the subsequent effects
of their manipulation on the host cell. Moreover, there is a need for high-throughput, cost-effective
glycoprofiling techniques that can accurately characterize the resulting glycoforms of valuable
biopharmaceuticals. In this dissertation, a comprehensive study will be conducted on the effects
of glycoengineering on the cells used for biomanufacturing. This will be done by integrating
glycoprofiles, bioprocessing phenotypes, and RNA-Seq data of glycoengineered CHO cells.
Accelerating the characterization of their glycoprotein products will also be followed by an Al-
based approach to assay N-glycan structures and their relative abundance using lectin-binding
patterns. Finally, through the development of further computational modeling lectin binding
kinetics and genomic methods, this method will be translated to a Next-generation sequencing
platform. Thus, this dissertation will create a powerful new toolkit that will help accelerate cell

line development for biomanufacturing
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CHAPTER 1 INTRODUCTION
1.1 Glycobiology: a gateway to novel biotherapeutics

Glycosylation is the decoration of biomolecules with carbohydrates(Essentials of
Glycobiology, 2015; Schjoldager et al., 2020). Through a series of enzymatic steps, glycans can
mature and play essential roles in diverse biological functions(Schjoldager et al., 2020). Aberrant
glycosylation of proteins can promote disease, including cancer, autoimmune diseases, and
inflammatory diseases(M. Wang et al., 2019). Detection of altered glycosylation can provide
invaluable information for basic biomedical discoveries and clinical practice(Aizpurua-Olaizola et
al., 2018). Indeed, changes in glycan structure are a common feature of oncogenesis and can be
used to identify critical glycans for diagnosis or monitoring treatment effectiveness(Silva, 2019).
Awareness of glycobiology is increasingly important for biomarker discovery and drug discovery.
However, there is increasing need for data analysis tools to enable the discovery of how
dysregulated glycosylation results in disease or altered physiology. It is important to understand
the machinery for glycan synthesis and degradation as these underly the dysregulated

glycosylation.

1.2 Advancing glycomics through artificial intelligence

Glycan biosynthesis is a non-templated enzymatic process(Lopez Aguilar et al., 2017).
Specifically, expression levels and kinetics of a variety of glycosyltransferases (GTs) and
glycosidases affect the quantity and structures of glycans produced in a specific cell type under
different environmental circumstances(Moremen et al., 2012; Nairn et al., 2008a; Spahn et al.,
2016; Taujale et al., 2021). The large diversity of enzymatic reactions involved in glycan

biosynthesis results in a wide range of complex glycan structures, causing glycomic data analysis



to be more challenging and to progress more slowly when compared with genomics and
proteomics(Gebrehiwot et al., 2018). However, advances in glycoanalytics have improved the
resolution of glycan measurements, including using mass-spectrometry (MS)(Klein et al., 2018;
Ruhaak et al., 2018), high-performance liquid chromatography (HPLC)(Jansen et al., 2018), or
glycan-binding molecules (e.g., lectins, antibodies). The burgeoning glycomics
datasets(Ranzinger et al., 2011) have been generated with these advanced technologies. These data,
both new datasets and those catalogued in databases, provide opportunities for the use of Artificial
intelligence (Al) for analyzing experimental glycan data(Chocholova et al., 2018). However,
development of Al-based methods in this field are just beginning to be explored, and many
opportunities exist to help it achieve its full potential in providing insights into the mechanisms of
glycan synthesis and analysis of glycomics data. Five examples of major questions that could be

addressed with Al models in glycobiology are summarized in Figure 1.1.
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Figure 1.1 Involvement of Al models in glycobiology for basic science and medicine.

(Top) We highlight here five major applications of Al models in glycomics data analysis: 1) to
understand glycosylation phenotypes (e.g., glycan structure, location site, and occupancy), 2) to
understand glycan-linked disease pathogenesis, 3) to decipher complex glycosylation machinery,
4) to develop therapies to offset effects of aberrant glycosylation, and 5) to enhance current
glycomics tools. (Bottom) Current challenges and potential solutions in analyzing glycomics data
using Al-based methods. There are three major challenges for developing Al-based methods in
analyzing glycomics data: 1) data complexity, 2) model opacity, and 3) data sparsity. However,
for each challenge, there are methods that could be used for addressing this challenge (right).



1.3 Development of Al-based methods for overcoming the curse of glycomics data complexity

Al, including machine learning and deep learning, has been invaluable for many omics
data analyses, such as in genomics, proteomics, and transcriptomics(Mirza et al., 2019), and a few
specific applications in glycomics (e.g., to predict glycosylation sites(Akmal et al., 2017) and
glycan profiles(Burkholz et al., 2021)). Al-based methods are distinguished by their exceptional
ability in finding patterns buried deep in large amounts of data that are impossible for the human
brain to process. Without much knowledge required for the underlying biological mechanisms,
computational tools can find associations between input samples and labels to make accurate
predictions using multivariate statistical models(Theodoratou et al., 2016). However, there has

been less Al-based research in glycomics.



Table 1.1 Al-based and multi-omics integration methods for analyzing glycomics data from

2017-2021.
Category Omic(s) Al Algorithm Biological Questions Reference
Al-based Glycomic Random Forest Predictions of Sooyeon et al.
Method (glycosylation reaction) Stereoselectivities (2020)
Glycomic Artificial Neural Predictions of glycoform | Antonakoudis et
Network al. (2021)
Glycomic Deep Learning Glycan analysis and Thomes et al.
(glycan structure) representation (2021)
Glycomic Artificial Neural Identification of N- Akmal et al.
(UniProt glycosylation Network linked glycosylation (2017)
dataset) sites
Proteomic Deep Learning Predictions of structural |Pakhrin et al.
(N-GlycositeAtlas dataset) features and (2021)
evolutionary information
Manganese, galactose and | Artificial Neural Predictions of glycoform | Kotidis et al.
fucose supplementation Network (2020)
Glycomic Positive Unlabeled Predictions of Li et al. (2019)
(UniProt glycosylation Learning glycosylation site
dataset)
Glycomic Deep Learning and Predictions of Taherzadeh et al.
(UniProt, dbPTM, Support Vector glycosylation site (2019)
GlycoProtDB, etc) Machine
Glycomic XGBoost Predictions of Chien et al.
(UniProt, dbPTM, and O- glycosylation site (2020)
GlycBase)
Glycomic Deep Learning Predictions of lectin— Lundstrgm et al.
glycan interactions (2021)
Multi-omics | Transcriptomic, Non-Al Correlations between Lakshmanan et
integration proteomic, and glycomic | (Statistical method) genes, proteins and N- | al. (2019)
Method glycans
Genomics, proteomics, Non-Al Characterization of O- | Bouchard et al.
and O-glycoproteomics (Statistical method) glycosylation in tumor- | (2021)
stroma crosstalk
Transcriptomic and Non-Al Predictions of enzymes | Kellman et al.
glycomic (Mechanistic model) | that synthesize human | (2020)
milk oligosaccharides
Glycomic, metabolomic, | Non-Al Predictions of glycoform | Bezjak et al.
and transcriptomic (Mechanistic model) (2021)
Glycomic, metabolomic, | Non-Al Predictions of glycoform | Sumit et al.
and transcriptomic (Statistical method) (2019)

Glycomic and
metabolomic

Non-Al
(Statistical method)

Predictions of (dynamic)
glycoform

Zircher et al.
(2020)




Table 1.1 summarizes several example studies in this field. Due to space limitations, we
will present here only the computational methods that employed Al or multi-omic integration
methods for analyzing glycomics data within 5 years (2017-2021). Sooyeon et al.(Moon et al.,
2020) recently introduced a regression-based random forest algorithm to predict stereoselectivity
of glycosylation. This study used descriptors that precisely describe steric and electronic
parameters of every reaction participant in related chemical reactions when constructing random
forest trees, thus having an extraordinary accuracy when predicting the subtle nuances of
stereoselectivity. By illustrating the influence on glycosylation stereoselectivity from factors like
different nucleophiles, electrophiles, catalysts, and solvents, this model provides researchers new
insights into the glycan biosynthesis reactions. Another method was developed by Antonakoudis
et al.(Antonakoudis et al., 2021), which employed a stoichiometric model, combined with artificial
neural networks (ANN) to predict glycoforms. The stoichiometric metabolic model portion
describes the glycosylation-related metabolic reactions, including 101 metabolites and 144
reactions. Meanwhile the ANN took nucleotide sugar donor fluxes from the stoichiometric model
to calculate glycan abundances on the protein of interest. This hybrid model is free of
parameterization, making accurate glycoprofile predictions with concentrations solely from key
cell culture metabolites. Besides the glycosylation prediction, Thomes et al.(Thomes et al., 2021)
developed Glycowork, which focuses on the glycan data analysis. Glycowork is designed with
powerful glycan-focused machine learning functions to predict which organism a studied glycan
stems from and to identify the most informative motif for this prediction.

These Al-based glycosylation methods make accurate predictions based on large amounts

of training data, and they therefore do not require biological parameters such as enzyme kinetics.



However, despite their great prediction performance, these models do not provide details into the

mechanisms underlying the model predictions.

1.4 Multi-omics based approaches

Although glycan synthesis is not template-driven, the glycosyltransferases that catalyze the
reactions for attaching or detaching monosaccharides onto the glycans are DNA-encoded(Chang
et al., 2019). Therefore, omics data enable us to gain valuable information about the relationships
between glycans and enzymes in the glycosylation pathways. Multi-omics integration (e.g., using
transcriptomics, proteomics, metabolomics, etc.) has been developed for other biological systems
and brings benefits to fields such as precision medicine(Huang et al., 2017). Multi-omics
integration approaches that include glycomics data for investigating glycosylation mechanisms,
however, are appearing more frequently now, and we highlight a few such studies from the past 5

years in Table 1.1.

One recent study combined transcriptomic, proteomic, and glycomic data to investigate the
heterogeneity of CHO cells caused by genetic diversity(Lakshmanan et al., 2019). Specifically,
the transcriptomic and proteomic data were deployed to train a CHO metabolic network to assess
the enriched metabolic pathways. Then, the glycomic data were further analyzed to detect unique
glycan species of each CHO parental cell line. The authors concluded that CHO cell heterogeneity
causes differences in growth phenotype and glycosylation profiles, which highlighted the interplay
between metabolism and glycosylation. Another study conducted by Bouchard et al.(Bouchard et
al., 2021) also integrated genomics, proteomics, and O-glycoproteomics to understand how
different components cooperate with each other. They found that gene and protein expression can
be used to determine enriched pathways that are regulated by O-glycoproteins, which provides

mechanistic insights into tumor-stroma crosstalk. In another study, Zachary et al.(Klamer et al.,



2019) integrated on-chip glycan modification data with glycan-array data to help interpret mass
spectrometry-based glycomic data and gained valuable information of glycosyltransferase isomers.

The multi-omics integration approaches demonstrate their strengths in connecting the
different data types together to study complex processes associated with glycosylation. However,
we only see attempts to integrate fewer than three types of omics data in glycomics studies. One
major obstacle is the complexity of study design and efforts required for data analysis

exponentially increasing as the dimension of omics data types increases.

1.5 Thesis overview

In Chapter 2, I will introduce a method called LeGenD (Lectin to Glycoprofile ENhanced
with Data-driven methods) glycoscreening, which uses an artificial neural network (ANN) model
to quantify major N-glycan structures using enzyme-linked lectin assays (ELLA). | will train the
LeGenD model and validate it using measured recombinant human Alphal-antitrypsin (rhA1AT)
and plasma-derived Alphal-antitrypsin (pdAL1AT) lectin profiles. The glycoprofiles predicted by
LeGenD will be compared with those derived from UPLC. Finally, I will use SHAP to identify the
dominant lectins responsible for reconstructing the glycoprofile. Taken together, LeGenD opens
the door to an era of Al-enabled restoration of glycan structures through high-throughput and cost-
effective lectin analysis, thereby demonstrating the untapped potential of lectins for glycan

analysis.

In Chapter 3, I will assess the impact of glycoengineering on CHO cells using an expansive
library of 166 cell lines, representing 54 different combinations of glycosyltransferase knockouts
and knockins. Through integrated multi-omics analysis of glycomics, transcriptomics, and
phenotypic data across these cell lines, 1 will illuminate the complex interplay between

glycoengineering and cellular homeostasis, revealing previously unknown pathways by which



glycosylation changes drive phenotypic alterations. These findings will provide critical insights
into the broader cellular impact of glycoengineering and underscore the fundamental importance
of glycosylation in mammalian cell biology. These insights will have important implications for

optimizing biopharmaceutical development and manufacturing processes.



CHAPTER 2 LeGenD: high-throughput N-glycan screening using explainable Al and lectin
profiling

2.1 Introduction
Glycosylation affects protein structure, function, and interactions by ensuring protein

stability, proper folding, and solubility. This post-translational modification further influences
protein function in diverse processes including pathogen binding, cell adhesion, signal
transduction, and molecular trafficking(Kukuruzinska and Lennon, 1998; Moremen et al., 2012).
Thus, changes in glycan structure can influence many biological and physiological
processes(Rocamora et al., 2023; Varki, 2017). For example, changes in glycosylation can
modulate inflammatory responses, facilitate viral immune escape, aid metastasis, orchestrate
apoptosis, and participate in the pathophysiology of various genetic and infectious
diseases(Ohtsubo and Marth, 2006; Reily et al., 2019). Comprehensive profiling of protein
glycosylation is critical for biomedical research, including the study of how single sugar residues
can considerably alter protein function and activity(Gupta et al., 2023; Shade et al., 2020, 2015),
and the identification of prognostic and diagnostic biomarkers for diverse diseases and genetic

defects(Drake et al., 2010; Hwang et al., 2010; Kailemia et al., 2017).

Several methods can be used to measure glycan features, such as high-performance liquid
chromatography (HPLC)(Dreyfuss et al., 2011), capillary electrophoresis(Mechref et al., 2013;
Molnarova et al., 2022), mass spectrometry (MS)(Wuhrer, 2013; Zaia, 2010), nuclear magnetic
resonance(Battistel et al., 2014), lectin arrays(Hu and Wong, 2009; Smith and Cummings, 2013),
and enzyme-linked immunosorbent assays(Pattathil et al., 2015). While each continues to provide
invaluable information addressing specific biological questions, glycomics continues to trail
behind the strides achieved by other omics, especially in next-generation sequencing (NGS) of

nucleic acids(Hart and Copeland, 2010; Kunej, 2019; Lageveen-Kammeijer and Kuster, 2022;
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Raman et al., 2005; Syed et al., 2016). Considering the growing needs for glycobiology research,

alternative techniques for assaying and quantifying glycan structures could be beneficial.

Lectins are carbohydrate-binding proteins that recognize mono- and oligosaccharide
structures and can be applied in diverse analytical formats(Haab, 2012; Hirabayashi, 2014;
Ridiger and Gabius, 2001) to measure glycan features(Chen et al., 2021; Hu and Wong, 2009).
Despite their value for quantifying glycosylation patterns across diverse samples and conditions,
lectin arrays and assays remain underutilized, and have yet to be used to measure entire glycan
structures(Hu and Wong, 2009). Moreover, samples with considerably different glycan
compositions can produce similar lectin profiles, making these differences difficult to
observe(Kuzmanov et al., 2013; Lee et al., 2010). Lastly, although successful work has elucidated
many lectin-binding motifs, lectin binding affinities can remain ambiguous if they have only
been tested on single glycan structures or on a single type of array, nor tested on variable external
factors(Klamer et al., 2022; Lehmann et al., 2006; Yom et al., 2024). Therefore, it is challenging
to leverage lectin-based approaches to comprehensively elucidate intact glycoform structures in a

given glycoprotein, and there is a clear need for more data-driven innovations.

In recent years, artificial intelligence (Al) models have been applied to many biological
challenges to analyze diverse data fragments(Bhardwaj et al., 2022), and complex omics data for
diverse applications, such as the reconstruction of metabolic pathways(Shah et al., 2021), drug
discovery, and biomarkers(Dara et al., 2022; Martorell-Marugan et al., n.d.). Glycomics
undoubtedly involve the deciphering of hidden connections, especially given the ambiguity found
in glycan structures (from their branching nature and inclusion of repeating structural units) and
the various molecules that bind to glycans. Several studies have applied Al tools(Carpenter et al.,

2022; Li et al., 2022; Lundstrem et al., 2022) to glycomics research. Essentially, these studies
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successfully extrapolated glycan-binding properties without performing costly and labor-intensive
experiments by harnessing neural-network models. Additionally, Al-based approaches(Burkholz
et al., 2021; Dai et al.,, 2021) have been adopted to illustrate the structure and functional
relationships of glycans. To facilitate the interpretation of such models applied in glycobiology,
explainable Al (XAI) could be used with the black-box Al models. With such XAl methods,
explainability is generally defined as the assignment of meaning between model input and output
using model-agnostic  methods. One such method, SHAP (Shapley Additive
Explanations)(Lundberg and Lee, 2017; Lundberg et al., 2020, 2018) is an approach, based on
game theory, that dissects the individual predictions of Al models, allowing the computation of
Shapley values for the sets of essential input features that guide local and global model result
explainability. For black-box Al models in general, explainability as a concept is essential for both
i) understanding the real-world significance of the relationship observed between input features
and model results, and ii) guiding the refinement of said models to improve upon the predictive
accuracy for the objective of interest. As such, the explainability of Al-based methods in
glycobiology is necessary to both resolve mechanisms of glycan synthesis and evaluate glycomic

data.

Here, we present a method called LeGenD (Lectin to Glycoprofile ENhanced with Data-
driven methods), which uses an artificial neural network (ANN) model to quantify major N-glycan
structures using enzyme-linked lectin assays (ELLA). Specifically, we generated a large dataset of
diverse ultra-performance liquid chromatography (UPLC) glycan profiling experiments using a
genetically engineered CHO cell panel. By harnessing established lectin specificities(Bojar et al.,
2022), we simulated the lectin-binding profiles of the 309 collected glycoprofiles. We fine-tuned

the data using paired lecting profiles and glycan profiles of additional proteins and used this to
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train the LeGenD model. The model was then validated using independent lectin profiling data
from recombinant human alphal-antitrypsin (rhAL1AT) and plasma-derived alphal-antitrypsin
(pdA1AT). The glycoprofiles predicted by ANN were generally consistent with those derived from
UPLC, although there were minor differences in the accuracy of certain glycan species. Finally,
we used SHAP to identify the dominant lectins responsible for reconstructing the glycoprofile.
Taken together, LeGenD opens the door to an era of Al-enabled restoration of glycan structures
through high-throughput and cost-effective lectin analysis, thereby demonstrating the untapped

potential of lectins for glycan analysis.

2.2 Results
2.2.1 Lectin profiling cannot unambiguously predict glycoprofiles

Lectins are valuable reagents for measuring glycan features; however, the diversity of
glycan features that can be oriented in glycan structures(Hirabayashi, 2004; Nilsson, 2003;
Ridiger and Gabius, 2001) has limited the ability to use lectins to unambiguously determine glycan
structures. Furthermore, many lectins have secondary specificities, thereby increasing the potential
glycan structures that they bind to(Kletter et al., 2013). To estimate the scale of this problem, we
aimed to quantify the diversity of glycoprofiles that could be obtained from a single lectin profile.
We generated 2912 random glycoprofiles from a set of 68 known glycan structures that were
measured from a panel of 10 glycoproteins expressed in 30 glycoengineered Chinese hamster
ovary (geCHO) cell lines (Methods 2.4). From these glycoprofiles, we simulated their lectin
profiles (details in following sections), which effectively incorporated affinity factors between
each glycan feature and lectin (Methods 2.4).

From 2912 randomly generated glycoprofiles, we found 100 highly similar simulated lectin
profiles (R > 0.95), clearly demonstrating that it is nearly impossible to unambiguously reconstruct

glycoprofiles from lectin-based glycan features. To gain further insight into the diversity of
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glycoprofiles that can be obtained from a single lectin profile, we performed hierarchical clustering
using the Voorhees algorithm, which revealed at least seven groups of potential glycoprofiles
(depicted as black squares) highly correlated with the simulated mean lectin profiles (Figure 2.1).
However, each cell constrains the glycoprofiles they produce, for example, based on the species,
their enzyme repertoires, monosaccharide availability, and structure of the receiving glycoprotein;
thus, the range of possible glycoprofiles would be greatly reduced(Medzihradszky et al., 2015;
Raju et al., 2000). Because the quantitative influence of many of these constraints is not well
understood, we hypothesized that this can be feasibly overcome by training an ANN on highly
diverse glycoprofiles, which accounts for the inherent constraints on glycan patterns imposed by

its training data.

14



Inferring Intact Glycan Structures from Lectin Binding is Challenging
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Figure 2.1 Lectin profiles cannot be connected to a single glycoprofile.

From 2912 randomly generated glycoprofiles, we simulated their lectin profiles and then plotted
the glycoprofiles corresponding to the 100 most similar simulated lectin profiles (Pearson R
correlation > 0.95). A Bar plot of mean lectin profiles representing their fraction of total lectin
binding, with standard error bars showing the variability for each lectin. B The heatmap shows the
similar candidate glycoprofiles (black squares) derived from lectin profiles after clustering using
the VVoorhees algorithm. The glycan features are annotated on the right.

2.2.3 Simulated and experimental lectin-binding profiles are similar
LeGenD uses an ANN to connect patterns of lectin binding to glycoprofiles (Figure 2.2A).

However, there is a paucity of available datasets containing detailed lectin-binding patterns and
their corresponding glycan structural information. To address this challenge, we used 30 geCHO
cell lines comprising different combinations of gene knockouts and knockins of 17
glycosyltransferases (Figure 2.2B). These cell lines were used to produce a range of different
glycoforms of ten recombinant glycoproteins, including monoclonal antibodies, fusion proteins,

cytokines, and enzymes (manuscript in preparation). We performed N-glycan analysis using
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HILIC-UPLC profiling, which yielded 309 glycoprofiles. We then simulated the lectin profiles

from this large glycoprofile dataset (Figure 2.3).
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Figure 2.2 Predicting relative N-glycan abundance using machine learning.

A Workflow of LeGenD utilizing neural networks to predict N-glycoprofiles based on lectin-
binding profiles. B 309 N-glycoprofiles were obtained from 10 glycoproteins expressed in a large
panel of 30 glycoengineered Chinese hamster ovary cells (geCHO), yielding a comprehensive
view of N-glycans for training LeGenD. C Matrix representations of training datasets consisting
of lectin profiles and glycoprofiles.

The simulation of the lectin binding profiles was performed by multiplying a glycan-
feature matrix (where each glycan is decomposed into counts of expressed features with each
glycan feature annotated as per Linearcode(Banin, 2002)) by a binding-rules matrix (Figure 2.3A).
Figure 2.3B demonstrates examples of simulated lectin profiles from measured EPO glycoprofiles.
We then aligned some simulated lectin profiles with their experimentally observed counterparts to

enhance the credibility of our simulated lectin profiles (Figure 2.3C).
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While our simulated lectin-binding patterns are based on published binding factors(Bojar
et al., 2022), it is imperative to test whether the values are consistent with our experimental data.
This is especially crucial to validate our assumption, that the binding intensity is proportional to
the amount of glycan features to which the lectin binds. Thus, we validated this using 1gG from
human sera and bovine Fetuin B as representative glycoproteins, which contain different N-glycan
structures(Carr et al., 1993; Windwarder and Altmann, 2014; Wuhrer et al., 2007). The N-glycans
of both glycoproteins were characterized separately using Ultra-Performance Liquid
Chromatography (UPLC)(Hani¢ et al., 2019; Puci¢-Bakovi¢, 2017), and the relative amounts of
respective N-glycans were estimated from the peak regions of the fluorescence chromatograms
(FLC) (Figure 2.3C). Adhering to our simulation rules, simulated lectin profiles were constructed
for each glycoprotein. Concurrently, we used ELLA to quantify N-linked glycan characteristics by
selecting lectins with glycan epitopes consistently present in both glycoproteins, serving as a
benchmark for analytical development (Methods 2.4) (Supplementary Table 2.1). The selected
lectins were also evaluated for cross-reactivity with O-linked glycans by analyzing lectin
specificities from the CFG microarray data (Supplementary Figure 2.1) and O-glycan
modifications in Fetuin B using MALDI-TOF (Supplementary Figure 2.1). Although the lectin
microarray suggested potential cross-reactivities for certain lectins, O-glycan profiling of Fetuin
B revealed the absence of their primary binding epitopes. Thereafter, experimentally derived lectin
profiles were generated (Figure 2.3D). Linear regression analysis indicated strong correspondence
between the simulated and experimental lectin profiles. Moreover, the analysis provided insights
into the relationship between the experimental and simulated lectin profiles, allowing us to align
the simulation data with the observed data for increased accuracy. Following the application of a

linear regression model, our results demonstrate a significant resemblance of simulated lectin
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profiles derived from FLC data to the actual lectin profiles for both IgG (RMSE=2.63e-03) and

Fetuin B (RMSE=3.85e-03) (Figure 2.3D). Hence, the simulated lectin profiles were expected to

be suitable training data for LeGenD in subsequent experiments.
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Figure 2.3 Simulating lectin profiles for model training data.
A Schematic approach for simulating lectin profiles from glycoprofiles through matrix
multiplication using lectin-binding rules. Glycans are mapped to lectins by decomposing each
glycan into its constituent glycan features recognized by each lectin. B Simulation of glycoprofiles
with their respective lectin profiles. C UPLC-derived N-glycoprofiles for IgG from human sera
and bovine Fetuin B, Validation of simulated lectin profiling by comparing simulated lectin
profiles of IgG and Fetuin B, generated from their UPLC-derived N-glycoprofiles. D Validation
of lectin enzyme-linked lectin assay (ELLA) data for Bovine Fetuin B samples and IgG for human
sera, generated from UPLC analysis, against actual ELLA experiments with standard error bars.
The comparison revealed low root mean square error (RMSE) values, confirming the accuracy of

our simulation.
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2.2.4 LeGenD accurately predicts N-glycosylation in A1AT
We built a fully connected neural-network model (Figure 2.4A), connecting eight lectin

measurements with 74 distinct N-glycan structures stemming from 309 geCHO glycoprofiles. To
optimize model performance, we performed hyperparameter tuning and confirmed a model
architecture consisting of four hidden layers and 20 nodes in each layer performed the best (RMSE
of -3.80E-02) (Methods 2.4). The detailed hyperparameter sets tested are listed in Supplementary
Table 2.

This model was evaluated for its ability to computationally predict N-glycans from the
ELLA-derived lectin profiles. We first provided rhAL1AT and pdA1AT lectin profiles to the ANN
to predict the identity and abundance of the rhA1AT and pdA1AT N-glycans(Rocamora et al.,
2024) (Figure 2.4B and 2.4C). To denoise, we employed a threshold score of 0.02 and then
normalized the predictions to have a summed abundance of 1. The predictive accuracy of the
glycoprofiles was evaluated by comparing observed and predicted values, as illustrated in Figure
4. For the rhA1AT glycoprofile, the model achieved a root mean square error (RMSE) of 6.8 and
an error of 7.5, indicating moderate agreement between predictions and experimental data. In
contrast, the pdA1AT glycoprofile demonstrated markedly higher precision, with an RMSE of
0.056 and an error of 0.0739, reflecting strong alignment between predicted and observed trends.
These results suggest that the model performs robustly for specific glycoprofile components,
particularly in scenarios where lower error margins are critical. The observed variability in
accuracy highlights the potential influence of structural or experimental complexity on prediction
efficacy, warranting further optimization for challenging cases. Overall, the findings underscore
the model's capability to capture key features of glycoprofiles while identifying areas for

refinement.
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Figure 2.4 Predicting the ALAT N-glycoprofiles from measured lectin binding profiles.
A The architecture of the LeGenD neural network model, consisted of four fully connected hidden
layers with 20 nodes each. B Comparison between the experimentally observed rhA1AT-
glycoprofile and the LeGenD-predicted N-glycoprofile. The red bar represents the glycoprofile
obtained using UPLC, whereas the blue bar represents the predicted glycoprofiles obtained by
LeGenD using observed lectin assays as inputs. The fraction of total abundance for each glycan
structure was determined. Error bars indicate standard error. The symbol for each glycan follows
the SNFG standard. C Comparison between the experimentally observed pdA1AT-glycoprofile

and the LeGenD-predicted N-glycoprofile.

2.2.5 Crucial Lectins can be identified using SHAP

To interpret the “black box” model in LeGenD, we employed a model-agnostic SHapley

Additive exPlanations (SHAP) analysis(Lundberg and Lee, 2017; Lundberg et al., 2020, 2018).
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This approach identified key lectins and their associated glycan epitopes contributing to
glycoprofile predictions derived from ELLA lectin-binding profiles. For rhALAT (Figure 2.5A),
SHAP analysis highlighted SNA, RCA-I, and LCA as the most influential lectins, with absolute
SHAP importance values of ~0.5 and ~0.25 above the background (averaged values of glycan
abundance in training dataset), respectively. In pdA1AT (Figure 2.5B), SNA and LCA retained
prominence, while PHA-L and WGA were among the least predictive lectins in both proteins.

SNA’s positive SHAP values align with its specificity for alpha2,6-linked sialic
acid(Dalziel et al., 1999; Gagneux, 2003), a well-documented modification on A1AT(Castilho,
2014; Rocamora et al., 2024). This reinforces the model’s ability to link SNA’s binding profile to
sialylation levels. LCA, which binds fucosylated glycans, also displayed positive SHAP values.
Here, diminished LCA signals—reflecting reduced fucosylation—correlated directly with the
model’s prediction of abundant afucosylated glycans. This relationship underscores the model’s
capacity to interpret lectin-binding patterns in a biologically meaningful way, where low LCA
activity serves as a predictor of afucosylation.

MAL-I, targeting Siao2-3Galp1-4GIcNAc epitopes(Bojar et al., 2022; Geisler and Jarvis,
2011; Knibbs et al., 1991), contributed positively despite the absence of its canonical glycan in
Al1AT. The model likely associates MAL-I’s binding behavior with structural features co-
occurring in the dataset, enabling accurate predictions even in the absence of its primary epitope.
These results highlight the framework’s ability to integrate diverse lectin signals, translating them
into coherent glycomic insights without relying on indirect interpretations.

By anchoring SHAP values in A1AT-specific glycan biology, the analysis demonstrates
how lectin-binding profiles inform predictions. For example, the bipartite plot for pdA1AT LCA

(Fig. 5B) illustrates that low LCA signals (indicative of afucosylation) strongly align with high
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predicted afucosylated glycan levels—a direct reflection of established biochemical principles.
This approach ensures clarity and relevance, emphasizing the model’s fidelity to empirical data.
To interpret the “black box” model in LeGenD, we employed a model agnostic SHapley
Additive exPlanations (SHAP) analysis(Lundberg and Lee, 2017; Lundberg et al., 2020, 2018).
This elucidated specific lectins and their associated glycan epitopes, which contributed to the
prediction of glycoprofiles using lectin profiles acquired through ELLA. The Shapley importance
values for a given feature can be understood as the average incremental contribution that the
feature offers to the model considering all potential groupings, in our case, the set of lectins chosen.
For rhAL1AT (Figure 2.5A), SHAP revealed that SNA, RCA-1 and LCA were the most important
lectins, with absolute SHAP importance values of ~0.5 and ~0.25 above the background (averaged
training data), respectively. In contrast, MAL-1 and PHA-E, while still important, contributed less
than 0.1 above the background. In pdA1AT (Figure 2.5B), a similar ranking was observed for
SNA and LCA based on the aggregate sum of SHAP values. In addition, SHAP analysis indicated
PHA-L and WGA as the least important lectins in predicting glycan structures in both rhA1AT

and pdA1AT.
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Figure 2.5 The SHAP values explain the contribution to prediction from each lectin.
In the bipartite network on the left, SHapley Additive exPlanations (SHAP) values of lectins and
their glycan structures in rhA1AT are displayed. The color scale represents SHAP values, whereas
the dot size indicates the relative abundance of a lectin or glycan. To the right, a bar graph breaks
down the sum of the SHAP values, illustrating the contribution of each of the eight lectins. Purple
diamonds oriented towards the right and left represent a-2,6-linked sialic acids, respectively. A a

rhA1AT sample. B a pdALAT sample.
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2.3 Discussion

In this paper, we introduced LeGenD, a method for deciphering lectin-binding patterns and
predicting the identities and quantities of the dominant N-glycans in a given sample. Our Al model,
trained with diverse glycoproteins, captures inherent relationships between glycans as determined
by the cell. It provides sufficient resolution and sensitivity for quantifying highly expressed
glycans and is compatible with different analytical platforms, enabling miniaturization and high-
throughput glycan characterization. LeGenD can complement current analytical methods that can
encounter challenges in deciphering glycan structural features due to isobaric monosaccharides,
stereochemistry(Gray et al.,, 2019; Wooke et al., 2019), and the need for comprehensive
preliminary structural assignments and subsequent validation using orthogonal technologies
implemented by experts in glycoanalytics(Chen et al., 2021; Varki et al., 2022). Although several
studies have attempted to profile glycans holistically(Rosenfeld et al., 2007) or to predict single
glycans from lectin binding patterns(Yom et al., 2024), mapping these patterns to an actual
glycoprofile is a highly under-constrained problem, wherein nigh infinite glycoprofiles could have
the same lectin profile (Figure 2.1). However, LeGenD overcomes this challenge by using Al with
a large glycomics training set to successfully compute an N-glycan profile based on a lectin-
binding profile. In conjunction with explanatory Al approaches, such as SHAP analysis, we also

identified the most predictive lectins.

In the present study, we demonstrated that ANNs can be used to identify an accurate
glycoprofile from a lectin-binding profile, despite the immense diversity of glycans that could exist
based solely on known enzyme functions. Glycans are highly complex, highly branched, nonlinear
biopolymers that are synthesized through seemingly stochastic interactions between glycosyl

hydrolases and glycosyltransferases(Lairson et al., 2008; Nairn et al., 2008b; Spahn et al., 2016).
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However, it is anticipated that the physicochemical properties of the cell and the glycosylated
proteins will limit the range of possible glycan structures and possibly which ones are more likely
to co-exist in any given sample (Collins et al., 2017; Hamouda et al., 2014; Reily et al., 2019). Our
study shows that ANNSs capture these constraints on glycan synthesis, thus enabling the accurate

determination of the correct glycoprofiles despite the expected theoretical complexity.

While conventional neural networks have been successful here and in other studies for
studying glycosylation patterns and processes (Bao et al., 2021; Bojar and Lisacek, 2022; Coff et
al., 2020; Senger and Karim, 2008), further developments in A.l. have presented new model
topologies that could further refine technologies, such as ours, for more accessible technologies in
glycobiology. For example, glycans have proven to be well-suited for graph neural network (GNN)
applications(Bojar et al., 2020; Burkholz et al., 2021; Carpenter et al., 2022; Mohapatra et al.,
2022). Indeed, GNNs leverage the full molecular structure or even the geometry for inputs, and
the GNN itself learns informative molecular representations to predict the given target
properties(Reiser et al., 2022; Wu et al., 2021; Zhang et al., 2021). In the context of glycans, they
can comprehensively account for monosaccharides and their linkages, represented as nodes and
edges, respectively, to form “glycowords”(Bojar et al., 2020; Daponte et al., 2021). This strategic
representation facilitates the capture of unique structural features and contextual information
pertaining to glycans including branching substructures, anomericity, and various types of
linkages(Daponte et al., 2021). GNNs have been successfully employed for motif exploration
within glycan substructures, enabling categorization by O-/N-linkage, immunogenic properties,
evolutionary origin, and viral protein recognition(Bojar et al., 2020; Burkholz et al., 2021).

Therefore, we anticipate that integrating alternative model architectures beyond standard neural
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networks will further enhance applications for studying glycan structural patterns. These results

are highly compatible with our workflow, resulting in an improved prediction performance.

SHAP analysis provided further insights into glycan epitopes that require better reagents
for quantification. For example, we found that WGA and PHA-L lectins, which target complex
epitopes such as B-1,4-GIcNAc-linked and sialic acid-containing residues(Nabi et al., 2018), tri-,
and tetraantennary structures(Bojar et al., 2022), did not significantly improve the predictive
performance of LeGenD for rhALAT and pdA1AT. We hypothesized that, while these lectins can
recognize various structures, such as internal complex N-glycan structures, there is a need for more
specific carbohydrate-binding proteins to enhance the model's overall performance. Therefore,
future studies are needed to identify and screen proteins with better binding specificities to the
internal structure of glycans. Another important goal for development is to increase the available
repertoires of lectins that can be utilized. Not all lectins perform optimally during in vitro analyses
(Bojar et al., 2022; Haab, 2012; Xie et al., 2020a). However, recent advances have largely
demonstrated alternatives to overcome this limitation (Collins et al., 2017; Li et al., 2024; Sterner
et al., 2016). Therefore, we anticipate the development of new recognition molecules will aid in

accelerating the emergence of high throughput glycomics.

While SHAP effectively reveals the individual contribution of each lectin to glycoprofile
prediction, its primary utility is that of an audit of model behavior. This audit facilitates the
biological interpretation of model prediction in relation to supplied features. Specifically, when
visualized as bipartite plots (Figure 2.5A and 2.5B), the local SHAP scores (Shapley values)
provide accessible explanations of how lectin abundances influence the model's predictions for
rhAL1AT and pdA1AT glycoprofiles independently. These explanations reflect the average

contribution of a feature value to the prediction across different coalitions, rather than indicating
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how the prediction would change if the feature were removed from the model. Consequently,
SHAP provides a quantitative rationale for the model's prediction based on the supplied features,
similar to explainable models such as linear regression models(Lundberg and Lee, 2017).
Therefore, the results should be interpreted as correlations rather than causal relationships(Lee et
al., 2023). In summary, SHAP enhances our understanding of the data beyond just the weights
from a neural network. Lastly, SHAP will also be valuable in future studies for evaluating different
models and improving their explainability, ultimately leading to more accurate predictions and

insights from LeGenD.

In addressing the limits of traditional methods for assessing glycan structures and
abundances, such as throughput constraints and sensitivity concerns (Thompson et al., 2011;
Vliegenthart, 2017), particular examples such as microtiter plate-based techniques (ELLA/ELISA)
highlight the need for improvement. These methods, which detect only one target within a single
reaction well(Engvall and Perlmann, 1971; Ling et al., 2007) and struggle to achieve high
sensitivity comparable to PCR due to their inability to utilize direct amplification techniques(Y.
Wang et al., 2019), underscore the importance of finding solutions to enhance the development of
in vitro glycan research tools. In response, the integration of glycan binding proteins (GBPs) like
lectins with DNA barcoding is promising. This approach enables the identification of lectin-glycan
interactions via PCR, facilitating highly-sensitive quantitative glycan analysis (Minoshima et al.,
2021; Odaka et al., 2022). Furthermore, within the expanding omics paradigm, multiplexing
methodologies are becoming increasingly vital for evaluating glycan complexity and diversity at

high throughput scales.

LeGenD is poised to emerge as a rapid, streamlined technology for discerning highly

abundant glycoforms across biotherapeutic batches, enabling high-throughput glycan mapping and
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monitoring. By combining the quantitative precision of structural composition analysis (e.g.,
chromatography and mass spectrometry) with the linkage-specific insights of lectin arrays, our
method addresses the unmet need for platforms that track predominant glycosylation changes
across diverse contexts, offering potential to establish clinically relevant N-glycan signatures.
While orthogonal separation-based methods can validate LeGenD’s predictions for critical
applications, the framework’s versatility allows extension to other glycosylation types (e.g., O-
glycans) and formats such as lectin arrays(Pilobello et al., 2007; Shibata et al., 2020; Zou et al.,
2017), microfluidics(Shang et al., 2016), or Next Generation Sequencing(Kearney et al., 2021;
Minoshima et al., 2021; Oinam and Tateno, 2022), each requiring tailored training datasets. To
broaden its utility, future iterations would benefit from expanded training data generated via
multivariate probability distributions (e.g., Dirichlet distributions), encompassing understudied
features like bisecting GIcNAc, non-core fucose, modified sialic acids, and polysialic acids.
Though this study focused on N-glycans from standardized glycoproteins (rhA1AT and pdA1AT)
to mirror training data constraints, the modular design readily accommodates O-glycans and novel

glycoproteins, positioning LeGenD as a scalable tool for advancing glycobiological discovery.

In summary, as awareness of the importance of glycosylation increases, new technologies
are needed to increase the accessibility and throughput of glycan research tools. LeGenD provides
a complementary concept that with further development could aid in the proliferation of
glycoanalytics in routine biological research. Indeed, leveraging Al in glycoanalytics can help
manage the complexity of this field, thereby enabling a much larger user base for glycomics and

allowing researchers to link changes in glycosylation with phenotypic changes.
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2.4 Methods
2.4.1 Lectin Selection
We selected lectins capable of providing a wide coverage across a broad spectrum of N-

glycoform epitopes found in our glycoprofiling training dataset. Thirteen preliminary lectins were
chosen (data not shown). However, by removing weak binding lectins or are unavailable in
biotinylated form, preventing the use of multimerization to increase in vitro binding strength, as
well as the inability to perform linear regression during lectin profile simulation resulted in refining
our selection to an array eight lectins that still enables a comprehensive characterization of N-
glycosylation features(Bojar et al., 2022; Klamer et al., 2019). Specifically, these lectins can
distinguish glycan structures such as branches with up to four branches (GIcNAc-B1,2/4/6),
LacNAc elongation (GIcNAc-B1,3), epitope monosaccharides (e.g., fucose), and high mannose

structures (see Supplementary Table 1).

2.4.2 N-glycan release and preparation from glycoproteins for LC-based glycan
characterization

150 pg IgG (from human serum; >95% SDS-PAGE, Sigma-Aldrich, St Louis, MO) and
300 pg fetal bovine Fetuin (purity >90%, Sigma-Aldrich) were each treated with a mixture of
PNGase F (purity >95%, based on SDS-PAGE and ESI-MS, NEB, Boston, MA, USA) following

the manufacturer’s protocol.

2.4.3 1gG and Fetuin B N-glycan purification and procainamide labeling
The N-glycans obtained by PNGase F treatment of Fetuin and 1gG were purified using C18 Sep-

Pak® 1cc (Waters, Milford, MA, USA) columns. To eliminate salts and hydrophilic species, the
purified samples were subjected to an additional cleanup step using graphite cartridges. The C18
Sep-Pak column was initially conditioned with 1 ml of 10% ag MeOH + 1% HOACc three times,
followed by sequential addition of 50% aq MeOH, 100% MeOH, and Chloroform. Subsequently,

the column was washed twice with 1 ml of 100% MeOH, 50% ag. MeOH, and 1 ml of H.O five
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times. Similarly, HyperSep Hypercarb 25mg Porous graphitic carbon (PGC) columns (Thermo
Fisher Scientific) were conditioned with 1 ml of 1% trifluoroacetic acid (TFA), 50% aq acetonitrile
(ACN), and 100% ACN three times, followed by 1 ml 50% ag ACN twice, and with 1 ml H.O
three times. The Sep-Pak and PGC columns were further washed with 1 and 3 ml of H.O,
respectively. Finally, N-glycans were eluted using 3 ml of 30% aqueous ACN containing 0.1%
TFA, and the elution fraction was collected and lyophilized for further analysis.

The reconstituted N-glycans were labeled with procainamide via reductive amination, as
described by Xie et al(Xie et al., 2021). Briefly, a procainamide solution was prepared by
dissolving procainamide in sodium cyanoborohydride in a DMSO:acetic acid:H.O (280:120:100
v/viv) solution and mixed thoroughly. Labeling solution was added to each sample and incubated
at 65°C for 1 h. ACN was mixed with each sample, and SPE cleanup was performed using
GlycoClean S-Cartridges (ProZyme, Hayward, CA, USA). After cleanup, the samples were

washed thrice with ACN. Finally, the procainamide-labeled N-glycans were eluted with H.O.

2.4.4 UPLC analysis of N-glycans from 1gG from human sera and fetal bovine Fetuin B
N-glycan analysis was performed using a Waters Acquity UPLC system attached to a

fluorescence detector (Besson Scientific, San Diego, CA, USA). Specified quantities of N-glycan
were tagged with the fluorophore procainamide and profiled on a Glycan BEH amide column (150
mm x 2.1 mm x 1.7um) (Waters, Milford, MA, USA). A gradient mixture of solvents containing
A:100mM ammonium formate (pH-4.5) and B: ACN was used to profile glycans. The solvent
gradient conditions used are listed in Table 1. Detection was performed using a fluorescent detector
set at excitation and emission wavelengths of 310 and 370 nm, respectively. The column
temperature was set at 60°C and the autosampler temperature was maintained at 10°C. The data

were processed using Chromeleon™ software (Thermo Fisher Scientific)
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Table 2.1 UPLC solvent mixtures for 1gG and Fetuin B profiling

Time (min)|Flow (ml/min)|%A |%B
0 0.5 22 |78
10 0.5 22 |78
52 0.5 47 |53
55 0.25 100 |0
57 0.25 100 |0
60 0.5 22 |78
70 0.5 22 |78

2.4.5 CHO-derived recombinant protein purification and HILIC-UPLC N-glycan analysis

Herceptin, Rituximab and Enbrel were purified by protein A affinity chromatography. For
each protein glycoform, a 1-mL MAbSelect Extra column (Cytiva) was equilibrated with 5 column
volumes (CV) of 20 mM sodium phosphate, 0.15 M NaCl, pH 7.2. Next, 30-mL supernatant was
loaded, the column was washed with 20 CV of 20 mM sodium phosphate, 0.15 M NaCl, pH 7.2,
and the protein was eluted using 0.1 M citrate, pH 3.0. The elution fractions (0.5 mL) were

collected in deep-well plates containing 100 puL of 1 M Tris at pH 9 per well.

Alpha-1-antitrypsin, butyrylcholinesterase, protein Z, serpin A5, serpin Al0, serpin C1,
and EPO, all C-terminally tagged with the HPC4 tag (amino acids EDQVDPRLIDGK), were
purified over a 1-mL column of anti-protein C affinity matrix according to the manufacturer’s
protocol (Roche, cat. no. 11815024001). 1 mM CaCl2 was added to the supernatant, equilibration
buffer, and wash buffer, respectively. The proteins were eluted in 0.5 mL fractions using 5 mM

EDTA in the elution buffer.

For all proteins, elution fractions containing the highest protein concentration were

concentrated using Amicon Ultra centrifugal filter units (MWCO 10 kDa). 12 uL of concentrated
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protein solutions (concentrations varying between 0.1 and 1 mg/mL) were subjected to N-glycan
labeling using the GlycoWorks RapiFluor-MS N-Glycan Kit (Waters, Milford, MA, USA).
Labeled glycans were analyzed by HILIC-FLR using an ACQUITY UPLC Glycan BEH Amide
column (2.1 x 150 mm, 1.7 um) (Waters, Milford, MA, USA) mounted on an Ultimate 3000 UPLC
system and a Fusion Orbitrap mass spectrometer (Thermo Fisher Scientific). Acetonitrile (100%)
and ammonium formate (50 mM, pH 4.4) were used as mobile phases. The data were processed

using Thermo Xcalibur software v4.3 (Thermo Fisher Scientific).

2.4.6 Analysis of O-glycan analysis by MALDI-TOF Mass Spectrometry
O-glycan analysis was performed similarly according to Zhong et al (Zhong et al., 2020).

Briefly, a known amount of Fetuin B was treated with 50 mM NaOH and 1 M NaBH4 for 16 hours
at 45°C. The reaction mixture was slowly neutralized with ice-cold 30% acetic acid, purified using
Dowex 50-X cation exchange resin, and lyophilized. Excess boric acid generated was removed by
co-evaporation with acidified methanol, followed by methanol. The O-glycan was then purified
using a C18 cartridge, methylated, and analyzed after permethylation. Mass spectral data were
acquired using a Bruker AutoFlex mass spectrometer in positive reflectron mode and analyzed and

annotated using GlycoWork Bench.

2.4.7 Enzyme-linked lectin assay

96-well high-bind microplates (Corning, Corning, NY, USA) were coated overnight at 4°C
with either 100 pl of 10 pg/mL IgG or fetal bovine Fetuin B using carbonate coating buffer
(200mM NaHCO:., 30 mM NaCO:;, pH 9.5). The plate was then blocked with a blocking buffer (1X
PBS with 2% w/v polyvinylpyrrolidone) for 1 h at 37°C. Biotinylated lectins (Vector Labs,
Burlingame, CA, USA) were diluted to 10 pg/ml in binding buffer solution (10mM HEPES, 0.15M

NaCl, 0.1mM CacCl., pH 7.5) and added to the plate for 30 min at room temperature. The avidin-
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biotinylated HRP complex (ABC reagents; Vector Lab, Burlingame, CA, USA) was subsequently
added according to the manufacturer’s instructions. Each step was washed thrice with PBST
(Sigma-Aldrich, St Louis, MO, USA). HRP activity was determined by incubation with TMB
(Sigma-Aldrich, St Louis, MO, USA) and H.O. at room temperature for 1-10 min and quenching
with 1 M H,PO.. The color was detected using a Biotek Synergy Mx plate reader (Agilent, Santa

Clara, CA, USA) at 450 nm.

2.4.8 Relative and absolute quantities of N-glycans

The relative quantity (%) of each N-glycan was calculated from the sum of the individual
UPLC peak areas in the chromatogram(Kim et al., 2023). Each chromatogram area was generated
using LC-ESI-HCD-MS/MS, and the quantity (%) of each N-glycan (>0.1 %) was determined
relative to the total amount of N-glycans (100 %)(Kim et al., 2023). The absolute quantity of non-
overlapping glycan peaks was estimated from the fluorescence intensity of the glycan peak in the
UPLC chromatogram, using a linear calibration curve (r2 = 0.99) generated from various
concentrations of AB or ProA. The quantities of the remaining glycans were calculated using the
relative quantities of fetuin and IgG from the absolute quantity represented by the glycan peak (Kim
et al., 2023). The glycan quantities of rhA1AT and pdAlAT was obtained from this

work(Rocamora et al., 2024).

2.4.9 Analysis of UPLC chromatograms

The main glycan peaks were identified and annotated for each profile. The total abundance
fraction of each N-glycan was calculated from the fraction of individual UPLC peak areas relative
to the total area. Owing to some unannotated peaks, most samples did not reach a summed
abundance of 1. Some poorly annotated samples identified as outliers by the Matplotlib

boxplot(Hunter, 2007) were excluded. We normalized the rest of the glycoprofile dataset for each
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sample to obtain a total abundance of 1. The raw UPLC peak images provided only the overall
glycan composition. Therefore, detailed structures and glycosidic linkages were derived based on
references from the literature(Szabo et al., 2018; Varki et al., n.d.). Finally, we converted the

glycan annotation into linear code(Banin et al., 2002) style for our choice of nomenclature.

2.4.10 Analysis of ELLA binding profiles

The assay signal for each lectin was calculated as the average background-subtracted
intensity for each sample. Subsequently, the data for each sample were normalized to a total

abundance of 1.

2.4.11 Lectin profile simulation
Based on the literature, we selected eight lectins that mutually recognize ten distinctive

common N-linked glycan features (Supplementary Table 1). These eight lectins were selected
based on two critical factors. First, the selected set of lectins should be able to recognize most of
the N-linked glycans found in the glycoprofile dataset. Second, these lectins exhibit high
specificity and affinity towards their intended glycan epitopes.

For any given glycoprofile (GP), lectin profile (LP) can be generated by using Equations 1

and 2 below.

LPg, = GF, * W, ,
: g ’ (Equation 2.1)

LPgi, is the lectin binding profiles for given glycans, where each row represents a glycan and each
column represents a lectin; GFik indicates the expressed glycan feature k on glycan i; and Wk is
lectin binding rules that tells the frequency of glycan feature k recognized by lectin j. In this study,

we assume that glycan features are recognized by their occurrence counts. Binding rules were
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adapted from literature(Bojar et al., 2022), where they provided p-values for significant epitopes
bound by each lectin. We converted the p values to z-score and used it as our binding rule matrix.
The strength of the binding rules is reflected through the z-scores: high z-scores indicate strong
binding affinities, as they correspond to low p-values, indicating significant and reliable binding
interactions; lower z-scores on the other hand, correspond to higher p-values, suggesting less
significant binding interactions.

LPg = GPgn‘i * LPgi'j ,

] (Equation 2.2)

LPgn, is the lectin binding profiles for given glycoprofiles, where each row represents a specific
glycoprofile, and each column represents a lectin; GPgni is the signal intensity (relative
MS/HPLC/UPLC relative area under peak) of glycan i in the given glycoprofile k.

To calibrate the simulation, we performed regression fitting wusing the
sklearn.linear_model.LinearRegression function. Regression analysis was used to calculate the
estimated coefficients and intercepts for each lectin using the measured and simulated lectin
profiles from our IgG and Fetuin B samples. Finally, we applied this linear fitting to LPgn;j to
correct the lectin profile simulation.

To demonstrate the problem of mapping a single lectin binding profile to a specific
glycoprofile, we generated random glycoprofiles and simulated lectin profiles until we obtained
100 highly correlated profiles (with a Pearson R-correlation above 0.95) from the same

glycoprofile. This requires the generation of 2912 different glycoprofiles.

2.4.12 Model tuning and training
We developed a neural network model using lectin profile data as input, where lectins were

represented as features in the rows. The model produced multiple continuous values corresponding
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to the relative abundance fraction of each glycan. Model training was constructed using the
TensorFlow framework, with RMSprop as the optimizer and softmax activation for the output
layer. We trained the model on 80% of our training dataset, using a batch size of 4 for 200 epochs,
and explored all possible combinations within predefined hyperparameter ranges (Supplementary
Table 2) to identify the optimal set for the best model performance. To ensure robust evaluation
and mitigate overfitting, we employed 3-fold cross-validation during hyperparameter tuning. The
dataset was partitioned into three subsets, with the model trained on two subsets and validated on
the remaining subset in a rotating manner. This procedure was repeated three times, ensuring each
subset served as the validation set once. The average RMSE across the three folds was used to
determine the optimal hyperparameter combination. This entire process was repeated ten times to

evaluate the average performance.

A threshold was established to determine meaningful improvements in the model's loss
value. When the loss value decrease was less than 0.002, based on the statistical significance within
the 95% confidence interval, the model was not considered to have a significant improvement.
This threshold ensured that only statistically significant improvements were acknowledged. The
model configuration with four hidden layers and 20 nodes yielded the best performance (loss value
bolded in Supplementary Table 2.2). The relationship between model performance and
computational cost is visualized in Supplementary Figure 2.2. As shown, computation time
consistently increases with the number of layers and nodes in the model. Notably, the steepness of
the trend lines indicates that the 4-layer models strike a good balance between complexity and
performance, making them particularly effective for the task at hand. This observation further

supports our decision to select the model with 4 layers and 20 nodes.
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Utilizing the identified optimal hyperparameters, we constructed ten replicate neural
network models to analyze IgG and Fetuin B samples. Each model was trained using the full
training dataset. The architecture of our models consisting of 4 layers with 20 neurons each, and
the rectified linear unit (ReLU) was employed as the activation functions. The learning rate was
set at the default value of 0.001 and Mean Squared Error (MSE) was used as the loss function. To
ensure robustness and generalizability, we conducted 500 training epochs for each replicate model.
For reproducibility, we initialized each model with a randomly generated seed, which also

governed the data shuffling process.

2.4.13 Output Collection and Normalization

The outputs generated by each model were systematically collected and normalized using
a cutoff threshold of 0.02. To identify the optimal threshold, we evaluated a range of cutoff
thresholds (0, 0.01, 0.02, 0.03, 0.05, 0.1) against two key performance metrics: Root Mean Square
Error (RMSE) and accuracy. RMSE measures the average magnitude of error between predicted
and actual values, providing insight into overall prediction error, While the accuracy metric
assesses the binary classification performance of the models. By converting predictions into binary
0/1 outputs, we calculated the percentage of correctly predicted presences or absences of the

glycans, irrespective of quantity.

The model performance at different thresholds is detailed in Supplementary Table 3. Our
analysis determined that a threshold of 0.02 provided the best balance between RMSE and
accuracy. Consequently, the threshold was selected for normalizing model outputs in subsequent

analyses.
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2.4.14 SHapley Additive explanations analysis

We performed SHapley Additive explanations (SHAP) analysis using the KernelExplainer
function from SHAP library (version 0.41.0)(Lundberg and Lee, 2017). SHAP provides local
interpretation, so we randomly selected one sample from the rhA1AT and pdA1AT data for
analysis. SHAP values of all the eight lectins were determined. As we trained and tested ten
replicate models, the SHAP values are averages derived from all ten models. These SHAP values,
either positive or negative, delineate the extent of their impact within the model. This relationship
between the relative abundance of certain lectin-glycan interactions in a given lectin profile and
their correlation with a given N-glycan structure is effectively illustrated by the corresponding

bipartite network diagrams (Figure 2.5A and 2.5B).

2.4.15 Statistical Analyses

All statistical calculations were implemented in Python (v3.9; https://www.python.org).

For comparing LeGenD predictive performance with UPLC-derived glycoprofiles, we used RMSE.
To determine the variability of the predictions across the replicate models, we used standard error.
Pearson correlation analysis was employed to assess the similarities between the simulated lectin
profiles. Pearson correlation coefficients were reported to quantify the magnitude and the direction
of their linear correlations. KDE plots were generated using the Seaborn (v0.13.1;

https://seaborn.pydata.org/) library. The glycan structures were drawn using GlycoGlyph(Mehta

and Cummings, 2020) (https://glycotoolkit.com/Tools/GlycoGlyph/)

2.5 Conclusion

In summary, as awareness of the importance of glycosylation increases, new technologies
are needed to increase the accessibility and throughput of glycan research tools. LeGenD provides

a complementary concept that with further development could aid in the proliferation of
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glycoanalytics in routine biological research. Indeed, leveraging Al in glycoanalytics can help
manage the complexity of this field, thereby enabling a much larger user base for glycomics and

allowing researchers to link changes in glycosylation with phenotypic changes.

2.6 Supplementary figures and tables
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Supplementary Figure 2.1

Kernel density estimate (KDE) plots illustrating the specificity of 8 lectins towards N-glycan and
O-glycan epitopes as employed in LeGenD. CFG microarray data from biotinylated lectins at
concentrations of A 10ug/ml and B 1ug/ml were analyzed to determine the distribution of N-
glycan and O-glycan epitopes targeted by the lectins used in LeGenD (rows). The Average
Relative Fluorescence Units (RFU) of lectin signals were plotted, with peaks indicating binding
signals for either N-glycan (red) or O-glycan (blue) epitopes. Higher peak density corresponds to
a greater concentration of epitopes at a given Average RFU level.
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Supplementary Figure 2.2, Continued

Kernel density estimate (KDE) plots illustrating the specificity of 8 lectins towards N-glycan and
O-glycan epitopes as employed in LeGenD. CFG microarray data from biotinylated lectins at
concentrations of A 10ug/ml and B 1ug/ml were analyzed to determine the distribution of N-
glycan and O-glycan epitopes targeted by the lectins used in LeGenD (rows). The Average
Relative Fluorescence Units (RFU) of lectin signals were plotted, with peaks indicating binding
signals for either N-glycan (red) or O-glycan (blue) epitopes. Higher peak density corresponds to
a greater concentration of epitopes at a given Average RFU level.
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Supplementary Figure 2.3
Scatter plot illustrating how computation time increases as the model gets more layers/nodes. The
time reported is for training each model with 80% of the samples over 200 epochs. The different
markers represent models with varying numbers of nodes, while the colors correspond to different
numbers of layers. Trend lines are generated using linear regression to visualize the relationship
between computation time and the number of nodes. The steepness suggests that the 4-layer
models balance complexity and performance well.
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Supplementary Table 2.1 Selected lectins for N-glycan lectin profiling

Preferred N-Glycan

Lectins|Full Name Epitopes SNFG Icon
Chitin(Crowley et al., B4 B4
1984; Hofejsi and H=l=0)
Kocourek, 1978)
i *n
DSL Datu_ra Stramonium
Lectin
Type Il poly
LacNAc(Cummings and Oﬂ.ﬂ.
Kornfeld, 1984, Itakura
etal., 2017)
*n
Core fucose(Tateno et i a6
B4 B4 a6
al., 2009) >
LCA Lens +-

Culinaris  Agglutinin

Terminal Man
al,2(Tateno et al., 2009)

.GZR
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Supplementary Table 2.2 Selected lectins for N-glycan lectin profiling, Continued

a2,3 sialylated LacNAc(Geisler
and Jarvis, 2011)

Erythroagglutinin

Bi/Tri-antennary(Cummings
and Kornfeld, 1982; Nagae et
al., 2014; Xie et al., 2020a)

MAL- Maackia
I Amurensis-I .
Terminal 3-O sulfated Gal on
LacNAc(Geisler and Jarvis,
2011)
Bisecting GIcNAc(Kaneda et
al., 2002)
B4 g B4
PHA- |Phaseolus Vulgaris

Galactosylated(Cummings and
Kornfeld, 1982; Nagae et al.,
2014; Xie et al., 2020a)
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Supplementary Table 2.3 Selected lectins for N-glycan lectin profiling, Continued

PHA-

Phaseolus
Vulgaris
Leucoagglutinin

B1,6-branched(Cummings
etal., 1982; Kaneda et al.,
2002)

+/-

+/-

Galactosylated(Bojar et
al., 2022; Xie et al.,
2020a)

Galactosylated(Xie et al.,
2020b)

RCA-

Ricinus
Communis
Agglutinin |

Terminal type 2
LacNAc(Wau et al., 2006)

Galp1,4(Wang et al.,
2011; Wu et al., 2006)

SNA

Sambucus Nigra
Agglutinin

a2,6-sialic acid(Shibuya et
al., 1987) (Neu5Ac
a2,6(Fischer and
Brossmer, 1995))
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Supplementary Table 2.4 Selected lectins for N-glycan lectin profiling, Continued

WGA

Terminal GIcNAc(Gao et al.,

2019)

Sialic acid(Ryva et al., 2019)

Wheat Germ
Agglutinin

Biantennary(Gao et al., 2019)

B2

B2

+/-

B4

B4

2,2,6-form triantennary(Gao et

al., 2019)

Supplementary Table 2.5 RMSE values of the model when tuning the hyperparameters.

Neurons per layer
5 10 15 20 25
Number of| 1
Layers 0.055 [0.051 0.049 0.048 ]0.047
2
0.054 10.048 0.044 0.041 |0.039
3
0.054 |0.045 0.041 0.038 ]0.037
4
0.055 |0.045 0.041 0.038 ]0.037
5
0.057 |0.046 0.040 0.040 ]0.037
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CHAPTER 3 Delineating the Transcriptional Regulation and Phenotypic Impact from
Biotherapeutic Glycoengineering

3.1 Introduction

There are many therapeutic glycoproteins used for diverse diseases and disorders(Dérner
and Kay, 2015; Gils et al., 2017; Halpern and Hutto, 2013; Tomlinson, 2004). The
biopharmaceutical landscape has seen remarkable growth, with 197 new biopharmaceutical
approvals in the United States and European Union between 2018-2022, including 50 oncology
products, 15 for inflammatory disorders, 12 for neutropenia, and 10 for diabetes(Walsh and Walsh,
2022). However, there remain considerable challenges in developing more effective, safer, and

more affordable glycoprotein drugs to treat millions of patients across diverse disease indications.

Glycoengineering has emerged as a valuable approach to enhance many therapeutic
glycoproteins by modulating their activity, half-life, and immunogenicity(Chiang et al., 2016;
Meuris et al., 2014; O’Flaherty et al., 2020; Rocamora et al., 2023; Sha et al., 2016; Sola and
Griebenow, 2010). While glycosylation can be controlled in host cells through various strategies
(e.g., media optimization, chemical treatments, or genetic modifications(Chang et al., 2019;
Makrydaki et al., 2024; Romann et al., 2024)), such interventions are often implemented with a
limited understanding of their cellular impacts. This knowledge gap is particularly concerning
since glycans play critical roles in cellular processes including protein folding, trafficking, cell
signaling, and cell-cell interactions. Studies in animal models and human diseases have shown that
changes in glycosylation machinery can have profound physiological effects, with
glycosyltransferase deficiencies leading to various pathological conditions(Reily et al., 2019), and

many genetic variants likely impact proximal glycan structure(Kellman et al., 2024).
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The significance of this knowledge gap is validated by regulatory requirements. The U.S.
Food and Drug Administration (FDA) and the European Medicines Agency (EMA) require strict
control of glycoprotein quality attributes due to glycans' crucial role in therapeutic efficacy and
half-life(Elliott et al., 2003; Ma et al., 2020; Rocamora et al., 2023; “Specifications: Test
procedures and acceptance criteria for biotechnological/biological products,” 2016; Walsh and
Jefferis, 2006). While studies have successfully engineered CHO cells to produce more
homogeneous N-glycosylation(Kwak et al., 2017; Yang et al., 2015; Yin et al., 2017), the broader
impacts of glycan modifications on host cell gene expression and phenotype remain poorly
understood. Understanding these effects is crucial not only for optimizing production but also for

ensuring the stability and reliability of production cell lines.

The connection of glycosylation to host cell physiology is complex and demands a
comprehensive and integrative approach to understand the impacts of glycoengineering. While
single-omic analyses can provide relevant information, the integration of multiple omics allows a
much more comprehensive view of the underlying biological mechanisms(Fiocchi, 2023).
Glycomics and phenomics provide essential data, reporting glycan structures(Adua et al., 2017)
and phenotypic readouts(Bochner, 2003; Cox et al., 2020; Houle et al., 2010). However,
integration of additional omics, e.g., transcriptomics, provides crucial information to bridge the
gap between glycotype and phenotype(Gutierrez Reyes et al., 2024; Kunej, 2019). Transcriptomics
can quantify the expression of genes associated with adding, removing, remodeling, and
transporting sugar molecules to create the diverse glycans(Duchez et al., 2011; Nairn and
Moremen, 2010), while also shedding light on other pathways and processes that are
impacted(Strasser, 2023). This multi-omics integration is particularly useful as it can reveal

molecular bases for phenotypic changes and identify compensatory mechanisms in the
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glycosylation machinery that might be missed by analyzing any single ome in isolation(Fiocchi,

2023).

In this study, we assess the impact of glycoengineering on CHO cells using an expansive
library of 166 cell lines, representing 54 different combinations of glycosyltransferase knockouts
and knockins (Supplementary Table 3.1). Through integrated multi-omics analysis of glycomics,
transcriptomics, and phenotypic data across these cell lines, we investigated three fundamental
questions: 1) How do genetic modifications of specific glycosyltransferases affect the biosynthetic
steps in glycosylation? 2) How does the knockout of different glycosyltransferase types impact
cellular phenotypes? and 3) Which metabolic functions and pathways are altered when
glycosyltransferases are knocked out or in? Our analysis revealed that mutants cluster into three
distinct groups based on their glycan synthetic patterns compared to wild type, with each group
showing unique phenotypic signatures. Notably, we discovered that different glycosyltransferase
families (Mgat, B4galt, St3gal) exhibited distinct correlations with phenotypic and pathway
alterations. For instance, perturbations in the St3gal family led to significant changes in metabolic
pathways, ion transport, and DNA repair processes. To ensure robustness of our findings, we

validated the major phenotypic perturbations through analysis of an independent set of CHO clones.

Through this systematic analysis, we illuminate the complex interplay between
glycoengineering and cellular homeostasis, revealing previously unknown pathways by which
glycosylation changes drive phenotypic alterations. Our findings provide critical insights into the
broader cellular impact of glycoengineering and underscore the fundamental importance of
glycosylation in mammalian cell biology. These insights have important implications for

optimizing biopharmaceutical development and manufacturing processes.
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3.2 Results
3.2.1 A panel of 166 clones with 54 different glycoengineering designs

To investigate the cellular impacts of altered glycosylation, an extensive panel of
glycoengineered CHO cell lines was developed and characterized through multiple stages. The
study design consisted of five major phases (Figure 3.1). Initially, a panel of glycoengineered
CHO-K1 cell lines using zinc-finger nucleases (ZFNs) to create targeted knockouts of
glycosyltransferase genes. These engineered lines were then used to produce and analyze
recombinant erythropoietin (EPO), with glycoprofile data from their distinct genotypes reported

previously(Yang et al., 2015).

Building on this foundation, we expanded the characterization of these cell lines through
comprehensive molecular and phenotypic profiling. From the original panel, we obtained 54
unique genotypes, each represented by approximately 3 biological replicates, yielding 166 total
samples. These samples underwent RNA sequencing to profile the transcriptome and phenotypic
assessment with the Bioprofile FLEX Analyzer (measures key cellular phenotypes including cell
size, growth rate, viability, and concentrations of glucose, lactate, glutamine and glutamate). The
multi-omics dataset was then integrated to identify key molecular signatures and pathway

alterations associated with specific glycoengineering modifications.

To validate our findings, we generated an independent panel of 30 glycoengineered cell
lines derived from the CHO-S cell line and studied these as they transiently expressed 10 different
recombinant proteins. This validation cohort underwent both RNA sequencing and glycoprofiling
of the recombinant proteins of interest to confirm the key molecular and glycoform changes

observed in the primary CHO-K1 panel.
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Figure 3.1 Experimental workflow for characterizing glycoengineered CHO cell lines.

A) The data were generated from CHO-K1 cells with combinations of glycosyltransferases
knocked out or knocked in. We adapted EPO glycoprofiling from 34 genotypes from Yang’s study.
Then, we performed a multi-omics analysis of an expanded panel with 54 genotypes (166 total
samples), including RNA-Seq and phenotypic characterization. B) Key glycosylation-related
enzymes targeted in this study, including genes involved in N-glycan branching (Mgatl, Mgat3,
Mgatda/b/c, Mgat5a/b), sialylation (St3gal3/4/6, St6GAL1), galactosylation (B4galtl-4),
fucosylation (Fut8), and other glycan-modifying enzymes (B3gntl1/2, Stt3b, Spp13). Knockouts
(e.g., St3gal3/4/6) and knock-ins (e.g., +ST6GAL1) were designed to perturb specific glycan
biosynthesis pathways, enabling systematic analysis of their roles in glycosylation efficiency and
product quality.

3.2.2 Dominant isozymes and off-target effects are apparent from glycoprofiles
Glycosyltransferases are vital for eukaryotic physiology, with enzyme deficiencies

potentially altering cell functions(Conroy et al., 2021; Schjoldager et al., 2020; Stanley, 2016).
However, to understand how glycoengineering impacts the host cell, we first need to assess which
genetic changes induce a meaningful change to glycosylation. EPO was previously expressed in
34 different glycoengineered cell line genotypes and subsequently glycoprofiled(Yang et al., 2015).

We reanalyzed these data using Glycompare(Bao et al., 2021) to quantify all glycan intermediates
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(glyco-motifs) for each of the 34 EPO glycoprofiles(Yang et al., 2015). This allowed us to identify
glycoengineering designs that led to structurally similar glycans. After obtaining the glyco-motif
abundance profiles, we subjected these to analysis using hierarchical clustering to identify mutants
with similar glycan biosynthesis.

Upon analyzing the EPO glyco-motifs, we found the mutant cell lines clustered into a few
groups with similar glycoprofiles (Figure 3.2). In particular, several single-glycosyltransferase
knockouts clustered tightly with the wild-type parental CHO-K1 cell line. This “Wild type-like”
group (green dendrogram), have mutations in glycosyltransferases that are either minimally
functional, are supported by active and redundant isozymes. The next cluster, or “Moderate” group
(blue dendrogram), included genotypes with 1 or 2 glycosyltransferase knockouts. As expected,
with additional knockouts, we observed a clear clustering of samples with extensive changes in
glycosylation, which we designate as the “Substantial” group (red dendrogram).

Each group included knockouts involved in similar glycan synthesis pathways. As
expected, clones with multiple sialyltransferases targeted (e.g., St3gal4/6, St3gal3/4, and St3gal4)
grouped together, separate from the ‘Wild type-like’ group. Similarly, samples from clones
wherein Mgat5, Mgat4a/4b, and Mgat4b, were knocked out also clustered more tightly and showed
a decrease in the tetra-antennary-related glyco-motif clusters (GM clusters: GM6 and GM7).

The clustering of glyco-motifs informs which glycosyltransferases cause minor
modifications and which combinations disrupt the wild-type glycoform. Indeed, different
isozymes within the same glycosyltransferase family could show different magnitudes of impact
on the glycoprofiles. For example, we knocked out multiple St3gal family isozymes (i.e., St3gal3,
St3gal4, and St3gal6), but only mutants with St3gal4 knocked out showed a decrease in sialylation;

meanwhile, the St3gal3 mutant showed “wild type-like” glycoprofiles and the St3gal6 knockout
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clustered as “Substantial” due this clone resulting in decreased lacNAc elongation compared to the
other St3gal KOs. Similar observations were found with the Mgat family. Dominant isozymes in

the moderate and substantial groups included Mgat4b/5 and B4galtl, St3gal4, and St3gal6.

A. Glycome Impact of Glycoengineering
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Figure 3.2 Glycoprofiles of EPO produced in the geCHO cells clustered mutants into similar
genotypes.

Glycoprofiles were clustered using GlyCompare, and mutants with similar glycoprofiles were
identified. Clustering was driven by nine glyco-motif clusters (GM 01-09), in which each cluster
is annotated with the representative glycan topology (greater than 60% of the glyco-motif members
within a cluster share the same substructure). There are three primary clusters of mutants on the
34 glycoengineered samples: WT-like (green), Moderate (blue), and Substantial (red).

3.2.3 Changes in glycosylation co-varies with compensatory glycosyltransferase gene
expression

The clustering of glycoprofiles identifies mutants with similar glycosylation, but do the
cell lines show compensatory gene expression? We next tested if the changes in glycosylation

result in differential expression of the remaining glycosyltransferases. Here, we first tested if
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unexpected changes in the glycome (i.e., beyond the expected changes from the known enzyme
knockouts) could be explained by further transcriptomic changes. This survey identified a short
list of genes with variations sufficient for delineating a transcriptomic signature specific for each
glycoengineered mutant (Figure 3.3). We compared the clustering of the mutant glycoprofiles and
the transcriptomic signature for each mutant and found that both data types clustered similarly
(Figure 3.3A), as quantified using the Fowlkes-Mallows score (FMS) (p =2 x 10#) (Figure 3.3B).
The clusters have an FM index of 0.64, indicating a high level of agreement between the
glycosylation clusters and the gene expression clusters.

A subsequent differential gene expression analysis (Figure 3.3C) showed multiple
glycosyltransferase genes were impacted in some mutants, beyond just the targeted genes. For
example, in the mutant “B3gnt2/Mgatd4a/4b/5”, St3gal3 and St8sia4 were down-regulated, and
B3galt6 was up-regulated (highlighted in Figure 3.3C). Taken together, we conclude that

glycosylation changes lead to gene expression changes in the glycosylation machinery.
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Figure 3.3 Non-targeted glycosylation machinery can be impacted by glycoengineering.

A) Glycoprofiles and gene expression of mutants clustered similarly. B) The FM index suggests a
high similarity between the two clusterings. The distribution of randomized FMS across various
clustering comparisons is visualized in a density plot, with the FM index plotted along the x-axis
and the density values along the y-axis C) Differential gene expression analysis shows changes in
the expression of additional glycosyltransferases beyond the target genes.
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3.2.4 Stratification of molecular phenotype induced by glycoengineering
Another major concern in glycoengineering is whether the glycoengineered mutants have

significantly altered phenotypes that might harm product production or threaten host cell survival.

To explore the phenotypic relationships among these glycoengineered mutants, we analyzed the

phenotypic profiles of 54 glycoengineered mutants using the Bioprofile FLEX analyzer.

Hierarchical clustering showed that many of the sialyltransferase (e.g., St3gal3, St3gal4, St3gal6)

knockout mutants clustered tightly as a group (Figure 3.4A). This ‘B01’ group (green dendrogram)
showed the ‘Growth Rate’ and ‘VCD’ are significantly increased. The second group of mutants

included galactosyltransferase (e.g., B4galtl, B4galt2, B4galt3, B4galt4) knockout mutants

(termed the ‘B02’ group; red dendrogram); in these cell lines, the ‘Cell size’ significantly increased.
The branching-related glycosyltransferases (e.g., Mgat4a, Mgat4b, and Mgat5) knockout mutants

showed another distinct ‘B03” group, in which the ‘Viability’ is significantly increased.

To corroborate the robustness of the clustering and to further explore the spatial distribution
of these phenotypic variations, Principal Component Analysis (PCA) was performed (Figure
3.4B). The first PC, which accounts for 33.9% of the total variation, separates the glycoengineered
mutants with phenotypes from the ‘Cell Size’ and ‘Growth Rate.” The second PC, which accounts
for 28.5% of the total variation, separates the glycoengineered mutants with phenotypes from the
‘Viability” and other phenotypes. The dots were colored to correspond to their previous
hierarchical cluster assignments. Notably, when we color the dots corresponding to the groups
from the hierarchical clustering, the PCA visualization revealed three separate clusters, thereby
underscoring the presence of distinct phenotypic patterns within the dataset. These results suggest
that different glycosyltransferase mutations impact phenotypes differently. Building on this
premise, we conducted targeted analyses to ascertain which glycosyltransferase mutations exert

the most pronounced effects on specific phenotypic features (Figure 3.4C). We focused on the
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knockout effects of St3galt, B4gal, and Mgat families on four distinct phenotypic features: cell
size, VCD, viability, and growth rate. We employed t-tests to compare the phenotypes of knockout
cell lines against all other cell lines. Among these comparisons, our results revealed notable
changes in ‘Cell Size’ following the knockout of Mgat (p-value = 0.0008), ‘VCD’ and ‘Growth
Rate’ following the knockout of St3gal (p-value = 0.004, 0.006), and ‘Viability’, ‘VCD’, and
‘Growth Rate’ following the knockout of B4galt (p-value = 0.045, 0.019, 0.03). These findings
unraveled the intricate relationships between particular glycosyltransferase activities and their

phenotypic manifestations, enabling glycoengineering to screen the knockouts better.
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Figure 3.4 Bioprofile FLEX phenotype clustering.

(A) There are three dominant row clusters on the 54 glycoengineered samples: BO1 (Growth rate
and VCD; green), B02 (Cell size; red), and BO3 (Viability; blue). (B) Principal component analysis
on the 54 glycoengineered samples. Dots are colored to correspond to the cluster colors in (A). (C)
Phenotypic alterations in different glycosyltransferase-family knockout.
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We further integrated phenotypic and gene expression data using Similarity Network
Fusion (SNF)(Wang et al., 2014) to reveal the molecular mechanisms underlying cellular response
to glycoengineering. SNF allows one to combine distinct data types into a unified similarity
network of samples (see Methods for details). In essence, the samples grouped represent a subset
of the most similar cellular responses and gene expressions. SNF clustering on the integrated data
revealed three latent molecular phenotype (MP) subgroups in the glycomutants (Figure 3.5),
indicating differences in the cellular responses to different glycoengineering strategies, and each
subgroup exhibits distinct transcriptional signatures. The identified subtypes are strongly
associated with the PCA clusters (Figure 3.4B). Specifically, the ‘MP01’ mutants (red) exhibited
significantly elevated ‘Cell size’ but reduced ‘Growth rate’ and ‘Viability,” and the ‘MP02’
mutants (green) exhibited significantly increased ‘Ammonia’ and ‘Lactate.” Interestingly, the
‘MP03’ mutants (blue) showed an opposite phenotype to the ‘MP01’ mutants, which significantly
enhanced ‘Growth Rate’ and ‘Glucose consumption rate.” To characterize the dysregulated
pathways underpinning the variability of cellular responses exhibited by the identified MPs, we
assessed the importance of all pathways in the Reactome collection concerning glycoengineering.
Our results show that ‘MPO1” is associated with PC3 and PC4 pathways, ‘MP02’ is associated
with PC1,2,3,5 and 7 pathways, and ‘MPO03’ is associated with PC6 pathways. However, the
question remains about how the transcriptional reorganization underpinning each MP-subgroup

represents the cellular state of each glycoengineered cell line.
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Figure 3.5 Pathways deregulations in different glycoengineered mutants clustered into three
groups based on Similarity Network Fusion.

(A-B) SNF-combined similarity matrix and network for integrated phenotypic and gene expression
data. Three groups are found, and each has a different cellular response and transcriptional
signature.

3.2.5 Metabolic reprogramming underlying cellular response induced by glycoengineering
To determine if the glycoengineered cells exhibit significant metabolic changes
contributing to the altered phenotypes, we performed a gene set variation analysis (GSVA) to
identify significant alterations in phenotypic traits. Utilizing the GSVA results, we then conducted
ordinal regression to identify biological pathways that were increasingly dysregulated with
increasing numbers (0-3) of isozymes targeted in mutant cell lines. Below, we summarize the

findings across different glycosyltransferase families.
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The Mgat-family mutants exhibit several significant changes in many cellular pathways,
and here we present the top 3 up- and 3 down-regulated pathways as more and more Mgat genes
are knocked out. Notably, there were increased activities in pathways involving activated point
mutants of FGFR2, regulation of the pyruvate dehydrogenase (PDH) complex, and regulation of
Rheb GTPase activity by AMPK (Supplementary Figure 3.2B, a-c). The activation of FGFR2
suggests an enhancement in oncogenic signaling, potentially promoting cell proliferation and
survival(Chang et al., 2018). The increased activity of PDH complex regulation likely reflects
cellular adaptation to handle elevated pyruvate levels resulting from increased glycolysis(Harris
et al., 2002). Furthermore, the upregulation of AMPK activity and subsequent inhibition of Rheb
GTPase and mTORCL1 signaling appears to be a compensatory response to metabolic stress,
possibly through enhanced autophagy to maintain cellular homeostasis (MDPI)(Garcia and Shaw,
2017). These pathway activities, combined with our observation of increased lactate secretion,
suggest a metabolic reprogramming toward the Warburg effect, with its high glycolytic activity
even in the presence of oxygen(Vander Heiden et al., 2009). This metabolic phenotype is
commonly observed in rapidly proliferating cells(Abdel-Haleem et al., 2017), wherein enhanced
glycolysis supports both energy production and biosynthetic needs. Conversely, pathways were
downregulated associated with p75NTR signaling complexes, acyl-chain remodeling of
phosphatidylinositol (PI), and SHC1 events in ERBB4 signaling (Supplementary Figure 3.2B,
d-f). The downregulation of p75NTR signaling may promote survival and inflammatory responses,
potentially reducing apoptosis(Kraemer et al., 2014). Reduced acyl-chain remodeling of PI could
affect membrane dynamics and signaling, potentially disrupting lipid metabolism and membrane-

associated processes(Bozelli and Epand, 2019). Finally, the decreased activity in SHC1-mediated
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ERBB4 signaling suggests a reduction in proliferative and survival signals, which could impact
cellular responses to growth factors and overall cell growth(Mehlitz et al., 2010).

The B4galt-family mutants, on the other hand, exhibit enhanced stress responses and
reduced critical signaling pathways as more and more B4galt genes are knocked out. We observed
an upregulation in the pathway activities involving acyl-chain remodeling of phosphatidylglycerol
(PG), the unfolded protein response (UPR), and the calnexin-calreticulin cycle (Supplementary
Figure 3.3B, a-c). The upregulation of acyl-chain remodeling suggests enhanced lipid metabolism
and membrane dynamics, likely as an adaptive response to maintain membrane integrity under
stress conditions(Milacic et al., 2024; Patton-Vogt and de Kroon, 2020). The increased activity in
the UPR indicates substantial ER stress as cells attempt to cope with the accumulation of misfolded
proteins, a critical process for maintaining cellular homeostasis(Bartoszewska and Collawn, 2020;
Lee and Ozcan, 2014). Furthermore, the upregulation of the calnexin-calreticulin cycle, part of the
ER quality control system, underscores the need for efficient protein folding and processing in
response to increased ER stress(Camacho et al., 2003; Kozlov and Gehring, 2020). Contrarily,
there was a downregulation in pathways associated with Signal Regulatory Protein (SIRP)-family
interactions, regulation of interferon-alpha (IFN-a) signaling, and regulation of KIT signaling
(Supplementary Figure 3.3B, d-f). The downregulation of SIRP-family interactions indicates a
potential impairment in immune cell signaling and cell-cell communication, which could affect
phagocytosis inhibition(Sadria and Layton, 2021). Similarly, the reduction in IFN-o signaling
pathways suggests compromised antiviral responses and immune regulation, potentially increasing
susceptibility to viral infections(Hu et al., 2022; Sun et al., 2022). Additionally, the decreased
activity in KIT signaling pathways, essential for cell proliferation and survival, implies potential

disruptions in these processes(Huang et al., 2014; Lee et al., 2011).
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The dominant pathway changes that correlated with the number of mutated St3gal genes
included those involved in metabolism, ion transport, and DNA repair. When more St3gal
isozymes were knocked out, the Endogenous Sterols and Reversible Hydration of Carbon Dioxide
pathways were upregulated (Figure 3.6B, a-c). The Endogenous Sterols pathway involves the
biosynthesis and regulation of sterols, which are essential components of cellular membranes and
precursors for bioactive molecules such as hormones(Lakshmanan et al., 2019). Similarly, the
Reversible Hydration of Carbon Dioxide pathway is crucial also for maintaining acid-base
homeostasis through the reversible conversion of carbon dioxide and water to bicarbonate and
protons(Milacic et al., 2024). In contrast, several pathways were downregulated, indicating Ligand
Gated lon Channel Transport, Abacavir Transport and Metabolism, Homologous Recombination
Repair of Replication Independent Double Strand Breaks, and Double Strand Break Repair
(Figure 3.6B, d-f). The downregulation of the lon Channel Transport suggests a potential
disruption in cellular communication and signal transduction, which could affect membrane
polarization(Hey et al., 2023). Finally, the down-regulation of the double strand breaks pathways
points to a compromised genomic stability, increasing the risk of mutations and chromosomal
aberrations(Shimizu et al., 2014; Wozny et al., 2020).

To validate our findings, we performed similar analyses using an independent dataset of
363 glycoengineered CHO-S samples. In this dataset, there are 30 geCHO cell lines comprising
different knockout/in combinations of 17 glycosyltransferase gene combinations to produce a
range of different glycoforms of ten recombinant glycoproteins, including monoclonal antibodies,
fusion proteins, cytokines, and enzymes. We performed RNA-Seq to assess the transcriptome of
this dataset. We tested if DNA-damage-repair-related pathways exhibited significant changes in

expression with increasing KOs of St3gal genes. Despite being an independently generated cell
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line panel, implemented in a different CHO cell lineage, we found that double-strand break repair
is suppressed. This pathway showed significantly different enrichment scores between 0 knockouts
(mean = 0.215) and 3 knockouts (mean = -0.299) (Mann-Whitney U test, p < 0.001)

(Supplementary Figure 3.4).
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Figure 3.6 Ordinal regression results of GSVA of pathways in the St3gal-family
glycoengineered strains.

(A) The heatmap of statistically significant dysregulated pathways with an ordinal trend of GT
knockouts. (B) Statistically significant dysregulated pathways.

3.3 Discussion
Here, we uncovered fundamental insights into how glycoengineered CHO cells respond to

alterations in their glycosylation machinery. First, we demonstrated that glycoengineered cell lines

cluster into three distinct groups based on their glycoprofiles (wild-type-like, Moderate, and
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Substantial), with these glycomic changes strongly correlating with specific transcriptional
signatures. Second, we discovered that different glycosyltransferase families exhibit distinct
cellular responses - St3gal modifications increased growth rate and cell density, B4galt affected
cell size, and Mgat enhanced cell viability. Third, we revealed previously unknown metabolic
reprogramming specific to each glycosyltransferase family, including alterations in energy
metabolism, stress responses, and DNA repair mechanisms in St3gal mutants. These findings have
important implications for glycoengineering strategies in biotherapeutic production. The observed
compensatory transcriptional responses, particularly in non-targeted glycosyltransferases, suggest
that cells actively maintain glycan homeostasis through complex regulatory networks. Moreover,
the perturbation of critical cellular pathways, such as DNA repair in St3gal mutants, indicates that
glycoengineering can have broader impacts on cell physiology than previously appreciated.
Understanding these cellular responses is crucial for developing more effective and stable
glycoengineered cell lines for biotherapeutic production.

While different glycoengineering approaches produced distinct glycoforms (Figure 3.2,
left panels), our results further indicate the specific glycans that are either present or absent as a
result of glycoengineering (Figure 3.2). For instance, bi-antennary and triantennary glycans (GM
cluster 1-4; red bars) were significantly presented, whereas tetra-antennary glycans (GM cluster
6-7; blue bars) were significantly absent in the mgat4a and mgat4b double knockout glycoprofile
(Figure 3.2). The most intriguing observation is that the glycoprofiles of the three major
glycosyltransferase knockouts—Mgat (branching), B4galt (galactosylation), and St3gal
(sialylation)—show a clear shift in N-glycan structure from tetra-antennary to bi-antennary forms
(Figure 3.2). This effect could be explained by substrate competition between the knocked-out

glycosyltransferase and the enzymes responsible for the biosynthesis of bi-, tri-, and tetra-

68



antennary structures. A study in CHO cells with human chorionic gonadotropin reported that
B4galt4 knockout to 40% of its original expression level resulted in a significant shift in N-glycan
structures towards a higher degree of branching, suggesting that B4galt4 plays a substantial role
in N-glycan processing(Shauchuk et al., 2020).

Recent reports provide empirical evidence that compensatory mechanisms exist within the
complex glycosylation system, demonstrating their roles in maintaining glycan epitope
homeostasis. Homeostasis is crucial for robustness in living systems. Several studies have reported
examples illustrating how the glycosylation machinery maintains glycan epitope
homeostasis(Akama et al., 2006; Krambeck et al., 2017). Specifically, gene mutations in
glycosyltransferases within the glycan biosynthesis pathway can result in the global compensation
of missing glycan epitopes in other glycans. For example, Mgat4a and Mgat4b enable the synthesis
of the GIcNAcP1-4 branch on the Mana1-3 arm of the N-glycan core. This branch increases glycan
epitope density in N-linked glycoproteins, enhancing overall lectin binding to N-linked glycans.
Interestingly, Mgatda/b double mutant mice exhibit significantly decreased N-glycan branches.
However, the missing N-linked branch is observed as LacNAc epitopes on the remaining linear
arms of the N-linked glycans(Takamatsu et al., 2010). These results demonstrate that the
glycosylation machinery can effectively maintain glycan epitope density at homeostatic states.
Although the underlying mechanisms by which the glycosylation machinery maintains glycan
epitope homeostasis are mainly unknown, elucidating these mechanisms will undoubtedly reveal
novel aspects of glycosylation control.

Our observations suggest that glycosylation alterations are influenced by several dominant
isoenzymes (Figure 3.2). Specifically, the glycoform resulting from Mgat4b knockout exhibits a

pronounced reduction in tetra-antennary glycans (GM cluster 6-7) compared to Mgat4A
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knockout’s glycoform. Moreover, B4galtl knockout leads to a significant reduction in many
hybrid glycans (GM cluster 1, 3-7) than knockouts of other isoenzymes: B4galt2, B4galt3, and
B4galt4. Lastly, St3gal4 appears to be the dominant isoenzyme affecting the expression of tri- and
tetra-antennary glycans (GM cluster 4-7), as also supported by a previous study(Chung et al., 2015).
These findings provide insights into how glycan compensatory mechanisms could be elucidated
by the biochemical network.

Based on the observed pathway activity changes in the Mgat-family glycomutants, several
conclusions can be drawn that relate to smaller cell size and higher growth rate. The observed
significant upregulation of pathways involving activated FGFR2, PDH complex regulation, and
AMPK-mediated Rheb GTPase regulation suggests a metabolic shift toward the Warburg effect,
which is characterized by high glycolytic activity even in the presence of oxygen. Supporting this
metabolic shift, we observed increased lactate secretion as more genes were knocked out in Mgat
mutants. This metabolic phenotype is commonly observed in rapidly proliferating cells and can
support higher growth rates through enhanced glycolysis for both energy production and
biosynthetic needs. Conversely, we observed downregulation in pathways associated with acyl-
chain remodeling of phosphatidylinositol (P1) and SHC1 events in ERBB4 signaling. Reduced
acyl-chain remodeling of PI could affect membrane composition and cellular signaling, potentially
disrupting lipid metabolism and membrane-associated processes that are important for CHO cell
growth. The decreased activity in SHC1-mediated ERBB4 signaling suggests a reduction in
proliferative and survival signals in these production cells. These pathway alterations align with
our Bioprofile FLEX analysis, which showed smaller cell size and higher growth rate in Mgat
mutant cell lines, though the precise mechanistic connections between these pathway changes and

phenotypes require further investigation.
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Our data suggests that B4galt-family mutants decreased in viable cell density (VCD) and
growth rate. The significant upregulation in pathways related to enhanced lipid metabolism,
adaptive membrane dynamics, and substantial endoplasmic reticulum (ER) stress due to the
accumulation of misfolded proteins indicates that these cells may be under increased metabolic
strain. This strain can negatively impact cell growth and viability as cells prioritize survival and
maintenance functions over proliferation. Conversely, the downregulated pathways indicate
impairments in immune cell signaling, compromised antiviral responses, and disruptions in cell
proliferation and survival. These disruptions further contribute to reduced cell viability and growth.
Collectively, the enhanced stress responses and the downregulation of critical signaling pathways
in B4galt-family glycomutants reflect the cellular efforts to adapt and survive under stress
conditions while potentially compromising immune and proliferative functions. These findings
align with our observed phenotypic changes of decreased VCD and growth rate.

The Reactome pathway enrichment analysis following St3gal knockout revealed
significant metabolic and activity pathway alterations (Figure 3.5). Notably, the upregulated
pathways likely represent compensatory mechanisms to maintain cellular homeostasis under
altered glycosylation conditions, which can support increased cell membrane integrity and
efficient pH regulation, thereby promoting cell growth and survival. Unfortunately, the
downregulated pathways indicate potential impairments in DNA repair mechanisms. The
upregulation of metabolic pathways might be an adaptive response to the stress induced by the
knockouts, aiming to stabilize cellular functions. However, the concomitant downregulation of key
DNA repair pathways suggests compromised genomic integrity, which could lead to reduced
repair efficiency, shift in repair pathway choice, and impact on cell cycle(Wozny et al., 2020). We

also found these findings align with the increased VCD and cell growth rate we found earlier. The
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balance between enhanced metabolic activity and reduced DNA repair efficiency suggests that the
cells are prioritizing growth and proliferation at the potential cost of long-term genomic stability.
These findings highlight a complex interplay where metabolic adjustments are countered by
vulnerabilities in DNA repair and cellular signaling, underscoring the crucial role of St3gal in
maintaining cellular equilibrium and its potential impact on cell growth and viability.

A critical challenge in biopharmaceutical development is establishing mammalian cell
lines that can efficiently and effectively perform glycoengineering of therapeutic proteins(Lewis
etal., 2013; Noh et al., 2013; Reinhart et al., 2019; Tejwani et al., 2018; Thiele et al., 2018). While
numerous cell lines have been developed, productivity loss remains a major concern in
biomanufacturing. Research has demonstrated that this productivity instability often stems from
genome instability(Bandyopadhyay et al., 2019; Hopkins et al., 2022), where chromosomal
abnormalities lead to reduced transgene copy numbers and decreased protein titer, as genomic
instability disrupts the integrity of integrated transgenes(Spahn et al., 2022). Recent studies have
revealed that deficiencies in DNA damage repair pathways can be a root cause of this genome
instability(Pradhan et al., 2022; Terabayashi and Hanada, 2018). Given these findings,
investigating whether glycoengineered mutants exhibit significant alterations in DNA damage and
repair mechanisms becomes crucial, as these changes could either benefit or harm product
production and host cell survival. Understanding the underlying mechanisms of these cellular
responses could provide valuable insights for rational optimization of expression systems,
ultimately advancing the development of cell lines for sustainable glycoengineered therapeutic

protein production.
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3.4 Methods
3.4.1 Glycoprofile analysis
Glycoprofiles of EPO were already measured and published(Yang et al., 2015). EPO

glycoprofiling was performed on 34 different glycoengineered genotypes using MALDI-TOF
(matrix-assisted laser desorption/ionization—time of flight) analysis of released permethylated N-
glycans. For each sample, approximately 25 pg of purified EPO was digested overnight at 37°C
with 2U PNGase F in 50 mM ammonium bicarbonate to release the N-glycans. Released N-glycans
were separated using C18 Stagetips and incubated in 100 mM ammonium acetate (pH 5.0) for 60
minutes at 22°C.

The glycan samples were permethylated and extracted with chloroform. The organic phase
was washed repeatedly with deionized water for desalting, then evaporated under nitrogen gas.
Permethylated N-glycans were dissolved in 20 ul of 50% (v/v) methanol and co-crystallized with
2,5-dihydroxybenzoic acid matrix (10 mg/ml in 70% acetonitrile, 0.1% trifluoroacetic acid, and
2.5 mM sodium acetate). MALDI-TOF analysis was performed in positive reflector mode,
acquiring 2,000 shots per spot in the m/z 1,000-7,000 mass range.

The resulting glycoprofile data was reanalyzed using GlyCompare(Bao et al., 2021) to
quantify all glycan intermediates (glyco-motifs) for each sample. Hierarchical clustering analysis
was performed using the ward.D2 agglomeration method to identify mutants with similar glycan
biosynthesis patterns. Prior to clustering, missing values in the glyco-motif abundance matrix were
set to zero. The dendrogram was cut to identify three distinct clusters (k=3) representing different
levels of glycosylation modification. For visualization, a symmetric color palette was generated
using RColorBrewer's RdBu palette, and the clustering results were displayed using annHeatmap?2
with both row and column dendrograms. Nine major glyco-motif clusters (GM 01-09) were

identified through column clustering, with each cluster annotated based on representative glycan
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topology shared by >60% of glyco-motif members within that cluster. The robustness of the

clustering was assessed by comparing the branching patterns in the dendrograms.

3.4.2 RNA sample preparation and sequencing
WT Rit, 6xKO Rit, 11xKO Rit cells (5 x 106) sampled from the DASGIP bioreactor on

days 4, 6, and 8 were resuspended in RLT buffer (Qiagen, Hilden, Germany) containing 40-mM
DTT. After storage at —80 °C, RNA was extracted using the RNeasy kit (Qiagen) followed by on-
column DNAse digestion. RNA was eluted in 40 pl nuclease-free water, concentration was
measured by Qubit (Thermo Fisher scientific) and the purity was checked on a Fragment Analyzer
(Advanced Analytical). Complementary DNA synthesis was obtained from 1 pg of RNA using the
High capacity cDNA RT kit (Thermo Fisher scientific). Samples were diluted to 60 ng pL—1 in
50 uL and library preparation was performed with the TruSeq Stranded mRNA Library Prep Kit
(Mumina, San Diego, CA, USA). Final RNA libraries were first quantified by Qubit and the size
was checked on a Fragment Analyzer. Libraries were normalized to 10 nM and pooled and the
final pool of libraries was run on the NextSeq platform with high output flow cell configuration
(NextSeg® 500/550 High Output Kit v2, 300 cycles, Illumina). Raw data are deposited at the Gene

Expression Omnibus and Short Read Archive with accession number.

3.4.3 RNA-Seq quantification and differential gene expression
RNA-Seq quality was assessed using FastQC. Adapter sequences and low quality bases

were trimmed using Trimmomatic(Bolger et al., 2014). Sequence alignment was performed using
STAR(Dobin et al., 2013) against the CHO genome (GCF_000419365.1_C_griseus_v1.0) with
the default parameters. The expression of each gene was quantified using HTSeq(Anders et al.,
2015).

Gene counts were normalized using variance stabilizing transformation. To facilitate cross-

species comparison, CHO genes were mapped to their mouse orthologs using a curated orthology
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mapping table. Gene symbols were obtained by mapping the mouse Entrez IDs to official gene
symbols using the org.Hs.eg.db annotation package. For downstream analysis, we focused on
glycosylation-related genes, including glycosyltransferases, glycan-binding proteins, and other
glycosylation-related enzymes based on curated annotation lists.

Differential expression analysis was performed using DESeg2(Applied Research Press,
2015) to compare each glycoengineered cell line to the wild-type control. For each comparison,
we generated log2 fold changes and corresponding p-values. A gene was considered differentially
expressed if it showed an absolute log2 fold change > 1.5 and adjusted p-value < 0.05. The results
were compiled into a comprehensive differential expression table containing both the log2 fold
changes and p-values for all genes across different glycoengineering conditions. For visualization
and interpretation, differentially expressed genes were grouped by glycosyltransferase families
(Mgat, B4galt, St3gal, and B3gnt) and their biological functions. Expression changes were

visualized using hierarchical clustering with Ward's method (ward.D2).

3.4.4 Cluster comparison analysis
To assess the relationship between glycomotif patterns and gene expression, we performed

a quantitative comparison of the hierarchical clustering results using the dendextend R package.
The dendrogram structures were first aligned by identifying overlapping samples between datasets
using tree intersection methods. The dendrograms were then optimized through a two-step process:
an initial random search algorithm with 2,000 iterations, followed by stepwise rotation
optimization to minimize dendrogram entanglement.

The similarity between clustering patterns was evaluated using the Fowlkes-Mallows (FM)
index, which quantifies the agreement between two hierarchical clusterings. Statistical
significance was assessed through permutation testing with 100,000 iterations. For each iteration,

cluster labels were randomly permuted while maintaining the dendrogram structure, and the FM
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index was recalculated using the FM_index_R function. The empirical p-value was determined by
comparing the observed FM index to the distribution of permuted values, with p < 1e-5 considered
significant. The entanglement metric was also calculated to quantify the amount of crossing
between dendrograms, with lower values indicating better agreement between the clustering

patterns.

3.4.5 Bioprofile FLEX Analyzer and data processing
The concentrations of glucose, lactate, ammonium (NH4%), and glutamine in spent media

were measured using the BioProfile 400 (Nova Biomedical). Also measured key cellular
phenotypes including cell size, growth rate, and viability.

Cell culture measurements were processed to calculate key metabolic and growth
parameters. The exponential growth rate (r) was calculated using the equation N(t) = N(0)e”(rt),
where N(0) and N(t) represent the viable cell density (VCD) at the initial and 48-hour timepoints,
respectively. The cell population doubling time was derived as In(2)/r.

Metabolic uptake and secretion rates were calculated for glutamine, glutamate, glucose,
lactate, NH4*, Na*, K*, and osmolality. The specific rates were determined using the equation (C2-
C1)/(0.5(t2-t1)(VCD1+VCD2)), where C2 and C1 are the metabolite concentrations at 48 hours
and 0 hours, t2-t1 is the time interval (48 hours), and VCD1 and VCD?2 are the viable cell densities
at the respective timepoints.

Fold changes between 0 and 48 hours were calculated for cell size, VCD, and viability as
the ratio of final to initial values. For baseline media composition, average values of initial
metabolite concentrations were used across all samples to establish consistent reference
conditions.

Data was first visualized using hierarchical clustering with Ward's method (ward.D2).

Then, for phenotype visualization, measurements (cell size, VCD, viability, and growth rate) were
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normalized by subtracting wild-type values. The normalized data was visualized using boxplots
with individual data points overlaid using ggplot2. Samples were grouped by glycosyltransferase
family (WT, Mgat, B4gal, ST3gal), with other perturbations classified as "Other". For each
phenotype, the comparison between glycosyltransferase families was visualized using position-

adjusted boxplots.

3.4.6 Similarity Network Fusion Analysis
To integrate multiple-omics data types and identify patterns in cellular responses to

glycoengineering, we employed Similarity Network Fusion (SNF)(Wang et al., 2014) to construct
and analyze patient-similarity networks. SNF enables integration of phenotypic and gene
expression data by constructing a network for each data type and then fusing them into one
comprehensive similarity network that captures both shared and complementary information.

We first constructed a sample similarity network represented as a graph G = (V,E), where
vertices V correspond to the cell line samples and edges E are weighted by pairwise sample
similarities. Edge weights were computed using a scaled exponential similarity kernel. We
employed normalized mutual information (NMI) to validate the compatibility of the integrated
data sources. All SNF analyses were performed using the SNFtool R package with default

parameters unless otherwise specified.

3.4.7 Gene Set Variation Analysis
Prior to regression, pathway activity scores were computed using Gene Set Variation

Analysis (GSVA)(Hanzelmann et al., 2013). RNA-Seq count data were normalized via variance-
stabilizing transformation and mapped to mouse orthologs. Reactome pathways(Milacic et al.,
2024) were selected for their relevance to glycosylation, metabolism, and stress responses. GSVA
enrichment scores quantified the relative activity of each pathway across samples, enabling

systematic comparison of metabolic and functional shifts associated with glycoengineering.
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3.4.8 Ordinal regression analysis
Ordinal regression was performed using cumulative link models (CLMs)(Christensen and

Haubo, 2015) to analyze ordered categorical outcomes. The analysis was implemented in R using
the ordinal package's clm function, which estimates threshold parameters and predictor effects
simultaneously while maintaining the ordered nature of response categories. Pathway activity
scores, derived from Gene Set Variation Analysis (GSVA), were modeled as continuous responses,
with the number of targeted glycosyltransferase genes (e.g., St3gal, Mgat, or B4galt family)
knockouts as an ordinal predictor.

The CLM framework assumes proportional odds, where the effect of increasing knockouts
on pathway activity is consistent across thresholds. Coefficients (ORscore) were interpreted as
log-odds ratios, where positive values indicated pathways upregulated with increasing knockouts,
and negative values indicated downregulation. ORPvalue is the statistical significance of the
ORscore, derived from the CLM. Significance thresholds were set at an absolute log2 fold
change >1.5 and adjusted p-value <0.05 after Benjamini-Hochberg correction for multiple testing.

Pathways with significant ordinal trends (p < 0.05) were visualized as heatmaps (Figure 6a,
S2a, S3a). Top 3 up- and down-regulated pathways were visualized as box plots (Figure 6b, S2b,

S3b).

3.4.9 CHO-S derived recombinant protein purification and data collection
Herceptin, Rituximab and Enbrel were purified by protein A affinity chromatography. For

each protein glycoform, a 1-mL MAbSelect Extra column (Cytiva) was equilibrated with 5 column
volumes (CV) of 20 mM sodium phosphate, 0.15 M NaCl, pH 7.2. Next, 30-mL supernatant was
loaded, the column was washed with 20 CV of 20 mM sodium phosphate, 0.15 M NaCl, pH 7.2,
and the protein was eluted using 0.1 M citrate, pH 3.0. The elution fractions (0.5 mL) were

collected in deep-well plates containing 100 pL of 1 M Tris at pH 9 per well.
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Alpha-1-antitrypsin, butyrylcholinesterase, protein Z, serpin A5, serpin Al0, serpin C1,
and EPO, all C-terminally tagged with the HPC4 tag (amino acids EDQVDPRLIDGK), were
purified over a 1-mL column of anti-protein C affinity matrix according to the manufacturer’s
protocol (Roche, cat. no. 11815024001). 1 mM CaCl2 was added to the supernatant, equilibration
buffer, and wash buffer, respectively. The proteins were eluted in 0.5 mL fractions using 5 mM
EDTA in the elution buffer.

For all proteins, RNA-Seq quality was assessed using FastQC. For details, refer to the
RNA-Seq quantification section above. Following RNA-seq processing, Gene Ontology
(GO)(Boyle, 2004) term analysis was performed to annotate biological pathways. GSVA was then
applied to quantify pathway activity, generating enrichment scores for each sample. Samples were
stratified into two groups based on knockout status (0 vs. 3) to compare pathway dysregulation.
Differential pathway activity between groups was assessed using the Wilcoxon rank-sum test, and
pathways with statistically significant differences (p < 0.05) were retained. From these, DNA
damage repair-related pathways were selectively identified based on functional relevance. To
visualize the most pronounced changes, the top three pathways exhibiting the strongest
upregulation and downregulation (ranked by effect size) were plotted as boxplots, illustrating the

distribution of GSVA scores across knockout conditions.

3.4.10 Statistical Analyses
Statistical analyses were performed using R (version 4.1.0), and data visualization was

carried out using custom R scripts incorporating the ggplot2 and related packages. Principal

Component Analysis (PCA) was performed using the PCA function from FactoMineR package.
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3.5 Conclusion

Here, we demonstrated that glycoengineering not only impacts glycosylation but that it
yields phenotypic alterations in CHO cell lines. Furthermore, these molecular mechanisms are
linked to the phenotypic alterations as glycosylation changes. Studies have shown that metabolism
is associated with several CHO cell phenotypes(Hefzi et al., 2016; Lao and Toth, 1997; Yang and
Butler, 2000). Our findings provide insightful knowledge on the effects of glycoengineering and
detailed mechanisms about how glycosylation and pathway interplay can lead to phenotype
changes following glycoengineering on the CHO cells. Thus, these insights provide further tools
to enable the development of a robust host with desired phenotypes when performing
glycoengineering on the CHO cells for biotherapeutic products.

3.6 Supplementary Figures and Tables
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Validation

oprofile & RNA-Seq

Supplementary Figure 3.1

Venn diagram illustrating overlap and uniqueness among Validation, Glycoprofile, and Bioprofile
& RNA-Seq datasets. The Glycoprofile dataset comprises 34 genotypes, of which 24 overlap with
the Bioprofile & RNA-Seq dataset. The Bioprofile & RNA-Seq dataset contains 30 unique
genotypes not shared with other datasets. The Validation dataset (RNA-Seq) includes 24 unique
genotypes.
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Supplementary Figure 3.2

Ordinal regression results of GSVA of pathways in the Mgat-family glycoengineered strains. (A)
The heatmap of statistically significant dysregulated pathways with an ordinal trend of GT
knockouts. (B) Statistically significant dysregulated pathways.
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Supplementary Figure 3.3

Ordinal regression results of GSVA of pathways in the B4galt-family glycoengineered strains. (A)
The heatmap of statistically significant dysregulated pathways with an ordinal trend of GT
knockouts. (B) Statistically significant dysregulated pathways.
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