
UC San Diego
UC San Diego Electronic Theses and Dissertations

Title
Essentiality, Biosynthesis, and Prediction of Glycosylation: A genetic and metabolic encoding 
of intercellular communication augmentation

Permalink
https://escholarship.org/uc/item/5mb4g3k9

Author
Kellman, Benjamin P.

Publication Date
2020
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/5mb4g3k9
https://escholarship.org
http://www.cdlib.org/


 
 
 

 
 

UNIVERSITY OF CALIFORNIA SAN DIEGO 

 

Essentiality, Biosynthesis, and Prediction of Glycosylation: A genetic and 

metabolic encoding of intercellular communication augmentation 

 

A dissertation submitted in partial satisfaction of the 
requirements for the degree 

Doctor of Philosophy 

 

in 

 

Bioinformatics and Systems Biology 

 

by 

 

Benjamin P. Kellman 

 

Committee in charge: 

Professor Nathan E. Lewis, Chair  
Professor Hannah Carter, Co-Chair 
Professor Lars Bode 
Professor Jeffrey D. Esko 
Professor Eran Mukamel 
  

2020 

 
 
 



 
 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Copyright  

Benjamin P. Kellman, 2020  

All rights reserved



 
 
 

iii 
 

The Dissertation of Benjamin P. Kellman is approved, and it is acceptable in 

quality and form for publication on microfilm and electronically: 

 

 

 

 

 

 

 

 

 

 

Chair 

 

University of California San Diego 

2020 

  



 
 
 

iv 
 

DEDICATION 
 

To my family, born and found. 

  



 
 
 

v 
 

EPIGRAPH 
 

It’s this sort of whole world that the canopy creates. There are 
living plants. There are mosses. There are ferns. There's soil. 
…Invertebrates that live here, birds that forage for these 
invertebrates that live in the canopy soil. …It's like this microcosm, 
this mini-ecosystem that's going on kind of independent of the 
forest floor but, at the same time, interacting with the forest as a 
whole. 

 
- Nalini Nadkarni   



 
 
 

vi 
 

TABLE OF CONTENTS 
 
Dedication ......................................................................................................................... iv 

Epigraph ............................................................................................................................ v 

Table of Contents ............................................................................................................ vi 

List of Figures ................................................................................................................ xiii 

List of Tables ................................................................................................................... xv 

Acknowledgements ....................................................................................................... xvi 

Vita................................................................................................................................... xix 

Glossary .......................................................................................................................... xxi 

Abstract of the Dissertation ........................................................................................ xxiii 

Chapter 1 Theory and estimation in associating glycan biosynthesis and 
extracellular communication ........................................................................................... 1 

Extracellular glycans influence intercellular behavior ............................................. 2 

Glycans are regulators and targets of biological systems ................................... 10 

Glycogenes emerge in phenotypic screens and omics studies ...................... 11 

Cell phenotypes depend on glycosylation .......................................................... 11 

Clinical translation of systems-regulating glycans ............................................ 13 

Models of glycan biosynthesis ................................................................................. 14 

Mechanistic models of glycan biosynthesis ....................................................... 16 

Abstract glycan biosynthesis analysis ................................................................. 20 

Model-derived and validated principles of glycosylation .................................. 25 

Big data glycomics in glycan biosynthesis ............................................................. 26 

High-throughput measurement of glycomes ...................................................... 27 

Glycan collections and analytics of glycan measurement are growing in 
diversity, magnitude, regularity, and FAIRness ................................................. 29 

The cost of glycan-naive interactome probes; are there really any 
extracellular protein-protein interactions? .......................................................... 33 

Exploring glycan biosynthesis, cellular communication, and cellular state 
interactions through data integration ....................................................................... 35 

Biosynthesis Model Selection ............................................................................... 38 

Extracting important glycan substructures ......................................................... 38 



 
 
 

vii 
 

Interpreting and generalizing selected glycan substructures .......................... 39 

Applying these tools to better understand nearly any multicellular phenotype
 .................................................................................................................................. 40 

Concluding Remarks ................................................................................................. 41 

Acknowledgments: ..................................................................................................... 44 

Chapter 2 Human milk oligosaccharide composition predicts risk of necrotizing 
enterocolitis in preterm infants ..................................................................................... 45 

Background ................................................................................................................. 47 

Results ......................................................................................................................... 50 

DSLNT concentrations are significantly lower in milk fed to NEC cases 
compared to controls ............................................................................................. 50 

A robust statistical assessment of all measured HMO shows DSLNT as the 
primary contributor ................................................................................................. 51 

NEC cases exhibit consistently perturbed HMO concentration over time ..... 56 

Discussion ................................................................................................................... 57 

Authors’ contributions to manuscript ....................................................................... 60 

Methods ....................................................................................................................... 60 

Cohort and Samples .............................................................................................. 60 

Human Milk Oligosaccharide Analysis ................................................................ 62 

Statistical Analysis ................................................................................................. 63 

Acknowledgements .................................................................................................... 64 

Chapter 3 Elucidating HMO biosynthetic genes through network-based 
integration of transcriptomic and glycomic data ........................................................ 66 

Introduction .................................................................................................................. 67 

Results ......................................................................................................................... 72 

Abundances of HMOs and their known enzymes do not correlate ................ 72 

High-performing candidate biosynthetic models are supported by gene 
expression and predicted model flux across subjects ...................................... 76 

Glycosyltransferases are resolved by ranking reaction consistency across 
several metrics ........................................................................................................ 82 

Kinetic assays confirm selected genes and expand our scope ...................... 83 



 
 
 

viii 
 

Selected glycosyltransferases share transcriptional regulators across 
independent predictions ........................................................................................ 87 

Discussion ................................................................................................................... 89 

Conclusion ................................................................................................................... 96 

Author contribution ..................................................................................................... 96 

Materials and Methods .............................................................................................. 97 

Milk sample Collection ........................................................................................... 97 

Illumina mRNA microarrays & Glycoprofiling ..................................................... 98 

Software ................................................................................................................... 99 

Generation and scoring of glycosylation network models ................................ 99 

Candidate Model Ranking, Model Selection and Selection Validation ........ 101 

Summary Network Extraction from the Reduced Network ............................ 102 

Ambiguous Gene Selection ................................................................................ 102 

In vitro glycosyltransferase activity assays ...................................................... 104 

Differential expression (DE) analysis ................................................................ 105 

Ingenuity Pathways Analysis (IPA) upstream regulator ................................. 106 

de novo TF binding site motifs discovery and known TF binding site 
identification .......................................................................................................... 106 

Acknowledgments .................................................................................................... 107 

Chapter 4 Correcting for sparsity and interdependent in glycomic data by 
automatically encoding the abundance and structural features using substructure 
network .......................................................................................................................... 109 

Introduction ................................................................................................................ 111 

Results ....................................................................................................................... 115 

Strikingly different glycoprofiles from small genetic changes can be 
compared with GlyCompare ............................................................................... 115 

GlyCompare decomposes glycoprofiles to facilitate comparison ................. 116 

GlyCompare accurately clusters glycoengineered EPO samples ................ 120 

GlyCompare summarizes structural changes across glycoprofiles .............. 125 

GlyCompare reveals off-target changes in substructures invisible at the 
whole-glycan level ................................................................................................ 126 



 
 
 

ix 
 

Flux estimation from GlyCompare identifies reaction responsible for an 
unexpected change in sialylation ....................................................................... 128 

GlyCompare increases statistical power of glycomics data........................... 131 

Discussion ................................................................................................................. 132 

Conclusions ............................................................................................................... 135 

Author contributions ................................................................................................. 136 

Methods ..................................................................................................................... 136 

N-glycosylation of EPO glycoprofile collection and analysis ......................... 136 

HMO glycoprofile collection and analysis ......................................................... 137 

Transforming glycoprofile to substructure network ......................................... 138 

Substructure based clustering of glycoprofiles ................................................ 140 

Substructure cluster abundance comparison and network edge-based ratio 
comparison ............................................................................................................ 141 

Phenotype-associated substructure detection ................................................. 142 

Product-substrate ratio as a proxy for flux and estimating flux-phenotype 
associations .......................................................................................................... 143 

Glyco-motif Abundance Robustness and Power Analysis ............................. 144 

Acknowledgements .................................................................................................. 145 

Chapter 5 Precursor-limitations obscure templated biosynthesis: Glycoprotein 
structure, a template for glycan biosynthesis ........................................................... 146 

Introduction ................................................................................................................ 149 

Results ....................................................................................................................... 154 

Glycan and protein structure are not independent (469 words) .................... 154 

Glycosite-proximal structure and chemistry are correlated with glycan 
structure ................................................................................................................. 157 

The BLOSUM-PAM Orthology (BL-AM-O) of Glycoimpact ........................... 163 

High glycoimpact amino acids show increased coupling with N-glycosylation 
sites ........................................................................................................................ 164 

Glycoimpact provides a mechanistic prediction of pathogenic mutations in 
ClinVar ................................................................................................................... 165 

Glycodistance and discrepancy between functional prediction tools ........... 165 

Mutation Associated with differential glycosylation change ........................... 169 



 
 
 

x 
 

Discussion ................................................................................................................. 171 

Protein structure and glycan structure are not independent .......................... 172 

Changes in glycosite-proximal structure and chemistry are correlated with 
consistent changes in glycosylation .................................................................. 173 

Validating Glycoimpact ........................................................................................ 174 

Demonstration of the plausibility (PrP), accuracy (HIV) and specificity (IgG) 
of glycoimpact predictions ................................................................................... 175 

Methods ..................................................................................................................... 177 

Enrichment of glycan-protein site-matched data to generate the Protein-
Glycan Enriched Structure Database (PGES-DB) .......................................... 177 

Software and packages ....................................................................................... 178 

Probability event space, information gain and conditional probability ......... 179 

Quantitative characterization of Inter-Molecular Relations (IMR) using 
Generalized Estimation Equations (GEE) ........................................................ 179 

Comparison of SNP pathogenicity scores with glycoimpact ......................... 181 

Acknowledgements ..................................................................................................... 181 

A. Appendix: Human Milk Oligosaccharides and Necrotizing Enterocolitis .............. 182 

Code Repository ....................................................................................................... 183 

Supplemental Figures .............................................................................................. 183 

Supplemental Tables ............................................................................................... 188 

Supplemental Methods ............................................................................................ 190 

Case Descriptions ................................................................................................ 190 

Statistical Analysis and Classification ............................................................... 197 

Supplemental Results .............................................................................................. 200 

Multivariate Model Selection by Backward Elimination .................................. 200 

B. Appendix: HMO Biosynthesis ................................................................................ 204 

Code Repository ....................................................................................................... 205 

Glossary ..................................................................................................................... 205 

Supplementary Figures ........................................................................................... 207 

Supplementary Tables ............................................................................................. 226 

Supplemental Methods ............................................................................................ 230 



 
 
 

xi 
 

1.1.1 Generation of complete HMO biosynthesis network....................... 230 

1.1.2 Reduction of the generic network to a reduced network using Flux 
Variability approach ............................................................................................. 230 

1.1.3 Generation of all minimal subnetworks for every potential HMO 
structure combination .......................................................................................... 231 

1.1.4 Assessment of consistency of experimental data with subnetworks 
and selection of candidate models .................................................................... 232 

1.1.5 Resolution of ambiguous genes and HMO structure through 
analysis of candidate models and subnetwork statistics ................................ 235 

1.2 Theory, Calculations and Definitions ......................................................... 238 

1.2.1 Defining the Model-Space: Input date, Reaction Rules, Complete 
Network and Reduced Network ......................................................................... 238 

1.2.2 Identifying Candidate Models within the Reduced Network .......... 240 

1.2.3 Defining the Candidate Model Score ................................................ 240 

1.2.4 Flux Variability Analysis (FVA) ........................................................... 242 

1.2.5 Mixed-Integer Linear Programming (MILP) ...................................... 243 

Supplementary Results ........................................................................................... 244 

Candidate gene filtering by expression and acceptor specificity .................. 244 

Generation of 44,984,988 candidate models representing HMO biosynthesis
 ................................................................................................................................ 247 

Selection of best performing models ................................................................. 248 

Supplemental Discussion ........................................................................................ 249 

Validity of Selected Transcription Factors ........................................................ 249 

Leveraging HMO pathway resolution to clarify natural variation in HMO 
composition ........................................................................................................... 250 

Leveraging HMO pathway resolution to facilitate chemoezymatic synthesis
 ................................................................................................................................ 251 

C. Appendix: Glycompare ........................................................................................... 253 

Data and Code .......................................................................................................... 254 

Supplementary Tables ............................................................................................. 254 

Supplementary Figures ........................................................................................... 259 

D. Appendix: Glycan-Protein Structure ....................................................................... 268 



 
 
 

xii 
 

Supplemental Tables ............................................................................................... 269 

Supplemental Figures .............................................................................................. 271 

E. References ............................................................................................................... 277 

 
  



 
 
 

xiii 
 

LIST OF FIGURES 
 
Figure 1 - The feedback between glycan dependent receptor sensing and glycan 
biosynthesis regulate cellular communication and environmental response. ......... 2 
Figure 2 - The Glycocalyx extends into the extracellular matrix. .............................. 6 
Figure 3 - Often-neglected glycans at the interface between SARS-CoV-2 and 
the host cell surface. ........................................................................................................ 8 
Figure 4 - Glycans mediate multiple types of interactions modulating cell state. ... 9 
Figure 5 - Characteristics of glycan biosynthesis. ..................................................... 17 
Figure 6 - The progression of model complexity and predictions appropriate, 
given various common data types. .............................................................................. 36 
Figure 7 - Two theoretical cells (Fig. 4C) co-regulating through differential 
glycosylation. .................................................................................................................. 41 
Figure 8 - Disialyl-lacto-N-tetraose (DSLNT) concentrations are consistently 
lower in NEC cases........................................................................................................ 49 
Figure 9 - DSLNT concentrations are uniquely and consistently low in NEC cases 
(left) when compared to controls (right). Samples in each row are case-control 
matched by study site, gestational age, birth-weight and other NEC-relevant 
factors. ............................................................................................................................. 52 
Figure 10 - Univariate logistic-regression screening of confounding factors and 
HMO. ................................................................................................................................ 54 
Figure 11 - Aggregation of DSLNT concentration for multiple days enhances the 
identification of high- risk infants. ................................................................................. 56 
Figure 12 - HMO blueprint and synthesis ................................................................... 69 
Figure 13 - FUT2 expression should increase 2’FL and LNFPI which require the 
enzyme but there is no significant positive association. .......................................... 73 
Figure 14 - Overview of Computational Methods for Model Assembly (A-F) and 
Assessment (G-I). .......................................................................................................... 75 
Figure 15 Summary Network of the most important reactions in the reduced 
network. ........................................................................................................................... 80 
Figure 16 – Gene expression correlation with model flux predicts enzymes 
involved in HMO biosynthesis. ..................................................................................... 81 
Figure 17 - Results of the NTP-GLO Glycosyltransferase Assay to test GT 
candidates on relevant HMO acceptors. .................................................................... 84 
Figure 18 - de novo promoter-enriched TF motifs and IPA predicted TFs using 
differential expression analyses with respect to 16 HMOs. ..................................... 86 
Figure 19 -  The GlyCompare platform improves glycomics data analysis and 
interpretation by using glycan biosynthetic network data to account for glycan 
interdependence. .......................................................................................................... 117 
Figure 20 - Glycoprofiles are transformed to glyco-motif profiles using 
GlyCompare .................................................................................................................. 118 



 
 
 

xiv 
 

Figure 21 - Substructure based profile comparison solves the glycan non-
independence and sparsity challenges, enabling the use of standard clustering 
on large glycomics datasets. ...................................................................................... 123 
Figure 22 - Analysis of glycan abundance changes using representative 
substructures. ............................................................................................................... 124 
Figure 23 - Analysis of intermediate substructures with GlyCompare elucidates 
unexpected associations in HMO abundance and reaction flux with secretor 
status, which are missed in the standard whole-glycan analysis. ........................ 130 
Figure 24 - Glyco-motif level statistics require half as many samples to reach the 
same level of statistical power as analysis with raw glycans. ............................... 131 
Figure 25 – Graphical Abstract. DNA, RNA, and protein biosynthesis are well-
charactized as templated behaviors. ......................................................................... 148 
Figure 26 – Global trends suggest non-independence of glycan structure and 
protein structure proximal to glycosylation site. ....................................................... 152 
Figure 27 – Specific IMRs discovered by logistic GEE controlling for protein-bias.
 ........................................................................................................................................ 161 
Figure 28 – Glycoimpact in evolution and disease. ................................................ 163 
Figure 29 –Differential glycosylation and pathogenesis with high-glycoimpact 
events near glycosylation sites. ................................................................................. 167 

 
  



 
 
 

xv 
 

LIST OF TABLES 
 
Table 1 – A few examples of Ligand Receptor Interactions modified by glycan. ... 5 
Table 2 - Glycosylation reactions examined. ............................................................. 70 
Table 3 - TF motif (MEME) and IPA upstream regulator integrated results .......... 87 
  



 
 
 

xvi 
 

ACKNOWLEDGEMENTS 
 
 I would like to acknowledge the incredible people who made me the 

scientist. Susan, my mother, supported my science since I was a kid titrating my 

crystal growth kit on the carpet because I didn’t want to read the instructions. My 

achievements are only meaningful through the lens of your unending love and 

support. Mia, my sister, for keeping me humble and showing me worlds beyond 

what I thought I understood.  My advisor Nathan E. Lewis, I’ve rarely learned 

more about the world, myself and the science we can hope to achieve than I did 

in our hours-long rambling sessions. You never failed to poke a hole in my work 

when it was necessary. I’m honored to have had this time to learn from you. Eric 

Couchesne, my first advisor at UCSD, thank you for teaching me about the 

wealth of knowledge I had yet to discover. Mark Noble, my advisor in Rochester, 

supported my curiosity and worked to impart upon me an appreciation for 

harnessing the power of that curiosity. Friends and colleagues in Glycobiology, 

Ajit Varki, Pascal Gagneux, Jeffrey Esko, Lars Bode, Philip Gortz, Anne Phan, 

Ryan Weiss, Daniel Sandoval, Chelsea Painter, Gregory Goldin. Thank you for 

answering my unending questions, allowing me to share in the joy and wonder of 

glycobiology. To the Lewis Lab, I cannot thank you enough for brightening my 

every day, emotionally and intellectually. Phil, Helen, Isaac, Anne, Joanne, Jahir, 

Hratch, Caressa, Erick, I had so much fun getting to know all of you, learning 

from you and goofing around with you all. To the undergraduate students I’ve 

had the honor of working with, Yujie Zhang, Mia Jeffris, Tyler Reagan, and 

Emma Logomasini, I had so much fun learning about glycobiology, databases 



 
 
 

xvii 
 

and collaboration with you all. I am indebted to all my colleagues and friends in 

the Bioinformatics program. Nassim, Rob and Jeff, you all helped make San 

Diego home; I never thought that overfitting the stock market would turn into such 

a great friendship. Ileena, ours was a friendship forged in absurdity and I can’t 

wait to see where your ambitions take you. Arjun and Sam, thank you for bringing 

me back to the city every now and then. Jamison, I’ll never forget our ride to SF. 

Alex, Eric, Shauna, and all my friends from Rochester, thank you for grounding 

my in the absurdity of reality. To my high School Science Teachers: Nirmala 

Nanes, and Julia Fusco you both supported my insane deluge of questions and 

curiosity. I’ll never forget injecting plants with growth hormones. Finally, I’d like to 

think my antagonists, those who challenged me to become something more; you 

were right, I owe you a huge debt for the ways in which you encouraged me to 

develop and learn about myself. There are so many more people I’d like to thank 

for their insight and friendship, without whom I would not have made it through 

the gauntlet of graduate school. 

 Chapter 1, in part, has been submitted for publication of the material as it 

may appear in Trends in Biochemical Sciences, 2020, Benjamin Kellman, Nathan 

E. Lewis, Cell Press, 2020. The dissertation author was the primary investigator 

and author of this paper. 

Chapter 2, in full, is a reprint of the material as it appears in Gut, 2018, 

Chloe A Autran, Benjamin P Kellman, Jae H Kim, Elizabeth Asztalos, Arlin B 

Blood, Erin C Hamilton Spence, Aloka L Patel, Jiayi Hou, Nathan E Lewis, Lars 



 
 
 

xviii 
 

Bode.  The dissertation author was one of the primary investigators and authors 

of this paper. 

 Chapter 3, in part, has been submitted for publication of the material, 

2020, Benjamin P. Kellman, Anne Richelle, Jeong-Yeh Yang, Digantkumar 

Chapla, Austin W. T. Chiang, Julia Najera, Bokan Bao, Natalia Koga, Mahmoud 

A. Mohammad, Anders Bech Bruntse, Morey W. Haymond, Kelley W. Moremen, 

Lars Bode, Nathan E. Lewis, Nature Publishing Group, 2020. The dissertation 

author was the primary investigator and author of this paper. 

 Chapter 4, in part, has been submitted for publication of the material as it 

may appear in Nature Communications, 2020, Bokan Bao, Benjamin P. Kellman, 

Austin W. T. Chiang, Austin K. York, Mahmoud A. Mohammad, Morey W. 

Haymond, Lars Bode, and Nathan E. Lewis, Nature Publishing Group, 2020. The 

dissertation author was the primary investigator and author of this paper. 

Chapter 5, in part, is material being prepared for submission contributed 

by Benjamin P. Kellman, Daniel Sandoval, Daniela Nachmanson, Olga O. 

Zaytseva , Yujie Zhang, Patricia Aguilar-Calvo, Christina Sigurdson, Chelsea 

Painter, Erick Armingol, Bokan Bao, Matthew Campbell, Nathan Mih, Kelly Brock, 

Amy Tam, Mia Jeffris, Austin W. T. Chiang, Nathan E. Lewis.  The dissertation 

author was one of the primary investigators and authors of this paper. 

 

  



 
 
 

xix 
 

VITA 
 
2008-2013 Bachelor of Science, Brain and Cognitive Science, focus in 

Neurobiology, with distinction, University of Rochester, Rochester, 
NY, USA 
Bachelor of Arts, Biology, University of Rochester, Rochester, NY, 
USA 
Minor, Mathematics, University of Rochester, Rochester, NY, USA 
Minor, Computer Science, University of Rochester, Rochester, 
NY, USA 
 

2013-2020 Doctor of Philosophy, Bioinformatics and Systems Biology, 
University of California San Diego, La Jolla, CA, USA 

 
 
 

PUBLICATIONS 

First Author 

Human milk oligosaccharide composition predicts risk of necrotising enterocolitis 
in preterm infants, Gut, 2018 

Bacterial modification of the host glycosaminoglycan heparan sulfate modulates 
SARS-CoV-2 infectivity, bioRxiv, 2020 

Multiple freeze-thaw cycles lead to a loss of consistency in poly (A)-enriched 
RNA sequencing, bioRxiv, 2020 

Correcting for sparsity and non-independence in glycomic data through a 
systems biology framework, bioRxiv,2019 

A consensus-based and readable extension of Linear Code for Reaction Rules 
(LiCoRR), bioRxiv, 2020 

Big-data glycomics: tools to connect glycan biosynthesis to extracellular 
communication, in review, 2020 

Elucidating HMO biosynthetic genes through network-based integration of 
transcriptomic and glycomic data, in preparation 

Precursor-limitations obscure templated biosynthesis: Glycoprotein structure, a 
template for glycan biosynthesis, in preparation 

Interloping Saccharide Neural Network Extrapolation (InSaNNE), an algorithm for 
predicting glycans, on the membrane, in preparation 

 



 
 
 

xx 
 

Other Authorship 

Virus-Receptor Interactions of Glycosylated SARS-CoV-2 Spike and Human 
ACE2 Receptor, Cell Host & Microbe, 2020 

SARS-CoV-2 Infection Depends on Cellular Heparan Sulfate and ACE2, bioRxiv, 
2020 

ZNF263 is a transcriptional regulator of heparin and heparan sulfate 
biosynthesis, Proceedings of the National Academy of Sciences, 2020 

What does your cell really do? Model-based assessment of mammalian cells 
metabolic functionalities using omics data, bioRxiv, 2020 

NCBI’s Virus Discovery Hackathon: Engaging Research Communities to Identify 
Cloud Infrastructure Requirements, Genes, 2019 

Combating viral contaminants in CHO cells by engineering innate immunity, 
Scientific reports, 2019 

Optimization of carbon and energy utilization through differential translational 
efficiency, Nature communications, 2018 

Evolution of the exclusively human pathogen Neisseria gonorrhoeae: Human‐
specific engagement of immunoregulatory Siglecs, Evolutionary applications, 
2019 

A perturbed gene network containing PI3K/AKT, RAS/ERK, WNT/β-catenin 
pathways in leukocytes is linked to ASD genetics and symptom severity, Nature 
Neuroscience, 2019 

A Markov model of glycosylation elucidates isozyme specificity and 
glycosyltransferase interactions for glycoengineering, Current Research in 
Biotechnology, 2020 

A systematic evaluation of methods for tailoring genome-scale metabolic models, 
Cell systems, 2017 

 

  



 
 
 

xxi 
 

GLOSSARY 
 
Mechanistic Model: A model of an event that prioritizes detailed molecular 
mechanisms. 
Reaction Rules: A collection of generalized reactions that may, in some order, 
simulate glycan biosynthesis. 
Linear Models: Linear models apply assumptions like temporal invariance and 
subsequent equilibrium, or the “steady-state” assumption. 
Nonlinear Models: Nonlinear models account for complex enzymatic behaviors 
like variation in time and complex behavior at saturation. 
Gene Availability: Information indicating if a gene participates in a system. 
Includes information in the presence of the gene in the genome, epigenetic 
promotion or inhibition, splicing, transcription, and translation. 
Glycan: A polymer of glycosidically-linked monosaccharides. Glycans can be 
linked to a protein or lipid, or unconjugated. They can be branched or linear. 
They are made in the Golgi by glycosyltransferases (glycan “writers”), they are 
typically active in the extracellular space by lectins (glycan “readers”) or through 
the augmentation of an extracellular element, they are broken down in the 
lysosome by glycosidases (glycan “erasers”) (Dedola et al. 2019).  
Glycoconjugate: Typically a protein or lipid to which a glycan is bound. 
Glycan co-receptor: Describing a receptor-bound glycan and its capacity to 
modify the binding affinity of the receptor with its target as a direct participant in 
the binding event rather than through modification of the protein structure 
Glycogene: Genes known to regulate glycan biosynthesis or degradation 
including glycosyltransferases, glycosidases, and nucleotide-sugar transporters. 
Glycosyltransferase: The “writers” of glycosylation (Dedola et al. 2019). These 
Golgi-resident enzymes are highly specific to add one monosaccharide (glucose, 
galactose, fucose,...) at a time to a particular carbon of a monosaccharide on a 
growing glycan polymer. biosynthesis proceeds from the protein or lipid bound 
monosaccharide out. 
Glycosidase: The “erasers” of glycosylation (Dedola et al. 2019). These 
enzymes are just as specific as the glycosyltransferases, removing only specific 
monosaccharides participating in specific linkages. 
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Lectin: An extracellular “readers,” typically a protein in the extracellular space 
that binds with a glycan directly or forms a co-complex with the glycan and cell-
surface receptor (Dedola et al. 2019).  
Glycoprofile: The relative or absolute abundance of glycans observed on a cell 
surface or at a specific glycosylation site. 
Substructure-Oriented Analysis: Using structures within a glycan to orient 
analysis, database query and functional analysis of a glycan. This allows greater 
generalization than whole-glycan analysis by avoiding distraction by irrelevant 
variation outside the functionally relevant substructure. 
Glycocalyx: translates to “sugar” “coat,” is the predominantly sugar encasing of 
one cell protruding into the extracellular matrix (ECM). Distinct from the 
glycocalyx of another cell which will protrude into the ECM and even touch 
another cell surface. 
Glycan substructures: combinations of connected monosaccharides found 
within a glycan. Ambiguous monosaccharides and linkages can be used to 
specify substructures where monosaccharide or linkage is not specified. 
Substructure-abundance: The aggregation of abundance data over 
substructures to determine some feature of the substructure. For example, when 
all substructures have a common reducing end, the sum of abundances for all 
glycans containing a substructure gives a substructure abundance indicative of 
the total number of times that substructure was synthesized (Bao et al. 2019). 
Endomembrane System: The system of membranes suspended in the 
cytoplasm of a eukaryotic cell. Membranes separate functional compartments 
often involving secretion including the nuclear envelope, endoplasmic reticulum, 
Golgi apparatus, secretory vesicles, lysosome, and plasma membrane. 
Epitope: A functional and/or conserved glycan structure, typically at the non-
reducing end of branching glycans. 
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Glycans, polysaccharides generalizable to a colored graph with colored 

edges, decorate proteins and cell membranes at the cell-environment interface, 

and modulate intercellular communication, from development to pathogenesis. 

Providing further challenges, glycan biosynthesis and cellular behavior are co-

regulating systems. We begin with a discussion of how glycosylation contributes 

to extracellular responses and signaling. We further organize approaches for 

disentangling the roles of glycans in multicellular interactions using newly 

available datasets and tools, including glycan biosynthesis models, omics 

datasets, and systems-level analyses. Thus, emerging tools in big data analytics 

and systems biology are facilitating novel insights on glycans and their 

relationship with multicellular behavior. 

With mechanistic and abstract models of glycan biosynthesis, 

glycosylation remains unpredictable. While DNA, RNA, and proteins undergo 

templated synthesis, wherein request (i.e., base-pairing or codon) is made and 

fulfillment (i.e., nucleotide or amino acid addition), glycan biosynthesis is 

principally non-templated; metabolically constrained. The premise of the final 

chapter is that glycoconjugates and glycan-biosynthetic enzymes exist in 

physical space, have physical and chemical attributes, and therefore interact, 

attract, and repel each other. Because the glycoconjugate is the point of 

reference for a glycan and it displays the most variation in the system of glycan 

biosynthesis, we hypothesize that the glycoconjugate surface is the template-

request of the glycan biosynthesis while metabolite availability is the context-

dependent, and therefore confounding, fulfillment of that request. Towards 
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expanding our understanding of glycan biosynthesis, we explore site-specific 

glycosylation databases, amino-acid substitution matrixes, pathogenic mutations 

and empirical observations of sequence-dependent glycosylation to support the 

separation of templated biosynthesis into two parts: the request (e.g., codon, or 

nucleotide) and the request fulfillment (e.g., addition of the corresponding amino 

acid or paired nucleotide). 

Here we explore multiple modes of glycomic analysis including glycan-

level, flux-level, and substructure-level analysis. Each resolution provides varying 

degrees of accuracy and insight but none provided clear and global 

generalizability. In the final chapter, we establish a genetic encoding for 

glycosylation providing support for genetic and metabolic encoding. A templated 

encoding for glycan biosynthesis will make glycans predictable and broadly 

accessible beyond direct empirical observation. 
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CHAPTER 1 THEORY AND ESTIMATION IN ASSOCIATING GLYCAN 
BIOSYNTHESIS AND EXTRACELLULAR COMMUNICATION 
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Figure 1 - The feedback between glycan dependent receptor sensing and glycan 
biosynthesis regulate cellular communication and environmental response.  
Here we discuss (A) the system-level impacts of glycosylation, (B) tools to study 
glycan biosynthesis given various data types, and (C) databases and analytical 
strategies to explore the dynamic co-regulatory systems of glycan biosynthesis 
and intercellular communication. Diverse bioinformatics approaches and 
resources are now making it easier to consider glycosylation in diverse research 
fields. 

 

Extracellular glycans influence intercellular 

behavior 

Every living cell is covered in a deliberate and adaptive sugar coating called 

the glycocalyx (see Glossary); this sugar “coat” contains many functional glycan 

(see Glossary) epitopes (see Glossary) that change dynamically with environment 

and behavior. While glycan biosynthesis is impacted by extracellular 

communication, there is a considerable delay in the transformation of the 
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glycocalyx; glycosylation is therefore a “laggy” and persistent signal. To change 

glycosylation on the cell surface, gene expression or metabolite availability must 

change, thus changing the constraints on glycosylation. As these new constraints 

propagate,  nascent glycans will eventually reach the cell surface over the course 

of 2-48 hours(Davies and Trotter 1981). Yet the glycocalyx is not transformed 

when nascent glycans reach the cell surface. Glycoconjugates (see Glossary) 

with nascent glycans will initially account for a small portion of the glycocalyx. The 

glycoconjugates of older glycans are eventually recycled back into the cell or 

cleaved and diffuse away--over 1000 hours in some cases(Mathieson et al. 2018)-

-to complete the responsive transformation of the glycocalyx structure and 

function. Lingering glycans provide a history of recent responses while nascent 

glycans provide information about recent intercellular exchanges; Together the 

glycocalyx form a rich resource that can be leveraged to improve our 

understanding of how cells communicate (Figure 1).  

 

As part of the extracellular matrix (ECM) that surrounds each cell, glycans 

are well positioned to modify, participate in or moderate any intercellular 

conversation. Glycans are voluminous extending 2-3x the cell diameter (Martinez-

Palomo, Braislovsky, and Bernhard 1969). Extracellular proteins are ubiquitously 

glycosylated. Currently 4,549 of 20,365 reviewed human proteins in UniProtKB 

contain at least one glycosylation site. A recent estimated average of 250,000 

proteoforms per cell-type (Aebersold et al. 2018) suggests a profound diversity in 



 
 
 

4 
 

the glycosylation events on the nearly 20-25% (Khoury, Baliban, and Floudas 

2011) of proteins that can carry the modification. With an estimated 7039 secreted 

and membrane-bound human proteins(Uhlén et al. 2015), there may be an 

average of 35 glycoforms for all isoforms of each secreted protein. Glycans are the 

only branching macromolecules. Glycan metabolism uses 342 documented 

(Lombard et al. 2014) human glycosyltransferases (see Glossary) and 

glycosidases (see Glossary), each performing interdependent and distinct 

monosaccharide additions and removals. Analogous to the machinery described 

in epigenetics, lectins (see Glossary), glycosyltransferases, and glycosidases 

have been described as the “readers,” “writers,” and “erasures” for carbohydrate 

modifications(Dedola et al. 2019; Gabius 2018). These complex carbohydrates 

moderate many cellular responses, including development, growth, differentiation, 

migration, signaling, and morphogenesis (Table 1). As such, few discussions of 

cellular phenotypes are complete without considering glycans (Figure 2)(Varki 

2017). 
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Table 1 – A few examples of Ligand Receptor Interactions modified by glycan. 
Mechanism Ligand Receptor Type Alt. 

Glycosylation 
Glycan Impact Ref. 

Co-
reception 

Delta & 
Serrate 

Notch 
EGF1-10, 
12, 14, 16, 
17, 20, 22-
32, 35 
motif 

O Presence/Absenc
e of Glycan 

Boundary 
Formation, T-
cell and 
marginal zone 
B-cell 
development  

(Stanley and 
Okajima 2010) 
 

Co-
reception 

CD48 2B4 
(CD244) 

N & 
O 

Differential 
Sialylation 

Proper 
glycosylation 
necessary for 
binding 

(Margraf-
Schönfeld, 
Böhm, and 
Watzl 2011) 
 

Co-
reception 

NMDA NMDAR N Differential 
Mannosylation 

Binding affinity (Sinitskiy and 
Pande 2017) 

Structural Antigen IgG1 N Core 
 Fucosylation 

Antibody-
dependent cell-
mediated 
cytotoxicity 
(ADCC) 

(T. Li et al. 
2017; Shields 
et al. 2002) 
 

Structural Fibronecti
n 

Integrin N Removal of 
glycosylation sites 

Integrin 
Assembly and 
Activity 

(Cai et al. 
2017; Hsiao et 
al. 2017) 

Ligand 
Guiding 

VEGF-C VEGFR3 GAG Differential 
  Sulfation on 
Heparin Sulfate 

Inhibition of 
Lymphogenesis 

(Johns et al. 
2016) 

Ligand 
Guiding 

BMP, FGF Smad1/5, 
Erk1/2 

GAG Differential 
Sulfation  

Cartilage 
degradation 
and repair 

(Otsuki et al. 
2010) 
 

Ligand 
Guiding 

FGF18 Unspecifie
d 

GAG Heparin 
  Sulfate to 
Chondroitin 
Sulfate turnover 

Bone 
Overgrowth 

(Zak et al. 
2011) 

Multiple Multiple NCAM N Differential 
Polysialylation 

Cerebellum 
Formation & 
Glioblastoma 
Migration 

(Medina-Cano 
et al. 2018; 
Seifert et al. 
2012) 

Unspecified FSH FSHR N hypo-glycosylation 
& high-
mannosylation 

FSH-FSHR 
binding affinity 

(Bousfield et 
al. 2014) 
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Figure 2 - The Glycocalyx extends into the extracellular matrix.  
(A) Common depictions of glycans in the extracellular matrix often censor 
structural and functional diversity. Panel B mirrors the glycans in panel A with the 
structural detail unmasked (inspired by Essentials of Glycobiology Fig. 1.6(Varki 
and Sharon 2010)). Heparan Sulfate Proteoglycans are shown with specific 
sulfation patterns on directing a peptide to a receptor. A few glycosphingolipids 
that often blend with the membrane are shown. Several O-linked and N-linked 
glycans are shown decorating the receptor. Inside the cell, an O-GlcNAc modifies 
a serine residue. Finally, Hyaluronan-bound Chondroitin Sulfate proteoglycans are 
shown connecting two collagen fibers. These are a few of the glycosylation events 
known to change cellular behavior.  

 

Yet, the extracellular matrix (ECM), the cell membrane and beyond, is 

commonly depicted as a mesh of collagen fibers and fibronectin, bound to cells 

through integrins, which are connected to the cytoskeleton. While depictions are 

often brushed with the tinsel of proteoglycans (Frantz, Stewart, and Weaver 2010), 

it is uncommon to see a representation of glycan diversity at the cell-cell 

interface(Frantz, Stewart, and Weaver 2010). Though technologies exist to query 

protein-protein interactions (PPI) in native environments with appropriate 
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glycosylation (Lobingier et al. 2017; Roux et al. 2018), many large-scale cell-to-

cell and single-cell analyses (Qiao et al. 2014; Boisset et al. 2018; Pavličev et al. 

2017) use PPI observed in non-native cellular environments (e.g. Yeast-2-Hybrid 

(Y2H)) measured in a context lacking the native glycosylation (Szklarczyk et al. 

2019; Chatr-Aryamontri et al. 2015). Thus, both small and large scale explorations 

of intercellular interactions are at risk of being misled by under-descriptive or 

inaccurate glycosylation (Figure 2A). 

Today, we are seeing the essentiality and neglect of glycans play out in the 

SARS-CoV-2 pandemic. While multiple papers have described the diversity and 

function of >20 spike glycosylation sites(Watanabe et al., n.d.; Shajahan et al. 

2020); these decorations cover nearly 50% of the spike protein surface and 

disguise likely immune targets(Grant et al. 2020; Watanabe et al. 2020; Altman et 

al. 2019) (Figure 3). While there is a growing cogisence of viral 

glycosylation(Bagdonaite et al. 2018), out of 15 manuscripts describing antibodies 

from convalescent patients specific to the spike protein immune target, two 

included glycosylation in their analysis(Pinto et al. 2020; Walls et al. 2020); the 

others did not mention glycosylation. Additionally, the seven occupied 

glycosylation sites on ACE2 are close to and believed to facilitate the interaction 

between ACE2 and the Spike protein(R. Yan et al. 2020). Finally, though it is rarely 

mentioned, multiple studies have confirmed that SARS-CoV-2 spike protein, 

targeting a yet uncharacterized binding site, binds Heparan Sulfate (HS) (Kim et 

al. 2020; L. Liu et al. 2020) (Figure 3); HS is a well-known facilitator of viral 

targeting(J. Liu and Thorp 2002; Cagno et al. 2019). There are few biological 
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extracellular processes untouched by glycans therefore considering glycosylation 

is essential. Here, we discuss some explorations that may follow that 

consideration. 

 

Figure 3 - Often-neglected glycans at the interface between SARS-CoV-2 and the host cell 
surface.  
A current example of glycans involved in SARS-CoV-2 attachment through targeting of a 
yet uncharacterized glycosaminoglycans binding motif. Heparan Sulfate appears to 
facilitate target cell attachment. While, both the Spike protein and ACE2 are glycosylated, 
cryo-EM struggles to resolve glycans in relevant detail.  Partially glycosylated (dark-blue) 
closed cryo-EM structure (Walls et al. 2020), 3D model of the open structure showing 
glycan range of motion (purple, green, orange, yellow) (Grant et al. 2020), and a simulation 
of the complete structure with and without glycans (dark-blue)(Casalino et al. 2020)  were 
adapted from Walls, 2020, Grant, 2020, and Casalino, 2020 respectively with permission. 
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Figure 4 - Glycans mediate multiple types of interactions modulating cell state.  
(A) Transitions between cell states (tan and brown) can be modulated by differential 
glycosylation (e.g. cell-cycle or epithelial-mesenchymal transition(Naticchia et al. 2018; M. 
L. Huang et al. 2018; Vaiana, Kurcon, and Mahal 2016; Agrawal et al. 2014; Kurcon et al. 
2015)). (B) Transition between two cell states with low or high MAN2A1 (mannosidase 
necessary to escape the hybrid glycan) expression could result in differential abundance 
of hybrid and complex glycans respectively. Differential glycosylation could modulate cell 
state in an oscillatory fashion (C). For example, differential expression of alpha-
mannosidase II (MAN2A1; i & vi) would change both mannosylation and complexity of N-
linked glycans(Moremen 2002; Tulsiani and Touster 1983; Crispin et al. 2009). As a result, 
each cell state produces a different glycan: a hybrid biantennary structure (ii) and a 
sialylated biantennary structure (vii). The production of different glycans could result in the 
differential attachment of fibronectin to the integrin(Cai et al. 2017; Hsiao et al. 2017) 
thereby facilitating (iii) or disrupting (viii) ligand recruitment(Weiss, Esko, and Tor 2017; 
Johns et al. 2016; Otsuki et al. 2010; Zak et al. 2011). (Weiss, Esko, and Tor 2017; Johns 
et al. 2016; Otsuki et al. 2010; Zak et al. 2011). Differential glycosylation of a receptor can 
also directly impact receptor-ligand binding by changing receptor conformation (iv & 
ix)(Stanley and Okajima 2010; Sinitskiy and Pande 2017; Margraf-Schönfeld, Böhm, and 
Watzl 2011; T. Li et al. 2017; Shields et al. 2002). Differential receptor activation can induce 
the activation (v) or inhibition (x) of pathways and transcription factors (red circles are 
activated signalling cascade elements, blue circles are inactive elements) ultimately 
inducing differential expression of MAN2A1(i & vi). In this theoretical system, transcription 
of MAN2A1(vi) will move the cell to the complex-glycan state (vi-x) and this state ultimately 
leads to the inactivation of the signal transduction (x) and the subsequent inhibition of 
MAN2A expression (i) moving the cell back to the hybrid state (i-v).Thus, through basic 
principles of cell function and glycosylation, we have constructed a theoretical glycan-
modulated oscillating cell-state system. 

Generally, to understand how two systems interact, we must first examine 

each system individually(Cosentino and Bates 2011). Through this review, we will 
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(1) explore the glycan impact on intercellular communication through the ECM (the 

system of intercellular communication, Figure 1A), (2) discuss how glycans are 

made and how that biosynthesis is modelled (the glycan biosynthetic system, 

Figure 1B), (3)  we will examine the tools, infrastructure and databases that make 

it possible to examine these systems in tandem (interacting systems, Figure 1C). 

Finally, we provide initial recommendations for how to apply these tools and 

concepts and conduct research to interrogate how glycan biosynthesis and 

intercellular communication regulate each other (Figure 1). In framing and 

enabling these questions, we hope to initiate broad engagement with questions of 

the dynamic role of glycosylation in the multicellular environment. 

Glycans are regulators and targets of biological 

systems 

Glycans help regulate cell-cell communication and, like hormones and 

peptides, are important system regulators (Figure 1A). They modify molecules 

involved in intercellular communication, thereby helping to regulate cell-state 

(Figure 4, Table 1). We discuss specific examples (Table 1) and a theoretical 

system (Figure 4) demonstrating how glycans can regulate downstream 

processes.(Varki 2017)   
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Glycogenes emerge in phenotypic screens and omics studies 

Nearly 20-years ago, dally, a lipid-anchored proteoglycan, was recovered 

by a genetic screen exploring neural precursor replication(Nakato, Futch, and 

Selleck 1995).  Now multiple functional analyses of expression, genomic variation, 

and other omic datasets are revealing glycan modulated changes in cell, tissue 

and disease states (Figure 4C.i-ii). For example, an exploration of small RNA in 

granulosa cells identified miRNAs targeting several types of glycogenes (see 

Glossary) (Velthut-Meikas et al. 2013). Multiple RNA-Seq studies examining 

atherosclerosis (Ajami et al. 2017), scarring (Baimei Liu et al. 2018), 

autoinflammatory diseases (F. Yu et al. 2018), and type I interferon response 

(Hernáez et al. 2017), are also revealing strong enrichments for multiple types of 

glycosylation. Similarly, glycogenes are enriched across GWAS (Joshi et al. 2018). 

Though enrichment for glycosylation is common, full utilization of that information 

is rare. Many more omics datasets are available for glycogene-directed analysis. 

Informatic tools are emerging that could, given differential glycogene abundance, 

predict changes in glycosylation that may be crucial to understanding an alteration 

in inter-cellular exchanges.  

Cell phenotypes depend on glycosylation 

Many studies show changes in pathway activation and cell behavior 

resulting from differential glycosylation. Covalently bound glycans can change 

protein structure and function; impacting IgG binding and subsequently antibody-

dependent response(T. Li et al. 2017; Shields et al. 2002), or the formation of 
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integrin-fibronectin-proteoglycan complexes(Cai et al. 2017; Hsiao et al. 2017). N- 

and O-glycans can be co-receptors to the receptor proteins they decorate; 

differential glycan co-reception (see Glossary) of notch-modulated cell 

proliferation induces mid-gestational death in mice(Stanley and Okajima 2010). 

Distinctly, sulfation of glycosaminoglycans (GAGs) can guide signaling molecules 

to target receptors, thus modulating chemotaxis, virulence, cancer, and 

development (Weiss, Esko, and Tor 2017). Differential glycosylation can also 

impact organ formation and function; heparan sulfate is necessary for axolotl limb 

regeneration (Phan et al. 2015). Sialylation, a terminal monosaccharide on many 

glycans, is essential for several single-cellular, multicellular and multi-organism 

behaviors including maintaining neural sodium gradients (Fujii et al. 2016), 

modulating neural adhesion (Medina-Cano et al. 2018; Seifert et al. 2012), 

facilitating sperm egress (Tecle et al. 2019), and regulating the gut 

microbiome(Zaramela et al. 2019). Inside the cell, O-GlcNAc can be added to 

kinases to modulate signal cascades and modify histone tails to alter epigenetics. 

Such changes in O-GlcNAc modifications have been implicated in many diseases 

including Alzheimer’s Disease, Diabetes and multiple cancers (Hart 2019). 

Databases and predictions exist to match glycans to the receptors they decorate 

and the lectins that target them. Given knowledge or predictions of glycan 

changes, we can determine the signaling pathways that may be impacted.  
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Clinical translation of systems-regulating glycans 

Considering their profound biological impact, glycans have high clinical 

relevance. Interfering with extracellular communication for clinical utility, zanamivir 

(Relenza®) and oseltamivir (Tamiflu®), are unconjugated sialic acid mimetics that 

saturates viral neuraminidase to suppress early infection and reduce influenza 

replication (Malosh et al. 2018; Jefferson et al. 2014). Heparin, the most widely 

used anticoagulant in the world, is a glycan cofactor for antithrombin that has been 

implicated as a treatment for COVID-19 (Weiss, Esko, and Tor 2017; Kim et al. 

2020; Shi et al. 2020; N. Tang et al. 2020; Beun et al. 2020; Porfidia and Pola 

2020). In a recent validation of a preclinical study, a Human Milk Oligosaccharides 

(HMO) found to mitigate Necrotising Enterocolitis (NEC) in rats (Autran et al. 

2018), was found to be severely depleted in milk fed to human neonates who 

developed NEC (Evelyn Jantscher-Krenn et al. 2012). Experimentally, GAG 

mimetics and miRNA (potential oligonucleotide therapeutics) can moderate cancer 

phenotypes like cell division and epithelial-mesenchymal-transition(Naticchia et al. 

2018; M. L. Huang et al. 2018; Vaiana, Kurcon, and Mahal 2016; Agrawal et al. 

2014). Diagnostically, glycan neoantigens have been used to target multiple 

cancers (Scott and Munkley 2019; Doherty et al. 2018; Stowell, Ju, and Cummings 

2015; West et al. 2018; Black et al. 2019). Prophylactically, glycosylation is a 

crucial consideration in designing a generalizable vaccine (Bagdonaite et al. 2018; 

Go et al. 2017; Wei et al. 2010). The question of matching glycan to function often 

reduces to discovering the relevant substructure. Later, we will discuss tools to 
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identify these substructures such that they can be generalized for clinical 

application and further biological understanding 

Models of glycan biosynthesis 

The clear phenotypic and clinical relevance of glycans emphasizes the 

importance of understanding how they are synthesized. It is a system of 

interrelated biosynthetic pathways that give rise to these diverse (Figure 2B) and 

impactful (Figure 4) macromolecules. Here, we discuss the complex system of 

glycan biosynthesis, and the small alterations of single steps can lead to subtle or 

substantial compositional and functional change on the cell surface (Figure 4). 

There are several major types of glycosylation (Figure 2B). Glycoproteins 

describe proteins with branched N- or O- glycans, where carbon one of the first 

monosaccharide is covalently linked to the terminal amine (N) or hydroxyl (O) of 

an asparagine (N), serine (O) or threonine (O). Proteoglycans describe large linear 

glycosaminoglycans (GAGs) covalently bound to either a secretory granule 

protein, a protein with a transmembrane (e.g. syndecans) or 

glycosylphosphatidylinositol (GPI) anchor (e.g. glypicans), a pericellular protein or 

a Hylaronan binding extracellular protein. Other common O-type glycans include 

glycolipids--mono or oligosaccharides often bound to glycerol or sphingosine 

backbones, and unconjugated lactation-secreted oligosaccharides. Each class is 

synthesized a little differently, for example, the acceptor for N-glycans, many O-

glycans and GAGs is an amino acid while the conjugate for a glycolipid is a 
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ceramide. Despite these distinctions, each of these classes follow general 

principles of glycosylation. 

Generally, glycans are covalently bound to a protein or a lipid and built by 

adding, or occasionally removing, one monosaccharide at a time, by dozens of 

highly-specific glycosyltransferases (GT), as the glycoconjugate passes through 

the endoplasmic reticulum (ER) and Golgi; each glycan product is often a reactant 

competed for by later reactions making glycosylation a fascinating study in 

processive systems. When a glycan is degraded, it is disassembled in the same 

iterative and processive manner with a series of glycosidases with complementary 

specificities to the GTs that built it. Each GTs capable of adding different 

monosaccharides (e.g. Galactose or Sialic Acid) are differentially retained in 

different compartments of the endomembrane system; the compartmentalization 

allows for a greater complexity and control over glycan biosynthesis. For example, 

N-glycosylation occurs in approximately 3 stages: the addition and pruning of a 

large oligomannose structure in the ER, the pruning and GlcNAc capping of the 

oligomannose in the cis and medial Golgi, and finally the extension of GlcNAc 

capped branches. Only certain GTs are present within each compartment ensuring 

proper ordering of this process. The use of highly specific enzymes within a 

processive system results in system-wide dysregulation following the loss of a 

single bottleneck glycosyltransferases or glycosidase. Multiple congenital 

diseases of glycosylation result from mutated GTs (Joshi et al. 2018) or 

uncatabolized polysaccharides (Ng and Freeze 2018). To account for these 
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complex interactions, various models and analyses can be used to explore the 

system of glycan biosynthesis. 

Mechanistic models of glycan biosynthesis 

Mechanistic models (see Glossary) have enhanced our understanding of 

glycan biosynthesis. These models organize the steps of glycosylation into explicit 

synthetic pathways. To build these models, information on glycosyltransferase 

(GT) specificity is obtained to determine reaction rules (see Glossary); kinetics 

can be tuned for each GT in multiple conditions or organisms. Using a reaction 

rule set, a reaction network can be outlined (G. Liu and Neelamegham 2014). 

Depending on the method of construction, the network must be trimmed to remove 

irrelevant or impossible reactions then parameterized to model data and predict 

future behavior. 

 



 
 
 

17 
 

 

Figure 5 - Characteristics of glycan biosynthesis.  
A deeper examination of the constraints and details describing glycan biosynthesis looking 
at canonical features of N-glycan biosynthesis. (i) Nonlinear kinetics can capture complex 
reaction behavior and incorporate variation over time (ii) In the absence of temporal data, 
simpler reaction behaviors can be adequately described with linear kinetics. (iii) 
Glycogenes like glycosyltransferases, nucleotide-sugar biosynthesis, and transport 
proteins must be present in the genome, epigenetically accessible, expressed and 
translated to perform their functions. Both linear and nonlinear models can be improved by 
including information on the availability of glycogenes. Other models can be created using 
only information on the availability of glycogenes. (iv) Glycan structure can also be used to 
supplement comprehensive modeling because the glycan structure is a complete 
description of every biosynthesis reaction a glycan undergoes. (v) New evidence suggests 
that steric interactions between glycoproteins and glycosyltransferases add additional 
constraints to glycan biosynthesis; sterics can decide which glycosyltransferases can 
access a growing glycan. (vi) Finally, metabolism can determine the availability of 
monosaccharide precursors thereby limiting the diversity of additions that may occur. 

 

Several published models of glycan biosynthesis are detailed nonlinear 

kinetic models (see Glossary, Figure 5.i) of N-glycosylation (G. Liu and 
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Neelamegham 2014; Krambeck et al. 2017; Kastelic et al. 2019; Losfeld et al. 

2017; Hossler, Mulukutla, and Hu 2007; Krambeck and Betenbaugh 2005; 

Krambeck et al. 2009; Jedrzejewski et al. 2014; Umaña and Bailey 1997). These 

models account for chemical reaction kinetics and therefore require multiple 

parameters for each reaction. These parameters are often obtained from the 

literature and extensive databases (e.g., BRENDA (Schomburg et al. 2017)), which 

aggregate the information from diverse studies on many organisms, cell types, and 

cellular environments. Many kinetic reaction parameters, however, remain 

unmeasured and must be estimated (G. Liu et al. 2008; Losfeld et al. 2017). Kinetic 

models are useful for simulating the dynamics of glycosylation to provide insights 

into temporal variation(Villiger et al. 2016; Kastelic et al. 2019; McDonald et al. 

2014). Small, highly parameterized kinetic models are invaluable for highlighting 

the dynamics and behaviors of a system, such as bistability (McDonald, Tipton, 

and Davey 2018) and limiting factors like nucleotide sugar availability(Del Val, 

Polizzi, and Kontoravdi 2016; Gutierrez et al. 2018). Nonlinear models are 

challenging to construct and fit but accommodate a broader diversity of relations, 

a higher degree of specificity, and a multiplicity of dynamics inaccessible in other 

modeling approaches..  

Introducing simplifying assumptions (e.g., assuming the system is at a 

steady-state) enables the development of more generalizable linear models(Puri 

and Neelamegham 2012). Linearized models (see Glossary, Figure 5.ii) are 

simplified models that provide a framework for studying glycosylation. These 

models perform well and capture many of the same predictions as nonlinear kinetic 
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models, aside from predictions of network dynamics(Hutter et al. 2017; McDonald 

et al. 2014). Their value, however, is seen in their ability to handle larger networks 

with minimal parameterization. The low parameterization and scalability of these 

models accommodate diverse approaches to compute fluxes, such as flux balance 

modeling, probabilistic learning(Spencer et al. 2010; Spahn et al. 2016a), and 

other linearized approaches (Kremkow and Lee 2018).  The reduced complexity 

of linearized glycan biosynthesis models allows for the simulation of  multiple 

glycogene knockouts(Spahn et al. 2017) many types of glycosylation including 

human milk oligosaccharide biosynthesis(Agravat et al. 2016), O-linked 

glycans(McDonald, Tipton, and Davey 2016; G. Liu et al. 2008), GAGs(Spencer et 

al. 2010), and glycolipids (Bieberich and Yu 1999). The simplicity of these models 

makes these computationally taxing questions feasible. 

Other models aim to approach a complete description of the systems they 

model. Such comprehensive models can include multiple linear and non-linear 

models which exchange inputs and outputs. Comprehensive models have been 

demonstrated in a whole-cell model predicting behavior, including metabolism, 

transcription, translation and cell cycle, of Mycoplasma genitalium(Karr et al. 2012) 

and can be used to integrate omics data(Covert et al. 2008). Another 

comprehensive model of the mammalian secretory pathway simulates multiple 

processes throughout the endomembrane system including translation and 

translocation, post-translational modifications, coordination with all metabolic 

pathways, and simplified glycosylation(Gutierrez et al. 2018). There are many 

glycoconjugate-specific factors, both known and suspected, that may influence 
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glycosylation that could be included in future comprehensive models. These 

include (1) accounting for how different glycoconjugates may flow through the ER 

and Golgi compartments at different rates(Spahn et al. 2016a; Hossler, Mulukutla, 

and Hu 2007), (2) addressing different glycoconjugate dependencies on different 

transient enzymes and substrates(Liang et al. 2020; Del Val, Polizzi, and 

Kontoravdi 2016), (3) incorporating variations in concentrations of 

glycoconjugates, glycoconjugate processing enzymes, and substrate 

concentrations (Sumit et al. 2019; Gutierrez et al. 2018), and (4) considering how 

the diversity or similarity of glycoconjugates being processed can vary(Del Val, 

Polizzi, and Kontoravdi 2016).  

Building the highly detailed nonlinear or comprehensive models can 

generate invaluable insight into specific systems. However, they are hard to build 

and limited in their generalizability. Linear models, due to their simplicity are easier 

to build and can be more generalizable. However, even simpler frameworks for 

exploring glycan biosynthesis have been developed through principle based 

abstraction. 

Abstract glycan biosynthesis analysis 

In contrast to mechanistic models that rely on the detailed biochemical 

mechanisms of glycan biosynthesis, more abstract approaches can be used to 

model glycan biosynthesis by constraining analyses around the general principles 

of the system. These approaches are more statistically driven than mechanistic 

models while retaining knowledge of the system through biosynthetic principles. 
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Such principles can be assumptions about the structure of the network (e.g., 

hierarchical or non-converging) or the incorporation of an additional proxy dataset 

(e.g., the expression of specific glycosyltransferases); because they are principle-

constrained, these are not simply variance-driven “black-box” predictions. While 

abstract analyses can be more error-prone than mechanistic models due to 

decreased specificity, they can also be more generalizable. The tradeoff is 

between the high-specificity mechanistic models, which may fail due to over-

specification or overfitting, and more abstract principle-driven analyses, which are 

less exact and more generalizable, is one that must be weighed by a user 

depending on their purpose. Here, we will explore those concepts and how they 

have been employed and explored in abstract analyses in glycosynthesis. 

Within glycobiology, both glycosyltransferase availability and sugar-donor 

availability are necessary for the biosynthesis to occur. Glycan biosynthesis can 

be analyzed based on gene availability (see Glossary, Figure 5.iii), as 

measured by the expression (proteome and transcriptome), accessibility 

(epigenome), or presence (genome) of glycogenes. Gene expression defines 

which reactions could be active in the biosynthetic network. Absolute expression 

levels and differential expression of relevant glycogenes have been used to predict 

differential glycosylation (Qin et al. 2017; Aco-Tlachi et al. 2018; Suga et al. 2007; 

Frenkel-Pinter et al. 2017). As expression modulators, histone methylation and 

acetylation can also predict glycosylation  (Suzuki et al. 2011; Greville et al. 2016; 

Horvat et al. 2013; Moriwaki et al. 2010; Vojta et al. 2016).  Similarly, expression 

modulating miRNAs are also a useful proxy for glycan biosynthesis (Agrawal et al. 
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2014; Kurcon et al. 2015; Kasper, Koppolu, and Mahal 2014). The ability of a 

genome to express a glycan has been predicted from glycogene presence in 

minimally characterized organisms and states like bacteria and archaea (Eichler 

and Koomey 2017), CHO cells (Kremkow and Lee 2018), and cells with GT 

knockouts (McDonald, Tipton, and Davey 2016). Novel glycan-glycogene 

relationships have been elucidated using a genome-wide association study of 

serum glycosylation (S. Z. Sharapov et al. 2019). The power of gene availability 

analysis is its performance in minimally characterized systems. 

The glycan structure (Figure 5.iv) also provides insights into glycan 

biosynthesis and can be used as a constraint in abstract models. In a recent 

exploration of the glycan structure-biosynthesis dichotomy, we found that because 

certain glycosidic bonds implicate the activity of specific glycosyltransferases, 

much of the glycan biosynthesis network is encoded in the glycan structure(Bao et 

al. 2019). In previous work, glycan substructure-oriented analyses (see 

Glossary) have created comprehensive “fingerprint” encodings(Rademacher and 

Paulson 2012), to facilitate glycan alignment(Hosoda et al. 2018), to extract 

enriched motifs from datasets like glycan microarrays(H. Tang et al. 2015; Cholleti 

et al. 2012; Agravat et al. 2014; Grant et al. 2016; S. Z. Sharapov et al. 2019), to 

assemble glycoprofiles(Alocci et al. 2018; Klein, Carvalho, and Zaia 2018; Choo 

et al. 2019), and as a means of sterics-based generalization for glycan-receptor 

binding(Grant et al. 2016); substructure-oriented computation and generalization 

has been codified in formal attempts to represent glycan classes using boolean 

logic(Klamer et al. 2017) and uncertainty operators(Kellman et al. 2020).  More 
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recently, fingerprint encodings have been combined with implicit structural 

alignment and glycan assembly to improve clustering and clarity while mitigating 

sparsity in glycoprofiles(Ashwood et al. 2019). Separately, substructure-level 

representations have been used in combination with prior biosynthetic networks to 

predict novel reactions(Benedetti et al. 2017). In our work, we combined the logic 

of these recent works and developed by biosynthetically cognizant substructure 

encoding. As a result, we were able to improve clustering, increase statistical 

power, discover novel reactions, and make novel insights about flux through the 

biosynthetic network (Bao et al. 2019). The strength of a structural approach to 

biosynthesis modeling is that it limits reliance on prior knowledge and 

characteristics of known reactions. 

Metabolite availability (Figure 5.vi), also constrains monosaccharide 

addition. Through nucleotide-sugar precursor feeding (Wong et al. 2010) and 

comprehensive metabolomic observation (Sumit et al. 2019), recent work has 

demonstrated that nucleotide sugar biosynthesis and transport are sufficient 

metabolic limiters of glycosylation. Nucleotide sugar availability is crucially 

important to glycosylation because each new monosaccharide added to a growing 

glycan is transferred from a nucleotide sugar by a glycosyltransferase. While many 

metabolic models assume sufficient availability of nucleotide sugars, some models 

have opted to examine their impact directly. One approach defined a nucleotide-

sugar metabolism and transport network wherein nucleotide sugars must be 

synthesized and transported into the endomembrane system. This allowed the 

examination and prediction of the impact of media composition on glycosylation 
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(Jedrzejewski et al. 2014). Another similar model found that specifying the 

metabolic precursors of glycosylation allowed more accurate descriptions of 

glycosyltransferase dependencies (Jimenez del Val, Nagy, and Kontoravdi 2011). 

In addition, an examination of metabolite allocation, glucose starvation was found 

to increase growth dependence on GlcNAc-1-Phosphate; a branch-point between 

sugar anabolism and glycan catabolism(Reznik, Mehta, and Segrè 2013). Most 

recently, a hybrid model including central and nucleotide metabolism was used to 

parameterize a neural network prediction of glycosylation(Kotidis and Kontoravdi 

2020). Overall, metabolism appears to impose a metabolic limit on the complexity 

and diversity achievable at a specific glycosylation site. Because of the 

processivity of glycan biosynthesis, a shortage of a single monosaccharide early 

in biosynthesis can have cascading impacts throughout the system; precursors 

may not be synthesized, competitive branch-points may become unbalanced. 

Overall, upstream metabolism is an impactful regulator of glycan structure and 

occupancy.  

Protein structure (Figure 5.v) is another potential constraint on  

glycosylation. Glycoprotein structure can sterically interact with 

glycosyltransferases to promote or inhibit the addition of specific monosaccharides 

to a growing glycan. Protein secondary structure (Silverman and Imperiali 2016) 

can transform glycosylation. A meta-analysis of site-specific glycosylation revealed 

changes in core fucosylation and branching at low accessibility sites (Thaysen-

Andersen and Packer 2012). Site-specific kinetics for glycosyltransferases have 

also been observed (Losfeld et al. 2017) further showing that local protein structure 
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can inform glycosylation. It is still unclear exactly what role protein structure plays 

in glycosylation but its importance is evident.  

Model-derived and validated principles of glycosylation 

The mechanistic and statistical models provide new insights into the 

system of glycan biosynthesis beyond our initial understanding; (1) glycans are 

made by glycosyltransferases adding single monosaccharides to a specific 

monosaccharide of a growing polysaccharide in a glycosidic bond. (2) Glycan 

biosynthesis is predominantly hierarchical, involving the addition of one 

monosaccharide at a time (Bao et al. 2019; McDonald, Tipton, and Davey 2016). 

The hierarchical assumption neglects, N-glycan mannosidase reactions in the cis 

and medial Golgi, reconvergence due to the lateral transfer of partial structures 

(Loke et al. 2017) and glycosidases (Kazuki Miura et al. 2016). While these 

limitations are important to acknowledge, they do not appear to be first-order 

effects and therefore models making these assumptions are still effective. (3) 

Linear models have demonstrated that assumptions of linearity in glycan 

biosynthesis are appropriate and sufficient to capture major trends (Hutter et al. 

2017; McDonald et al. 2014; Spahn et al. 2016a, 2017; Kremkow and Lee 2018). 

(4) Considering the additional insight provided by more detailed nonlinear kinetic 

models, such as the bistability in galactosylation (McDonald, Tipton, and Davey 

2018) and competitive inhibition (C.-G. Lee et al. 2018), there are important 

nonlinear trends to observe within glycan biosynthesis. (5) Some analyses have 

demonstrated competitive inhibition (McDonald et al. 2014) as a dynamic 
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process of glycan biosynthesis. (6) Glycan biosynthesis is limited by precursors 

like nucleotide-sugar availability (Del Val, Polizzi, and Kontoravdi 2016; Gutierrez 

et al. 2018), protein structure and GT-accessibility (Losfeld et al. 2017; Silverman 

and Imperiali 2016; Thaysen-Andersen and Packer 2012), and enzyme presence 

(Qin et al. 2017; Aco-Tlachi et al. 2018; Suga et al. 2007; Frenkel-Pinter et al. 2017; 

Greville et al. 2016; Suzuki et al. 2011; Kurcon et al. 2015; Agrawal et al. 2014; 

Kremkow and Lee 2018; Eichler and Koomey 2017; McDonald, Tipton, and Davey 

2016). (7) Segregation of glycosyltransferases and nucleotide sugar transporters 

into separate Golgi compartments and the rate at which glycoconjugates flow 

through these compartments, sometimes modeled as a plug flow reactor, is an 

important contributor to glycosylation (Spahn et al. 2016a; Hossler, Mulukutla, and 

Hu 2007; Jimenez del Val, Nagy, and Kontoravdi 2011). (8) glycoconjugate 

identity, diversity and volume can all impact glycosylation(Liang et al. 2020; 

Hossler, Mulukutla, and Hu 2007; Del Val, Polizzi, and Kontoravdi 2016; Gutierrez 

et al. 2018). As these principles are further defined, they will help researchers 

develop more accurate models of glycosylation and facilitate the analysis and 

interpretation of glycomics data. 

Big data glycomics in glycan biosynthesis  

Intuitively, “big data” should be large. Glycomics datasets are small relative 

to RNAseq datasets which are negligible relative to astrophysics datasets. Big data 

studies are those that aim to reveal elusive or global trends through the 

examination of large datasets. Because glycan datasets are typically so small, our 
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threshold for “large” is lower than most. That also means that we have a lot to gain 

from modest increases in dataset size. In this section, we explore the 

measurement, aggregation and distribution of many glycomics datasets into “big” 

glycomics datasets. The structural and analytical integration of these datasets will 

poise us to leverage this rich field to further our insight into multicellular behaviors 

(Figure 1C).  

High-throughput measurement of glycomes  

Multiple high-throughput technologies have emerged that now provide 

temporal, spatial and systematic measurements of glycan abundance and 

interactions. These can help identify glycans and glycan motifs that bind with a 

lectin of interest. Mass spectrometry-based approaches are powerful methods for 

identifying and quantifying glycan structure. Tandem mass spectrometry (MS) is a 

common platform that rapidly identifies glycan structures and the sites of glycan 

linkages (Dong et al. 2018). Highly accurate structures on glycoproteins are 

obtained using combined technologies such as MS, coupled with enzymatic 

digestion (Wohlschlager et al. 2018; Klamer et al. 2019). MALDI-imaging MS can 

even recover spatial resolution of enzyme-released glycans on tissue slides(Angel 

et al. 2018; West et al. 2018; Black et al. 2019). While Liquid Chromatography (LC) 

can be used to increase the resolution of MS (Huffman et al. 2014), stand-alone 

LC methods (Adamczyk et al. 2017) provide highly reproducible population-scale 

characterization of N-glycome variability and pathology. It has been used to 

characterize immunoglobulin (Huffman et al. 2014) and serum (Knezević et al. 
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2009) glycosylation, specifying variation in isolated populations(Pucić et al. 2011), 

and pregnancy(Reiding et al. 2019), and distinguishing pathology in rheumatoid 

arthritis(Reiding et al. 2019) and colorectal cancer(Doherty et al. 2018).  

Glycan arrays facilitate the quantification of glycan-protein interactions. For 

these, glycans are covalently bound to a slide and then incubated with a 

fluorescently bound protein hypothesized to interact with the glycans. To capture 

diversity or under-characterized glycomes, the shotgun glycomics approaches 

bind glycan fragments to arrays, followed by tagging with fluorescent lectins (Song 

et al. 2011) and computational reassembly of targets (Cholleti et al. 2012). Glycan 

arrays remain invaluable tools for essential questions, such as mechanisms of viral 

and microbial specificities and resistance (Zhu et al. 2019; Geissner et al. 2019; 

Deng et al. 2014). Related approaches use a diffusible probe with bead-tagged 

mimetic glycans to identify influenza binding specificities (M. L. Huang et al. 2015). 

Advances such as diffusible glycosylation probes promise more comprehensive 

insight into the spatiotemporal glycosylation. 

Lectin arrays invert the focus of glycan arrays to identify the binding 

affinities of glycans to multiple lectins simultaneously. These arrays contain lectins 

that are covalently bound to the slide, and then fluorescent glycans or glycan 

mimetics are incubated on the arrays to identify specific lectin-glycan interactions 

(Pilobello et al. 2005). Lectin arrays are notably scalable as demonstrated by the 

lectin-specificity characterization of glycan in samples from NCI-60 (Agrawal et al. 

2014) and multiple mouse tissues (Zou et al. 2017). This approach has been 
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deployed on a microfluidics device to further improve the reproducibility (Shang, 

Zeng, and Zeng 2016). These technologies promise a high-throughput approach 

to the simultaneous characterization of glycans and glycan-protein interactions 

defining cell-cell communications. 

A more comprehensive view of glycan-dependent phenotypes can be 

obtained by collecting multi-omic datasets that examine the interplay between 

molecular classes. For example, RNA-Seq data were collected in tandem with 

glycoprofiles (see Glossary) to parameterize biosynthesis models on the 

expression of glycosyltransferases (Scott and Munkley 2019). Similarly, genomic 

variation data were integrated with serum N-glycosylation to identify genomic 

elements associated with the abundance of each glycan, yielding insights into 

novel biosynthesis reactions (Benedetti et al. 2017) and novel glycan biosynthesis 

regulators (S. Z. Sharapov et al. 2019). These large-scale multi-omic analyses are 

resulting in discoveries, including new reactions (Benedetti et al. 2017), new 

transcriptional regulators and regulating pathways (S. Z. Sharapov et al. 2019); all 

of which can help place glycan biosynthesis into a clearer context of intercellular 

regulation. 

Glycan collections and analytics of glycan measurement are growing in 

diversity, magnitude, regularity, and FAIRness 

The development of high-throughput glycomics methods have resulted in 

a rapid expansion of the amount of glycosylation data collected, stored and 

accessible. International collaboration and computational infrastructure for the 
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storage, integration, and distribution of these datasets have accelerated over the 

last decade to facilitate queries and answer fundamental questions in glycobiology. 

Finally, the community is becoming increasingly open-source and standardized in 

its nomenclature making it easier to reproduce, extend and generalize mechanistic 

models and biosynthetically constrained analyses. With this emerging ecosystem 

of Findable, Accessible, Interoperable and Reusable (FAIR) datasets and tools 

(Wilkinson et al. 2016), we are closer than ever to exploring the dynamic co-

regulation of glycan biosynthesis and intercellular signal transduction that may be 

a key to understanding multicellularity. 

New data collections are published frequently and often integrate diverse 

glycosylation-related data including comprehensive glycan structures (GlyTouCan 

(Tiemeyer et al. 2017)), richly curated bacterial and fungal structures 

CSDB(Toukach and Egorova 2016), MS glycoprofiles UniCarbDR-

GlycoPost(Rojas-Macias et al. 2019), and observed masses (UniCarbDB 

(Campbell, Nguyen-Khuong, et al. 2014)). Glycoprofiles across various tissues, 

conditions, organisms, and cell-types can be downloaded from the Consortium for 

Functional Glycomics (Venkataraman, Sasisekharan, and Raman 2015). Site-

specific glycosylation events can be queried through GlyConnect (Alocci et al. 

2019) or UniCarbKB (Campbell, Peterson, et al. 2014). Even glycan-mediated 

ECM(Clerc et al. 2019) and host-pathogen(Mariethoz et al. 2016) interactions are 

registered(Mariethoz et al. 2016). To increase the utility and interoperability, efforts 

are underway to unify datasets throughout the Glycomics@ExPASy (Mariethoz et 

al. 2018), GlyGen (York et al. 2019), and GlyCosmos (Shiota et al. 2018; Yamada 
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et al. 2020) datahubs. The new data hub, the GlyspaceAliance (K. F. Aoki-

Kinoshita et al. 2019) will house the growing collections of data and information on 

glycosylation facilitating consistent, reproducible and comprehensive queries of 

international datasets. Despite this progress, consistent formats have yet to be 

globally adopted hindering data sharing and collaboration within glycobiology and 

with adjacent collaborators in proteomics; there is still no standard format for 

quantitative glycoproteomics in most popular proteomics databases where glycan 

data is either improperly formatted or inaccessible. However, with the emergence 

and adoption of data sharing protocols like UniCarbDR-GlycoPost and mass 

aggregations led by the GlyspaceAliance, common formatting standards should 

become more prevalent making it easier for proteomics and other downstream 

databases to welcome glycosylation data in the near future. 

Predecessors of and participants in the GlyspaceAlliance have spent 

nearly a decade working out the specifics of the formats and standards that their 

platforms will support and advance (Rojas-Macias et al. 2019; Campbell, 

Ranzinger, et al. 2014); Minimal Information Required for a Glycoproteomics 

Experiment (MIRAGE) for representing metadata, and GlycoRDF for representing 

the data itself. The MIRAGEproject has created metadata standards for sample 

collection (Struwe et al. 2016) and data storage for glycomics data measured in 

mass-spectrometry (Kolarich et al. 2013), glycan arrays (Y. Liu et al. 2016) and 

liquid-chromatography (Campbell et al. 2019; Rojas-Macias et al. 2019). 

Compliance with metadata standards makes data more findable but once it is 

found, it too must be readable. As such, the implementation of semantic web 
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technologies--which have tamed several -omics datatypes(Sima et al. 2019), lead 

to the development of an ontology-based glycosylation datatype, 

glycoRDF(Ranzinger et al. 2015); yet another major step toward defining such a 

standard. Though MIRAGE and GlycoRDF are well established, adoption is not 

yet ubiquitous posing a challenge to findability, interoperability and reusability; 

each requires uniform metadata and/or common data representations. 

The creation of these standards is essential to reproducibility and 

comparability across experiments and is essential to interoperability across 

platforms and analysis pipelines. Standards databases like UnicarbDB (Campbell, 

Nguyen-Khuong, et al. 2014), common pipelines like GlycoWorkBench (Damerell 

et al. 2015) and pGlyco (M.-Q. Liu et al. 2017), and open-source comparative 

analytics  (Bao et al. 2019; Klein and Zaia 2019; Maxwell et al. 2012; G. Liu et al. 

2017) allow for consistent analysis across laboratory setups to facilitate inter-lab 

interoperability(Rojas-Macias et al. 2019). Due to the diverse methodologies used 

to measure glycans, cross platform comparison can be challenging. But, with the 

growing number of comparison and standardization projects (Reiding et al. 2019; 

Huffman et al. 2014; Reusch et al. 2015) and the growing NIST standards 

project(De Leoz et al. 2020), we are learning about the respective power, biases, 

limitations and interoperability of various platforms. Increasingly standardized 

data, curation, and data formats (Klein and Zaia 2019; Bao et al. 2019; G. Liu et 

al. 2017; Maxwell et al. 2012; Kotidis and Kontoravdi 2020) make it easy to move 

glycoprofiles to flexible yet standardized glycan biosynthesis modeling platforms 

(G. Liu and Neelamegham 2015; Hou et al. 2016) and simplified proxy-modeling 
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approaches (Kurcon et al. 2015; Benedetti et al. 2017; Bao et al. 2019). The 

regularization of data and subsequent analyses, from quantification to modeling, 

has positioned the community to make coordinated and sustainable progress. 

A large variety of popular high throughput methods exist. While the diversity 

of methods does challenge cross-platform comparisons, it is not an impassable 

challenge to implementing FAIR principles; rather FAIRness provides an answer 

to these challenges. FAIR data are a collection with rich metadata; going beyond 

the type of method (e.g. MALDI) and expanding into extreme detail (e.g. the exact 

model of mass spectrometer, the intended and true concentrations of adducts and 

the order they were added). Many such details are required by MIRAGE 

guidelines. The combination of rich metadata (MIRAGE), readable data 

(glycoRDF), and platform-specific effects (NIST) could provide the necessary 

covariates and validation data to make informed cross platform comparisons 

similar to those in gene expression analysis methods for cross-platform 

comparisons (Franks, Cai, and Whitfield 2018), and compression (Risso et al. 

2014) or removal (Johnson, Li, and Rabinovic 2007) of known confounders. 

 

The cost of glycan-naive interactome probes; are there really any 

extracellular protein-protein interactions? 

There are many datasets that, while not explicitly glycan-centric, may suffer 

greatly from their exclusion of this essential molecule. Most studies exploring 

protein-protein interactions (PPI) are transparent regarding the information loss 
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due to the non-native environments of the PPI queries; Yeast-2-hybrid (Y2H) is the 

canonical example as the interaction occurs in yeast nucleus rather than the 

organism or organelle in question. Because glycosylation is organism specific, and 

because PPIs depend on glycosylation, it is not unreasonable to expect these 

datasets could deviate substantially from the native interactions. While use of non-

native Y2H is still popular (Rolland et al. 2014; Luck et al. 2019)  due to its 

exceptional screening capacity, there are new methods emerging that leverage 

bioinformatics (Z. Wu, Liao, and Liu 2019), chemistry (Kenji Miura 2018) and 

molecular biology (Titeca et al. 2019).  

Some new PPI methods are environment-cognizant and therefore can 

provide glycobiologically realistic data. BioID uses proximity labeling  (Lobingier et 

al. 2017; Roux et al. 2018), and Biotin Antibody Recognition(Bar et al. 2018) 

antibody targeting; both operate in native environments. The high throughput Y2H 

method has also been extended beyond yeast cells to operate in a greater diversity 

of environments(Stynen et al. 2012). A highly reproducible method, Surface 

Plasmon Resonance (SPR), goes beyond PPI into the general space of 

biomolecule interaction which is even more relevant as glycans act as cofactors 

for many intermolecular interactions(Drescher, Selvakumar, and Drescher 2018). 

The potential of SPR is demonstrated in the MatrixDB project(Clerc et al. 2019) 

which integrates expression data with protein and glycan interactions from the 

Matrisome project(Naba et al. 2016) to explore several phenomena including 

aberrant aggregation in Alzheimer's Disease (Salza, Lethias, and Ricard-Blum 

2017). Discoveries made with MatrixDB, all of which cannot be listed here, were 



 
 
 

35 
 

invisible to larger glycan-agnostic interactomes. The power of MatrixDB further 

demonstrates the importance of these molecules to extracellular questions and the 

power of glycan-cognizant interactome techniques. 

As previously discussed, a slight modification to a single glycan on a 

protein can transform the interactome of that protein. Many proteins have multiple 

glycosylation sites, each site can have multiple glycoforms, and any combination 

of sites may have synergistic glycan interactions all of which may further transform 

protein interactions. Therefore, considering protein interaction with glycans should 

provide substantially more insight into the diversity of behaviors capable of nearly 

any molecular interactome. 

Exploring glycan biosynthesis, cellular 
communication, and cellular state interactions 
through data integration 

We live in a uniquely data-rich era of glycobiology, but it is essential to 

meaningfully integrate the wealth of data being produced into appropriately 

complex, informative and generalizable knowledge. Selecting an appropriate 

biosynthesis model or analysis is often the first challenge but can be simplified by 

considering the available data, desired insight and the availability of modeling 

platforms. Given collected or predicted glycosylation, researchers are faced with a 

second challenge: the selection and contextualization of the glycans into an 

actionable conclusion (Figure 1, Figure 6).  
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Figure 6 - The progression of model complexity and predictions appropriate, given various 
common data types.  
(A) Various datatypes of increasing complexity and rarity necessary to train different 
models. (B) The relationship between model specificity and model complexity. As the 
complexity increases and the magnitude and rarity of input data increases, so does the 
specificity of the model. Though lower complexity models are not as specific, they can be 
beneficially generalizable. (C) Finally, once the glycoprofile predictions are complete, they 
can be compared to lectin and substructure databases to predict what receptor-ligand 
interactions the differential glycosylation may impact.  
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Biosynthesis Model Selection 

A selected model or analysis can be mechanistic or abstract (Figure 6B). 

To determine which glycans can be produced in an organism, cell type, condition 

or glycosylation site, an answer can be approximated with little more than genome 

annotation or gene expression data (Edgar, Domrachev, and Lash 2002; Kodama 

et al. 2012). A mechanistic model requires more curation. But, linear models 

predict glycan abundance from a small set of canonical reactions extrapolated into 

a complete biosynthetic network. Finally, a researcher interested in the 

biosynthesis dynamics must curate each reaction with condition-specific kinetic 

parameters. Given a glycoprofile, measured or predicted, the question shifts to 

interpretation and relating those glycans to context-relevant insights.  

Extracting important glycan substructures 

Glycan substructures (see Glossary) can be analyzed in a substructure-

oriented analysis to highlight functional elements of a glycoprofile. Functional 

motifs can be extracted from lectin arrays, from glycan arrays, or from glycomes 

(Cholleti et al. 2012; Bao et al. 2019; H. Tang et al. 2015; Hosoda et al. 2018; 

Agravat et al. 2014; Coff et al. 2020; Grant et al. 2016). Motifs of interest can be 

extracted from glycomes associated with phenotypes through the analysis of 

substructure abundance (Bao et al. 2019; Klein and Zaia 2019). Selected 

substructures can be interpreted for meaning and potential impact using databases 

of glycan interactions and subsequent experiments.  
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Interpreting and generalizing selected glycan substructures 

Glycoprofiles can be interpreted through the annotation of selected 

substructures in interaction databases (Figure 6C). For example, motifs can be 

queried in glycan biosynthesis databases to find genes likely to produce them 

(Akune et al. 2016). Selected substructures can be implicated as virulence factors 

through glycan-lectin networks (Ielasi et al. 2016) or annotated in  SugarBindDB 

(Mariethoz et al. 2016). Modified signal transduction can be inferred through lectin 

databases, such as Unilectin3D (Bonnardel et al. 2019). Additionally, MatrixDB is 

a database of glycan-cognizant molecular interaction in which glycan 

substructures of interest can be queried and their targets recovered(Clerc et al. 

2019). Ultimately, the novel insights from such analyses provide invaluable 

hypotheses to drive validation experiments. 

Computational resources exist to probe the efficacy of a substructure at 

moderating a protein-protein or protein-glycan interaction. GLYCAM(Kirschner et 

al. 2008) is arguably the most comprehensive and central platform for glycosylated 

structural biology. It provides all precomputation, structure and forcefield files, for 

molecular dynamic modeling, specific molecular dynamics tasks and binding motif 

enrichment and validation. Given a substructure and target of interest, sterics-

based search GLY-SPEC(Grant et al. 2016) may be used to validate and expand 

the substructure of interest to a target glycan class; thereby clarifying and 

generalizing a glycan-binding target. 
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Applying these tools to better understand nearly any multicellular phenotype 

With sufficient resources, we can contextualize and propagate differential 

glycosylation data (Figure 7). Motifs of interest with functional relevance can 

generate new and generalizable insights. We can begin to imagine propagating 

differential glycosylation as a constraint for a new or updated glycan biosynthesis 

model by connecting differentially abundant motifs to differential expression of 

glycogenes through databases of lectin-glycan interactions to identify impacted 

cell-cell communications (Bonnardel et al. 2019), site-specific glycosylation to 

identify lectin targets carrying a glycan (Campbell, Peterson, et al. 2014), and gene 

expression signatures given differential activation of those targets to identify 

impacted glycogenes (Edgar, Domrachev, and Lash 2002; Kodama et al. 2012). 

Finally, given disrupted glycogenes, a gene availability (Figure 5.iii) analysis could 

be performed to predict the impact of differential glycosylation on extracellular 

signaling, and the subsequent impacts on glycosylation (Figure 7). Now the 

analysis can be repeated with an updated glycan biosynthesis model. Once that 

chain of predictions is possible, interrogation of glycosylation-communication 

dynamics will be feasible.  
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Figure 7 - Two theoretical cells (Fig. 4C) co-regulating through differential glycosylation.  
If a reasonable differential expression signature can be inferred (due to differential 
interference or promotion of a receptor-ligand interaction), we can generate a “gene-
availability” based prediction of updated glycosylation, thus exploring the sustainability of 
a glycosylation pattern. Labels A, B, and C correspond to methods illustrated in panels in 
figures 6A, 6B, and 6C respectively. (A) The omics assessment of the intracellular 
environment, (B) modeling of the glycan biosynthetic implications of the intracellular 
enviroment, (C) differential glycosylation of peptides and receptors and (A-C) the 
propagation of that information to the intercellular interface.  
 

Concluding Remarks 

A protein without its glycans is like a molecule without hydrogen or a plate 

without food; structurally specified but functionally augmented. While it can be 

challenging to find a truly glycan-independent biological process, much of biology 
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under-represents these molecules due to the challenges of measuring and 

integrating glycosylation data. Fortunately, we are entering an era of FAIR and 

open modeling, data and functional associations in glycomics that, on mass, 

provide an opportunity for easy and affordable integration of glycosylation into 

many analyses. 

The confluence of glycosylation datasets into glycomics resources can 

result in novel discoveries in glycobiology and its role in multicellular phenotypes. 

Furthermore, it can help clarify the dynamic co-regulation between glycosylation 

and intercellular signaling. Simple analyses to determine the glycan biosynthetic 

capacity of a sample can help constrain the search of a glycobiologist looking for 

a functional glycan substructure. A single-cell RNA-Seq study could use glycogene 

expression as an additional layer of detail to consider augmentation of intercellular 

communication, coordination, and behavioral heterogeneity. Additionally, 

glycosylation data can be overlayed with PPI binding motifs to identify interactions 

likely mischaracterized in a non-native PPI assay like Y2H. Virulence factors can 

be predicted by their presentation for viral lectin targets. Researchers may now 

predict, through available models and data, a glycan neoantigen in a cell-state of 

interest and learn about the pathways it may modify through lectin databases. Now 

that we have computational tools to examine and predict the regulators and 

impacts of glycosylation, any biologists can benefit from our improved ability to 

predict and understand cell-cell interaction.  
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The realization of this big-data era will require our community to continue 

to develop and enforce community standards, grow central databases, and offer 

common software resources. Further penetrance of existing standards for 

glycosylation data (GlycoRDF) and metadata (MIRAGE) will ensure that datasets 

and tools can move easily between laboratories. Making data sharing in a 

centralized database a prerequisite for publication can exponentiate accessible 

data, as well as citation and utilization of those datasets. Open-source codebases 

for parsing can lower barriers of entry and provide confidence to developers that 

their tools will be broadly and sustainably usable.The adoption of common 

methods, formats and datasets through adherence to FAIR data principles will 

unify the field under a common infrastructure, language and formats. Such a 

unification will substantially increase accessibility to databases and biologists 

alike. Unified glycoinformatics and FAIR data stewardship could be a turning point 

that brings glycobiology to those who need it most, everyone. 
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CHAPTER 2 HUMAN MILK OLIGOSACCHARIDE COMPOSITION 

PREDICTS RISK OF NECROTIZING ENTEROCOLITIS IN PRETERM INFANTS 
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Objective: Necrotizing enterocolitis (NEC) is one of the most common and 

often fatal intestinal disorders in preterm infants. Markers to identify at-risk infants 

as well as therapies to prevent and treat NEC are limited and urgently needed. 

NEC incidence is significantly lower in breast-fed compared to formula-fed infants. 

Infant formula lacks human milk oligosaccharides (HMO), such as Disialyllacto-N-

tetraose (DSLNT), which prevents NEC in neonatal rats. However, it is unknown if 

DSLNT also protects human preterm infants. 

Design: We conducted a multicenter clinical cohort study and recruited 200 

mothers and their very low-birth-weight infants that were predominantly human 

milk-fed. We analyzed HMO composition in breast milk fed to infants over the first 

28 days postpartum, matched each NEC case with five controls, and used logistic 

regression and generalized estimating equation (GEE) to test the hypothesis that 

infants who develop NEC receive milk with less DSLNT than infants who do not 

develop NEC. 

Results: Eight infants in the cohort developed NEC (Bell stage 2 or 3). 

DSLNT concentrations were significantly lower in almost all milk samples in NEC 

cases compared to controls, and its abundance could identify NEC cases prior to 

onset. Aggregate assessment of DSLNT over multiple days enhanced the 

separation of NEC cases and control subjects. 

Conclusion: DSLNT content in breast milk is a potential non-invasive 

marker to identify infants at risk of developing NEC, and screen high-risk donor 
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milk. In addition, DSLNT could serve as a natural template to develop novel 

therapeutics against this devastating disorder. 

Background 

Necrotizing enterocolitis (NEC) is one of the most common and devastating 

intestinal disorders in preterm infants(Neu & Walker, 2011). It affects 5-10% of all 

very low-birth-weight infants (VLBW; birth weight under 1,500g) and leads to a 

severe and often fatal destruction of the infant’s intestine. More than a quarter of 

the affected infants die from NEC, and the survivors are often faced with long-term 

neurological complications(Hintz et al., 2005; Neu & Walker, 2011). Markers to 

identify at-risk infants as well as therapies to meet the clinical needs for this special 

and highly vulnerable population are extremely limited, and urgently needed.  

 

Human milk-fed infants are at a 6- to 10-fold lower risk of developing NEC 

than formula-fed infants(Lucas & Cole, 1990; Meinzen-Derr et al., 2009; Schanler, 

Lau, Hurst, & Smith, 2005). Several different human milk components attenuate 

NEC in preclinical models in rodents or piglets(Caplan et al., 2001; Lu et al., 2010; 

Shiou et al., 2013). but it is not known whether these results translate to benefit 

the human neonate. Data from in vitro models and our own preclinical studies in 

neonatal rats suggest that human milk oligosaccharides (HMO) contribute to the 

reduced NEC incidence in human milk-fed infants(Bode, Kunz, et al., 2004; Bode, 

Rudloff, Kunz, Strobel, & Klein, 2004; Jantscher-Krenn et al., 2012). HMO are 
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complex glycans that represent the third most abundant component of human milk, 

but are currently not present in infant formula(Bode, 2012). Feeding neonatal rats 

with HMO significantly improves survival and attenuates NEC pathology 

scores(Jantscher-Krenn et al., 2012). While more than 150 different HMO have 

been described so far, we identified one specific HMO called disialyllacto-N-

tetraose (DSLNT) that was most effective in preventing NEC in neonatal rats. 

Closely related HMO like sialyllacto-N-tetraose (LSTb) or lacto-N-tetraose (LNT) 

that lack one or both sialic acid residues had no effect(Jantscher-Krenn et al., 

2012), suggesting a highly structure-specific mechanism. 

While the data are encouraging, the validity of available preclinical NEC 

models in rodents or piglets is limited(Tanner et al., 2015). Animals are exposed 

to external hypoxic and/or hypothermic insults that are rather artificial, and the use 

of animals itself is a limitation due to interspecies differences in gastrointestinal 

development, anatomy and physiology. Thus, advancing a potential therapeutic 

like DSLNT from controversial preclinical models to clinical treatment trials carries 

a tremendous risk of failure. To help close the gap between animal models and 

clinical intervention studies, we used an intermediate approach and conducted a 

multicenter clinical prospective cohort study with mothers and their VLBW infants 

fed predominantly human milk. The study is based on the observation that some 

infants still develop NEC despite receiving predominantly human milk. HMO 

composition in human milk varies between women and over the course of lactation. 

This led us to hypothesize that human milk fed to infants who develop NEC 

contains less DSLNT than human milk fed to infants who do not develop NEC.  
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Figure 8 - Disialyl-lacto-N-tetraose (DSLNT) concentrations are consistently lower in NEC 
cases.  
Concentrations of DSLNT alone (A) and all HMO combined (B) in human milk were plotted 
as a function of days post partum when the milk was given to infants who either developed 
NEC (red squares: Bell stage 3; yellow diamonds: Bell stage 2; gray circles: Bell stage 1) 
or did not develop NEC and served as controls (small gray circles). Box plots on the right 
show median with 25/75 quartiles and whiskers for min/max values. The Bell stage groups 
were compared by Mann-Whitney and Kruskal-Wallis tests. Distribution normality was 
rejected by the Shapiro-Wilk test (p<0·001). DSLNT concentrations in human milk were 
significantly lower in infants who developed NEC (stage 2 and 3 combined) when 
compared to controls. However, there was no significant difference in total HMO 
concentration (sum of all integrated individual HMO), and there were also no differences in 
any HMO other than DSLNT (Figure S 2).   
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Results 

Eight of the 200 recruited infants developed NEC Bell stage 2 or 3, and two 

infants were diagnosed with NEC Bell stage 1. Case-control characteristics 

stratified by study site A to E, and Case Descriptions can be found in Appendix 

provide detailed clinical information for each NEC case. We analyzed the HMO 

composition in a total of 636 milk samples (15 samples from Bell stage 1, 38 from 

stage 2, 25 from stage 3, and 558 from controls). 

DSLNT concentrations are significantly lower in milk fed to NEC cases 

compared to controls 

We first compared the concentrations of each HMO from all 636 milk 

samples using the Mann-Whitney-Wilcoxon and Kruskal-Wallis tests. Figure 8A 

shows that DSLNT concentrations in NEC cases (Bell stage 2-3) were significantly 

lower than DSLNT concentrations in controls. However, there was no significant 

difference between NEC cases and controls when looking at the sum of all HMO 

(Figure 8B) or any of the individual HMO other than DSLNT (Figure S 2). 

While the first analysis combined HMO results from all NEC cases and 

compared it to results from all controls, we next examined HMO concentrations for 

each separate NEC case and its associated controls. For each milk sample, the 

fold change for each HMO was calculated relative to its average concentration in 

the associated control group (Figure 9). Controlling for known clinical factors 

through our case-control matching further suggested that DSLNT exhibits a 
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consistently lower concentration in all NEC cases, throughout the length of the 

study (Figure 9A). Furthermore, the magnitude of deficiency worsened with Bell 

stage. Indeed, NEC Bell stage 3 cases showed the lowest DSLNT concentration 

compared to controls, and Bell stage 1 cases exhibited the weakest effect. The 

oligosaccharides LSTb and LNT (structurally similar to DSLNT but with reduced 

sialylation) did not show consistent differences in the case-control matching 

(Figure 9B-C). Similarly, total HMO concentration did not differ considerably 

between cases and their clinically matched controls (Figure 9D).  

A robust statistical assessment of all measured HMO shows DSLNT as the 

primary contributor  

To test for associations between clinical covariates and NEC onset, we 

used univariate logistic regression model to prescreen each clinical covariate 

measured at birth. None of the clinical covariates (i.e., study site, delivery mode, 

race/ethnicity or gender) or characteristics of the infant at birth (i.e., gestational 

age or birth weight) were significantly associated with NEC onset in our cohort 

(Figure 10A). The insignificance of birth characteristics indicated that our cohort 

was successfully matched for variance due to birth weight, gestational age, and 

location, and potential confounding based on these covariates was minimized. Our 

analysis concentrated on Bell Stage 2 and 3 as Bell Stage 1 is generally 

considered less specific for NEC diagnosis. 
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Figure 9 - DSLNT concentrations are uniquely and consistently low in NEC cases (left) 
when compared to controls (right). Samples in each row are case-control matched by study 
site, gestational age, birth-weight and other NEC-relevant factors.  
For each milk sample collected over the first 28 days post partum, the fold difference of 
HMO concentration relative to the associated matched control sample average is illustrated 
for DSLNT (A), LSTb (B), LNT (C) and the sum of all integrated HMO (D). DSLNT was 
lowest in cases with a Bell stage of 3 and 2 at concentrations an order of magnitude lower 
than matched control averages. Bell stage 1 cases showed slightly lower concentrations 
than their matched controls. Structurally similar HMOs with reduced sialylation, such as 
LSTb and LNT, failed to exhibit consistent variations in concentration in NEC cases 
compared to matched controls. Number in parentheses after case codes denotes NEC Bell 
stage. (*) denotes the day of NEC onset, (+) denotes the day of death due to NEC. 
Oligosaccharide structure nomenclature: blue circles: glucose; yellow circles: galactose; 
blue squares: N-acetylgucosamine; purple diamonds: sialic acid. 
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We then assessed the contribution of each HMO to the onset of NEC using 

a univariate GEE to account for repeated measurements. In this analysis, DSLNT 

clearly contributed (p<0.001; Figure 10B), with an odds ratio of 0.86, suggesting 

that lower concentrations increase the risk of developing NEC. Additional, HMOs 

such as LNFP1, LNFP3 and DFLNT were selected (p<0.2) from the univariate 

screening for further examination. A final multivariate model demonstrated that 

DSLNT has a significantly protective contribution (odds ratio, 0·84; 95% CI 0·79-

0·88; P<<0.001) while LNFP1 and DFLNT are associated with a decreased (odds 

ratio, 0·91; 95% CI 0·84-0·97; P=0·006) and increased (odds ratio, 1·15; 95% CI 

1·01-1·28; P=0·022) risk of NEC, respectively, albeit to a much lesser extent than 

DSLNT, as detailed in Figure 10C and Figure S 1. LNFP3 did not significantly 

contribute to univariate or multivariate models (Figure S 1) and its removal did not 

considerably increase QIC (Table S 2). Therefore, LNFP3 was excluded from the 

final multivariate model. A minimal model accounting only for DSLNT and DPP, 

provided only a small increase in QIC relative to the final model with three HMO, 

further supporting the dominant contribution of DSLNT to NEC (Table S 2).   
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Figure 10 - Univariate logistic-regression screening of confounding factors and HMO. 
 (A) birth characteristics (i.e. birth weight and gestational age) were effectively controlled 
through case-control matching, and therefore, no clinical covariate showed a significant 
association with NEC. (B) Univariate temporal logistic GEE screening of HMOs revealed 
several candidate associations, with DSLNT being the predominant HMO. (C) The final 
multivariate temporal GEE model demonstrated that DSLNT, LNFP1, and DFLNT each 
contribute significantly to a final multivariate model. The odds ratio (OR) is the 
exponentiated coefficient and the 95% CI describes the range of possible OR. For Panel 
A, the P-value represents the significance based on the χ2 distribution, while P-values in 
Panel B and C were calculated from the Wald statistic of each coefficient, evaluated along 
a normal distribution.  
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Figure 11 - Aggregation of DSLNT concentration for multiple days enhances the 
identification of high- risk infants.  
Infants who will develop NEC are more readily identifiable when DSLNT concentration from 
multiple consecutive milk samples for each subject is aggregated using the geometric 
mean. When we combine the computed odds for 2, 4, and 6 consecutive milk samples 
from the same individual, separation of cases and controls increased and variance in the 
average odds decreased. 
 

NEC cases exhibit consistently perturbed HMO concentration over time 

In addition to highlighting HMO that are associated with NEC, the univariate 

DSLNT model and multivariate models were capable of identifying individual milk 

samples associated with NEC cases (Figure S 3). Indeed, the models could 
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identify potentially problematic milk samples or identify infants who may benefit 

from intervention prior to the possible onset of NEC. Furthermore, we note that 

DSLNT concentration tends to be significantly perturbed in NEC cases for multiple 

consecutive days (Figure S 4). Thus, even though DSLNT concentration is 

occasionally diminished in individual milk samples consumed by control infants 

(Figure S 4A), the ability to discriminate between NEC cases and control infants 

is enhanced when samples from multiple consecutive days are averaged (Figure 

11 and Figure S 4B).   

Discussion 

For decades, efforts have been made to understand why human milk-fed 

infants are at significantly lower risk to develop NEC. While human milk 

components have previously been shown in preclinical models to provide a 

protective effect(Caplan et al., 2001; Jantscher-Krenn et al., 2012; Lu et al., 2010; 

Shiou et al., 2013), none of these findings, until now, have been validated in human 

infants. In this study we demonstrated in a clinical cohort, that disialyllacto-N-

tetraose (DSLNT) may provide a significant protective effect against the onset of 

NEC. These results validate our earlier observation of the protective effect of 

DSLNT on neonatal rats(Jantscher-Krenn et al., 2012). DSLNT deficiency was 

identified as a major contributor to NEC from a panel of the 16 most abundant 

HMO, which represent >95% of the HMO in human milk. In this panel, additional 

HMO (i.e., LNFP1 and DFLNT) were also found to provide a lesser contribution.  
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The role of DSLNT and other HMO were robustly quantified using 

Generalized Estimating Equations (GEE). DSLNT deficiency is significantly 

associated (P<<0·001) with NEC onset with an odd ratio of 0·84. LNFP1 and 

DFLNT were also found to have a significant protective (odds ratio, 0·91) and 

harmful (odds ratio, 1·14) contribution, respectively (Figure 10C). These 

contributions were stable across all multivariate models (Table S 1). Furthermore, 

these HMO were consistently dysregulated in NEC cases. When considering 

dysregulation over multiple consecutive days, the separation between cases and 

controls increased (Figure S 2, Figure S 3 and Figure S 4), suggesting that 

prolonged dysregulation of HMO is more indicative of NEC onset. Interestingly, 

NEC Bell Stage 1 did not correlate with DSLNT deficiency, supporting the lack of 

specificity of Bell Stage 1 in diagnosing NEC or suggesting that DSLNT deficiency 

only impacts infants’ risk for more advanced NEC. 

The underlying mechanisms of how HMO such as DSLNT attenuate NEC 

risk remain to be elucidated. Although HMO have profound effects on infant 

microbiota composition(Marcobal et al., 2011; Sela et al., 2008; M. Wang et al., 

2015), the importance of microbiota composition on NEC onset and development 

is poorly understood(Claud et al., 2013; Mai et al., 2011; Morrow et al., 2013; 

Torrazza et al., 2013; Y. Wang et al., 2009; Zhou et al., 2015). Whether microbial 

dysbiosis is a causative event or merely a marker of intestinal disease remains 

unknown(Elgin, Kern, & McElroy, 2016). Instead, HMO may have direct effects on 

infant intestinal epithelial or immune cells, which might directly attenuate NEC risk, 

and also indirectly alter microbiota composition. The observation that the effects 
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of DSLNT are highly structure-specific (removal of just one sialic acid renders the 

oligosaccharide ineffective in neonatal rats(Jantscher-Krenn et al., 2012) and 

these truncated oligosaccharides are no longer associated with NEC risk in the 

cohort study) indicates a potentially receptor-mediated mechanism. 

While the results from this study indicate that higher DSLNT concentrations 

in mother’s milk lower the infant’s risk to develop NEC, larger cohort studies with 

more detailed maternal data will be needed to identify maternal factors (genetics, 

nutrition, stress, etc.) that influence DSLNT synthesis.  

Though selection bias is a common limitation of case-control studies, this 

has been minimized in two ways: First by prospective enrollment at five different 

locations before identification of cases or controls, and, second, by matching cases 

with controls from their own location, and therefore with the most similar 

unmeasured exposures. 

Current practice aims to reduce the risk of NEC through the administration 

of human milk from the mother or a donor. While human milk provides a reduced 

risk of NEC, it is not sufficient to ensure the health of a high-risk infant. Though 

larger cohort studies are needed to validate the association of DSLNT with NEC 

onset, our observations of the contribution of DSLNT suggests that NEC risk can 

be further reduced. Importantly, DSLNT deficiency observed in this cohort study is 

consistent with the preclinical experimental protection of DSLNT in neonatal 

rodents. This consistency suggests that the protective effect of DSLNT on rats is 

likely to hold for human infants.  High-risk infants can be identified, and DSLNT-
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deficient milk can be replaced with donor milk that is rich in DSLNT or that contains 

a mixture of milk from multiple donors to decrease the chance of consistent DSLNT 

deficiency. Alternatively, infant formula could be supplemented with DSLNT or 

analogs(Yu et al., 2014) to provide an alternative source when an entirely human 

milk diet is not an option for high-risk infants. 
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Methods 

Cohort and Samples 

We recruited 200 mothers and their VLBW infants (birth weight under 1,500 

g) at five different sites in North America (University of California, San Diego 

(UCSD), CA; Sunnybrook Health Sciences Centre, Toronto; Loma Linda University 

Children’s Hospital, Loma Linda, CA; Cook Children’s Health Care System, Forth 

Worth, TX; Rush University Medical Center, Chicago, IL). Only infants who 

predominantly received human milk for at least the first 28 days of life were 
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included. Infants were excluded if they received infant formula or had known 

congenital bowel anomalies such as gastroschisis. An aliquot of the milk that the 

infant received on a given day (not necessarily the milk that the mother produced 

that day) was collected every 2 to 3 days for the first 28 days of life, the time period 

when most NEC cases occur. No samples were collected if the infant was not fed 

that day or if there was insufficient milk to collect a 30 L aliquot. Milk samples 

were stored at 4°C for less than 1 hour and at -20°C until shipment to the Bode lab 

at UCSD for HMO analysis. Basic demographic data were recorded for the mother 

(age, gravidity, parity, medications, medical diagnoses) and for the infant 

(gestational age, birth weight, sex, medications, medical diagnoses). NEC was 

diagnosed based on the modified Bell staging system(Bell et al., 1978). Further 

clinical details for each NEC case are found in the Case Descriptions in the 

Appendix.  

Once all 200 mother-infant pairs were recruited and all samples were 

collected, each NEC case was matched with five controls (mothers and their 

infants who did not develop NEC). Controls were selected from the same study 

site to minimize location effects. In addition to location, matching criteria included 

gestational age, birth weight, mode of delivery, race and ethnicity as well as 

availability of milk samples throughout the 28-day collection period. An example of 

case-control matching is shown in Figure S 1. The institutional review boards at 

all five participating study sites approved the research protocol, and parents of all 

participants gave their written informed consent. 
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Human Milk Oligosaccharide Analysis 

HMO composition was analyzed in all available milk samples from all NEC 

cases and the respective matched controls. HMO analysis was performed by high-

performance liquid chromatography (HLPC) after fluorescent derivatization with 2-

aminobenzamide (2AB) as previously described(Alderete et al., 2015; Bode et al., 

2012). The non-HMO oligosaccharide raffinose was added to each milk sample as 

internal standard at the very beginning of sample preparation to allow for absolute 

quantification. The following individual HMO were detected based on retention time 

comparison with commercial standard oligosaccharides and mass spectrometry 

analysis: 2’-fucosyllactose (2’FL), 3-fucosyllactose (3FL), 3’-sialyllactose (3’SL), 

lacto-N-tetraose (LNT), lacto-N-neotetraose (LNnT), lacto-N-fucopentaose (LNFP) 

I, LNFP II, and LNFP III, sialyl-LNT b (LST b) and LST c, difucosyl-LNT (DFLNT), 

disialyl-LNT (DSLNT), fucosyl-lacto-N-hexaose (FLNH), difucosyl-lacto-N-

hexaose (DFLNH), fucosyl-disialyl-lacto-N-hexaose (FDSLNH) and disialyl-lacto-

N-hexaose (DSLNH). In addition to absolute concentrations, the proportion of each 

HMO per total HMO concentration (sum of all integrated HMO) was calculated and 

expressed as relative abundance (% of total). Secretor status was defined by the 

presence of 2’FL. Simpson’s diversity index D was calculated as the reciprocal 

sum of the square of the relative abundance of each of the measured HMO. HMO 

equitability (evenness, E) was calculated by dividing the actual D index for each 

sample by Dmax (maximum D index in the theoretical case that all measured HMO 

have the same relative abundance).  
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Statistical Analysis 

Initial comparison of HMO levels was done with the Mann-Whitney-

Wilcoxon and Kruskal-Wallis tests since the distributions of HMO concentrations 

were non-normal according to Shapiro-Wilk tests. Univariate logistic regression 

models were used to prescreen clinical covariates, including gestational age, birth 

weight, mode of delivery, race, etc. To test if HMO significantly influence the onset 

of NEC, we estimated its effect using generalized estimating equation (GEE) 

models to account for longitudinal measurement(Zeger & Liang, 1986). GEE 

allows nonlinear relations between the outcome and covariates, and accounts for 

unknown correlation among repeated measurements from the same subject. Here 

we used GEE with logit link and exchangeable correlation structure, by assuming 

the within-subject correlation between any two time-points is ρ. To stabilize the 

variance and equalize the range, we standardized each HMO measurement, e.g., 

DSLNT, LNFP1. We also utilized the square root of days postpartum (DPP) to 

linearize the relationship over time.  NEC status (i.e., Bell stage) was used as 

outcome, and the Wald test was used to assess statistical significance of model 

components. To reduce variation and allow comparison between HMO, 

oligosaccharide concentrations were standardized by subtracting the mean and 

dividing by the standard deviation. 

We first prescreened each HMO using a univariate GEE model. Any HMO 

with p-value <0.2 were further analyzed to assess their joint contribution to NEC 

onset in combination with significant clinical covariates to construct final GEE 
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model. Quasi-likelihood under the independence model criterion (QIC) was used 

to compare multivariate models. QIC and Wald statistics informed a backward 

elimination process of model selection.  Detailed information on Statistical 

Analysis and Classification in Appendix. 
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CHAPTER 3 ELUCIDATING HMO BIOSYNTHETIC GENES THROUGH 
NETWORK-BASED INTEGRATION OF TRANSCRIPTOMIC AND GLYCOMIC 
DATA 
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Human Milk Oligosaccharides (HMOs) are abundant carbohydrates 

fundamental to infant health and development. Although these oligosaccharides 

were discovered more than half a century ago, their biosynthesis in the mammary 

gland remains largely uncharacterized. Here, we used a systems biology 

framework that integrated glycan and RNA expression data to construct an HMO 

biosynthetic network and predict glycosyltransferases involved.  To accomplish 

this, we constructed models describing the most likely pathways for the synthesis 

of the oligosaccharides accounting for >97% of the HMO content in human milk. 

Through our models, we propose candidate genes for elongation, branching, 

fucosylation, and sialylation of HMOs. We further explored selected enzyme 

activities through kinetic assay and their co-regulation through transcription factor 

analysis. These results provide the molecular basis of HMO biosynthesis 

necessary to guide progress in chemoenzymatic synthesis, supplementation, and 

milk diversity.  

With the HMO biosynthesis network resolved, we can begin to connect 

genotypes with milk types and thereby connect clinical infant, child and even adult 

outcomes to specific HMOs and HMO modifications. Knowledge of these pathways 

can simplify the work of synthetic reproduction of these HMOs providing a roadmap 

for improving infant, child, and overall human health with the specific application 

of a newly limitless source of nutraceuticals 

Introduction 

Human milk is the “gold standard” of nutrition during early life (Edmond et 
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al. 2006; Bode 2012; E. Jantscher-Krenn and Bode 2012). Along with lactose, 

proteins, and lipids, human milk is 11-17% (dry weight) oligosaccharides (Human 

Milk Oligosaccharides, HMOs)(Coppa et al. 1993; Picciano 2001). HMOs have 

substantial biological and protective importance in human, murine and porcine 

infants (Bode 2012, 2015). Indeed, HMOs are metabolic acceptors for specific 

beneficial bacteria (e.g., Lactobacillus spp. and Bifidobacter spp.), and shape the 

infant’s microbiome along the intestinal mucosal surfaces (Bode 2012; Azad et al. 

2018). HMOs also impact the infant’s immune system, protect the infant from 

intestinal and immunological disorders (e.g., necrotizing enterocolitis, HIV, etc.), 

and aid in proper brain development and cognition (Bode 2012, 2015; Kobata 

2010; Etzold and Bode 2014). 

The biological functions of HMOs are determined by their structures (Bode 

2015). HMOs are unconjugated glycans consisting of 3–20 monosaccharides, 

such as galactose (Ga, Al), glucose (Glc, G), N-acetylglucosamine (GlcNAc, GN), 

fucose (Fuc, F) and the sialic acid N-acetyl-neuraminic acid (NeuAc, NN) (Figure 

12A). All HMOs extend from a common lactose (Galβ1-4Glc) core. The core 

lactose can be extended at the nonreducing end, with a β-1,3-GlcNAc to form a 

trisaccharide.  That trisaccharide can be further extended on its non-reducing 

terminus with a β-1,3-linked galactose to form a type-I tetrasaccharide (LNT) or a 

β-1,4-linked galactose to form a type-II tetrasaccharide (LNnT).  Additional 

branching of the trisaccharide or tetrasaccharide can also occur at the lactose core 

by addition of a β-1,6-linked GlcNAc to the Gal residue. The oligosaccharide can 
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be further fucosylated in an α-1,2-linkage to the terminal Gal residue, or α1,3/4-

fucosylated on internal GlcNAc residues, and potentially α-2,3-sialylated on the 

terminal Gal residue or α-2,6-sialylated on internal GlcNAc residues(Bode 2015; 

Kobata 2010)(Figure 12B).  

 
Figure 12 - HMO blueprint and synthesis 
(A) HMOs are built from a combination of the five monosaccharides D-glucose (Glc, blue 
circle), D-galactose (Gal, yellow circle), N-acetyl-glucosamine (GlcNac, blue square), L-
fucose (Fuc, red triangle), and sialic acid (N-acetyl-neuraminic acid (NeuAc), purple 
diamond). Lactose (Gal-β-1,4-Glc) forms the reducing end and can be elongated with 
several Lacto-N-biose or N-acetyllactosamine repeat units (Gal-β-1,3/4-GlcNAc). Lactose 
or the polylactosamine backbone can be fucosylated with α-1,2-, α-1,3-, or α-1,4- linkages 
or sialylated in α-2,3- or α-2,6- linkages (Figure adapted from (Bode 2012)). (B) Small 
HMOs can be fucosylated to make 2’FL while larger HMOs can be synthesized by the 
extension of the core lactose with N-acetylactosamine (type-I) or lacto-N-biose (type-II) 
and subsequent decoration of the extended core with sialic acid to make more complex 
HMOs, such as DSLNT. (C) Three HMOs in this study: DSLNT, isomer 1 of DFLNT, isomer 
6 of FDSLNH; isomer structures represent predictions from this study (see Methods, Figure 
S 17). Each monosaccharide-linking glycosidic bond is labeled (L1, L2,…L10) according 
to the linkage reactions listed in Table 2. 
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Table 2 - Glycosylation reactions examined.  
We studied here several candidate glycosyltransferases expressed in our samples to 
identify candidates for 10 elementary reactions (see Methods, Table S 3). Acceptor, 
product and constraint are represented in LiCoRR(Kellman et al. 2020): monosaccharides 
include Gal (A), Fuc (F), Glc (G), GlcNAc (GN), Neu5Ac (NN). Additionally, “)” and “(“ 
indicate initiation and termination of a branch respectively, “[X/Y]” indicates either 
monosaccharide, and “~” indicates a negation. An asterisk “*” indicates an imperfect match 
between the EC number and reaction. Background colors correspond to the 
monosaccharide added: GlcNAc (blue), Fuc (red), Neu5Ac (purple), and Gal (yellow).  
Linkage EC Identifier Acceptor Product Candidates 

L1:b3GnT 2.4.1.149 (A (GNb3A B3GNT2-6,8-9 
L2:a2FucT (2.4.1.69,344) (A (Fa2A FUT1-2 
L3:a3FucT (2.4.1.152) [G/GN] Fa3[G/GN] FUT3-7,9-11 
L4:ST3GalT (2.4.99.4) (A (NNa3A ST3GAL1-6 
L5:ST6GalT 2.4.99.1 (A (NNa6A ST6GAL1-2 
L6:b3GalT 2.4.1.86 (GN (Ab3GN B3GALT1-2,4-5 
L7:b4GalT 2.4.1.90 (GN (Ab4GN B4GALT1-6 
L8:b6GnT (2.4.1.150) GNb3Ab4G GNb3(GNb6)Ab4G GCNT1-4,7 
L9:a4FucT 2.4.1.65 Ab3GNb3A Ab3(Fa4)GNb3A FUT3,5 
L10:ST6GnT (2.4.99.3,7) Ab3GNb3A Ab3(NNa6)GNb3A ST6GALNAC1-6 

 

Despite decades of study, many details of HMO biosynthesis remain 

unclear. While the many possible sugar addition events above are known, the 

order of the biosynthetic steps and many of the enzymes involved are not known 

(Table 2). For example, the lactose core is extended by alternating actions of β-

1,3-N-acetylglucosaminyltransferases (b3GnT) and β-1,4-

galactosaminyltransferases (b4GalT) while β-galactoside sialyltransferases 

(SGalT)  and α-1,2-fucosyltransferases (including the FUT2 ‘secretor’ locus) are 

responsible for the sialylation and fucosylation of a terminal galactose, respectively 

(Kobata 2003). However, each enzymatic activity in HMO extension and branching 

can be potentially be catalyzed by multiple isozymes in the respective gene family. 
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Direct evidence of the specific isozymes performing each reaction in vivo is 

extremely limited. 

Here we leverage the heterogeneity in HMO composition and gene 

expression across human subjects to refine our knowledge of the HMO 

biosynthetic network. Milk samples were collected from 11 lactating women across 

two independent cohorts between the 1st and 42nd day post-partum. (see 

methods). Gene expression profiling of mammary epithelial mRNA was obtained 

from milk fat globules. Absolute HMO abundance and concentration of the 16 most 

abundant glycans was measured. Starting from a scaffold of all possible 

reactions(Spahn et al. 2016a; Liang et al. 2020; G. Liu and Neelamegham 2014; 

McDonald, Tipton, and Davey 2016; Bao et al. 2019; Akune et al. 2016), we used 

constraint-based modeling(Lewis, Nagarajan, and Palsson 2012; Burgard, 

Vaidyaraman, and Maranas 2001) to reduce the network to a set of relevant 

reactions and most plausible HMO structures when not known(Agravat et al. 2016) 

to form the basis for a mechanistic model(Spahn et al. 2017, 2016a; Liang et al. 

2020). This resulted in a ranked ensemble of candidate biosynthetic pathway 

topologies. We then ranked 44 million candidate biosynthesis networks to identify 

the most likely network topologies and candidate enzymes for each reaction by 

integrating sample-matched transcriptomic and glycoprofiling data from the 11 

subjects.  For this we simulated all reaction fluxes and tested the consistency 

between changes in flux and gene expression to determine the most probable 

gene isoforms responsible for each linkage type. We followed with direct 
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observations through GLO activity assays to confirm our predictions. Finally, we 

performed transcription factor analysis to delineate regulators of the system. The 

resulting knowledge of the biosynthetic network can guide efforts to unravel the 

genetic basis of variations in HMO composition across subjects, populations, and 

disorders using systems biology modeling techniques. 

Results 

Abundances of HMOs and their known enzymes do not correlate  

While α-1,2-fucosylation of glycans in humans can be accomplished by 

both FUT1 and FUT2, only FUT2 is expressed in milk lipid globules (Table S 3). 

FUT2 is known as a “secretor” gene because of its role in expressing ABH 

antigens(S. Nishihara et al. 1994; Kudo et al. 1996; Koda et al. 1996) and HMOs 

(Thurl et al. 1997; Bode 2012; Stahl et al. 2001).  Despite this known association, 

we found gene expression and the concentration (ug/ml) of HMOs containing α-

1,2-fucosylation do not correlate in sample-matched microarray and glycomic 

measurements by HPLC  (Figure 13). Generalized Estimating Equations (GEE) 

showed no significant positive association (2’FL Wald p = 0.056; LNFPI Wald p = 

0.34). FUT1 could catalyze this reaction but its expression was not detected 

expression in these samples. We hypothesized that to successfully connect gene 

expression to HMO synthesis, one must account for all biosynthetic steps and not 

solely rely on direct correlations. 
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Figure 13 - FUT2 expression should increase 2’FL and LNFPI which require the enzyme 
but there is no significant positive association.  
Direct comparison of FUT2 gene expression and concentrations (ug/mL) of α-1,2-fucose 
containing HMOs, 2’FL (A) and LNFPI (B), in sample-matched microarray and HPLC reveal 
no significant association in secretor mothers from cohort 1 sampled between day 1 and 
42 post-partum. Trendlines and points are colored by mother. Linear trends were used to 
illustrate the intuition of the GEE approach used to estimate these associations across 
subjects. Non-secretor mothers were excluded due to non-functional FUT2. (C) A heatmap 
of all HMO concentrations across cohort 1 and cohort 2 (top-bar black and grey 
respectively). Known HMO structures are shown to the left of each row while 
uncharacterized structures are indicated with a black box. For proposed isomers of 
uncharacterized structures, see Figure S 17. 
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Figure 14 - Overview of Computational Methods for Model Assembly (A-F) and 
Assessment (G-I). 
 (A) To build the candidate models of HMO biosynthesis, reaction rules were defined to 
specify all possible monosaccharide additions. (B) The Complete Network includes all 
oligosaccharides and reactions resulting from the iterative addition of monosaccharides to 
a root lactose. (C) Using Flux Variability Analysis, the Complete Network was trimmed, 
removing reactions that cannot reach experimentally-measured HMOs, to produce a (D) 
Reduced Network Figure S 14; red triangles are observed HMOs blue lines are “sink 
reactions” joining alternative isomers (Figure S 17). (E) From the Reduced Network, Mixed 
Integer Linear Programming (MILP) was used to extract Candidate Models, each 
representing a subnetwork capable of uniquely synthesizing the observed oligosaccharide 
profile using a minimal number of reactions; black clines are reactions retained in a 
candidate model. (F) Flux Balance Analysis was used to estimate flux through each 
reaction necessary to simulate the measured oligosaccharide concentrations. (G) Model 
scores were computed as the average maximum correlation between linkage-specific 
candidate genes and normalized flux through that linkage (Figure S 16, S1.1.4). (H) Model 
scores were parameterized on cohort 1 (left) and cohort 2 (right) data (see Methods). High-
performing models, 95th percentile of scores, are highlighted in red. (I) Of the >40 million 
models considered (blue), 2.66 and 2.32 million models were high-performing when 
parameterized on data from cohort 1 or cohort 2, respectively. Nearly 250,000 models 
consistently explained the relationship between predicted flux and expression data from 
both cohort 1 and cohort 2. These commonly selected models were analyzed for common 
structural features. 
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High-performing candidate biosynthetic models are supported by gene 

expression and predicted model flux across subjects 

We built and examined models for HMO biosynthesis in human mammary 

gland epithelial cells. From the basic reaction set (Figure 14A), we generated the 

complete reaction network (Figure 14B) containing all possible reactions and 

HMOs with up to nine monosaccharides. The Complete Network was trimmed to 

obtain a Reduced Network (Figure 14D; Figure S 14, Table S 4) by removing 

reactions unnecessary for producing the observed oligosaccharides. Candidate 

models (Figure 14E) were built, capable of uniquely recapitulating the 

glycoprofiling data from milk using two independent cohorts--cohort 1 with 8 

samples from 6 mothers between 6 hours and 42 days postpartum (Mohammad, 

Hadsell, and Haymond 2012; Mohammad and Haymond 2013) and cohort 2 with 

2 samples per mother on the 1st and second day after birth (Maningat et al. 2009). 

Mixed integer linear programming was used to identify subnetworks with the 

minimal number of reactions from the Reduced Network. We identified 44,984,988 

candidate models that can synthesize the measured oligosaccharides. Each 

candidate model contains 43-54 reactions (19.5-24.4% of the reactions in the 

Reduced Network (Table S 5)). These models covered all the feasible 

combinations of HMO synthesis by the 10 known glycosyltransferase families 

(Figure 12D) that could describe the synthesis of the HMOs in this study. 

To identify the most likely biosynthetic pathways for HMOs, we computed 

a model score for each candidate model using the glycoprofiling and transcriptomic 
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data from the two independent cohorts, after excluding low-expression gene 

candidates. Genes were excluded when expression was undetected in over 75% 

of microarray samples and the independent RNA-seq(Lemay et al. 2013) 

measured low expression relative to the GTEx(Carithers et al. 2015): TPM<2 and 

75th percentile Lemay < GTEx Median TPM. Specificity and expression filtration 

reduced the candidate genes from 54 to 24 (see supplemental results, Table S 3,  

Figure S 12); three linkages (L2, L5 and L9) were resolved by filtration alone 

indicating that FUT2, ST6GAL1 and FUT3 respectively perform these reactions. 

Following low-expression filtering, we compared flux-expression 

correlation. Leveraging sample-matched transcriptomics and glycomics datasets, 

we computed model scores indicating the capacity of each candidate gene to 

support corresponding reaction flux. The model score was computed by first 

identifying for each reaction, the candidate gene that shows the best Spearman 

correlation between gene expression and normalized flux; flux was normalized as 

a fraction of the input flux to limit the influence of upstream reactions (Figure S 16,  

S1.1.4). The highest gene-linkage scores, for each reaction, for each model were 

averaged to obtain a model score (Figure 14G, see Methods). The model scores 

indicate consistency between gene expression and model-predicted flux. The 

high-performing models (z(model score)>1.646) were selected for further 

examination (Figure 14H, see Methods). Though quantile-quantile plots indicated 

the model score distributions were pseudo-gaussian, variation in skew resulted in 

slightly different numbers of high-performing models for the two different subject 

cohorts. Specifically, we found 2,658,052 high-performing models from cohort 1 
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and 2,322,262 high-performing models using cohort 2 (Figure 14I, Table S 6). We 

found 241,589 high-performing models common to cohort 1 and cohort 2. The 

model scores of commonly high-performing models are significantly correlated 

(Spearman Rs=0.2, p<2.2e-16) and a hypergeometric enrichment of cohort 1 and 

cohort 2 selected models shows the overlap is significant relative to the 

background of 44 million models (p<2.2e-16). We analyzed these 241,589 

commonly high-performing models and determined which candidate genes were 

common in high-performing models. 

To determine the most important reactions (Figure 15) in the reduced 

network, we asked which reactions were most significantly and frequently 

represented among the top 241,589 high-performing models. We then filtered to 

retain only the top 5% of most important paths from lactose to each observed HMO 

(see Methods). The most important reactions form the Summary Network (Figure 

15). Here, HMO biosynthesis naturally segregates into type-I backbone structures, 

with β -1,3-galactose addition to the GlcNAc-extended core lactose, and type-II 

structures, with β -1,4-galactose addition to the GlcNAc-extended core lactose. As 

expected, LNFPI, LNFPII, LSTb and DSLNT segregate to the type-I pathway while 

LNFPIII and LSTc are found in the type-II pathway (see Methods for HMO 

definitions). The Summary Network suggests resolutions to large structurally 

ambiguous HMOs (FLNH5, DFLNT2, DFLNH7, and DSLNH2) by highlighting their 

popularity in high-performing models. The Summary Network also shows three 

reactions of high comparable strength projecting from GlcNAc-β1,3-lactose to 

LNT, LNnT and a bi-GlcNAcylated lactose (HMO8, Figure 15, Table S 4) 
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suggesting LNT may be bypassed through an early β-1,3-GlcNAc branching event; 

a previously postulated alternative path(Blank et al. 2012). We checked for 

consistency with previous work(S. Wu et al. 2010) and found that (1) the single 

fucose on the reducing-end Glc residue is always α-1,3 linked, (2) for 

monofucosylated structures, the non-reducing terminal β-1,3-galactose is α-1,2-

fucosylated, (3) all galactose on the β-1,6-GlcNAc is always β-1,4 linked while all 

galactose on the β-1,3-GlcNAc are either β-1,3/4 linked. With the exception 

FDSLNH1, (4) no fucose is found at the reducing end of a branch and (5) all α-1,2-

fucose appear on a β-1,3-galactose and not β-1,4-galactose in monofucosylated 

structures with more than four monosaccharides; suggesting that FDSLNH1 is an 

unlikely isomer. The summary network also suggests that most HMOs have type-

I LacNAc backbones. To address the potential over-representation of type-I HMOs 

in our models, we examined the distribution of type-I and type-II in tetra- and 

pentasaccharides with known structures. Across samples, the median abundance 

of type-II HMOs, LNnT, LNFPIII and LSTc were 3.33%, 0.041%, and 2.68% of total 

𝜇𝜇g/mL while type-I HMOs of the same size, LNT, LNFPI, LNFPII, and LSTc, was 

15.3%, 9.39%, 7.45% and 0.45% respectively. This confirms the greater 

abundance of type-I HMOs compared with the type-II structures in the glycomic 

profiles (Figure 13C). This Summary Network thus provides orientation in this 

underspecified space.  
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Figure 15 Summary Network of the most important reactions in the reduced network.  
Observed, intermediate and candidate HMOs most important to commonly high-preforming 
networks were selected from the Reduced Network (Figure 14D; Supplemental Methods 
S1.1.2). (A) Several ambiguous isomers (Figure S 17) were preferred(Figure S 6) in the 
commonly high-performing models. (B) A summary network was constructed from reaction 
importance; an aggregation of the proportion of high-performing models that include a 
reaction, and the enrichment of a reaction in the high-performing model set (see Methods). 
Line weight indicates the relative importance of each reaction. Line color corresponds to 
the monosaccharide added at each step and line type corresponds to the linkage type. The 
Summary Network naturally segregates into type-I and type-II backbone structures. For 
measured HMO definitions (e.g. FDSLNH and DSLNT) see Methods, for intermediate HMO 
definitions (e.g. 8, 10, or 25) see Table S 4, for uncertain structures (e.g. DFLNH7, FLNH5) 
see Figure S 17 .  
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Figure 16 – Gene expression correlation with model flux predicts enzymes involved in HMO 
biosynthesis.  
(A) To determine the gene expression that best explains flux through each reaction in each 
glycomics-transcriptomics matched sample, we examined the proportion of high-
performing models were each gene was most flux-correlated (PROP, Figure S 9), we also 
examined the gene-linkage score (GLS) and Model Score Contribution (MSC). For this 
visual, each measure was max-min normalized between 0 and 1. Genes were selected 
based on high performance on all three measures across cohorts (line type). (B) We 
summarize the three performance scores from panel A across cohorts into a single support 
score (see Methods). Briefly, “Support” is p-value for the sum of PROP, GLS and MSC z-
scores (relative to a permuted background), Fisher-pooled across cohorts then False 
Discovery Rate (FDR) corrected across genes (see Methods). Unmeasured genes appear 
below the plot in the Not Determined (N.D.) box. Genes selected by default (purple, “*”) as 
the only measured gene candidate (Table 2) 



 
 
 

82 
 

Glycosyltransferases are resolved by ranking reaction consistency across 

several metrics 

We further analyzed the high-performing models to identify the 

glycosyltransferases responsible for each step in HMO biosynthesis (Table 2). As 

previously described, not all members of a gene family were examined in this 

analysis. Some genes were excluded due to their well characterized irrelevance 

(e.g. FUT8) and others, like FUT1, were excluded due to low expression in 

lactating breast epithelium (see Table S 3, methods and supplemental results for 

the detailed inclusion criteria). To determine the genes preferred for each reaction, 

we used three metrics to quantify the association between candidate gene 

expression and predicted flux. These were (1) proportion (PROP - the relative 

proportion of models best explained by a candidate gene, Figure S 9), (2) gene 

linkage score (GLS - the average Spearman correlation between gene expression 

and flux), and (3) model score contribution (MSC - an estimate of the gene-

influence indicated by the Pearson correlation between model score and gene 

linkage score) (Figure 16A, Figure S 10). For each candidate gene, we generated 

a reaction support score (Figure 16B, see Methods); the pooled significance of the 

maxima of PROP, GLS and MSC across both cohorts.  

Three reactions, L2 (FUT2), L5 (ST3GAL1) and L9 (FUT3), were matched 

to genes by default as they were the only gene candidates remaining following 

gene expression filtering (Table S 3, Supplementary Results). At least one gene 

showed significant support (q<0.1) for each remaining reaction. GCNT3 shows 
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highly significant support (q<0.001) and nearly 100% of models selected this 

isoform over GCNT2C or GCNT1 (Figure S 9). B4GALT4 is the most significantly 

supporting gene for the L7: b4GalT reaction (Figure 16B). In both cohort 1 and 2, 

B4GALT4 outperforms all other isoforms in all three metrics. B4GALT4 expression 

best explains flux in 62% and 80% (PROP) of high-performing models using cohort 

1 and 2 data respectively (Figure S 9). B4GALT4 also has the highest MSC and 

GLS (z>5.6) of any isoforms. Interestingly, while B4GALT1 is highly expressed and 

fundamental to lactose synthesis in the presence of α-lactalbumin and lactation in 

general(Brodbeck and Ebner 1966; Nakhasi and Quasba 1979), it showed 

negligible support for the L7 reaction (Figure 16B). Considering the reaction 

support score, all linkages show at least one gene for each reaction that 

significantly explains behavior across cohorts (Figure 16B). 

Kinetic assays confirm selected genes and expand our scope  

Towards validating and expanding our gene-reaction predictions, 

glycosyltransferase enzyme activity assays were performed using the GLO assay 

format. We used linkage L1:b3GnT and L10:ST6GnT to validate our selections and 

examined every plausible isoform of the ST3GAL for its ability to perform the 

linkage L4:ST3GalT reaction. Five acceptors were used: (1) lactose to examine 

activity on the initial HMO acceptor , (2) LNT and (3) LNnT to establish which 

enzymes would act on larger type-I and type-II tetrasaccharides, (4) Gal ꞵ1,3-

GalNAc to determine specificity for non-HMO O-type glycans, and (5) a GlcNAc-

ꞵ1,3-Gal-ꞵ1,4-GlcNAc-ꞵ1,3-Gal-ꞵ1,4-Glc pentasaccharide structure to test the 
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formation of a non-reducing terminal type-I (Gal-b1,3-) cap on a longer acceptor. 

We explored the activities of various gene products to perform specific 

glycosyltransferase reactions crucial to HMO biosynthesis (Figure 17, Table S 7). 

 

Figure 17 - Results of the NTP-GLO Glycosyltransferase Assay to test GT candidates on 
relevant HMO acceptors. 
Average luminescence below 10,000 is considered weak activity, and activity above 
200,000 is considered very high activity. Reported luminescence values were background 
corrected and 95% confidence intervals are shown. For complete details see Table S 7. 

 

In the cross-cohort aggregate analysis (Figure 16B), B3GNT2 is selected 

as a reasonable candidate to catalyze flux through the L1:b3GnT reaction. The 

B3GNT2 support score is nearly 100 times more significant than B3GNT8, the next 

most associated gene. Consistent with the predictions that b3GnT should convert 



 
 
 

85 
 

lactose into the precursor to LNT and LNnT, the GLO assay showed B3GNT2 had 

high activity toward lactose as an acceptor. We further found that B3GNT2 could 

add a β1,3-GlcNAc to LNnT as is necessary for poly-lacNAc HMOs. The cross-

cohort aggregate analysis (Figure 16B) selected ST6GALNAC2 to perform L10, 

the α2,6 addition of sialic acid to the internal β1,3-GlcNAc; necessary for the 

biosynthesis of LSTb from LNT and possibly DSLNT from LSTa. However, the 

CMP-GLO assay highlighted a negligible activity of ST6GALNAC2 toward LNT 

even at very high enzyme input indicating that this enzyme does not convert LNT 

to LSTb. We did not test if it can convert LSTa to DSLNT. In contrast, 

ST6GALNAC5 was effectively able to use LNT as an acceptor, although we did 

not confirm the formation of the LSTb structure. ST6GALNAC5 could not be 

considered in the support score calculation because it was only measured in cohort 

2; expression was greater than zero in 1 of 12 samples. 

Finally, we tested the affinities of plausible ST3GAL isoforms to sialylate 

LNT, LNnT or β1,3-GlcNAc (Table S 7). The multi-cohort analysis (Figure 16B) 

implicates ST3GAL1 as the best candidate for this reaction. The GLO assay 

indicated that ST3GAL1 has limited activity toward LNT but high activity toward 

Gal β1,3-GlcNAc suggesting ST3GAL1, in vitro, is more involved in non-HMO O-

type glycan biosynthesis. ST3GAL2 showed a similar but less substantial pattern. 

ST3GAL3 showed the strongest activity for sialylation both LNT and LNnT 

suggesting it could synthesize LSTa from LNT. ST3GAL6 shares a similar but 

lesser activity for LNT and LNnT.  
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We analyzed the original expression profiles to determine which genes 

were sufficiently expressed to actuate this activity. STGAL1, 3 and 5 were strongly 

expressed in nearly 100% of samples across both cohorts; ST3GAL2 and 4 show 

zero expression in 75% of samples in at least one cohort (Figure S 11). ST3GAL3 

was highly expressed and effective at catalyzing the L4 reaction for LNT and LNnT 

while ST3GAL1 was highly expressed and weakly catalyzed sialylation of LNT 

making ST3GAL3 the most likely candidate for L4 reaction on LNT and LNnT. 

 
Figure 18 - de novo promoter-enriched TF motifs and IPA predicted TFs using differential 
expression analyses with respect to 16 HMOs.  
(A) MEME identified TF motifs and 5 known TFs (ETV4, ETS1, EGR1, SP1, and ERG) 
associated with them (see Table S 8). MEME-discovered TFs were cross-referenced with 
known TF binding sites using TOMTOM. Logos for the matched known and discovered 
motifs are shown in the top and bottom of each subpanel; the p-value is a logo matching 
significance calculated by TOMTOM. (B) Subset of a biclustering of activation z-score 
computed by IPA indicating the likelihood that a TF activates (z>0) or inhibits (z<0) an HMO 
concentration signature (gene expression associated with changes in HMO concentration). 
The full biclustering can be found in the supplement (Figure S 21) 
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Table 3 - TF motif (MEME) and IPA upstream regulator integrated results  
Linkage Reaction 

Support 
Score 
Selected 
Candidate 

MEME 
TF Motif 
(P-value)*1 

JASPAR TF 
(P-value)*2 

IPA predicted 
TF*3 

L1:b3GnT B3GNT2 TF Motif–II 
(1.39e-12) 

SP1 (4.96e-05) Y 
EGR1 (2.17e-05) Y 

L2:a2FucT FUT2 TF Motif–III 
(3.63e-16) 

IKZF1 (7.62e-04) Y 

L3:a3FucT FUT11 TF Motif–II 
(1.00e-7) 

SP1 (4.96e-05) Y 
EGR1 (2.17e-05) Y 

L4:ST3Gal
T 

ST3GAL1 TF Motif–I   
(2.76e-11) 

ETV4 (1.24e-03) Y 
ETS1 (3.01e-04) Y 
ERG (3.50e-04) Y 

L7:b4GalT B4GALT4 TF Motif–II 
(7.67e-11) 

SP1 (4.96e-05) Y 
EGR1 (2.17e-05) Y 

L10: 
ST6GnT 

ST6GALNAC
2 

TF Motif–II 
(1.08e-7) 

SP1 (4.96e-05) Y 
EGR1 (2.17e-05) Y 

*1. The P-value (see Figure S 20) is the significance of the selected GT to the 
MEME identified TF motif. 
*2. The P-value (see Table S 8) is the significance of known TF associated with the 
MEME identified TF motif. 
*3. The IPA upstream regulator analyses were conducted on the three different sets 
of DEGs: 16 HMOs, 19 glycan motifs, and 4 differential motifs (see Methods for 
details). Based on the Z-score predicted by IPA using the gene expression data, 
we selected the significant TFs with IPA predicted activation score |Z value|>=3 in 
this study. Note, ‘Y’ denotes the known TF is presented in the indicated dataset 
(HMO (Figure 18, Figure S 21), Motif (Figure S 22), or differential motif (Figure 
S 23)) of the IPA predicted TF and ‘N’ means the TF doesn’t present in the dataset 
of IPA predicted TF. 
 

Selected glycosyltransferases share transcriptional regulators across 

independent predictions 

To explore the transcriptional regulation during lactation, we used two 

orthogonal approaches for transcription factor (TF) discovery. We used Ingenuity 

Pathway Analysis (IPA) to predict upstream regulatory factors based on differential 

expression associated with each HMO. IPA analyzed all genes differentially 
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expressed with HMO abundance, not only HMO glycogenes; these differential 

expression patterns formed HMO specific gene expression signatures. 

Additionally, we used MEME for de novo motif discovery in the promoter regions 

of HMO glycogenes and TOMTOM to map those discovered motifs to known TFs. 

We validated these predictions by examining transcriptional regulators selected by 

both MEME and IPA (Figure S 18, see Methods). 

IPA discovered 57 TFs significantly (|z|≥3; p < 0.001) associated with the 

16 HMO-specific gene expression signatures. We performed differential 

expression on HMO substructure abundance and substructure abundance 

ratios(Bao et al. 2019); IPA found 66 and 49 TFs significantly (|z|≥3; p < 0.001)) 

associated with HMO substructure and substructure ratio specific gene expression 

signatures. Using MEME, we identified three putative TF regulatory sites (TF 

motifs I, II and III) for 6 selected glycosyltransferases responsible for the HMO 

biosynthesis (Table 3 and Figure S 20). TOMTOM calculated that these putative 

binding sites were significantly associated with six known TFs (IKZF1, SP1, EGR1, 

ETS1, ETV4 and ERG) that were also predicted by IPA as regulators of gene 

signatures associated with HMO concentration (Figure 18, Figure S 21) or HMO 

glycan substructures abundance (Figure S 22). SP1, EGR1, ETS1, ETV4 and 

ERG are all predicted to positively influence expression associated with the 

biosynthetically related HMOs: 3’SL, 3’FL, LSTb and DSLNT; 3’SL and 3’FL share 

a common substrate (lactose) while LSTb is a likely precursor to DSLNT. The 

motif-level analysis showed opposing regulation between IKZF1: upregulating 

gene expression signatures associated with the 3’SL and LSTb substructure 
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abundance(Bao et al. 2019) (X34 and X62 respectively, see Figure S 24) and 

downregulating gene expression associated with GlcNAC-lactose, LNT and LNFPI 

substructure abundance (X18, X40 and X65 respectively, see Figure S 24), while 

EGR1, ERG and ETS1 have the opposite predicted impact (Figure S 22). The 

motif-level predictions are consistent with the HMO-level predictions of 

upregulation on 3’SL and LSTb while adding an additional point of contrast. While 

EGR1, ERG and ETS1 are predicted to increase production of sialylated HMOs, 

they may have the opposite impact on LNFPI. Thus, we detect signatures of 

multiple transcription factors that could coordinate the regulation of the genes we 

identified to contribute to HMO biosynthesis (see supplemental discussion). 

Discussion 

Through the integration of sample-matched quantitative oligosaccharide 

measurements and gene expression data using computational models of HMO 

biosynthesis, we resolved genes responsible for 10 elementary reactions in human 

mammary epithelial cells. A modeling-based strategy was essential since simple 

correlations failed to capture the simplest HMO-gene associations, given the 

complex interactions of glycosyltransferases through the HMO biosynthetic 

pathway. Because the pathway characterization is still incomplete, we built >44 

million candidate models that uniquely recapitulate glycoprofiling data in two 

independent cohorts. Candidate model flux, i.e. activity of each reaction, was 

predicted for each model and compared to sample-matched gene expression data. 

We used the consistency between gene expression and predicted flux across 
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cohorts in high-performing models to select genes for each fundamental reaction. 

Analysis of these models suggested glycosyltransferase genes, thus providing a 

clearer picture of the enzymes and regulators of HMO biosynthesis in mammary 

epithelial cells. The clarification of the pathways and enzymes involved in HMO 

biosynthesis will enable more studies including (1) unraveling health-

impacting(Ardythe L. Morrow et al. 2011; Autran et al. 2018; A. L. Morrow et al. 

2004; Z.-T. Yu, Nanda Nanthakumar, and Newburg 2016; Bode 2012, 2015; 

Edmond et al. 2006; Picciano 2001; Alderete et al. 2015; S. N. Uwaezuoke, Eneh, 

and Ndu 2017; S. Uwaezuoke et al. 2017; Moro et al. 2002; Costalos et al. 2008; 

Vos et al. 2006) HMO composition heterogeneity(Viverge et al. 1990; Thurl et al. 

1997; Azad et al. 2018; McGuire et al. 2017) between mothers and (2) transition 

from chemoenzymatic synthesis(Furuike et al. 2003; Fair, Hahm, and Seeberger 

2015; Yao et al. 2015; Prudden et al. 2017, 2014) to more biosimilar production of 

nutraceutical HMOs in vitro through metabolic engineering(Bode et al. 2016; Guan 

and Chen 2018; W.-H. Lee et al. 2012; Chin et al. 2015; Baumgärtner et al. 2013, 

2014) (see supplemental discussion).  

Of the three fucosylation reactions, two were determined using expression 

data alone while the third required additional insight from the flux-expression 

comparison or, support score. Consistent with studies in blood(Kudo et al. 1996; 

Koda et al. 1996; S. Nishihara et al. 1994) and milk(Kumazaki and Yoshida 1984; 

Viverge et al. 1990; Thurl et al. 1997) types, we selected FUT2 as the gene 

supporting the α1,2-fucosylation (L2:a2FucT) linkage reaction. FUT1 was ruled out 

due to non-expression (Table S 3, supplemental results). In the second 
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fucosylation reaction, FUT3, FUT4 and FUT11 all show significant support for α1,3-

fucosylation (L3:a3FucT) linkage formation. FUT11 is more commonly considered 

an N-glycan specific transferase(Mollicone et al. 2009) and therefore a less likely 

candidate. Both FUT3 and FUT4 prefer to fucosylate the inner GlcNAc of a type-I 

polylactosamine(Kaneko et al. 1999). FUT3 prefers neutral type-I polylactosamine 

while FUT4 also fucosylates the sialylated form(Shoko Nishihara et al. 1999; 

Niemelä et al. 1998); the charge preferences are inverted for type-II 

polylactosamine acceptors(Mondal et al. 2018). Prudden et. al. used FUT9 to 

perform this reaction, consistent with its ability to transfer α1,3 fucose to the distal 

GlcNAc of a neutral polylactosamine(Mollicone et al. 2009; Kaneko et al. 1999; 

Shoko Nishihara et al. 1999). The four HMO structures with α1,3-Fucose in the 

Summary Network (Figure 15) include 3’FL (neutral inner fucosylation), LNFPIII 

(neutral distal fucosylation), DFLNT2 (neutral inner fucosylation), and FDSLNH2 

(sialylated and neutral distal fucosylation). FUT9’s low expression was not 

confirmed by RNA-Seq (Table S 3, Supplemental Results), therefore, it may 

perform the distal fucosylation while the inner fucosylation is likely performed by 

either FUT3 or FUT4.  FUT3 was also chosen for the α1,4-fucosylatoin 

(L9:a4FucT) by default due to the non-expression of FUT5, confirmed by RNA-Seq 

(Table S 3, supplemental results). FUT3 adds an α1,4-fucose to the GlcNAc of a 

neutral type-I chain to form the Lewis-A or Lewis-B group and adds an α1,3-fucose 

to the GlcNAc of a type-II chain(Shoko Nishihara et al. 1999; Niemelä et al. 1998). 

Usage of FUT3 would provide a parsimonious explanation for the fucosylation of 
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both type-I and type-II HMOs like LNFPII (Fuc- α1,4-LNT (type-I)) and LNFPIII 

(Fuc- α1,3-LNnT (type-II)).  

One of two sialyltrasferases was clearly resolved with expression data 

alone, the other required additional examination. ST6GAL1 was chosen by default 

to support the α2,6-sialylation (L5:ST6GalT) reaction due to the non-expression of 

ST6GAL2 (Table S 3). ST6GAL1 sialylates Gal in HMOs(Prudden et al. 2017). For 

the second sialylation reaction, our flux-expression comparison selected 

ST6GALNAC2 and ST6GALNAC6 as the significant supporters of α2,6 sialylation 

(L10:ST6GnT). Through a kinetic assay, we confirmed that ST6GALNAC2, shown 

to accept core-1 O-glycans(Nobuyuki Kurosawa et al. 1996; N. Kurosawa et al. 

1994), fails to sialylate LNT. Though our kinetic assay shows that ST6GALNAC5, 

known to sialylate GM1b(Tetsuya Okajima et al. 1999), can sialylate LNT, it was 

not expressed in this context (Table S 3, supplemental results). ST6GALNAC3 

expression was not observed in microarrays but could not be ruled out due to RNA-

Seq expression (Table S 3, supplemental results); it sialylates the GalNAc of 

NeuAc-α2,3-Gal-β1,3-GalNAc-α1-O-Ser/Thr and NeuAc-α2,3-Gal-β1,3-GalNAc-

β1,4-Gal-β1,4-Glc-β1-Cer when the inner galactose is not sialylated (e.g. GD1a or 

GT1b)(T. Okajima et al. 2000; Sjoberg et al. 1996; Tsuchida et al. 2005; Y.-C. Lee 

et al. 1999) but has not been shown to transfer to a GlcNAc. The last ganglioside-

accepting family gene, ST6GALNAC6, has broader activity accepting several 

gangliosides (GM1b, GD1a, and GT1b)(T. Okajima et al. 2000) and sialylating the 

GlcNAc of LNT-ceramide(Tsuchida et al. 2003). Considering the broader activity, 

clear expression and computational selection, ST6GALNAC6 is the most likely 
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candidate, though ST6GALNAC3 should not be ruled out. In the third reaction, 

ST3GAL1 shows significant support for α2,3-sialylation (L4:ST3GalT) reaction 

while ST3GAL3 shows negligible consistency in the flux-expression comparison. 

Yet, in vitro, ST3GAL3 was most effective at sialylating both LNT and LNnT in 

kinetic assays while ST3GAL1 weakly sialylated LNT. ST3GAL4, which prefers 

type-II acceptors(Kitagawa and Paulson 1994; Kono et al. 1997; Blixt et al. 2008), 

was used to perform this reaction by Prudden et. al. but it was not expressed on 

the microarrays nor RNA-Seq. ST3GAL3 can accept type-I, type-II and type-III 

acceptors including LNT and prefer type-I acceptors(Weinstein, de Souza-e-Silva, 

and Paulson 1982; Kitagawa and Paulson 1994; Kono et al. 1997) while ST3GAL1 

accepts type-I, type-III and core-1 acceptors but not type-II(Gillespie, Kelm, and 

Paulson 1992; Kitagawa and Paulson 1994; Kono et al. 1997). The kinetic assays 

and previous literature show ST3GAL3 is more capable than ST3GAL1 at 

catalyzing this reaction, while ST3GAL1 expression was found to be the only 

plausible correlate to estimated flux through this reaction. If ST3GAL1 were 

responsible for this reaction, its inability to sialylate type-II HMO could partially 

explain the lack of sialylation and larger structures in the type-II HMO branch. Both 

ST3GAL1 and ST3GAL3 remain plausible candidate genes, and further in vivo 

studies are needed. Both galactosylation reactions required further examination of 

flux-expression relationships. We found B3GALT4 to significantly support the type-

I β -1,3-galactose addition (L6:b3GalT). B3GALT4 can transfer a galactose to 

GalNAc in the synthesis of GM1 from GM2(Miyazaki et al. 1997). Unlike B3GALT5, 

there is no evidence that B3GALT4 can transfer galactose to a GlcNAc(Amado et 
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al. 1998). B3GALT5, has been shown to be the only b3GalT able to transfer a β -

1,3-galactose to GlcNAc to form LNT(Isshiki et al. 1999). B3GALT5 expression 

measured for cohort 1 microarray was much lower than expression in cohort 2 and 

the independent RNA-seq(Lemay et al. 2013) suggesting that the probes in the 

first microarray may have failed (Table S 3, supplemental results). While both 

B3GALT4 and B3GALT5 seem plausible, given the historical failures of B3GALT4 

to perform this reaction and our likely failure to measure and evaluate B3GALT5, 

B3GALT5 may be the stronger candidate for this reaction. In the second 

galactosylation reaction, the flux-expression comparison found B4GAL4 and 

B3GALT3 most significantly supports the type-II definitive β-1,4-galactose addition 

(L7:b4GalT). These gene-products can synthesize LNnT-ceramide(Tilo 

Schwientek et al. 1998). Additionally, in the presence of α-lactalbumin (highly 

expressed during lactation), B4GALT4 shows an increased affinity for GlcNAc 

acceptors suggesting during lactation it is more likely to perform the L7 

reaction(Tilo Schwientek et al. 1998; T. Sato et al. 1998). B4GALT1 and B4GALT2 

synthesize lactose in the presence of α-lactalbumin during lactation(Brodbeck and 

Ebner 1966; Nakhasi and Quasba 1979), but B4GALT1 expression was not 

correlated with L7 flux and B4GALT2 was not expressed (Table S 3). We note that 

associations between B4GALT1 expression L7 flux may be masked due to its 

consistent high. Therefore, flux-expression correlation should not be used to 

exclude B4GALT1 as a candidate for the L7 reaction. Doing so, B4GALT4, 

B4GALT3 and possibly B3GALT1 remain the most plausible candidates.  
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Finally, both GlcNAc additions required flux-expression examinations. 

B3GNT2 showed significant support in the flux-expression comparison. In our 

kinetic assays, B3GNT2 demonstrated high activity towards lactose as an 

acceptor. Previously, B3GNT2 has performed the β-1,3-GlcNAc addition 

(L1:b3GnT) on multiple glycan types including several HMOs: lactose, LNnT, 

polylactosamine-LNnT(Shiraishi et al. 2001). The agreement of literature, kinetic 

assays and flux-expression analysis indicate B3GNT2 is an appropriate choice for 

this reaction.  In the second GlcNAc reaction, GCNT3 and GCNT1 most 

significantly support the branching β-1,6-GlcNAc addition (L8:b6GnT). While 

GCNT2B can effectively transfer the branching GlcNAc to the inner galactose of 

LNnT(Prudden et al. 2017; Chen, Kurosawa, and Muramatsu 2000), it was not 

expressed in the cohort microarrays or independent RNA-Seq. GCNT1 transfers a 

branching GlcNAc to the GalNAc of a core-1 O-glycan(Bierhuizen and Fukuda 

1992; T. Schwientek et al. 1999) while GCNT3 acts on core-1 and the Galactose 

of the LNT-like core-3 structure(Yeh, Ong, and Fukuda 1999; Tilo Schwientek et 

al. 1999). GCNT3 is also specifically expressed in mucus-producing tissues(Tilo 

Schwientek et al. 1999; Yeh, Ong, and Fukuda 1999) like lactating breast 

epithelium. Interestingly, GCNT3 acts on galactose of the GlcNAc-β1,3-Gal-β1,4-

Glc trisaccharide (predistally) while GCNT2 acts on the central galactose of the 

LNnT or LNT tetrasaccahride (centrally)(Chen, Kurosawa, and Muramatsu 2000). 

Therefore, reliance on GCNT3 for the branching reaction would explain the 

noncanonical branched tetrasaccharide (HMO8, Figure 15) suggesting a third 

major branch from GlcNAc- β1,6-lactose, distinct from LNT and LNnT. Predistal 
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addition of the branched GlcNAc may also explain the lack of branched type-II 

structures since B4GALT4 cannot act on branched core-4 structures(Ujita et al. 

2000). HMO biosynthesis with GCNT3 and B4GALT4 could explanation the type-I 

bias seen in the Summary Network (Figure 15).  

Conclusion 

This work uses HMO biosynthesis to further demonstrate that systems 

biology approaches can be used to integrate different omics data to predict gene-

reaction relations even in highly uncertain and underdetermined networks. Of the 

ten fundamental reactions we aimed to resolve and reduce (Table 2), we 

succeeded in narrowing the candidate substantially for each one. The newly 

reduced space of HMO biosynthetic pathways and knowledge of the enzymes and 

their regulation will enable mechanistic insights into the relationship of maternal 

genotype and infant development. Finally, once essential HMOs are identified, the 

knowledge presented here on the HMO biosynthetic network can provide insights 

for the industrial production of HMO as a nutraceutical to make these invaluable 

nutraceuticals promptly available to any child regardless of milk availability. 

Author contribution 

BK, AR, LB and NEL designed and performed the study and wrote the 

manuscript. ABB performed preliminary analysis. AR performed modeling 
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glycosyltransferases and kinetic assays. AR, BK, and NK performed literature 

surveys to determine appropriate candidate genes for each reaction. BK and BB 

performed motif-level analysis. BK and AWTC performed transcription factor 

analysis. 

Materials and Methods  

Milk sample Collection 

Samples were collected following Institutional Review Board approval 

(Baylor College of Medicine, Houston, TX). Lactating women 18-35 years of age 

with uncomplicated singleton pregnancy, vaginal delivery at term (>37 weeks), 

Body Mass Index <26 kg/m2 without diabetes, impaired glucose tolerance, anemia, 

or renal or hepatic dysfunction were given informed consent before sample 

collection. Description of the protocols used to collect milk samples and the 

diversity of subjects present in both datasets. Cohort 1 consists of 8 samples for 

each of the 6 subjects (48 samples total) including milk from 4 secretor mothers 

and 2 non-secretor mothers spanning from 6 hrs to 42 days postpartum. Sample 

collection was previously described(Mohammad, Hadsell, and Haymond 2012; 

Mohammad and Haymond 2013). Cohort 2 consists of 2 samples over each of the 

5 (10 samples total) including samples from 4 secretor mothers and 1 non-secretor 

mother spanning 1 to 2 days postpartum. Sample collection was previously 

described(Maningat et al. 2009).  
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Illumina mRNA microarrays & Glycoprofiling  

All expression and glycoprofiling measurements were sample-matched. 

Therefore, comparisons across data-types occurred within each individual sample 

described in the previous section. Not all samples in these studies have both 

microarray and glycoprofile measurements, only the samples described in the 

previous section have matched glycomics and transcriptomics data. 

mRNA was isolated from TRIzol-treated milk fat in each sample. 

Expression in cohort 1 was measured using HumanHT-12 v4 Expression Beadchip 

microarrays (Illumina, Inc.) with ~44k probes. Extraction of mRNA and 

measurement of  expression in milk samples was performed as previously 

described (Mohammad, Hadsell, and Haymond 2012; Mohammad and Haymond 

2013). Gene expression data for cohort 1 were retrieved from the Gene Expression 

Omnibus at accession: GSE36936. Cohort 2 gene expression data were measured 

using a Human Ref-8 BeadChip array (Illumina, Inc) with ~22k probes. Extraction 

of mRNA and related methods were previously described (Maningat et al. 2009). 

Expression data for cohort 1 can be accessed at accession: GSE12669. Both 

microarrays were background corrected. The cohort 1 microarray was normalized 

using cubic spline normalization and the cohort 2 microarray was normalized using 

the robust spline normalization. 

As previously described(Bode et al. 2012; Alderete et al. 2015), HMO 

composition and abundance data were collected using high-performance liquid 

chromatography (HPLC) with 2-aminobenzamide (CID: 6942) derivatization and a 
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raffinose (CID:439242) standard. 16 HMOs were measured using retention time 

and commercial standards including 2-fucosyllactose (2’FL), 3-fucosyllactose 

(3’FL), 3-sialyllactose (3’SL), lacto-N-tetraose (LNT), lacto-N-neotetraose (LNnT), 

lacto-N-fucopentaose (LNFP1, LNFP2 and LNFP3), sialyl-LNT (LSTb and LSTc), 

difucosyl-LNT (DFLNT), disialyllacto-N-tetraose (DSLNT), fucosyl-lacto-N-

hexaose (FLNH), difucosyl-lacto-N-hexaose (DFLNH), fucosyl-disialyl-lacto-N-

hexaose (FDSLNH) and disialyl-lacto-N-hexaose (DSLNH). Technicians were 

blinded to sample metadata. HMO composition and abundance measurement for 

cohort 1 were fully described in (Bao et al. 2019). Measurements for cohort 2 are 

previously unpublished and used the same methodology. 

Software 

Modeling of HMO biosynthesis was performed in Matlab 2016b using the 

CobraToolbox (Heirendt et al. 2019). All analysis of biosynthetic models, 

interpretation and statistics were performed in R v3.5 and v3.6. In R, we used 

bigmemory, bigalgebra and biganalytics to handle the millions of models and 

associated statistics (Kane et al. 2010). We used metap for pooling p-

values(Dewey 2016). 

Generation and scoring of glycosylation network models 

Here we attempt to determine the genes responsible for making HMOs 

through the construction and interrogation of models of their biosynthesis. Similar 

to the other biosynthetically constrained glycomic models like the milk 

metaglycome(Agravat et al. 2016), Cartoonist(Goldberg et al. 2005) and several 
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N-glycome simulations(Spahn et al. 2016a; Hossler, Mulukutla, and Hu 2007; 

Krambeck et al. 2009; McDonald et al. 2014), we began with a set of elementary 

reactions. Enumerating all feasible permutations of the elementary reaction 

(Figure 14A; S1.1.1), we delineated every possible reaction series from lactose to 

each of the 16 most abundant HMOs. Of the measured HMOs, 11 have fully 

determined molecular structures, while the remaining five have multiple candidate 

structures (Figure 12C, Figure S 17)(Kobata 2010; Bode 2015; Mantovani et al. 

2016; Ninonuevo et al. 2006; S. Wu et al. 2010, 2011). The set of all possible 

reactions leading to characterized and ambiguous structures formed the Complete 

Network (Figure 14B; Supplemental Methods S1.1.1). Though non-lysosomal 

glycosidase(Wiederschain and Newburg 2001; Kazuki Miura et al. 2016; Dudzik et 

al. 2008) reactions are not explicitly specified, they are implicitly encoded in the 

flux. To reduce the Complete Network to a more manageable size, we identified 

and removed all reactions that do not lead to observed oligosaccharides using Flux 

Variability Analysis (FVA; Supplemental Methods S1.2.4;(Orth, Thiele, and 

Palsson 2010; Mahadevan and Schilling 2003; Gudmundsson and Thiele 2010)). 

This trimming (Figure 14C; Supplemental Methods S1.1.2) defines the Reduced 

Network (Figure 14D; Supplemental Methods S1.1.2). The Reduced Network 

describes many candidate models that can uniquely simulate the HMO abundance 

collected through High-Performance Liquid Chromatography (HPLC). A mixed 

integer linear programing (Supplemental Methods S1.2.5;(Reed and Palsson 

2004; S. Lee et al. 2000)) approach was employed to extract candidate models 

from the Reduced Network capable of uniquely recapitulating the HPLC data with 
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minimal reactions (Figure 14E; Supplemental Methods S1.1.3). The reactions of 

each candidate model were parameterized to determine the necessary flow of 

material (flux) through each reaction to reproduce the measured oligosaccharide 

profiles (Figure 14F; Supplemental Methods S1.1.3; S). The models were ranked 

by the consistency between the predicted flux and the expression of genes 

believed to be associated with each reaction (Figure 14G; Supplemental Methods 

S1.1.4). This consistency is evaluated by the Spearman correlation of changes in 

flux and gene expression across subjects (Figure 14H; Supplemental Methods 

S1.1.4.1).  

Candidate Model Ranking, Model Selection and Selection Validation 

Model scores, indicating the consistency between flux and gene 

expression (S1.1.4.1), were used to rank candidate models (S1.1.4.2). The 

distribution of model scores computed from each dataset were approximately 

normal, as evidenced by their linear Q-Q plots. This permitted the construction of 

a background normal distribution of model scores (Figure S 26). We then selected 

high-performing models, those with z-score normalized model scores greater than 

1.646 (i.e., greater than the top 5% of scores from a normal distribution) for further 

study. Model selection was performed on scores computed independently for 

cohort 1 and cohort 2. Commonly high-performing models were those that perform 

well in both cohort 1 and cohort 2. Hypergeometric enrichment was used to confirm 

that the top cohort 1 and cohort 2 models significantly overlapped. (see 

Supplemental Methods S1.1.4.2) 
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Summary Network Extraction from the Reduced Network 

The Summary Network relates a heuristic selection of the most important 

reactions in the HMO biosynthesis network as measured by proportion of inclusion 

in the commonly high-performing models and enrichment in the commonly high-

performing models relative to the background. Paths drawn from observed HMOs 

to the root lactose were scored for their aggregate importance. The top 5% of paths 

leading to each observed HMO were retained to form the Summary Network 

(Supplemental Methods see S1.1.4.3). 

Ambiguous Gene Selection 

We aimed to match 10 elementary glycosyltransferase reactions to the 

supporting genes (Table 2). Candidate genes were filtered from the relevant gene 

families to exclude gene products well known to perform unrelated reactions (Table 

2). Candidate genes were first evaluated for expression in breast epithelium 

samples including microarrays in this study, independent RNA-Seq (GSE45669) 

(Lemay et al. 2013) and comparison to global expression distributions in 

GTEx(Carithers et al. 2015); genes unmeasured by microarray in at least 75% of 

microarray samples (3rd Quartile, Q3) within each cohort were excluded unless 

they were non-negligibly expressed in the independent RNA-Seq (TPMLemay>2 or 

TPMLemay>Median(TPMGTEx) (see supplemental results, Table S 3,  Figure S 12). 

We used the model score definition, which quantifies how well the genes 

explain a model, i.e., if the expression of the genes are best correlated to the 

normalized flux of the reaction (Figure S 16, S1.1.4) they are proposed to support. 
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We examined each gene contribution to the overall model score in three ways to 

determine a consensus support score for each gene-reaction association (see 

S1.1.5.2). 

The first metric we examined was the proportion (PROP) of commonly 

high-performing models best explained by an isoform relative to the proportion of 

background models that select that same isoform. The second metric was the 

average gene-linkage score (GLS) in high-performing models, i.e., the Spearman 

correlation between the normalized flux (Figure S 16, S1.1.4) and gene expression 

of corresponding candidate genes. The gene-linkage score is a continuous 

measure of the consistency between each gene with the flux it was proposed to 

support. Because it considers every gene, not just the most flux-consistent gene, 

it is helpful for judging performance when the most flux-consistent gene is more 

ambiguous. The third metric was the model-score contribution (MSC). MSC 

quantifies the Pearson correlation between the gene-linkage score, the gene 

expression consistency with the normalized flux, and the overall model score (i.e., 

the average correlation of all most-flux-consistent genes). The model score 

indicates the frequency with which a gene is the most flux-consistent gene 

normalized by its contribution relative to the other most flux-consistent genes in 

that model.  

An aggregate reaction support score was constructed to describe 

performance within each individual score (PROP, GLS, and MSC) and consistency 

across cohorts. To measure significance, the gene-linkage score matrix (i.e., 
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Spearman correlation between each candidate gene and the corresponding 

normalized flux for each model) was shuffled (n=27) and all analyses rerun on 

each shuffle to generate a permuted background distribution for PROP, GLS and 

MSC; shuffling of the GLS matrix was done using a perfect minimal hash to remap 

all entries back to the GLS matrix in a random order(Fredman, Komlós, and 

Szemerédi 1984). Performance within each independent cohort was described as 

the sum of z-scores for each of three measures; z-score was calculated relative to 

the mean and standard deviations of these scores in the permutation results. 

Consistency across cohorts was determined by pooling p-values using the Fisher’s 

log-sum method (Dewey 2016; E. and W. 1925). The score presented in Figure 

16B is the -log10(FDR(cohort-pooled-p).  

In vitro glycosyltransferase activity assays 

Recombinant forms of the respective glycosyltransferases were expressed 

and purified as previously described(Moremen et al. 2018). Enzyme activity was 

determined using the UDP-GloTM or UMP/CMP-GloTM Glycosyltransferase Assay 

(Promega) that determined UDP/CMP concentration formed as a by-product of the 

glycosyltransferase reaction. Assays were performed according to the 

manufacturer’s instructions using reactions (10 µL) that consisted of a universal 

buffer containing 100 mM each of MES, MOPS, and TRIS, pH 7.0, donor (1 mM 

UDP-GlcNAc (Promega) for B3GNT2; 1 mM UDP-Gal (Promega) for B3GALT2; 

0.2 mM CMP-SA (Nacalai USA Inc.) for ST3GAL1-6, ST6GALNAC2, and 

ST6GALNAC5), 1 mM acceptor (lactose (Sigma) and lacto-N-neotetraose (LNnT) 
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(Carbosynth) for B3GNT2; lacto-N-tetraose (LNT, Bode lab) and pentasaccharide 

(GlcNAc-b1,3-Gal-b1,4-GlcNAc-b1,3-Gal- b1,4-Glc, Boons lab, University of 

Georgia) for B3GALT2; LNnT, LNT, and Gal-ꞵ1,3-GalNAc (Carbosynth) for 

ST3GAL1-6; LNT for ST6GALNAC2 and ST6GALNAC5. The B3GNT2 and 

B3GALT2 assays also contained 1 mg/ml BSA and 5 mM MnCl2. Assays were 

carried out for 1 h (B3GNT2, B3GALT2, ST6GALNAC2, and ST6GALNAC5) or 30 

min (ST3GAL1-6) at 37 °C. Reactions (5 μL) were stopped by mixing with an equal 

volume of Detection Reagent (5 μL) in white polystyrene, low-volume, 384-well 

assay plates (Corning) and incubated for 60 min at room temperature. After 

incubation, luminescence measurements were performed using a GloMax Multi 

Detection System plate reader (Promega). The average luminescence was 

subtracted from the average luminescence of respective blank to correct for 

background. Background and reaction measurements were performed in triplicate. 

Differential expression (DE) analysis 

The differential expression analysis was conducted on three different 

datasets: 1) 16 different HMOs (2’FL, 3’SL, 3’FL, FLNH, LNT, LNnT, LSTb, LNFP-

III, LNFP-II, LNFP-I, DFLNT, LSTc, DSLNT, FDSLNH, DSLNH, DFLNH), 2) 19 

glycan motifs (X18, X32, X34, X35, X37, X40, X62, X63, X64, X65, X66, X94, 

X106, X113, X120, X127, X141, X142, X143, see Figure S 24), and 3) 4 differential 

motifs for the difference ("conversion rate") between related motifs (X65-X40, 

X106-X62, X63-X37, X62-X40, see Figure S 24). Substructure abundance for 

glycan motifs and conversion ratios were computed using Glycompare v1 (Bao et 
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al. 2019). The gene expression data were downloaded from the Gene Expression 

Omnibus (Edgar, Domrachev, and Lash 2002) (GSE36936). Specifically, for each 

HMO, motif or differential motif, we used concentration (e.g., HMO–3'FL) as the 

predictor for gene expression in the differential expression analysis (e.g., “gene 

expression ~ [3’FL]”). The differential expression analysis was performed by fitting 

linear models using empirical Bayes method as implemented in the limma v3.40.6 

in R v3.6.1 package (Smyth, Thorne, and Wettenhall 2004) and p-values were 

adjusted for multiple testing using Benjamini-Hochberg (BH) method(Benjamini 

and Hochberg 1995). In this way, we determined gene-expression signatures 

indicative of each HMO and motif abundance. 

Ingenuity Pathways Analysis (IPA) upstream regulator 

Differential expression signatures indicative of differential abundance in 16 

HMOs, 19 motifs and 4 differential motifs were analyzed to predict upstream 

regulators using Ingenuity Pathway Analysis (IPA, QIAGEN Inc.). Gene expression 

signatures indicative of HMO and motif abundance were defined as genes 

differentially expressed with abundance in the previous limma analysis(FDR 

q<0.05 and |Fold Change|>1.5). 

de novo TF binding site motifs discovery and known TF binding site 

identification 

We downloaded promoter sequences (file: “upstream1000.fa.gz”; version: 

GRCH38) from UCSC Genome Browser public database 
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(https://genome.ucsc.edu/) for the O-glycosyltransferase genes used in this study 

(Table S 3). These promoter sequences included 1,000 bases upstream of 

annotated transcription starts of RefSeq genes with annotated 5' UTRs. To 

conduct de novo TF binding site motifs discovery, we first applied the motif 

discovery program MEME (Bailey and Elkan 1995) to identify candidate TF binding 

site motifs on the downloaded promoter sequences with default parameters. The 

10 TF binding site motifs found by MEME were analyzed further for matches to 

known TF binding sites for mammalian transcription factors in the motif databases, 

JASPAR Vertebrates (Fornes et al. 2020), via motif comparison tool, TOMTOM 

(Gupta et al. 2007). The resulting discovered TF binding site motifs and their 

significantly associated known TF binding sites (Table S 8) for mammalian 

transcription factors were used further to compare with the IPA predicted upstream 

regulators.  
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CHAPTER 4 CORRECTING FOR SPARSITY AND INTERDEPENDENT 

IN GLYCOMIC DATA BY AUTOMATICALLY ENCODING THE ABUNDANCE 

AND STRUCTURAL FEATURES USING SUBSTRUCTURE NETWORK 
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Glycans are fundamental cellular building blocks, involved in many 

organismal functions. Advances in glycomics are elucidating essential roles of 

glycans, but it remains challenging to properly analyze large glycomics datasets, 

since the abundance of each glycan is dependent on many other glycans (sharing 

many intermediate biosynthetic steps) and the overlap of measured glycans can 

be low across samples. We address these challenges with GlyCompare, a 

glycomic data analysis approach that accounts for shared biosynthetic steps for all 

measured glycans to correct for sparsity and non-independence in glycomics. 

Specifically, quantities of measured glycans are propagated to intermediate glycan 

substructures, which enables direct comparison of different glycoprofiles and 

increases statistical power. Using GlyCompare, we studied diverse N-glycan 

profiles from glycoengineered erythropoietin. We obtained biologically meaningful 

clustering of mutant cell glycoprofiles and identified knockout-specific effects of 

fucosyltransferase mutants on tetra-antennary structures. We further analyzed 

human milk oligosaccharide profiles and found that the mother’s 

fucosyltransferase-dependent secretor-status indirectly impacts sialylation. Our 

substructure-oriented approach will enable researchers to take full advantage of 

the growing power and size of glycomics data. 
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Introduction 

Glycosylation is a highly abundant and complex post-translational 

modification, decorating between one-fifth and one-half of eukaryotic 

proteins(Khoury, Baliban, and Floudas 2011; Apweiler, Hermjakob, and Sharon 

1999). These diverse carbohydrates account for 12-25% of dry cell mass and have 

important functional and pathological roles(RodrÍguez, Schetters, and van Kooyk 

2018; Gutierrez et al. 2018). Despite their importance, glycans have complex 

structures that are difficult to study. The complex structures of glycans arise from 

a non-template driven synthesis through a biosynthetic network involving dozens 

of enzymes. A simple change of a single intermediate glycan or 

glycosyltransferase will have cascading impacts on the final glycans 

obtained(Gabius et al. 2002; Spahn and Lewis 2014). Unfortunately, current data 

analysis approaches for glycoprofiling and glycomic data lack the necessary 

systems perspective to easily decode the interdependence of glycans(Reiding et 

al. 2014, 2019; Doherty et al. 2018; Wohlschlager et al. 2018; Black et al. 2019; 

Ashwood et al. 2019). It is important to understand the network behind the 

glycoprofiles so that we can better understand the behavior of the process. 

    New tools aiding in the acquisition and aggregation of glycoprofiles are 

emerging, making large-scale comparisons of glycoprofiles possible. Advances in 

mass spectrometry now enable the rapid generation of many glycoprofiles with 

detailed glycan composition and structure predictions(Reiding et al. 2014; 

Ashwood et al. 2019; Black et al. 2019; Wohlschlager et al. 2018; Maxwell et al. 
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2012; Hou et al. 2016; Kremkow and Lee 2018; Krambeck et al. 2017; Holst et al. 

2017; Reiding et al. 2019; Angel et al. 2018), exposing the complex and 

heterogeneous glycosylation patterns on lipids and proteins(Cummings 2009; 

Reiding et al. 2019; Black et al. 2019; Holst et al. 2016; Doherty et al. 2018; Čaval 

et al. 2018; Riley et al. 2019). Large glycoprofile datasets and supporting 

databases are also emerging, including GlyTouCan(K. Aoki-Kinoshita et al. 2016), 

UnicarbDB(Campbell, Nguyen-Khuong, et al. 2014), GlyGen(York et al. 2019) and 

UniCarbKB(Campbell, Peterson, et al. 2014). 

    These technologies and databases facilitate efforts to associate glycans 

with disease and other phenotypes. However, the rapid and accurate comparison 

of glycoprofiles can be challenging with the size, sparsity and heterogeneity of 

such datasets(Reiding et al. 2019; Black et al. 2019; Holst et al. 2016; Doherty et 

al. 2018; Čaval et al. 2018; Riley et al. 2019; Z. Yang et al. 2015). A glycoprofile 

provides information of glycan structure and abundance, and each glycan is 

usually treated as an independent entity. Furthermore, in any one glycoprofile, only 

a small percentage of all possible glycans may be detected(Reiding et al. 2019; 

Black et al. 2019; Holst et al. 2016; Doherty et al. 2018; Z. Yang et al. 2015). Thus, 

if there is a major perturbation to glycosylation in a dataset, only a few glycans, if 

any, may overlap between samples. However, these non-overlapping glycans may 

only differ in their synthesis by as few as one enzymatic step. Thus, it requires 

deliberate manual coding to make them comparable(Reiding et al. 2014, 2019; 

Doherty et al. 2018; Wohlschlager et al. 2018; Black et al. 2019; Ashwood et al. 

2019; Holst et al. 2016; Z. Yang et al. 2015). These properties of glycomics data 
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may not be problematic if one wants to study an individual glycan and its 

downstream impacts on another biological process. However, if one wants to study 

any question involving the source of changes in glycan abundance, the fact that 

the glycans share substantial portions of their biosynthetic pathways with each 

other is a major problem(Benedetti et al. 2017; Doherty et al. 2018; Reiding et al. 

2019; Z. Yang et al. 2015). That is because statistical methods that assume 

independence (e.g., t-tests, ANOVA, etc), and thus their application to glycomics 

can lead to decreased statistical power or erroneous results. Here we address 

these challenges by proposing glycan substructures, or intermediates, as the 

appropriate functional units for meaningful glycoprofile comparisons, since each 

substructure can capture one step in the complex process of glycan synthesis. 

Thus, using substructures for comparison, we account for the shared 

dependencies across glycans.  

    Previous work has investigated the similarity across glycans using 

glycan motifs, such as, using glycan fingerprinting to describe glycan diversity in 

databases(Rademacher and Paulson 2012), align glycan structures(Hosoda et al. 

2018), identify glycan epitopes in glycoprofiles(Alocci et al. 2018), deconvolve LC-

MS data to clarify glycan abundance(Klein, Carvalho, and Zaia 2018), or compare 

glycans in glycoprofiles leveraging simple structures(S. Sharapov et al. 2018). 

These tools use information on glycan composition or epitopes; however, further 

accounting for shared biosynthetic steps across glycans could provide complete 

biosynthetic context to all glycan epitopes. That context includes connecting all 

glycans to the enzymes involved in their synthesis, the order of the enzyme 
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reactions, and information on competition for glycan substrates. Thus, a 

generalized substructure approach could facilitate the study of large numbers of 

glycoprofiles by connecting them to the shared mechanisms involved in making 

each glycan.  

    Here we present GlyCompare, a method enabling the rapid and scalable 

analysis and comparison of multiple glycoprofiles, while accounting for the 

biosynthetic similarities of each glycan. This approach addresses current 

challenges in sparsity and hidden interdependence across glycomic samples and 

will facilitate the discovery of mechanisms underlying the changes among 

glycoprofiles. We demonstrate the functionality and performance of this approach 

with both protein-conjugated and unconjugated glycomic analysis, using 

recombinant erythropoietin (EPO) N-glycosylation and human milk 

oligosaccharides (HMOs). Specifically, we analyzed sixteen MALDI-TOF 

glycoprofiles of EPO, where each EPO glycoprofile was produced in a different 

glycoengineered CHO cell line(Z. Yang et al. 2015; Čaval et al. 2018). We also 

analyzed forty-eight HPLC glycoprofiles of HMO from six mothers(Mohammad, 

Hadsell, and Haymond 2012; Autran et al. 2018). By analyzing these glycoprofiles 

with GlyCompare, we quantify the abundance of important substructures, cluster 

the glycoprofiles of mutant cell lines, connect genotypes to unexpected changes 

in glycoprofiles, and associate a phenotype of interest with substructure 

abundance and flux. We further demonstrate that such analyses gain statistical 

power since GlyCompare elucidates and uses shared intermediates. The analysis 

of the EPO and HMO datasets demonstrate that our novel framework presents a 
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convenient and automated approach to elucidate novel insights into complex 

patterns in glycobiology. 

Results 

Strikingly different glycoprofiles from small genetic changes can be 

compared with GlyCompare  

Due to the sparsity and interdependence of glycans in each glycoprofile, 

comparing different glycoprofiles can be challenging(Ashwood et al. 2019). We 

first show this briefly with a panel of diverse erythropoietin (EPO) glycoforms, each 

produced in different glycoengineered CHO cell lines. EPO produced in the wild 

type (WT) and two double glycosyltransferase knockout (Mgat4a/4b and 

St3gal3/6) CHO cell lines have very different glycoprofiles that do not share many 

detected glycans (Figure 19a). Efforts to identify primary and off-target effects of 

genetic modifications have limited success if relying only on overlapping glycans 

or on the presence/absence of a set of glycoforms. This would drastically limit their 

analytic power due to the sparsity of comparable consensus glycans (Figure 19c). 

The problem is that even glycans differing in only one single monosaccharide will 

be treated as two completely different glycans under conventional glycoprofile 

analysis methods8. In the end, the glycan abundance cannot be compared directly. 

This limited overlap between samples gets worse in analyzing large glycomics 

datasets (Figure 21a). These challenges prompted us to develop GlyCompare, a 

substructure-based approach to glycan analysis. Glycoprofiles of interest are first 
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decomposed into a substructure network, which encodes the shared biosynthetic 

pathways and thus interdependence among glycans. Then, the substructure 

abundances are aggregated from all glycans to account for activities at each 

enzymatic step (Figure 19b). In essence, this shifts the focus of glycoprofile 

analysis from examining the increase/decrease of independent glycans to 

examining the increase/decrease of a series of glycan substructures (Figure 19c). 

This provides insightful information on the similar synthetic process and allows us 

to mitigate major statistical challenges of working with the glycan-based 

glycoprofiles.  

GlyCompare decomposes glycoprofiles to facilitate comparison 

Glycoprofiles can be decomposed into abundances of glycan intermediate 

substructures. The resulting substructure profile has richer information than whole 

glycan profiles and enables more precise comparison across conditions. Since 

glycan biosynthesis involves long, redundant pathways, the pathways can be 

collapsed to obtain a subset of substructures while preserving the information of 

all glycans in the dataset. We call this minimal set of substructures “glyco-motifs.” 

The GlyCompare workflow consists of several steps wherein glycoprofiles are 

annotated and decomposed, glyco-motifs are prioritized, and each glyco-motif is 

quantified for subsequent comparisons. The specific workflow is described as 

follows.  
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Figure 19 -  The GlyCompare platform improves glycomics data analysis and interpretation 
by using glycan biosynthetic network data to account for glycan interdependence.  
a, Three example glycoprofiles (WT, Mgat4a/4b knockout, and St3gal4/6 knockout profiles) 
with annotated glycans and experimentally measured glycan abundances, show low 
overlap despite differing in only a few gene knockouts. b, The low overlap can be rescued 
by propagating glycan abundances through the glycan biosynthetic network and then the 
glycoprofile is transformed into glyco-motif vectors. The representative substructure is 
generated to represent core glycan substructures of glycoprofiles (see Methods). c, Venn 
diagrams show poor overlap of glycans across samples (upper), which is rescued when 
instead using GlyCompare to analyze glyco-motif substructures (bottom).  
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Figure 20 - Glycoprofiles are transformed to glyco-motif profiles using GlyCompare 
A glycoprofile with structure and relative abundance annotation is obtained. The glycans 
are decomposed to a substructure set S and the presence/absence of each substructure 
is recorded. Presence/absence vectors are weighted by the glycan abundance, and are 
summed into a substructure vector p. c, Seven example glycoprofiles are transformed to 
substructure vectors as a and b. d, a substructure network is constructed to identify the 
non-redundant glyco-motifs that change in abundance from their precursor substructures. 
e, The glycoprofiles can then be compared by their glyco-motif vectors to generate more 
meaningful clusters. Both glycoprofiles and substructures can be clustered for similarity 
analysis. f, Core structure information can be extracted from a substructure cluster. For 
example, four substructures with different relative abundance were aligned together and 
the monosaccharides with weight over 51% were preserved. 
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First, to characterize one glycoprofile with substructures, all substructures 

in one glycoprofile are identified and occurrence per glycan is quantified (Figure 

20a-b). For each glycoprofile, the abundance of each substructure is calculated by 

summing the abundance of all glycans containing the substructure. This results in 

a substructure profile, which stores abundances for all glycan substructures 

(Figure 20b) in given glycoprofile. The summation over similar structures asserts 

that they follow the same synthetic paths, which is appropriate for glycosylation 

wherein synthesis is hierarchical and acyclic 6. Therefore, a substructure 

abundance is not simply a sum over similar structures, but mirrors the activity of 

the enzymes through biosynthetic pathways. 

    Second, to identify the most informative substructures (i.e., glyco-motifs), 

substructures are prioritized using the substructure network. The substructure 

network is built by connecting all substructures with biosynthetic steps (Figure 20d 

and Figure 21c). Starting from the core structure, each level of the network 

represents another biosynthetic step, with one more monosaccharide than the 

previous level. The edges in the network represent enzymatic additions of each 

monosaccharide, which can be annotated with known reactions (Figure S 28). 

These edges are weighted by the correlation between the abundances of each 

substrate and its product substructures across all samples. Redundant 

substructures are identified when parent-child substructure abundances are 

perfectly matched (Figure 20d). Substructure network reduction proceeds by 

collapsing links with redundant substructures (connected with a solid arrow in 
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Figure 20d) and only retaining the child substructure. The remaining substructures 

are called glyco-motifs (selected-substructures); they completely describe the 

variance at the substructure level. The abundances of all glyco-motifs are then 

represented as a glyco-motif profile, the minimal subset of meaningful substructure 

abundances representing glycoprofiles (Figure 20e). 

    For larger datasets, it is necessary to summarize the structure difference 

and abundance changes by clustering glyco-motifs (Figure S 30). After clustering 

glyco-motifs, common structural features in each cluster are calculated using the 

average weight of each monosaccharide (Figure 20f). Monosaccharides with a 

weight larger than 51% are preserved, which illustrates the predominant structure 

in the cluster. This allows one to quickly evaluate the distinguishing structure 

features that vary across samples in any given dataset.  

    The workflow described here will connect all glycoprofiles in a data set 

through their shared intermediate substructures, thus allowing robust analysis of 

the differences across glycomics samples and the evaluation of the associated 

genetic bases.  

 

GlyCompare accurately clusters glycoengineered EPO samples 

We first apply GlyCompare on the dataset that consists of sixteen 

glycoprofiles coming from a panel of different Erythropoietin (EPO) glycoforms, 

each produced in different glycoengineered CHO cell lines. Clustering raw 
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glycoprofiles did not adequately recapitulate the severity of glycosylation 

disruption, wherein many neighboring samples were not the most genetically 

similar mutants (Figure 21a and Figure S 27). This inconsistency and poor 

clustering stems from the inherent sparseness of glycoprofiles, i.e., each 

glycoprofile only has a few observed glycans (Figure 21d) and most glycans 

appear only in a few glycoprofiles (Figure 21e-f). Thus, the matrix of glycan 

abundances is sparse and incompatible with standard clustering methods. Since 

glycan composition is not utilized, the clustering is heavily affected by the 

categorical presence or absence of a glycan, rather than structural similarity.  

    GlyCompare addresses these problems by exposing hidden similarities 

between glycans after decomposing glycoprofiles to their composite substructures. 

The sixteen glycoprofiles with 52 glycans in total were decomposed into their 

constituent glycan substructures, resulting in a substructure network with 613 

glycan substructures (Figure S 33). Furthermore, the known enzymatic rules are 

annotated to the edges and the network is collapsed to include 151 glyco-motifs 

(Figure 21c). By encoding the structure information, the glyco-motifs provide richer 

information than using solely glycans. The glyco-motif clustering clearly 

distinguished the samples based on the structural patterns and separated profiles 

into groups more consistently than the raw glycan-based clusters (Figure 21b and 

Figure S 31). 

    The sixteen glycoprofiles clustered into three groups with a few severely 

modified outliers (Figure 21b), and the 151 glyco-motifs clustered into thirty-five 
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groups, each summarized by representative substructures Rep1 – Rep35 (Figure 

22a and Figure S 30). The clusters of glycoprofiles are consistent with the genetic 

similarities among the host cells. Specifically, the major substructure patterns 

cluster individual samples into four categories: ‘wild-type (WT)-like’, ‘mild’, 

‘medium’ and ‘severe’. The WT-like category contains one group, WT and 

B4galt1/2/3/4 knockouts, which contains most of the substructures seen in WT 

cells. The mild group includes the Mgat4b/4a, Mgat4b, and Mgat5 knockouts, 

where each lose the tetra-antennary structure, and a St3gal4/6 knockout, which 

loses the terminal sialylation. The medium category is a group that contains 

knockouts of St3gal4/6 and Mgat4a/4b/5, knockouts of Mgat4a/4b/5 and B3gnt2, 

knockouts of Mgat4a/4a/5 with a knock-in of human ST6GAL1, and knockouts of 

Mgat4a/4b/5 and St3gal4/6. The medium disruption category lost the tri-antennary 

structure. The ‘severe’ category includes three individual glycoprofiles with 

knockouts for Fut8, Mgat2, and Mgat1, each of which generate many glycans not 

detected in the WT-like, mild or medium categories. While some glyco-motif 

clusters can be seen in the glycoprofile clusters, there are important differences, 

and the glyco-motif clusters provide more information and improved cluster stability 

(Figure S 31, Figure S 34). These results demonstrate that standard methods are 

unfit to cluster glycan abundance from glycomics data in genetically diverse 

datasets; however, computing glyco-motif abundance accounts for structural 

similarity of glycans between different glycoprofiles and allows one to reliably use 

standard clustering techniques. 
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Figure 21 - Substructure based profile comparison solves the glycan non-independence 
and sparsity challenges, enabling the use of standard clustering on large glycomics 
datasets. 
a, Clustering of unprocessed glycoprofiles. Sixteen glycoprofiles from glycoengineered 
recombinant EPO were clustered based solely on their raw glycan abundances. b, 
Clustering of glyco-motif profiles. The glyco-motif profiles, constructed using GlyCompare, 
were clustered based on the 151 glyco-motifs (see Methods). There are four different 
phenotypic glycoprofiles (based on the glycoengineered glycosylation changes relative to 
wild type): WT-like (yellow), Mild (orange), Medium (red), and Severe (brown). The clusters 
of glycoprofiles and glycan substructures are defined by distance threshold=0.5. c, The 
pan-network (516 intermediate substructures) that describes the synthesis of all glycans 
measured on the 16 glycoengineered recombinant EPO N-glycoprofiles. The glyco-motifs 
are the minimal set of 151 substructures selected by GlyCompare for further multi-
glycoprofile comparison. The edges are colored with enzyme family. d, The coverage of 
the entire glycan synthetic pathway for 16 glycoprofiles using different structure types: 
glycan, substructure, and the selected substructure. e, Proportion of samples containing a 
glycan, substructure, or glyco-motif in the 16 samples, and f, the associated probability 
distribution.  
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Figure 22 - Analysis of glycan abundance changes using representative substructures.  
a, The heatmap of normalized glycan abundance for the thirty-five substructure clusters 
from Figure 21b. The substructures are sorted based on the glycan structure complexity, 
followed by the number of branches, the degree of galactosylation, sialylation, and 
fucosylation. While comparing to WT, the weighted average abundance of each cluster is 
calculated then z-score standardized by each column. The color denotes the change of 
glycan abundance for the comparison of KO vs. WT of the indicated substructure. b, The 
differential substructure representative network for the comparison between the St3gal4/6 
knockout profile and the WT profile. The z-score rescaled substructure clusters’ abundance 
in a are visualized with a simplified network. The color is defined the same as in a for the 
fold change of glycan abundance. c, Differential enzyme activities of α-2,3-sialytransferase 
(a3SiaT) and β-1,3-N-acetylglucosaminyltransferase (iGNT) for the knockout profiles 
(St3gal4/6 and Fut8) and wild type profile in terms of network edge ratio.  
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GlyCompare summarizes structural changes across glycoprofiles  

GlyCompare helps to more robustly group samples by accounting for the 

biosynthetic and structural similarities of glycans. Further analysis of the 

representative structures provides detailed insights into which structural features 

vary the most across samples. To accomplish this, we rescaled the representative 

structure abundances and identified significant changes between mutant cells and 

WT (Figure 22a). Analysis of the representative substructure network provides a 

clearer interpretation of the changes in the St3gal4/6 KO (Figure 22b) and the 

Fut8 KO profiles (Figure S 32). This highlights the specific structural features of 

glycans that are impacted when glycoengineering recombinant EPO. 

    In depth analysis showed, as expected, in the Mgat1 knockout 

glycoprofile, only high mannose N-glycans are seen. Also, in the Mgat2 knockout, 

the glycan substructure of bi-antennary on one mannose linkage significantly 

increases, and the unique structure of bi-antennary LacNac elongated in the N-

glycans emerges in the St3gal4/6 and Mgat4a/4b/5 knockouts. In the St3gal4/6 

knockout profile, the abundance of structures with sialylation are zero, while the 

tetra-antennary and triantennary poly-LacNAc elongated N-glycan substructure 

without sialylation significantly increased (Rep24-25: p= 1.3 × 10−3, Rep31-32: 

p=2.3 × 10−4) (Figure 22a-b). Along with expected changes in α-1,6 fucosylation 

in the Fut8 knockout glycoprofile, we also observed an increase in the tetra-

antennary poly-LacNac elongated N-glycan without fucose, which has not been 

previously reported (One-sided one-sample wilcoxon test, Rep28: p=2.7 × 10−4, 
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Rep34: p=2.0 × 10−4) (Figure 22a). Both the St3gal4/6 and Fut8 knockout profiles 

have increased tri/tetra-antennary poly-LacNac elongated substructure (Rep24, 

Rep31). It is related to the increased conversion ratio of iGNT (Figure 22c and 

Figure S 32). Finally, the Mgat4b, Mgat4a/4b and Mgat5 knockouts lose all core 

tetra-antennary substructures (Rep30-35: unscaled abundance=0) (Figure 22a). 

While triantennary substructures with GlcNac elongation increased significantly for 

Mgat4b (Rep13-14: p=2.6 × 10−3, Rep26-27: p=2.5 × 10−4), the poly-LacNac 

elongation structure disappeared. Interestingly, while both the Mgat4b and Mgat5 

knockouts do not have the tri-antennary poly-LacNac elongated N-glycan, the 

Mgat4a/4b mutant keeps a highly abundant poly-LacNac branch (Rep28-29: p= 

2.4 × 10−4). Thus, by using GlyCompare, we identified the specific glycan features 

that are impacted not only in individual glycoengineered cell lines, but also features 

shared by groups of related cell lines. 

GlyCompare reveals off-target changes in substructures invisible at the 

whole-glycan level 

Many secreted and measured glycans are also precursors, or 

substructures, of larger glycans (Figure 23a). Thus, the secreted and observed 

abundance of one glycan may not equal the total amount synthesized. 

GlyCompare quantifies the total abundance of a glycan by combining the glycan 

abundance with the abundance of its products. To demonstrate this capability of 

GlyCompare, we analyzed HMO abundance, to test if maternal genetics underlying 

the secretor status has unexpected off-target effects on other HMO features. We 
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obtained forty-seven HMO glycoprofiles from 6 mothers (1, 2, 3, 4, 7, 14, 28 and 

42 days postpartum (DPP)), 4 “secretor” mothers with functioning FUT2 (α-1,2 

fucosyltransferase), and 2 “non-secretor” mothers with non-functional FUT2. With 

GlyCompare addressing the non-independence of HMOs, we could use powerful 

statistical methods to study trends in HMO synthesis. Specifically, we used 

regression models to predict secretor status and DPP from substructure 

abundance. 

    We first checked both the glycan-level and substructure-level clustering 

of the glycoprofile. Samples with same secretor status and days postpartum (DPP) 

were successfully grouped (Figure S 34). Further examination of the glyco-motif 

abundance (i.e., the total amount of substructure synthesized) revealed 

phenotype-related trends invisible at the level of the whole glycan profile. One 

observation of interest was that secretor status, defined by glycan fucosylation, 

has a significant impact also on sialylation of a-fucosylated HMOs over time. 

Specifically, the a-fucosylated LSTb substructure (X62) increased in secretor 

mothers (Wald p = 2 × 10−16) and decreased in non-secretor mothers over time 

(Wald p < 2 × 10−16; Figure 23b). Yet, the same trend was weak or inconsistent 

for all glycans containing the X62 substructure: LSTb, DSLNT and DSLNH (Figure 

21b-e). LSTb weakly shows a similar trend to X62. LSTb decreases over time in 

non-secretors (Wald p = 6.53 × 10−4) but the time-dependent increase in secretors 

is barely significant (Wald p = 0.046) and the effect size is small (marginal R2 = 

0.088). Unlike X62, DSLNT shows no significant increase over time (Coef=-0.39, 
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Wald p = 0.17) in secretor mothers. Finally, unlike the decrease over time seen in 

non-secretors in X62, DSLNH shows a significant increase over time in non-

secretors (Wald p = 2.91x10-8). The secretor-specific trends in total LSTb are only 

clearly visible by examining the X62 substructure abundance (Figure 23c). Thus, 

while secretor status is expected to impact HMO fucosylation, GlyCompare reveals 

associations with non-fucosylated substructures. Viewing substructure abundance 

as total substructure synthesized provides a new fundamental measure to the 

study of glycoprofiles, it also creates an opportunity to explore trends in synthesis.  

Flux estimation from GlyCompare identifies reaction responsible for an 

unexpected change in sialylation 

The identification of an a-fucosylated substructure that is associated with 

differences in secretor genotype raised the question of which reactions are 

responsible. Thus, we used GlyCompare to estimate enzyme fluxes to identify the 

reaction responsible for the unexpected change in HMOs (Figure S 35). To do 

this, we estimate the flux for each biosynthetic reaction by quantifying the 

abundance ratio of products and substrates from parent-child pairs of glycan 

substructures. Thus, we could study changes in HMO synthesis through the 

systematic estimation of reaction flux across various conditions.  

Although secretor status is defined by the fucosyltransferase-2 genotype, 

not all secretor-associated reactions were fucosylation reactions. We further 

explored the secretor-X62 association using the product-substrate ratio to estimate 

flux. Specifically, we examined the upstream reaction of LNT (X40) to LSTb (X62) 
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and the downstream reaction of LSTb (X62) to DSLNT (X106) (Figure 23a-d). We 

estimated the flux of the upstream reaction of LNT converting to LSTb, using the 

X62/X40 ratio over time, however, no significant change was observed with 

respect to secretor status (Figure 23f; Wald p=0.55). In the conversion of LSTb to 

DSLNT, we found a secretor-specific increase in reaction flux. Specifically, the 

X106/X62 ratio was significantly higher (Wald p=0.018) in secretor mothers 

(Figure 23g; Table S 12c). In the average non-secretor mother, 52.3% (s.d. 

15.1%) of LSTb is converted to DSLNT. Meanwhile in secretors, on average, 

81.8% (s.d. 7.2%) is converted. The LSTb to DSLNT conversion rate appears 

higher in secretors while conversion from the LSTb precursor, LNT, appears 

unchanged (Figure 23f); any changes in sialylation is intriguing, considering 

secretor status is associated with genetic variation of a fucosyltransferase. 

Examining the product-substrate ratio has revealed a phenotype-specific reaction 

propensity thus providing insight to the condition-specific synthesis. 
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Figure 23 - Analysis of intermediate substructures with GlyCompare elucidates unexpected 
associations in HMO abundance and reaction flux with secretor status, which are missed 
in the standard whole-glycan analysis. 
a-d, Over time (DPP), substructure X62, LSTb, DSLNT, and DSLNH show different trends 
for secretors and non-secretors. Furthermore, the abundance of aggregated X62 shows 
significant positive-correlation with secretor and negative-correlation with non-secretor. e, 
The substructure intermediates for four connected glycans are shown here. The synthesis 
of larger glycans must pass through intermediate substructures that are also observed 
glycans, where the substructures are as associated with measured glycans as follow 
X40=LNT, X62=LSTb, X106=DSLNT, X138=DSLNH. f and g, Panels examine the product-
substrate ratio for two reactions in panel e. X40, the LNT substructure, is a precursor to 
X62, the LSTb substructure, which is a precursor to X106, the DSLNT substructure. We 
estimate the flux of these conversions from X40 to X62 and X62 to X106 by examining the 
product-substrate ratio, i.e., the proportion of the total synthesized substrate converted to 
the product. LSTb/LNT substructure relative abundance ratios are not associated with 
secretor status while DSLNT/LSTb ratios are. Odds ratios (OR) corresponding the ratio 
association with secretor status.  
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Figure 24 - Glyco-motif level statistics require half as many samples to reach the same 
level of statistical power as analysis with raw glycans.  
a and b, The use of glyco-motifs improves measures of regression robustness. The 
coefficient magnitude and Standard Error indicate the magnitude of the measured effect 
and the confidence with which a coefficient can be estimated. c, The R2 describes the effect 
size of a regression; we used marginal R2 (mR2) because it was appropriate for the 
regression models used(Zheng 2000). d, We predicted power for a range of sample sizes 
(n=5-200) given the median effect size (solid line) within the interquartile range (shaded 
region) for glyco-motif-trained regressions (mR2: median=0.45, Q1=0.31, Q3=0.68) and the 
median effect size for glycan-trained regressions (mR2: median=0.33, Q10.18, Q3=0.44). 
Here, the use of GlyCompare and glyco-motif abundances required approximately half the 
number of samples to achieve equivalent power as standard glycan measures. 
 

GlyCompare increases statistical power of glycomics data 

GlyCompare successfully provides new insights by accounting for shared 

biosynthetic routes of measured oligosaccharides. Since it includes information on 

the similarities between different glycans, we wondered how our approach impacts 

statistical power in glycan analysis. Thus, to quantify the benefit of glyco-motif 

analysis, we constructed a large number of regression models associating either 

glyco-motif abundance or glycan abundance, with a DPP and secretor status (see 

Methods). We found that regressions trained with glyco-motif abundance are more 

robust than those trained on whole glycan abundance, as indicated by the 

increased coefficient magnitude (Wilcoxon p = 0.0047, Figure 24a), and 
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decreased standard error (Wilcoxon p = 0.033, Figure 24b). An increase in the 

stability of a statistic can result in an increased effect size. Consistent with the 

increased coefficient magnitude and decreased standard error, the effect size also 

increased, as measured by the marginal R2 (mR2) of glyco-motif-trained 

regressions (Wilcoxon p=0.04, Figure 24c). These effects were confirmed with a 

bootstrapping t-test; bootstrapping p-values were less than or equal to Wilcoxon 

p-values within 0.001. Increases in statistical magnitude, statistical stability, and 

effect size are all expected to increase the power of an analysis. Using the median, 

1st quartile, and 3rd quartile of observed mR2, we estimated the expected power of 

glyco-motif-trained and glycan-trained regressions at various sample sizes. The 

expected power of a glyco-motif-trained regression reaches 0.8 at 36 samples and 

0.9 with 57 samples while a glycan-trained regression requires more than double 

the sample size to reach a comparable power (Figure 23d). Thus, using 

GlyCompare for glyco-motif-level analysis can substantially increase the 

robustness and statistical power in glycomics data analysis since it allows for the 

comparison of different glycans who share biosynthetic steps. 

Discussion 

Glycosylation has generally been studied from the whole-glycan 

perspective using mass spectrometry and other analytical methods. From this 

perspective, two glycans that differ by only one monosaccharide are distinct and 

are not directly comparable. Thus, the comparative study of glycoprofiles has been 

limited to changes between glycans shared by multiple glycoprofiles or small 



 
 
 

133 
 

manually curated glycan substructures(Rademacher and Paulson 2012). 

GlyCompare sheds light on the hidden biosynthetic interdependencies between 

glycans by integrating the structural similarity into the comparison. Glycoprofiles 

are converted to glyco-motif profiles, wherein each substructure abundance 

represents the cumulative abundance of all glycans containing that substructure. 

This enumeration and quantification of substructures can be easily scaled up to 

include many glycoprofiles in large datasets. Thus, it brings several advantages 

and new perspectives to enable the systematic study of glycomics data.  

    First, the GlyCompare platform computes a glyco-motif profile (i.e., the 

abundances of the minimal set of glycan substructures) that maintains the 

information of the original glycoprofiles, while exposing the shared intermediates 

of measured glycans. These glyco-motif profiles more accurately quantify 

similarities across glycoprofiles. This is made possible since glycans that share 

substructures also share many biosynthetic steps. If the glycan biosynthetic 

network is perturbed, all glycans synthesized will be impacted and the nearest 

substructures will directly highlight where the change occurred. For example, in 

EPO glycoprofiles studied here, the tetra-antennary structure is depleted in the 

Mgat4a/4b/5 knockout group and the downstream sialylated substructure depleted 

when St3gal4/6 were knocked out. Such structural patterns emerge in 

GlyCompare since the tool leverages shared intermediate substructures for 

clustering, thus identifying common features in glycans measured across diverse 

samples.  
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    Second, new trends in glycan biosynthetic flux become visible at the 

substructure level. For example, in the HMO data set, multiple glycans are made 

through a series of steps from LNT to DSLNH (Figure 22a). Only when the 

substructure abundances and product-substrate ratios are computed are we able 

to observe the secretor-dependent differences in the abundance of the LSTb 

substructure, X62. This is particularly interesting since secretor status is defined 

by changes in α-1,2 fucosylation, but we see here additional secretor-dependent 

changes to sialylated structures with no fucose. These are the systemic effects 

invisible without a systems-level perspective due to the interconnected nature of 

glycan synthesis; this disparity underlines the power of this method. 

    Third, the sparse nature of glycomic datasets and the synthetic 

connections between glycans make glycomic data unfit for many common 

statistical analyses. However, the translation of glycoprofiles into substructure 

abundance provides a framework for more statistically powerful and robust 

analysis of glycomic datasets. Single sample perturbations, such as the knockouts 

in the glycoengineered EPO, can be compared to wild-type; all substructure data 

can be normalized and then rigorously distinguished from the control using a one 

sample Wilcoxon-test. Furthermore, conditions or phenotypes with many 

glycoprofiles, such as the secretor status in the HMO dataset, can be compared 

using a variety of statistical methods to evaluate the association between the 

phenotypes and glycosylation. For example, in HMO data, we revealed that the α-

1,2 fucose substructure is enriched in secretor status, consistent with previous 

studies(Koda et al. 1996; Kudo et al. 1996; Viverge et al. 1990). Because the 



 
 
 

135 
 

substructure approach includes comparisons of glycans that are not shared across 

the different samples, but that share intermediates, GlyCompare decreased 

sparsity and increased statistical power. Thus, one can obtain richer glycan 

comparisons of representative substructures, total synthesized abundance, and 

flux. 

Finally, in combination with the substructure network, we can 

systematically study glycan synthesis. The product-substrate ratio provides an 

estimation of flux through the glycan biosynthetic pathways. Using the HMO 

dataset, we demonstrated the power of this perspective by showing that more 

LSTb is converted to DSLNT in the secretor mother. The perspectives made 

available through GlyCompare are not limited to Wilcoxon-tests and regression 

models. Because the substructure-level perspective minimizes biosynthetic 

dependency between glycans, glyco-motif abundances can be used with nearly 

any statistical model or comparison demanded by a dataset. We have reduced the 

sparse and non-independent nature of glycoprofiles, thereby making countless 

comparisons and new analyses possible. 

Conclusions 

In conclusion, GlyCompare provides a novel paradigm for describing 

complex glycoprofiles, thus enabling a wide range of analyses and facilitating the 

acquisition of detailed insights into the molecular mechanisms controlling all types 

of glycosylation.  
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Methods 

N-glycosylation of EPO glycoprofile collection and analysis 

N-glycosylation data were previously published and described 

elsewhere(Z. Yang et al. 2015). Briefly, these data were generated as follows. 

Different combinations of glycosyltransferase genes were knocked out using zinc-

finger nucleases. Both single gene and multigene mutants were generated. 

Erythropoietin (EPO) was transfected into the library of glycoengineered cell lines. 

After overexpression of EPO, glycans were cleaved using PNGase, and then 

assayed by mass spectrometry. Upon retrieval of these data from the study, we 

picked 16 glycoprofiles that are used again in their follow-up study (Čaval et al. 

2018) and further processed the data as follows. All measurements were taken 

from distinct samples.  

    Glycan substructures were extracted from the observed glycans. 

Substructure abundance was calculated from glycan abundance of all glycans 

containing the substructure. A minimal set of 151 glyco-motif substructures 

identified by the substructure network to compare the mutants. Finally, 

representative substructures were extracted to pool abundance and summarize 
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the structural changes across mutants. Each of these operations is further 

specified below. 

HMO glycoprofile collection and analysis 

Following Institutional Review Board approval (Baylor College of Medicine, 

Houston, TX), lactating women were given written informed consent. Women with 

diabetes or impaired glucose tolerance, anemia, or renal or hepatic dysfunction 

were excluded from the study. Women were 18-35 years of age, had 

uncomplicated singleton pregnancies with vaginal delivery at term (>37 weeks) 

and pregnancy Body Mass Index (BMI) remained <26kg/m2. Infants were healthy 

and exclusively breastfed. Forty-eight milk samples were collected from 6 human 

mothers (1, 2, 3, 4, 7, 14, 28, and 42 days postpartum (DPP)). More information 

on subject selection, exclusion, study design, and breast milk collection has 

already been published (Mohammad, Hadsell, and Haymond 2012; Mohammad 

and Haymond 2013) 

    Glycan composition and abundance was measured by high-

performance liquid chromatography (HLPC) following fluorescent derivatization 

with 2-aminobenzamide (2AB, CID: 6942) as previously described (Bode et al. 

2012; Alderete et al. 2015). Raffinose (CHEBI:16634, CID:439242), a non-HMO 

oligosaccharide, was added to each milk sample as an internal standard at the 

very beginning of sample preparation to allow for absolute quantification. Of the 

300-500 predicted HMO, the 16 most abundant HMO were detected based on 

retention time comparison with commercial standard oligosaccharides and mass 
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spectrometry analysis including 2-fucosyllactose (2'FL), 3-fucosyllactose (3'FL), 3-

sialyllactose (3'SL), lacto-N-tetraose (LNT), lacto-N-neotetraose (LNnT), lacto-N-

fucopentaose (LNFP1, LNFP2 and LNFP3), sialyl-LNT (LSTb and LSTc), 

difucosyl-LNT (DFLNT), disialyllacto-N-tetraose (DSLNT), fucosyl-lacto-N-

hexaose (FLNH), difucosyl-lacto-N-hexaose (DFLNH), fucosyl-disialyl-lacto-N-

hexaose (FDSLNH) and disialyl-lacto-N-hexaose (DSLNH). Because these are the 

most abundant glycans, these glycoprofiles represent the least sparse subset of 

the entire HMO glycoprofile which is extremely sparse. GlyTouCan IDs for each 

glycan are listed in Table S 11. Technicians were blinded to metadata associated 

with each sample. In addition to absolute concentrations, the proportion of each 

glycan per total glycan concentration (sum of all integrated glycans) was calculated 

and expressed as relative abundance (% of total, 𝑤𝑤𝑖𝑖/𝛴𝛴𝑤𝑤∗). The presence of 2-FL 

defines secretor status. All measurements were taken from distinct samples. 

    HMO abundance profiles were treated similarly to the N-glycans. We 

identified and quantified 26 glyco-motifs from 121 substructures. We compared 

glyco-motif abundance and their abundance ratios directly to secretor status along 

the log of days postpartum. 

Transforming glycoprofile to substructure network 

Three procedures were used for preprocessing the studied glycoprofiles 

(Figure 19c). First, glycoprofiles are parsed into glycans with abundance. In each 

glycoprofile, the glycans are manually drawn and exported with GlycoCT format 

using the GlyTouCan Graphic Input tool(K. Aoki-Kinoshita et al. 2016). GlycoCT 
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formatted glycans are loaded into Python (version 3+) and initialized as 

glypy.glycan objects using the glypy (version 0.12.1). Assuming we have a 

glycoprofile i, the corresponding abundance of each glycan j in glycoprofile i is 

represented by 𝑔𝑔𝑖𝑖𝑖𝑖. For example, the relative m/z peak in the mass spectrum or 

the abundance value in an HPLC trace, is calculated relative to the total 

abundance of glycans in this glycoprofile 𝑔𝑔𝑖𝑖𝑖𝑖/𝛴𝛴𝑔𝑔𝑖𝑖∗. Glycans with ambiguous 

topologies are handled by assuming they belong to every possible structure with 

equal probability, thereby creating all possible n structures but with 𝑔𝑔𝑖𝑖𝑖𝑖/𝑛𝑛𝛴𝛴𝑔𝑔𝑖𝑖∗ 

abundance of each. Second, glycans are annotated with glycan substructure 

information, and this information is transformed into the substructure vector. 

Substructures within a glycan are exhaustively extracted by breaking down each 

linkage or a combination of linkages of the studied glycan. Note that this method 

cannot currently deal with cyclic glycans. All substructures extracted are merged 

into a substructure set S. Substructures are sorted by the number of 

monosaccharides and duplicates are removed. Then, each glycan is matched to 

the substructure set S producing a binary glycan substructure presence (1) or 

absence (0) vector, 𝑥𝑥𝑖𝑖𝑖𝑖. Lastly, a substructure (abundance) vector is calculated as 

𝑝𝑝𝑖𝑖 = 𝛴𝛴𝑥𝑥𝑖𝑖𝑖𝑖𝑔𝑔𝑖𝑖𝑖𝑖/𝛴𝛴𝑔𝑔𝑖𝑖∗ representing the abundance of the substructures s in this 

glycoprofile, where 𝑝𝑝𝑖𝑖 = (𝑠𝑠1𝑖𝑖 , . . . , 𝑠𝑠𝑛𝑛𝑖𝑖). Third, a substructure network is built based 

on the substructure vectors. The substructure network is a directed acyclic graph 

wherein each node denotes a glycan substructure. Given the substructure set S, 

the root node starts from the monosaccharides or a defined root core structure, 
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and a child node is a substructure that has only one monosaccharide added to its 

parent node. We note that one child node might have multiple parent nodes and 

vice versa. The child node depends on its parent node(s) since it cannot exist alone 

without any parent node. The edges in the substructure network were annotated 

with known synthetic rules for further analysis. 

Substructure based clustering of glycoprofiles 

A larger subset of the substructure network is necessary to uniquely 

describe a more diverse set of glycoprofiles while fewer substructures are needed 

to describe more similar glycoprofiles sufficiently. Comparisons become more 

focused when only examining these variable substructures. In order to simplify the 

substructure network, the parent/child substructures pair that have the same 

abundance can be merged without any information loss. As illustrated in Figure 

19f, a parent-child substructure pair that has the same abundance (solid arrow), 

can be merged. If they have the same abundance, we can conclude that the 

addition of the specific monosaccharide is not perturbed across all glycoprofiles, 

which means they carry the same information. Thus, the parent node can be 

pruned without information loss. All remaining nodes, namely, the glyco-motifs, are 

used to cluster the glycoprofiles.  

    After selecting the glyco-motifs, we use the “monosaccharides weight” 

to track whose parent node is merged. All node weights are initialized as 1. When 

a node is removed, the weight is equally divided and distributed to child nodes 

whose correlation with the removed node is 1. Since this method redistributes 
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weight from the root to leaves, the descendant substructure node starts having 

different abundance from the parent node will gain the most weight. The weights 

W are used later for generating the representative substructures. 

    After generating the glyco-motifs, the Pearson correlation and ‘complete’ 

distance is used to cluster the glycoprofiles and substructures. The elbow method 

is used to determine the cluster numbers.  

    To identify the representative glycan substructures, a set of glycan 

substructures with weights W is first aligned (Figure 19i). Then, we calculate the 

sum of monosaccharide weights for each glycan substructure. The representative 

substructure is thus defined as the glycan substructures with their summed 

monosaccharide weights greater than 51% of the total weight of glycan 

substructures. Lastly, the averaged abundances of the representative 

substructures are generated to assess their differential expressions between 

different glycoprofiles.  

Substructure cluster abundance comparison and network edge-based ratio 

comparison  

We use the representative substructures to summarize and analyze the 

structural and quantitative changes across glycoprofiles. For the abundance of a 

representative substructure in a glyco-motif cluster, we combine the substructure 

abundance and the substructure monosaccharide weights to generate the 

weighted average of substructure abundance. Since the abundance range of 

representative substructures across different glycoprofiles are different, we re-
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centralized the representative substructure abundance based on WT and scaled 

them with standard deviation. There are many representative substructures 

extremely deviating from the WT’s abundance. Since the abundance distributions 

are not normally distributed, we used a one-sided 1-sample Wilcoxon test to test if 

the abundance of a representative substructure in a glycoprofile is significantly 

divergent. Effect size, r, was calculated as z/sqrt(N)(Rosenthal and Rubin 1991). 

A Bonferroni correction (n=16) was used to correct for multiple testing, so 

p=0.0031 is used as criteria and effect sizes are all above 0.68. 

For those network edges annotated with enzyme information, we further 

test if an enzyme has the same efficacy in two glycoprofiles. Every edge has a 

parent/child abundance ratio. All edges annotated with the same enzyme consist 

of an abundance ratio distribution in one glycoprofile (Fig 3c). The Wilcoxon test 

is used to compare the ratio distribution for the same enzyme in two glycoprofiles.  

To have a concise view of the representative substructure network, we 

further generate a simplified network. The nodes from the substructure network 

are merged based on the substructure clustering. The edges connecting the 

original nodes are merged to connect the new nodes. Lastly, the derived 

representative substructure network represents the merged nodes and the edges 

annotated by enzymatic rules (Figure 22b). 

Phenotype-associated substructure detection 

For revealing the phenotype-associated substructures, we estimated the 

influence of secretor status on glycan and glyco-motif abundance using a 
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generalized estimating equation (GEE, R3.6::geepack(J. Yan and Fine 2004; 

Halekoh et al. 2006)). GEE models account for resampling bias in longitudinal 

measurements(Zeger and Liang 1986); other regression models, like generalized 

linear models, overestimate the sample size and power by ignoring this bias. 

Unlike mixed effect models, which can account for resampling bias, GEE allows 

non-linear relations between the outcome and covariates, while accounting for 

correlation among repeated measurements from the same subject. Here we used 

GEE with exchangeable correlation structure (assuming the within-subject 

correlation between any two time-points is ρ). To stabilize the variance and 

equalize the range, we log and z-score standardized each glycan and glyco-motif 

measurement. We also used the log of days postpartum (DPP) to linearize the 

relationship over time. The Wald test was used to measure the significance of 

Secretor status contribution. For additional information and diagnostic statistics for 

specific regressions, see Table S 12a,b. All regression can be found in Figure S 

34. 

Product-substrate ratio as a proxy for flux and estimating flux-phenotype 

associations 

To further isolate glyco-motif-specific effects from biosynthetic biases, we 

explored methods to control for the product-substrate relations. First, we isolated 

the relative abundance of parent-child pairs of glyco-motifs in the substructure 

network; these are product-substrate relations like LNT and LSTb (Figure 22e). 

Glyco-motif abundance represents the total substructure synthesized; therefore, 
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when we examine the product-substrate ratio, we measure the total amount of the 

substrate substructure converted to the product substructure in the sample. Thus, 

the product-substrate ratio is a proxy for flux. Using logistic GEE regression 

modeling, similar to the approach used for testing substructure-phenotype 

associations, we can measure the influence of estimated flux between two glycans 

on secretor status; here we predicted secretor status from estimated flux log(DPP). 

For additional information and diagnostic statistics, see Table S 12c. 

Glyco-motif Abundance Robustness and Power Analysis 

GEE models, similar to those used in Figure S 35, were trained using either 

glyco-motif or whole glycan relative abundance. To stabilize the variance, equalize 

the range and make the regressions comparable, we used a square root and z-

score normalization on each glycan and glyco-motif measurement. Glyco-motif or 

glycan relative abundance was predicted from either DPP alone, Secretor status 

alone, DPP + Secretor status, or DPP + Secretor status + DPP:Secretor. To avoid 

biasing the analysis with misfit or uninformative models, models with small 

coefficients (|coef|<0.5) or extremely non-normal abundance distributions 

(Shapiro-Wilks p < 0.001) were removed. Model robustness measures including, 

coefficient magnitude (nglycan-stats=39, nmotif-stats=86), standard error (nglycan-stats=39, 

nmotif-stats=86) and marginal R2 (nglycan-stats=21, nmotif-stats=47) were used to compare 

model performance. Robustness measures from glycan-trained and glyco-motif-

trained models were compared using one-sided Wilcoxon rank sum test with 

continuity correction. We validated these findings using a 10,000 iteration one-
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sided, two-sample bootstrapping t-tests (Rv3.6::nonpar::boot.t.test); bootstrapping 

p-values were less than or equal to Wilcoxon rank sum p-values within 0.001. 

Finally, using the Rv3.6::pwr::pwr.r.test v1.2.2 package, statistical power was 

predicted between n=5 and n=200 for the median and interquartile range of effect 

sizes observed in glyco-motif-trained and glycan-trained models. 
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CHAPTER 5 PRECURSOR-LIMITATIONS OBSCURE TEMPLATED 
BIOSYNTHESIS: GLYCOPROTEIN STRUCTURE, A TEMPLATE FOR GLYCAN 

BIOSYNTHESIS 
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While DNA, RNA and proteins undergo templated synthesis, wherein request (i.e., 

base-pairing or codon) is made and fulfillment (i.e., nucleotide or amino acid 

addition), glycan biosynthesis is principally non-templated. Yet, the template-free 

premise is challenged by site-specific microheterogeneity; glycosylation diversity 

across multiple sites of a protein in fixed biological conditions. If glycosylation were 

only regulated by metabolite and enzyme availability, all sites would be comparably 

glycosylated. Glycoconjugates and glycan-biosynthetic enzymes exist in physical 

space, wherein their steric and physicochemical attributes define the template by 

determining the interactions and the resulting glycans.  Because the 

glycoconjugate is the point of reference for a glycan and it displays the most 

variation in the system of glycan biosynthesis, we hypothesize that the 

glycoconjugate surface is the template-request of the glycan biosynthesis while 

precursor availability is the inconsistent, and therefore, confounding fulfillment of 

that request. In this work, we explore site-specific glycosylation databases, amino-

acid substitution matrices, pathogenic mutations and empirical observations of 

sequence dependent glycosylation to establish this claim. Ultimately, we show that 

glycan biosynthesis is templated and genetically encoded and therefore, 

predictable and broadly accessible beyond direct empirical observation. 
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Figure 25 – Graphical Abstract. DNA, RNA, and protein biosynthesis are well-charactized 
as templated behaviors.  
Glycan biosynthesis is believed to be  non-templated and predominantly regulated by 
metabolic and enzymatic constraints. Here we explore the premise that glycan biosynthesis 
is templated. The glycoprotein surface “requests” a glycosyltransferase by permitting them 
to dock and the metabolic and enzymatic constraints decide the extent to which those 
requests will be fulfilled. Therefore, glycan biosynthesis is not uniquely non-templated but 
rather, uniquely precursor-limited templated biosynthesis 
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Introduction 

DNA, RNA and protein sequences are predictably templated by DNA, DNA 

and codon templates respectively. Glycosylation, on the other hand is generally 

considered a non-templated process (Pothukuchi et al. 2019).  Yet even in the 

predictable biosynthesis of these templated molecules, there are instances of non-

templated behavior when biosynthetic precursors, monomers, are limited. A 

beautiful example of the biologically intentional “precursor-limitation” on templated 

biosynthesis is the Trp-deprivation induced stalling of the Trp operon during 

translation of Trp-biosynthesis machinery; the precursor-limited stalling induces 

the formation of a weak hairpin, rather than a stronger hairpin, easily broken by the 

ribosome leading to the translation of Trp-biosynthetic machinery (Farnham and 

Platt 1982; Wu and Platt 1978; Farnham and Platt 1980; Oxender, Zurawski, and 

Yanofsky 1979; Lee and Yanofsky 1977). While peptide synthesis is considered 

templated, the template can be occluded by precursor-limitation. It is well 

established that glycosylation is a precursor regulated biosynthesis, but there is 

also evidence of glycoconjugate influence. 

Primary sequence is known to influence glycan diversity and identity. In the 

initial description of the sequon(Marshall 1974), glycans were found to covalently 

bind asparagine (Asn/N) residues with a downstream (N+2) Serine (Ser/S) or 

threonine (Thr/T). Any amino acid (“X”) was permitted between the Asn and 

Ser/Thr but proline was found to occlude glycosylation. Variation in the sequon “X” 

impacts completeness of glycosylation (Shakin-Eshleman, Spitalnik, & Kasturi, 
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1996) and the hydrophobicity impacts the degree of glycosylation (Petrescu et al., 

2004). Glycosylation of a sequon ending in Thr is approximately 40 times efficient 

than those ending in Ser (Kasturi et al., 1995, Kasturi et al., 1997). More 

specifically, a phenylalanine to alanine substitution in human IgG3 was found to 

increase galactose and core-fucose(Lund et al. 1996). Additionally, influenza 

evolution changes glycosylation sites to evade immune detection(Altman et al. 

2019). Expansion of the sequon structure has been proposed. The enhanced 

aromatic sequon describes an aromatic residue upstream of the glycosite (N-2) 

that can influence glycan complexity (Y.-W. Huang et al. 2017) with variable 

performance given the amino acid in the N+1, X, position(Murray et al. 2015).  

Glycoconjugate influence has been observed beyond the primary 

sequence. Secondary structures, including β-sheets and α-helixes, can influence 

glycosylation (Silverman and Imperiali 2016). ERManI (MAN1B1) and Golgi 

Mannosidase IA (MAN1A1), crucial bottlenecks in glycan processing, have been 

co-crystalized with Man9 and computationally modeled to explore specific 

glycoconjugate determinants that permit or inhibit this interaction (Kawatkar et al. 

2006; B. Li et al. 2004; Hang et al. 2015; Xiang, Karaveg, and Moremen 2016). A 

study involving over 150 glycoproteins revealed differential glycosylation as a 

function of protein structure, wherein low accessibility sites impacted core 

fucosylation and branching (Thaysen-Andersen and Packer 2012). Site-specific 

kinetics for glycosylation of Protein Disulfide Isomerase (Losfeld et al. 2017) further 

supported the assertion that protein structure exerts an important constraint on 
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glycosylation. The concavity of the accessibility site, which can be influenced by 

hydrophobicity, also impacts the degree of glycosylation (Petrescu et al. 2004).  

Here, we explore glycan biosynthesis as an extreme case of precursor-

limited templated biosynthesis. Wherein a glycoconjugate surface provides the 

templated request for which glycans are permitted to populate a glycosite, and the 

precursor availability decides the fulfillment of that request. Our work is made 

possible by (1) the accessibility of empirical and predicted protein structures and 

depth of corresponding annotations which allow us to generate a detailed chemical 

and physical description of each glycosylation site—the template, and (2) the 

substructure abundance decomposition designed to encode the biosynthetic 

process, the precursor-limitation, in the glycan abundance metric while boosting 

statistical power (Bao et al. 2019). By encoding the biosynthetic constraints in our 

abundance metric, we were able to focus on more direct relationships between 

protein structure features and permitted glycan substructures. We provide deep 

and summary descriptions of the glycan-protein relationships we discovered. We 

then validate these summary relations, the glycoimpact, through comparison to 

both evolutionary and pathogenicity metrics. Finally, we demonstrate the 

relevance of mutation-glycosite proximity in Prions, the general impact of protein 

structure on glycan complexity in HIV gp120 and finally the specific impact of 

protein structure in IgG. Taken together, we present a comprehensive argument 

for adapting a principal of glycobiology from template-free, to precursor-limited 

templating; an adaptation that would make glycosylation genetically encoded and 

therefore predictable for any biologist interested in sugar. 
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Figure 26 – Global trends suggest non-independence of glycan structure and protein 
structure proximal to glycosylation site.  

(A) Specification of the event space to each observed glycosylation event at a glycosylation 
site. (B) Volcano plot of the log odds ratio and False Discovery Rate adjusted p-values 
from a Fisher exact test between glycan and protein structure occurrence. Protein 
structures for the top 20 most significant relations are shown. (C) Kullback-Leibler 
divergence when either glycan structures, G, or protein structures, P, are specified as 
present, 1, or absent, 0. (D) Probabilities of glycan structures when protein structures were 
known or “fixed.” (E) Protein structure probabilities conditioned on fixed glycan structures. 
(F) The absolute difference between conditional and prior probabilities (Pr(A|B)-Pr(A)), 
stratified by glycan motif size, for protein-glycan relations when glycan structures are fixed 
(dark blue) and when protein structures are fixed (light blue). This panel only includes IMRs 
significant in the Fisher test.  
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Results 

Glycan and protein structure are not independent (469 words) 

Before attempting to characterize glycan-protein relationships, it is 

important to ask if they are globally, and symmetrically associated. To explore the 

relationships and asymmetries between glycan and protein structures, we expand 

upon the UnicarbKB (Campbell, Peterson, et al. 2014) and GlyConnect (Alocci et 

al. 2019) databases. Glycans were decomposed into a biosynthetically cognizant, 

and therefore precursor-cognizant, substructure using the Glycompare (Bao et al. 

2019) substructure-occurrence fingerprint. Features of the local protein structure, 

those proximal to glycan attachment sites (“glycosites”), were annotated using the 

Structural System Biology (SSBio) toolkit (Mih et al. 2018). See methods for a 

complete description of the Protein-Glycan Enriched Structure Database (PGES-

DB, see Methods). PGES-DB is a combination of empirical (PDB), curated 

homology models (SWISSMOD) and ab initio homology models (I-TASSER) 

including 111 proteins with 306 documented glycosylation sites and 4,263 glycans. 

To check that the glycan-annotated glycosite-structure annotation was 

representative, we used the glycan-annotated glycosite structure to train a 

dimensionality reduction (Figure S 36A-B) and constructed a multivariate 

Gaussian distribution within the reduced space to determine the probability any 

unannotated glycosite was not represented. After a False Discovery Rate (FDR) 

correction, we found no outlying glycosite structures (Figure S 36A-C), indicating 

that the glycan-annotated glycosites are representative of the space of glycosite 
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structure. With a representative mapping of the glycosite protein structure 

manifold, we proceeded to examine the associations between glycan 

substructures and glycosite-proximal protein features (Figure 26A). 

Within our site-matched PGES-DB, we examined the co-occurrences of 

glycosite-proximal proteins structures (e.g., proximal tyrosine) and glycan 

structures (e.g., tri-mannose), which are both glycan-substructures (all connected 

subgraphs of a glycan (Klein and Zaia 2019)) and glycan-motifs (measurably 

unique substructures accounting for the subsumption redundancy (Bao et al. 

2019)). We used the Fisher exact test to estimate non-directional odds ratios (OR) 

for intermolecular relations (IMR); quantitative associations between glycan 

substructures and protein features. To further probe these IMR, we explored the 

augmentation to conditional-marginal probability difference (CMd) and Kullback–

Leibler divergence (KLd) between conditional and marginal distributions of protein 

structure when glycan structure was fixed (G=1 or G=0) and glycan structure when 

protein structure was fixed (P=1 or P=0). While these findings are sensitive to 

underlying biases of the database (e.g. protein or experiment over/under-

representation), these measures provide a reliable estimation of the nature of 

these effects (Figure 26A). Due to a large sample size, most mean differences 

were trivially significant, and thus, only effect size is reported. 

Of 259,114 potential substructure-IMRs, we found 50,842 relationships that 

were substantial (|Fisher-OR|>0.1) and significant (Fisher-FDR<0.1) and 10,111 

of 26,404 substantial and significant motif-IMRs. Of the 10,111 selected motif-
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IMRs, 9,296 and 815 showed significant correlation and anticorrelation 

respectively. The most significant IMRs included several correlations with 

glycosylation-site-proximal (within 5Å) alanine and cysteine and anticorrelations 

with proximal arginine and valine (Figure 26B). To further probe the motif-IMRs, 

we explored the CMd and KLd when either protein structure or glycan structure 

was known. KLd was low for significant IMRs (Fisher-FDR<0.1) when protein 

structure or glycan structures were not present (Mean KLdP=0 = 0.0038, Mean 

KLdG=0 = 0.0054). KLd increased 10-fold when protein structure was present 

(Mean KLdP=1 = 0.032) and 25-fold when glycan structure was present (Mean 

KLdG=1 = 0.138). Overall, the presence of glycan structure provides the most 

information about protein structures, whereas the protein structure provides lesser, 

but substantial information about glycan structure. 

We further examined motif-IMRs with conditional probability between 

protein and glycan structures, which diverged significantly (Fisher-FDR < 0.1) from 

corresponding marginal probabilities, indicating non-independence (Figure 26D-

E). Conditional glycan probabilities (Figure 26D) and conditional protein structure 

probabilities (Figure 26E) show symmetric (Loess estimation) difference from 

respective marginal probabilities indicating no direction bias for either condition. 

We also probed the absolute difference between conditional and marginal 

probabilities stratified by motif size (Figure 26F); each motif-size bin contains 279-

10,658 IMRs (Error! Reference source not found.). For monomer-motifs, the 

change from marginal to conditional probability is 2.3-fold greater when glycan 

structure is fixed than when protein structure is fixed (Mean CMdG|P = 0.040, 
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CMdP|G = 0.091). Knowledge of glycan structures shows greater dependence 

(Mean CMdP|G > CMdG|P). As CMdG|P and CMdP|G increases with motif size, the 

fold-change between glycan and protein fixing grows to 34.2-fold increase at 21-

mers (Mean CMdG|P = 0.038, CMdP|G = 0.10), suggesting larger glycans are less 

clearly informed by protein structures, but in turn, play a larger role in informing 

protein structure. While conditional probability and information gain cannot 

establish the direction of causality, these data are consistent with both low efficacy 

glycan dependencies on protein and high efficacy protein structure influence by 

glycans. 

Glycosite-proximal structure and chemistry are correlated with glycan structure 

Having established the presence of global correlations between glycan and 

protein structures, we will next quantify the specific IMRs using hierarchical 

regressions to correct for unwanted variance using logistic generalized estimation 

equations (GEE) to probe the enriched site-matched glycan-protein structure 

database (PGES-DB) and control for protein identity effects (see Methods). In this 

analysis, each protein structure was examined for correlation with all glycan 

substructures. The result is a list of log(GEE odds ratios [OR]), which denotes the 

likelihood of an increase or decrease in any glycan substructure given the 

presence/absence, increase/decrease in that protein structure. In this way, each 

list of log(GEE-OR) associated with a protein structure can be considered as the 

“expected” glycoprofile change or “glycoimpact”  associated with the protein 

structure. Therefore, when glycoimpact are compared across protein structure, 
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e.g., the expected glycoprofile change between alanine and isoleucine, we can 

propose a glycosylation impact (glycoimpact) of amino acid substitution: 

difference(GlycoimpactAla , GlycoimpactIle).  

We discovered 1,715 significant and substantial (FDR<0.1, |log(GEE-OR) 

|>0.1) IMRs using GEE while controlling for protein identity. Only N-linked glycan 

substructures IMRs were retained following FDR correction; it is unclear if these 

IMRs are false or under-powered. We found the number of IMRs associated with 

structure-proximal (Asn+6A) and sequence-proximal (Asn+/-5) amino acids while 

there were notably fewer retained amino-acid IMRs for downstream (Asn+5 C-

term) compared to upstream (Asn-5 N-term) amino acids. Among the downstream 

amino acid IMRs, tryptophan (W/Try), alanine (A/Ala), serine (S/Ser) and 

phenylalanine (F/Phe) are the have the most IMRs (99, 55, 55, and 48, 

respectively). Tryptophan also has a consistently high impact when downstream 

(26) and physically proximal. Arginine (R/Arg) and glutamine (Q/Gln) are largest 

effectors when structurally proximal (70) or downstream (35). Finally glycosylation 

sites on Turns have the most IMRs (61) (Figure 27A).  

Turn-associated IMRs include >3-fold increases in di- and tri-sialylated 

tetra-antennary and >2-fold increases in mono- and di- glycosylated structures with 

core fucose. Core fucosylated branched structures are more correlated with turns, 

suggesting that core fucosylation is encouraged by turns but not required (Figure 

27B). Structurally proximal Arg is associated with a >20-fold increase in 

monosialylated triantennary structures and a 10-fold decrease in tetraantennary 
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structures (Figure 27C). Correlations examined suggest that histidine (H/His), 

threonine (T/Thr) and valine (V/Val) show increasing degrees of correlation with 

GalNAc[4S] (Figure 27D). Spearman correlation biclustering between number of 

monosaccharides per substructure and protein structure in an IMR suggest there 

are two major types of protein structure influence: those like Ala which are 

negatively correlation with galactose and GlcNAc but positively correlated with  

GalNAc, and those like Thr and His which are positively associated with GlcNAc 

and Galactose but negatively correlated with beta-GalNAc. Interestingly, Neu5Ac 

follows a similar trend to GlcNAc and Gal, canonical complex-structure monomers, 

but diverges in the presence of proline (P/Pro), cystine (C/Cys) and Val. Isoleucine 

(I/Ile) has several antithetical associations in this biclustering suggesting it acts 

context-dependently (Figure 27E).  

Having expected glycoimpact of a protein feature, we can explore the 

differences in glycoimpact between protein structure features. Here we compare 

the relative impact of Phe and Trp, two structurally similar aromatics. An upstream 

Phe is correlated (>3-fold) with core fucosylated tri- and biantennary structures 

with variable galactosylation. Trp is marginally correlated (<2-fold) with core-

fucosylated biantennary structures too but more correlated (>2-fold) with 

tetraantennary structure suggesting a Phe/Trp substitution could impact branch 

number and core-fucosylation. Interestingly, upstream Phe is correlated (>3-fold) 

with glycans containing a Man7 substructure but anti-correlated with glycans 

containing a Man6 substructure (>2-fold) suggesting that upstream Phe, in some 

contexts, prefers larger oligomannosidic structures (Figure 27F). At the structural-
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level, proximal Phe and Trp show related effects. Structure-proximal Phe is 

correlated (>10-fold) with an increase in sialylation on triantenary core-fucosylated 

structures while Trp is correlated with distal fucosylation (>2-fold) (Figure 27G). 

Taken together, the Trp/Phe transition is predicted to be highly glycoimpactful (>4). 

Glycoimpact was calculated for every pair amino acid substitution with a low 

protein-structure impact (Blosum62>=0) as the Euclidean distance between 

significant and substantial GEE-ORs for each amino acid. Glycoimpact was then 

z-score normalized to the null distribution using a Gaussian Mixture Model 

(Benaglia et al. 2009). The resulting graphs presents a small hydrophobic clade 

(Val/Ile/Leu), a charged clade (Glu/Gln/Lys/Arg) and an aromatic clade (Phe/Trp) 

of low protein structure impact substitutions with high predicted impacts on 

glycosylation (Figure 27H, Figure S 37). 
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Figure 27 – Specific IMRs discovered by logistic GEE controlling for protein-bias.  

(A) The number of significant (FDR<0.1) and substantial (|log(OR)|>0.1) IMRs relating to 
structurally proximal amino acids (Asn+6A), sequence proximal amino acids C-terminal 
(Asn+5), N-terminal (Asn-5) or either direction (Asn+/-5), sequence estimated secondary 
structure (SSpro8) and structurally estimated secondary structure (DSSP): alpha-helix 
(ss.H), extended strand (ss.E), beta-bridge (ss.B), turn (ss.T) bend (ss.S), other (ss.C). (B) 
The Odds Ratios and FDR for one group of IMRs relating glycan motifs to structurally 
estimated Turns (T). (C-D) IMRs (FDR<0.1, |log(OR)|>0.1) relating structurally proximal 
amino acids to motifs stratified by the number of Sialic Acids (C) and 4-Sulfated GalNAc 
(D). (E) Spearmen correlation between the monosaccharide count of glycan substructures 
from protein-structure features; protein structure features with an average absolute 
correlation > 0.2 were retained. (F-G) IMRs (FDR<0.1, | log(OR)|>0.1) compared across 
two sequence-proximal (F) and structure-proximal (G) amino acids, phenylalanine (F) and 
tryptophan (W). The direct comparison of proximal-amino acid effects visualized the 
expected change in glycosylation associated with that substitution. (H) network depicting 
the predicted magnitude of glycosylation impact (glycoimpact) of structure-proximal (within 
5A) substitutions for supposedly low impact (Blosum64) substitutions. Predicted 
glycoimpact is calculated as Euclidean distance between the significant and substantial 
log(OR) for all motifs associated with a protein structure. Panel H shows glycoimpact 
predicted from |log(OR)| ratios > 0.5, see Figure S 37 for additional thresholds, raw scores 
and sequence-proximal substitution predictions. Note that plots including glycan 
substructures were manually curated to summarize the selected glycan substructures. 
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Figure 28 – Glycoimpact in evolution and disease.  

(A) Comparison of the error between the PAM and BLOSUM substitution matrices and the 
glycoimpact for corresponding substitutions. Linear regressions are split into two relevant 
ranges: null glycoimpact (<2.5) and impactful (>2.5). Glycoimpact was computed from 
significant (FDR<0.1) | log(OR) | > 0.5. Error (y-axis) is calculated as the root mean square 
error between scores. (B) Evolutionary coupling probability stratified by coupling of the title 
amino acid to a: glycosite, any Asn (N), or any amino acid (other). Significant panels have 
bolded titles. (C) Null and impactful glycoimpact stratified by pathogenicity in ClinVar of 
mutations within 20 Angstroms of an N-glycosylation site. (D) Biclustering of Spearman 
correlations between glycodistance and error between various pathogenicity predictions. 

 

The BLOSUM-PAM Orthology (BL-AM-O) of Glycoimpact  

The PAM (Fitch and Dayhoff 1973) and BLOSUM (Henikoff and Henikoff 

1992) matrixes are popular but distinct amino acid substitution matrixes. PAM is 

based on global alignments within a protein focusing it on evolution and function 
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while BLOSSUM is uses local alignment across proteins to highlight structure and 

conserved domains (Mount 2008; Pearson 2013). Here we compared glycoimpact 

(FDR<0.1), | log(OR) | > 0.5) to the divergence between the function-focused PAM 

and structure-focused BLOSUM matrixes. We compared PAM and BLOSUM 

scores at all thresholds (Figure 28A, Figure S 37); null glycoimpact scores (<2.5) 

were not significantly correlated with the majority of PAM-BLOSUM error (4/5, 

Figure 28A), whereas impactful glycoimpact scores (>2.5), demonstrated a 

significant, positive significant correlation with the majority of PAM-BLOSUM error 

(4/5) (Figure 28A, Figure S 2). The correlation between high-glycoimpact 

substitutions and PAM-BLOSUM error is maintained for most PAM-BLOSUM 

thresholds (Figure S 37). These results suggest a positive relationship between 

the magnitude of impactful glycoimpact scores and divergence between the 

function-focused PAM and structure-focused BLOSUM matrices. Given this 

relationship, we refer to the glycoimpact substitution predictions as the BLOSUM-

PAM Orthology matrix or “BLAMO.”  

High glycoimpact amino acids show increased coupling with N-glycosylation sites  

We calculated evolutionary coupling probabilities, or the probability two 

amino acids will co-occur, from alignments of 32 UnicarbKB glycoproteins to 

further probe amino acid glycoimpact (Marks et al. 2011). We examined the top 2L 

coupling probabilities, where L is the length of the alignment for that protein, for 

each amino acid with Asn glycosites, all Asn (N), and all amino acids (other). We 

observed that three amino acids, Ala, Phe, and Arg demonstrated significantly 
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higher coupling than all Asn (Wilcox p<0.043) (Figure 28B). Several amino acids 

trended towards distinct coupling probabilities but could not be determined due to 

low sample size (n<3 high-confidence coupling events with a glycosite). 

Glycoimpact provides a mechanistic prediction of pathogenic mutations in ClinVar 

We also examined glycoimpact in the context of mutation pathogenicity 

using ClinVar mutations within 20Å on proteins (as annotated by SSBio in PGES-

DB) with at least one glycosylation site in UniprotKB. Similar to previous results, 

we separated null and impactful glycoimpact scores and stratified on ClinVar 

pathogenicity and found that glycoimpact was significantly higher (Wilcoxon 

p=2.2e-7) for pathogenic mutations close to glycosylation sites. The difference 

trends towards inversion for null glycoimpact values (Wilcoxon p=0.079). These 

results are as expected considering differential glycosylation is sufficient to drive 

pathogenesis; pathogenic mutations close to glycosylation sites should be more 

glycoimpactful as some mechanisms of pathogenesis relate to malformed glycans. 

Glycodistance and discrepancy between functional prediction tools 

To date, there are dozens of algorithms designed to predict the functional 

effect of a genetic variant. Accurate predictions are in high demand as identification 

of disease-associated variants becomes increasingly important in both research 

studies and clinical contexts. Most tools incorporate some combination of 

information from DNA and protein sequence, sequence homology, protein 

structure, epigenomic signals, phylogenetics and multiple sequence alignment. 

Unsurprisingly these tools can deliver conflicting reports of functional impact of a 
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variant, even when using similar sources of data. Currently, none of these tools 

directly incorporate predicted protein glycosylation impact information. To better 

understand the relevance of glycodistance in functional prediction scores, we 

asked if the differences in prediction scores across variants could be explained by 

glycodistance of their corresponding amino acid changes (see Methods). Using 

rank-normalized scores across 27 different functional prediction tools 

precomputed with dbNSFP (X. Liu et al. 2016), we correlated differences in scores 

with glycodistance of corresponding amino acid changes for 3,549,910 variants. 

After hierarchical clustering on the correlation coefficients, tools were separated 

into two main clusters: one that primarily contained conservation and sequence 

and/or epigenetic-based tools and another that contained nearly all (6/7) of the 

protein-structure based tools (Figure 28D). Nearly all pathogenicity score 

differences across the two clusters demonstrated marginally significant 

correlations with glycodistance. However, these correlations and clustering 

structure disappear when glycodistances are shuffled (Figure S 39), suggesting 

that glycodistance explains some of the differences in functional prediction scores 

and perhaps is indirectly being captured by the incorporation of protein structure 

information in these tools. Further exploration into the added accuracy of 

incorporating glycodistance in functional prediction algorithms will be worth 

exploring. 
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Figure 29 –Differential glycosylation and pathogenesis with high-glycoimpact events near 
glycosylation sites.  

(A) Mutations from the Sigurdson Lab mouse PrP mutagenesis library. Mutations were 
mapped to human Prp and stratified by distance from each mutation to the N197 or N181 
glycosylation sites. Mutants substitute the wild-type for Arg unless otherwise specified. 
Causative mutations of Prion Disease were included for comparison including Creutzfeldt-
Jakob disease (CJD) and Gerstmann-Straussler disease (GSD). Low expression is 
indicated in red. (B) The minimum distance between all mutations in panel A and either 
glycosylation site. Significance determined by a two-sided Wilcoxon test. For site-proximity 
and expression by each glycosylation site, see Figure S 40. (C) GEE calculated IMRs from 
PGES-DB denoting relations between sequence (top) or structural protein features 
(bottom) and motifs containing either >5 mannose (high-mannose, left) or >3 Mannose 
(hybrid & high-mannose, right). (D) The range of observed complex glycan to high-
mannose/hybrid glycans (N203/N3) at each site on the HIV envelope gp160 (BG505 
SOSIP.664, PDB:4TVP) (Cao et al. 2017). (E) Distributions of low/high-complexity 
(N203/N3, panel D) stratified by proximal protein structure features selected in panel C. 
For the N203/N3 distribution of panel C-selected IMRs, see Figure S 41. (F) GEE-learned 
IMRs relating to Sequence-proximal (upstream/N-terminal) effects of Ile and Phe. (G) 
Galactose (Gal), Sialylation (Neu5Ac) and Bisecting GlcNAc abundance distributions for 
IgG1 Phe299 and Ile299 allotypes across BALB/c and C57BL/6 mice. 
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Mutation Associated with differential glycosylation change 

Causative mutations in Prion Disease occur closer to glycosylation sites 

To determine the relative proximity of Prion Disease causative mutations 

with glycosylation sites, we compared human PrP mutations known to cause 

Creutzfeldt-Jakob disease (CJD) and Gerstmann-Straussler disease (GSD) to the 

Sigurdson Lab mouse PrP mutagenesis library (Figure 29A). CJD-causative 

mutations where much closer to glycosylation sites than the background 

distribution of the Sigurdson library (One-sided Wilcoxon p=0.0003) while GSD-

causative mutants trended closer (Two-sided Wilcoxon p=0.07) (Figure 29B, 

Figure S 40A-B). Low expression mutants, an indication of possible aberrant 

glycosylation, trended closer to site N180 (One-sided Wilcoxon p=0.16) and 

appeared further from N196 (One-sided Wilcoxon p=0.04).  

 

Protein structure influence on glycan complexity and mannosylation in HIV gp160 

Further examination of PGES-DB relating high-mannose motifs (>5 Man) 

and hybrid/high-mannose motifs (>3 Man) with protein structures revealed several 

IMRs. Downstream Gln was most significantly and substantially (FDR<1e-8; 

OR<0.5) predictive of complexity while Pro and Lys were weakly but significantly 

(FDR<1e-3, FDR<0.1 respectively) (Figure 29C). We compared these predicted 

IMRs with recent work characterizing site-specific glycan complexity (Figure 29D, 

(Cao et al. 2017)). As predicted, glycosites in HIV ENV gp160 with a proline within 

6Å showed lower complexity structures (Two-sided Wilcoxon p=0.0033), whereas 
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C-terminus-proximal Gln showed structures with higher complexity (Two-sided 

Wilcoxon p=1e-4). Structure-proximal Lys, a less significant and lower magnitude 

prediction (Figure 5C), revealed a nonlinear impact on glycan complexity in HIV 

gp120; first increasing with one proximal Lys then decreasing with two. Both most 

significant IMRs predicted from PGES-DB were consistent with the site-specific 

glycosylation observed in HIV gp160.  

Variation in heavy-chain IgG amino acid sequence is associated with differential 

Fc-linked IgG N-glycosylation 

In a QTL analysis in the Collaborative Cross inbred mouse strains one 

particular missense mutation in the Ighg1 gene coding for IgG1 heavy chain, that 

results in a Phe to Ile substitution at position 299, was proposed among the 

candidate SNPs influencing the IgG N-glycome (Krištić et al., 2018). C57BL/6 and 

CD1 mouse strains expressing IgG1 variant characterized by Phe299Ile 

substitution have significantly lower levels of IgG1 sialylation and digalactosylation 

than the strains, for example, BALB/c and C3H, expressing IgG1 variant with 

Phe299 (de Haan et al., 2017; Zaytseva et al., 2018, 2020). In one case, several 

BALB/c animals, heterozygous for ighg1 alleles, were found to produce both IgG1 

allotypes. The Fc-linked N-glycoprofiles of IgG1 with Ile at position 299 expressed 

in BALB/c animals were more similar to those of IgG1 Ile299 expressed in C57BL/6 

mice, as compared to IgG1 Phe299 expressed in BALB/c animals (Error! 

Reference source not found.B). The Fc-linked N-glycomes of IgG1 Ile299 

produced in both BALB/c and C57BL/6 animals were characterized by higher 
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levels of agalactosylation (Mann-Whitney p=1.02e-6) and lower levels of 

digalctosylation, mono-, di- and total sialylation (Mann-Whitney p<0.0073), as 

compared to IgG1 with Phe299 expressed in the same animals (Figure 29G, Error! 

Reference source not found.). The increase in Galactosylation in IgG1 Phe299 is 

consistent with PGES-DB predicted IMRs for upstream (N-terminal) Phe which 

shows an increase in di-galactosylated biantennary structures (OR>2), while 

upstream Ile is associated with tetraantennary galactosylation. Since only 

biantenarry structures are generally permitted on IgG, the Gal promotion function 

of upstream Ile may be unrealized in IgG. The increased sialylation in IgG1 Phe299 

is also consistent with PGES-DB IMRs which show an association between 

structurally proximal Phe and disialylated structures (OR>10). These results 

suggest that replacement of aromatic amino acid residues, such as Tyr and Phe, 

in the position preceding the N-glycosylated Asn reside with aliphatic Ala and Ile 

can be associated with reduced sialylation and galactosylation of the Asn-linked 

N-glycans. 

Discussion 

In this work, we enriched existing glycosite-matched glycan-protein 

databases to include a substructure representation of each glycan and deep 

protein feature annotation. The resulting database, Protein-Glycan Enriched 

Structure Database (PGES-DB), was used to explore quantitative relations 

between protein and glycan structures, the glycoimpact. Glycoimpact signatures 

were validated by comparison to substitution matrices, evolutionary couplings and 
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pathogenicity scores. We further examined the veracity of the glycoimpact 

predictions through comparison to glycosylation on PrP, HIV gp160 and IgG 

glycoproteins. The validity of glycoimpact suggests that glycan biosynthesis is in 

fact not templated biosynthesis as previously believed. But rather, the glycoprotein 

surface acts as a template request deciding which glycosyltransferases may dock 

and catalyze glycan elongations.  

Protein structure and glycan structure are not independent 

While correlation cannot assert causal directionality, it can narrow the 

scope of interaction dynamics. When conditional probabilities and KLd specified a 

protein or glycan structure was absent, the median information gain was 

substantially smaller (<1/10) than when the structures were present suggesting the 

majority of the IMRs action is active; depending on structure presence to induce a 

change rather than absence of a structure. We also saw that protein structure was 

less informative than glycan structure. A larger KLd and CMd could imply that 

glycan structure drives protein structure with high efficacy limited covariates and/or 

protein structure drives glycan structure with low efficacy due to covariates. We 

examined the covariate of glycan structure size as a proxy for the influence of 

metabolic demand on glycan biosynthesis and steric hinderance on protein folding. 

We found an increase in divergence with glycan structure size in glycan-

conditioned protein structure indicating glycan sterics have a collaborative (or more 

likely definitive) impact on protein folding. Conversely, the magnitude of protein-

conditioned glycan probability decreased with glycan size, indicating that the 
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metabolic and processive dependencies may have an inverse impact on the 

predictability of glycan structure from protein structure. 

Changes in glycosite-proximal structure and chemistry are correlated with 

consistent changes in glycosylation 

The original sequon definition includes a free amino acid (“X”) then a serine 

or threonine following the glycosite: NXS/T (Marshall 1974). Finding more 

sequence-proximal amino acid IMRs upstream of the glycosite rather than 

downstream is surprising. These results suggest that it is upstream amino acids 

rather than the identity downstream free amino acid (“X”) that assert the majority 

of control over permissible glycosylation at a specific site. The glycoimpact for 

upstream phenylalanine, one of the most influential in this category, predicts an 

increase in structures containing Man7 and a decrease in structures containing 

Man6 suggesting and increase in larger high-mannose structures (Figure 27F). 

The increase in high-mannose in consistent with the enhanced aromatic sequon, 

an upstream phenylalanine (N-2) that can decrease glycan processing and 

increase homogeneity (Murray et al. 2015). We also see a predicted increase in 

several more processed glycans suggesting an upstream phenylalanine may have 

multiple upstream effects beyond impeding processing. We also find many IMRs 

involving tryptophan, another N-2 element of the enhanced aromatic sequon 

shown in increase glycosylation in several contexts (Y.-W. Huang et al. 2017).  
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Validating Glycoimpact 

In considering the veracity of glycoimpact scores, we first examined the 

highest glycoimpact relation, Ile/Val. A glycosite proximal V84I substitution in HIV-

gp120 has been shown to recapitulate viral deactivation similar to that seem in 

virus with mutagenesis oblated glycosites (Wang, Essex, and Lee 1996). Similarly, 

the PrP V180I substitution, adjacent to one of two PrP glycosylation sites (N181), 

is a known to cause Creutzfeldt-Jakob disease(Goldfarb et al. 1992). For a more 

comprehensive approach, we examined glycoimpact in the contexts of evolution 

and pathogenesis. 

Through multiple evolutionary and pathogenic lenses, we examined the 

relevance and veracity of glycoimpact. We found that higher glycoimpact is 

correlated with a divergence between the function-focused PAM and structure-

focused BLOSUM matrix. The observation suggests, as is already well known, that 

both glycosylation and structure are necessary to explain protein function; the 

novelty is not reasserting this axiom but rather expressing it as amino acid 

substitutions. Here, we present evidence of a genetic encoding for the glycan 

contribution to protein function. The potential for glycoimpact to explain divergence 

in structure and conservation-based predictions was further corroborated in the 

comparison of glycoimpact to divergence between dbNSFP pathogenicity scores; 

structure and function tool co-segregate suggesting glycoimpact is capturing a 

consistent and definitive difference between these tools. Probing further into 

evolutionary statistics, we found only three amino acids with significantly high 
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coupling to glycosites (relative to all Asn). These results suggest there may be a 

small number of active amino acid actuators of glycan selection while other act 

passively through the absence of those active actuators. 

While our observation of high-glycoimpact pathogenic mutations close to 

glycosylation sites is encouraging, we wanted to examine plausibility of glycan-

relevance for the high-glycoimpact pathogenic mutations we found in ClinVar close 

to glycosites. One such mutation, Tyrosinase/A355V (P14679), is sufficient to 

cause Albinism (Simeonov et al. 2013). More directly, T373K, which removes the 

T from the N371 glycosylation site is a well characterized causative mutation in 

Albinism (Spritz et al. 1997; Halaban et al. 2000; Hutton and Spritz 2008). 

Glycosylation of this protein has been shown to be critical for folding (Branza-

Nichita, Negroiu, et al. 2000; Branza-Nichita, Petrescu, et al. 2000). Oblation of 

glycosylation site 371 resulted in decreased protein abundance and activity 

(Dolinska et al. 2017). Additionally, non-mutagenic deglycosylation of Tyrosinase 

also interrupts tyrosynase function (Dolinska and Sergeev 2017). In a published 

structure (PDB:5M8N), A355 is less than 20Å from N371. The literature suggests 

that disrupting Tyrosinase glycosylation is sufficient to induce Albinism, here, we 

suggest an additional mutation acting though glycosylation disruption.  

Demonstration of the plausibility (PrP), accuracy (HIV) and specificity (IgG) of 

glycoimpact predictions 

In examining Prion disease, the HIV envelope, and IgG1 glycosylation in 

the context of glycosite proximal substitutions, we revealed specific instances of 
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functionally important glycoimpact events. The relative proximity of pathogenic 

mutations and glycosylation sites in Prion Disease is further evidence of direct 

genetic encoding of glycosylation constraint. While there is extensive evidence that 

glycosylation impacts PrP pathogenicity, there is dispute about the decisiveness 

of the strain-glycoform relationship. Here we present evidence that CJD mutations 

are significantly close to N180 while GSD only trend closer to this site suggesting 

specific genetic and deliberate modulators of these pathogenic glycosylation 

events. We used the HIV gp160 envelope protein to demonstrate that specific IMR 

predictions made using PGES-DB are visible at the site-specific glycosylation 

level. We validated the complexity modulating effect of the two most significant 

amino acid proximity effects. Interestingly, there is evidence to suggest that 

proximal Lysines should promote low-complexity glycans(Rademacher et al. 

2012). While this effect was low significance and magnitude, we unfortunately 

predicted it would promote high-complexity glycans; this may be due to the 

nonlinear effects observed in the HIV g160 data (Figure 5E). Towards furthering 

the specificity of our predictions, we examined specific glycan substructures 

associated with mouse IgG1 allotypes and found evidence suggesting that 

upstream (N-terminal) Ile/Phe substitution could explain (and are consistent with) 

the increase in galatosylation while structure-proximal Ile/Phe substation (which 

includes but is not limited to sequence-proximal effects) could explain (and are 

consistent with) the increase in sialylation. 
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Methods 

Enrichment of glycan-protein site-matched data to generate the Protein-Glycan 

Enriched Structure Database (PGES-DB) 

Starting from site-specific glycosylation events documented in UnicarbKB 

(Campbell, Peterson, et al. 2014), we extended the annotation of each 

glycosylation site and glycan to include detailed site-specific protein structural 

annotation and recorded the number of times each substructure appeared in each 

glycan. Only human glycoproteins were analyzed. The final database includes 111 

proteins, 306 glycosylation sites and 4263 glycans. 

The protein structure annotation was done using the Structural Systems 

Biology (SSBio) package in python (Mih et al. 2018). The package uses several 

tools to perform a variety of annotations. For each human protein in UnicarbKB, 

empirical and homology modeled structures were collected from the Protein Data 

Bank (PDB) (Berman et al. 2000) and SWISMOD (Waterhouse et al. 2018) 

respectively. Proteins without existing models were modelled using I-TASSER (J. 

Yang et al. 2015; Yang Zhang 2008). Protein structures and chemistry close to the 

glycosylation sites were annotated multiple software packages through SSbio: 

sequence properties (EMBOS:pepstats (Madeira et al. 2019)), sequence 

alignment (EMBOS:needle (Madeira et al. 2019)), secondary structure (DSSP 

(Yuan Zhang and Sagui 2015), SCRATCH::SSpro (Magnan and Baldi 2014) and 

SCRATCH::SSpro8), solvent accessibility (DSSP and FreeSASA), and residue 
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depth (MSMS). Additional amino acid aggregate features were calculated using 

R::seqinr. 

Glycan structures were annotated using a combination of glypy (Klein and 

Zaia 2019) and glycompare (Bao et al. 2019) for structure parsing and comparison 

respectively. All glycan substructures, a connected subset of monosaccharides 

with and without linkage information, were extracted from each glycan, merged to 

make a superset of substructures, then mapped to each glycan. Thus resulting in 

a mapping from every glycan in UnicarbKB to shared substructures. 

Software and packages  

Protein structure analysis was performed in Python v2.7.15 using SSBIO 

to retrieve and calculate: existing empirical and homology models from PDB and 

SWISSMOD (PDBe SIFTS, PMC3531078), de novo homology models (I-

TASSER), sequence properties(EMBOS pepstats), sequence alignment(EMBOS 

needle), secondary structure (DSSP, SCRATCH::SSpro and SCRATCH::SSpro8), 

solvent accessibility (DSSP and FreeSASA), and residue depth (MSMS). 

Additional amino acid aggregate features were calculated using R::seqinr. 

Statistical analysis was performed in R v3.6.1. R::entropy v1.2.1 was used 

for entropy, Kullback-Leibler divergence and other information theoretic 

calculations. Generalized Estimating Equations (GEE) were fit using R::geepack 

v1.3-1. Gaussian Mixture Models were used to z-score normalize the glycoimpact 

using R::mixtools v1.1.0. BLOSUM and PAM substitution matrixes were accessed 

from R::Biostrings v2.52. 
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Probability event space, information gain and conditional probability 

Here we define an event (a row in our enriched glycosylation-glycosite 

database) as “the observation of a glycan at a glycosylation site in an experiment.” 

If two separate experiments in UnicarbKB both observe the same glycan at the 

same site on the same protein, we consider that event to have occurred twice. 

Within each event, we ask if the glycan structure random variable (the presence or 

absence of a specific glycan substructure) is present or absent in the observed 

glycosylation event and if the protein structure random variable (a proximal amino 

acid, a secondary structure or another discrete protein structure)  A fisher exact 

test (R::base::fisher.test) was used to estimate the odds ratio (OR) and 

significance (p) of each inter-molecular relation (IMR). P-values were corrected for 

False Discovery Rate (FDR, q) permitting 10% false discovery (q<0.1). Conditional 

probability was calculated by dividing joint probability by the marginal probability 

of protein and glycan structure presence. Kullback-Leibler divergence (KLd, 

R::entropy::KL.Dirichlet, pseudo count=1/6) was calculated by comparing the 

conditional probability distribution to the marginal probability distributions.  

Quantitative characterization of Inter-Molecular Relations (IMR) using Generalized 

Estimation Equations (GEE) 

To characterize the IMRs in the PGES-DB while controlling for protein-

specific confounding effects and handle nonlinear relations we used a population-

averaging approach; logistic Generalized Estimating Equations (GEE) with 

glycoprotein identity as the cluster identifier(Zeger & Liang, 1986). We used an 
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exchangeable correlation structure to describe and balance the in-protein 

similarity. Models were fit to predict glycan substructure binary (presence or 

absence) from either z-score normalized continuous or binary (presence or 

absence) protein structures. For each model, the data from PGES-DB was isolated 

for one glycan-type (N-glycan or O-glycan), one glycan substructure and one 

protein structure. Incomplete observations (events/rows) were removed and then 

several checks on each data-slice were run to minimize overfitting. Glycan 

substructures were excluded from modelling if standard deviation was less that 1e-

6 or if there were fewer than 5 observations of the structure within the pertinent 

data-slice. Discrete protein structure features were excluded if there were fewer 

than 4 observations within the data-slice. Models were excluded if there were fewer 

than 4 instances in any cell (of the 2x2 absence/occurrence matrix) or if the chi-

squared expected value of any cell was less than or equal to 5 (McHugh 2013). 

Observations were weighted by the reciprocal-count of the corresponding label 

type to balance label contributions to the model and scaled by exponentiated 

cscore to maximize the contribution of high-quality protein structure models (𝑤𝑤𝑖𝑖 =

2𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  / 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑡𝑡𝑡𝑡𝑝𝑝𝑙𝑙 𝑐𝑐𝑐𝑐𝑐𝑐𝑛𝑛𝑡𝑡 {0,1}). Models with |log(OR)|> 50 were excluded as likely 

overfit. Quasi-likelihood under independent model criterion (QIC) and the Wald 

tests were used to evaluate the significance and magnitude of the estimated IMRs. 

We also ran this analysis using publication identifiers as a control variable to 

account for researcher and group biases; this produced similar results likely 

because protein identity is strongly correlated with the publications in which they 

appear. 
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Comparison of SNP pathogenicity scores with glycoimpact 

Functional prediction rank normalized scores were obtained from dbNSFP 

(v3.2)  for the following 27 tools: SIFT, PolyPhen-2 HDIV, PolyPhen-2 HVAR, 

GERP++, MutationTaster, Mutation Assessor, FATHMM, LRT, SiPhy, 2x PhyloP, 

MetaSVM, MetaLR, CADD, VEST3, PROVEAN, 4× fitCons scores, fathmm-MKL, 

DANN, 2× phastCons, GenoCanyon, Eigen and Eigen-PC(X. Liu et al. 2016). 

Variants were excluded from the analysis if they had more than 3 missing 

functional score predictions, did not result in an amino acid change, or not on 

proteins that had known glycosylation sites. 

Assignments of “prediction-type” and “structure-usage” (Figure 28D) were 

adapted from classifications provided by dbNSFP(X. Liu et al. 2016). 
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A. APPENDIX: HUMAN MILK OLIGOSACCHARIDES AND NECROTIZING 

ENTEROCOLITIS 
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Code Repository 

Code can be found at https://github.com/bkellman/NEC_HMO 

Supplemental Figures 

 
 
Figure S 1 - Example of case-control matching and milk sample availability.  
Case A003 was matched with 5 controls from the same study site A based on gestational 
age (GA), birth weight (BW), delivery mode (D), then race/ethnicity (RE). Matching was 
also based on the similarity of collection days. Each number in green boxes shows that a 
milk sample was available for analysis for that specific day and subject. A003 was 
diagnosed with NEC on day-of-life 16 (until 22 days post partum; red boxes). N: non per 
os (infant did not receive oral feeds that day). 
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Figure S 2 - HMO comparisons for all NEC cases and all controls combined. 

Concentrations of all measured HMO were compared between NEC (Bell stages 2 & 3) 
cases and non-NEC controls. All available samples were included for each subject. Only 
DSLNT (Figure 8), LNFP1, and DFLNT exhibited significant changes in concentration.   
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Figure S 3 - Identification of high NEC risk milk samples based on HMO analysis.  
(A) In this study, we identified three HMO that may aid in identifying milk samples of 
concern, and these were used to construct a decision tree for sample classification. 
Samples with greater than 207.7 µg/mL DSLNT are considered low risk by this tree. 
Samples with lower DSLNT concentrations are higher risk and can be subsequently tested 
for DFLNT and LNFP1 concentration to further identify high risk samples. The 
concentrations reported here are estimates based on the size of the study. More 
quantitatively robust thresholds can be achieved in future studies that address the 
longitudinal sampling in larger cohorts. (B) Equations for the odds that a given milk sample 
is associated with an infant that will develop NEC can be calculated based on DSLNT 
(minimal model) or DSLNT, LNFP1 and DFLNT (Final Model). (C) The final model based 
odds calculations can be used to partition samples that are associated with infants who will 
develop NEC. However, LNFP1 and DFLNT provide less information than DSLNT towards 
classification of milk samples. (D) The identification of milk associated with NEC cases is 
enhanced by the combined assessment of consecutive milk samples from a given infant, 
demonstrating that NEC is associated with consistently and continually altered levels of 
HMOs, specifically DSLNT. 
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Figure S 4 - Analysis of DSLNT concentration for multiple days enhances the identification 
of high-risk infants. (A) DSLNT concentration is low in individual milk samples consumed 
by preterm infants, but many infants are exposed to occasional feedings with low DSLNT 
without developing NEC. (B) The infants who will develop NEC are more readily identifiable 
when DSLNT concentrations from multiple consecutive milk samples for each subject are 
cumulatively analyzed. When we combine the computed odds for 2, 4, and 7 consecutive 
milk samples from the same individual, separation of cases and controls increased. To 
compute relative odds, the odds for all NEC cases and controls were normalized by dividing 
their values by the median odd value for non-NEC controls for the corresponding day. 
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Figure S 5 - Resampling-Bias Conscious Estimation of High/Low Risk Milk Classification 
Performance. A. 
Area under the (ROC) Curve (AUC) was used to evaluate the performance of our milk risk 
odds estimators. B. Mathews Correlation Coefficient (MCC) was also used to assess 
performance accounting for bias due to the class imbalance (the ratio of case:control 
subjects is approximately 3:20 while ratio of case:control samples is approximately 1:10). 
The odds estimating models assesed here are the “full” model (blue) which considers time, 
DSLNT, LNFP1 and DFLNT as well as the “minimal” model (red) which considers only time 
and DSLNT. C. AUC vs MCC aggregated over different numbers of days (top border and 
color) and different models (right border). The optimal cutoff in these models was 
approximatley odds=0.16. 
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Supplemental Tables 

Table S 1 –Multivariate models considered in the analysis.  
DSLNT, LNFP1 and DFLNT show significant (p<0.05) contributions to NEC onset when 
combined in a final GEE model clustered by subject while considering days postpartum 
(DPP). The odds ratio (OR) is the exponentiated coefficient and the 95% CI describes the 
range of possible OR. The p-value was calculated from the Wald statistic of each 
coefficient. 
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Table S 2 – Overview of multivariate model selection by backward selection. 
Panels A, B and C enumerate the first, second and third iterations of model comparisons 
considered during the backwards elimination used to construct the final model: t+S+N1+F. 
Panel A details the quasi-Likelihood, Quasi-AIC, Change in Q-AIC (∆IC) and Cumulative 
Akaike Weight (𝝎𝝎) when comparing the complete model to three HMO models (excluding 
time, t); the best three HMO model is the final model. Panel B shows these statistics 
comparing the best three HMO model to candidate two HMO models. Panel C shows these 
comparisons between the best two HMO model, candidate single HMO models and the 
null models. HMOs are abbreviated: DSLNT (S), LNFP1 (N1), DFLNT (F), LNFP3 (N3). 
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Supplemental Methods 

Case Descriptions 

A003 (Bell stage 2) 

This was a male infant born at 29+2 week twin diamniotic monochorionic 

gestation with a birth weight (BW) of 1,350 g from an in vitro fertilization pregnancy 

born to a 37 year-old Asian mother who received betamethasone. Maternal 

serology was unremarkable. Delivery was by C-section. Apgars were 5 and 8 at 1 

and 5 minutes. Feeds were started on day of life (DOL) 4 with feeds advancing by 

protocol until on DOL 16, two days after fortifier was added, he had blood in his 

stool. He was otherwise well but kept non per os (NPO) for 8 days for NEC. The 

white blood count (WBC) was 12,000/mm3 and C-reactive protein (CRP) was <0.1 

mg/dL. He was diagnosed with urinary tract infections growing Enterococcus 

faecalis and was treated with vancomycin and meropenem then switched to 

gentamicin based on sensitivities. Radiographs had RLQ and L flank pneumatosis 

that persisted on subsequent radiographs before resolution. Despite the 

pneumatosis, the abdominal signs were benign. He was diagnosed with Stage 2 

NEC and had no NEC sequelae up to discharge. 

A029 (Bell stage 2) 
This was a male infant born at 27+3 weeks twin B diamniotic dichorionic 

gestation with a BW of 1,069 g born to a 30 year-old Caucasian mother. Pregnancy 

was complicated by preterm labor and premature rupture of membranes (PROM). 

Delivery was by C-section. Feeds were started on DOL 3 and reached full feeds 
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on DOL 18. On DOL 22 he was made NPO with a presentation of abdominal 

distension, frank blood in stools and apnea. His WBC was 4,000/mm3 and CRP 

17.7 mg/dL. He was treated with vancomycin and meropenem and then found to 

have a positive blood culture for Staphylococcus epidermidis. He was refed after 

12 days. Radiographs showed pneumatosis that was short-lived. He had Stage 2 

NEC. No further sequelae came after feedings resumed. 

A066 (Bell stage 1) 
This was a male infant born at 26+6 weeks with a BW of 961 g born to a 

31 year-old Hispanic mother. Maternal serologies were unremarkable. Pregnancy 

was complicated by intrahepatic cholestasis and then PROM but mother was given 

betamethasone. Delivery was by C-section. Apgars were 3,6, and 7 at 1, 5, and 

10 minutes. The infant was intubated at birth and given surfactant. He was 

extubated on DOL 3. Feeds were advancing up to 50% on DOL 19 before 

abdominal distension and blood in stools were noted. The WBC was 12,000/mm3 

and CRP was 0.1 mg/dL. Blood cultures were negative. The subject was treated 

with vancomycin, cefotaxime and metronidazole for 10 days before feeds 

resumed. Radiographs were never positive for pneumatosis or free air. He had 

Stage 1 NEC and had no NEC sequelae up to time of discharge and at two-year 

follow-up.  

B032 (Bell stage 3) 
This was a female infant born at 31+0 weeks twin Di-Di gestation with a 

BW of 1,160 g to a 26 year-old G2P1 African American mother. Pregnancy was 

complicated by twin gestation, prolonged premature rupture of membranes 
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(PPROM), and breech presentation. Antenatal betamethasone and ampicillin were 

given. Delivery was by vaginal route. She presented at birth limp and positive 

pressure ventilation (PPV) was initiated within 1 min of life but heart rate (HR) 

remained at 60 bpm. Infant was intubated and given 10 seconds of chest 

compressions before HR rose above 80. Apgars were 1 and 7 for 1 and 5 minutes. 

She received continuous positive airway pressure (CPAP) and nasal cannula 

ventilatory support until ten days after birth, and was then placed back on 

ventilatory support at 15 days of life due to apnea. Serial complete blood counts 

(CBCs), procalcitonin, and CRP were negative in the first few days of life. Total 

parental nutrition (TPN) was started at admission and continued for 13 days. Feeds 

were started DOL 2, liquid human milk fortifier added DOL 10 and then advanced 

to full feeds by DOL 13. On DOL 15 she developed feeding intolerance with a small 

emesis and gastric residuals. Radiographs showed pneumatosis in RUQ and LUQ 

with possible portal venous air. A laparotomy was performed resulting in the 

resection of half of the bowel with remaining half left with questionable viability. 

She continued to deteriorate after surgery and died on DOL 17. 

C005 (Bell stage 3) 

This was a male infant born at 26+3 weeks with a BW of 1,040 g to a 34 

year-old G6P0 African American woman. Maternal history included polycystic 

ovarian syndrome (PCOS), insulin dependent gestational diabetes mellitus (GDM), 

and PPROM. Mother received antibiotics for latency and prenatal steroids. 

Delivery was by emergent C-section for maternal chorioamnionitis. Infant required 

positive pressure ventilation and intubation in the delivery room. Apgar scores 
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were 5 and 8 at 1 and 5 minutes. Infant remained intubated and received 3 doses 

of surfactant.  He was treated with indomethacin for a patent ductus arteriosus 

(PDA) that was functionally closed by DOL 9. He received a total of 6 days of 

empiric IV antibiotics before the development of NEC. Trophic enteral feedings 

were started on DOL 3 with maternal breast milk and were gradually advanced to 

136 ml/kg/d with breast milk, until DOL 25 when feeds were changed to 20 kcal/oz 

preterm formula due to low milk supply. On DOL 26, there were recurrent residuals 

of digested formula. Abdominal radiographs showed dilated loops of bowel, 

pneumatosis and portal venous gas. Infant’s abdomen was distended, firm, 

erythematous in the RLQ, with hypoactive bowel sounds. Infant was placed on 

bowel rest and treated with 21 days of IV antibiotic for a positive blood culture for 

E. coli and CSF pleocytosis. Infant improved his clinical condition with resolution 

of pneumatosis and bowel dilation within 3 days of starting therapy. He did not 

tolerate resumption of enteral feedings after 14 days of bowel rest with recurrent 

bilious residuals and emesis. Persistent feeding intolerance prompted two UGIs 

with the second one showing a LUQ dilated loop of bowel. He underwent 

exploratory laparotomy that revealed a large, dense, inflammatory mass in 

proximal small bowel causing partial small bowel obstruction, with pathologic 

examination of resected small bowel demonstrating adventitial hemorrhage, 

serositis, and abscess formation with necrosis.  After bowel resection and jejuno-

jejunostomy, he tolerated full enteral feedings with spontaneous bowel movements 

and was discharged home at 43+2 weeks. 

C024 (Bell stage 2) 
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This was a female infant born at 27+1 weeks with a BW of 830 g to a 25 

year-old G2P0 African American woman. Maternal history was complicated by 

severe preeclampsia, HELLP (hemolysis, elevated liver enzymes low platelet) 

syndrome and Group-B-streptococcus (GBS) positivity. Mother received antenatal 

steroids, antihypertensive medications, magnesium sulfate and clindamycin. 

Delivery was by C-section. Infant cried spontaneously and was given CPAP. 

Apgars were 8 and 9 at 1 and 5 minutes of life. She remained on CPAP until she 

was intubated for respiratory failure associated with NEC. She was treated for a 

PDA with indomethacin that closed by DOL 17. She received a total of 5 days of 

empiric intravenous antibiotics before development of NEC. Trophic enteral 

feedings were started on DOL 3 with mom’s own milk, however, preterm formula 

was introduced on DOL 14 when mother’s milk supply was low. On DOL 24, she 

received a blood transfusion for symptomatic anemia. Then on DOL 26, she 

presented with abdominal distension, hypoactive bowel sounds, apnea, lethargy 

and hypothermia. Abdominal radiographs showed mildly dilated loops of bowel and 

pneumatosis. She was managed with bowel rest and IV antibiotics for 14 days. 

Blood culture was negative but the CRP was elevated. She tolerated resumption 

of enteral feedings of preterm formula and was discharged home at 36+5 weeks. 

C027 (Bell stage 2) 

This was a female infant born at 29+5 weeks with a BW of 1,370 g to a 19 

year-old African American G1P0 woman by C-section with prolonged preterm 

premature rupture of membranes. Mother received prenatal steroids, antibiotics, 

and magnesium sulfate. Apgars of 6 and 9 at 1 and 5 minutes of life. She 
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transitioned from CPAP to nasal cannula oxygen by DOL 2. Trophic enteral 

feedings were started on DOL 2 with mother’s own milk and preterm formula was 

introduced on DOL 12 when milk supply was low. She received a total of 4 days of 

empiric intravenous antibiotics prior to the development of NEC. She tolerated full 

enteral feeds until DOL 17 when she presented with residuals, emesis, 

bradycardia, abdominal distension and bloody stools. Abdominal radiographs 

showed dilated loops of bowel and pneumatosis. Her abdomen was distended with 

bowel sounds present. She was placed on bowel rest and intravenous antibiotics 

for 9 days. Blood culture was negative with an elevated CRP. She tolerated 

resumption of enteral feedings with preterm formula and was discharged home at 

36+5 weeks postmenstrual age (PMA).  

D015 (Bell stage 1)  
This was a male infant born at 26+0 weeks to a 34 year-old G2P1 mother 

by spontaneous labor and spontaneous vaginal delivery (SVD). Maternal 

serologies were unremarkable aside from GBS positivity. Pregnancy was 

complicated by early vaginal bleeding from 16 weeks with concern for chronic 

abruption. Maternal history included hypothyroidism on thyroid replacement and a 

history of asthma. PROM occurred at 25+3 weeks. Decreased amniotic fluid was 

noted at 25 6/7 weeks along with poor biophysical profiles of of 4/8 and then 6/8 

at 26 weeks. Antenatal steroids were given as well as peripartum antibiotics. 

Apgars were 5, 6, 8 at 1, 5, 10 minutes. He was intubated at 20 minutes of life, 

given surfactant and placed on high frequency oscillation ventilation (HFOV). On 

DOL 6, he developed abdominal distention, feeding intolerance and bowel wall 
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thickening on abdominal x-ray. He was treated medically with bowel rest and 

antibiotics for 10 days and went home after a prolonged neonatal course at 43+3 

weeks. 

D024 (Bell stage 2)  
This was a female infant born at 26+2 weeks to a 32 year-old G2P1 mother. 

Mother had unremarkable serology. This was a twin pregnancy with a vanishing 

twin. Maternal history included a two-year history of infertility and PCOS with this 

pregnancy assisted by intracytoplasmic sperm injection (ICSI) and intraventricular 

hemorrhage (IVH). PPROM occurred at 25+3 weeks and mother was given 

penicillin and then erythromycin for GBS positivity. She received betamethasone 

4-5 days prior to delivery. Emergency C-section was done for possible cord 

prolapse with breech presentation but was found to have legs protruding. Apgars 

were 5, 7, 9 at 1, 5, 10 minutes. The infant was given positive pressure and placed 

on CPAP and room air. She remained on CPAP until 2 weeks of age. She had a 

PDA that required two courses of indomethacin to close. She was started on breast 

milk on day 3 of life and reached full feeds by day 13. Feeding intolerance occurred 

on day 14 concurrent with fortifier introduction, presence of the PDA and possible 

coagulase negative Staphylococcus (CONS) sepsis. Small trophic feeds were 

started after two days followed by advancement but increasing abdominal girth and 

free air on abdominal x-ray were noted. She was started on antibiotics and 

transferred to Children’s Hospital where she underwent surgical management.  

E002 (Bell stage 3)  
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This was a male infant born at 25+0 weeks to a 17 year-old G1P0 mother 

by vaginal delivery. Maternal history included marijuana use early in the first 

trimester, but no other drugs of abuse. She did not receive antenatal steroids. He 

received prophylactic indomethacin for IVH prevention. In his first week of life, he 

required extensive delivery resuscitation, pressors, and extreme volumes of blood 

products. On DOL 23 he developed increased abdominal distention and an 

ileus.  Abdominal US revealed contaminated ascites consistent with a perforation. 

His first laparotomy revealed an intestinal perforation at the site of a Meckel's 

diverticulum with subsequent ileostomy.  At 2 months of age, he developed 

symptoms of Bell Stage 3 NEC with bloody stool, pneumatosis, and feeding 

intolerance. This diagnosis was confirmed on laparotomy, along with stricture from 

early NEC that was not obvious during his first laparotomy. He stayed in 

the hospital for 148 days. He demonstrated severe functional short bowel 

syndrome, despite adequate small bowel length. Since his NICU discharge, he has 

required 3 subsequent hospitalizations and 3 ER visits. 

Statistical Analysis and Classification 

Multivariate Model Selection by Backward Elimination 

Multivariate models were built to include factors that marginally contributed 

to the onset of NEC based on covariate and HMO pre-screening (Pr(W) < 0.2). 

Backward elimination (BE) was used to select a final multivariate model. BE 

removes one variable at a time starting from a model containing all variables 

passing the pre-screening. In each iteration of BE, the variable with the smallest 



 
 
 

198 
 

contribution to the likelihood of the model is removed; contribution to likelihood is 

assessed by removing the variable an comparing the likelihoods of the original and 

new model. BE terminates when no move variables can be removed from the 

model without decreasing the likelihood. The performance of notable models 

examined in the backward elimination is shown in Table S 1. The iterations of the 

backward propagation are detailed in Table S 2 and the accompanying text. 

Odds ratio calculation from logistic regression models 

All GEE models and regressions were logistic therefore analysis involved 

the calculation of odds, odds ratios, confidence intervals and significance. The 

odds ratio (OR) are the exponentiated coefficients (β) of each variable, OR = eβ.  

Confidence intervals (CI) for the odds ratios were calculated using the delta 

method, a function of standard error (SE) of the coefficient of each variable, CI= eβ 

+/- 1.96 eβ SE. The Wald statistic tests if a coefficient diverges from zero along a 

normal distribution to describe the probability that the coefficient is non-zero. 

Constructing the decision tree  

Decision trees were constructed using J48, a Java implementation in 

Weka(Witten, Frank, Hall, & Pal, 2016) of the C4.5 decision tree-generating 

algorithm. C4.5 selects recursive partitions to the data by optimizing normalized 

information gain(Quinlan, 1993; Salzberg, 1994). We used RWeka package in R, 

a wrapper package for the Weka library(Witten et al., 2016). While training our 

decision trees, the minimum number of observations per leaf node was set to 20 

to avoid over-fitting. J48 decision trees were learned from the odds produced by 
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our multivariate models to exemplify their prescriptive information. These decision 

trees exemplify the prescriptive capabilities of our observations. Given the smaller 

cohort in this study, the decision trees are provided as qualitative analysis. Future 

work will be able to evaluate and provide a more quantitative classifier that 

addresses longitudinal sampling in a larger cohort.   

Consecutive Day Measurements: Cumulative odds of NEC over multiple days 

We also applied the cumulative odds across multiple consecutive samples 

in decision tree training. Cumulative odds (CO) were calculated as the one minus 

the joint probability that several consecutive samples (si) would not be associated 

with NEC (N). The cumulative odds 

demonstrated enhanced separation 

between milk associated with NEC cases vs. controls (Figure S 3D and Figure S 

4B). The cumulative odds are used to aggregate over multiple consecutive 

observations and thereby improve classification. 

Odds-Based Classification: Resampling consious performance 

assessment  

Bootstrapping was used to estimate of the performance of our models at 

the task of high/low risk milk classification. Bootstrapping estimates tend to be 

conservative and provide a lower variance estimate, which was preferred here due 

to the small number of cases currently available. To avoid subject re-sampling bias 

we chose at most 1 sample per subject in each performance-assessing iteration. 

In each of 100 iterations, 2/3 of subjects were randomly selected. From each 
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subject selected, only one sample was used per iteration. Sampling 2/3 of the 

available subjects excludes multiple subjects while still maintaining a 

representative sample (n=40 samples/iteration). This sampling proportion allowed 

for good assessment of the performance variance. Limiting each subject to one 

sample per iteration ensures no subject was over-represented in any of the 

performance assessments.  

Supplemental Results 

Multivariate Model Selection by Backward Elimination 

Multivariate models were selected using Backwards Elimination (BE) to 

search combinations of the four HMO (DSLNT, LNFP1, DFLNT, LNFP3), that 

passed (Pr(W) < 0.2) the univariate screening. We sought to minimize QIC and 

maximize parsimony. The first BE iteration (Table S3A) showed a small increase 

in QIC from the final model (t+S+N1+F+N3) to a smaller, more parsimonious model 

(t+S+N1+F). The next BE iteration (Table S3B) found a larger increase (∆IC > 3.58) 

in QIC in all candidate bivariate models. The failure to find a more parsimonious 

model with lower QIC concluded Backward Elimination and suggests that t + S + 

N1 + F (the final model) is the most parsimonious and descriptive model. We note 

that ∆ IC(t+S; t+S+N1+F) = 50.74 (Table S3A and S3C). This is not a negligible 

∆IC, but due to the substantial increase in parsimony offered by the univariate 

model over the trivariate model we consider t + S (the minimal model) to be a 

notable model as well. 
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The formulas below compute the odds that a child will develop NEC based 

on HMO concentrations in milk consumed on the ith day of life. The odds that a 

child will develop NEC can be computed based on HMO concentration. This is 

done by using the exponentiation of the coefficients parameterized by the time (t) 

and the z-statistic standardized levels of DSLNT (s), LNFP1 (n) and DFLNT (f) at 

observation i. The first equation describes the Minimal Model including only time 

and DSLNT and the second equation describes the Final Multivariate Model 

including time, DSLNT, LNFP1 and DFLNT.  

 

Odds-Based Classification: Classification performance is exceptional when 

aggregating multiple samples and controling for resampling bias. 

The decision trees in Figure S 3 provide a nice visualization of the potential 

discriminative power of the odds produced by the models above. With both single 

and multiple day considerations of odds, the apparent classification is excellent. 

For a rigorous assessment of the discriminative power of the minimal and final 

GEE model generated odds, we directly examined the performance with the rolling 

threshold of a Receiver Operating Characteristic (ROC) curve.  
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By evaluating the classification performance of the GEE generated odds 

we can focus on mitigating the resampling bias only in the performance evaluation 

since the learning is already done. As discussed in the supplemental methods, 

resampling bias was addressed using a bootstrapping approach to include no 

more that 1 sample per subject for each bootstrap iteration. Performance of the 

final and minimal model calculated odds were found to be exceptional, as 

quantified by the median AUC and median MCC.  

In all assessments, the minimal model outperformed the final model. 

Considering that the final model utilizes more information, the underperformance 

of the final model may be due to over-fitting while the minimal model is more 

generalizable. The median AUC is typically above .95 for all models. The minimal 

model AUC is close to 1 considering only 2 consecutive milk samples while the 

final model converged at approximately AUC=.96 considering 4 consecutive milk 

samples. As expected, the AUC is inflated, relative to the MCC, by the class 

imbalanced of the data. The MCC follows a similar pattern to the AUC. The minimal 

model converges at MCC=1 considering 6 consecutive milk samples. The minimal 

model outperforms the final model which converges at MCC=.8 considering 4 

consecutive milk samples. As expected AUC and MCC show correlation. 

Additionally, these metrics converge and improve as more consecutive samples 

are included. From this examination, the minimal model considering 2 consecutive 

samples appears to be the most economical model, with AUC=.97 and MCC=.8. 

The minimal model considering 4 consecutive samples appears to have the 

highest performance before effective convergence, AUC=.99 and MCC=.9.  In 
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most assessments, the optimal cutoff was approximately odds=.16. However, due 

to the limited size of this study, this cutoff is provided as a proof of principle and is 

not yet appropriate for broader use. Larger follow up studies will be required to  

obtain more robust estimates and further mitigate potential contributions from over-

fitting. Furthermore, we believe that the minimal model is the most generalizable 

instrument produced by this investigation. This is supported by the consistent 

higher median AUC and MCC of the minimal model generated odds over the final 

model generated odds in this bootstrapping validation. One explanation for the 

lower performance of the odds generated by the final model is that it is too specific 

for generalization. This means the final model is more likely to contain information 

pertinent to these specific instances of NEC while the minimal model is more likely 

to describe the broader population of NEC cases. More specifically, DFLNT and 

LNFP1 are more likely to be associated with specific instances of NEC induction 

while the depletion of DSLNT is a global feature of the disease. 
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B. APPENDIX: HMO BIOSYNTHESIS 
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Code Repository 

Code for this project has been made available at 

https://github.com/bkellman/HMO_GeneReaction_pred 

Glossary 

Term Definition Full 
Definition 

Reaction rules, 
elementary or 
fundamental 
reactions 

The generic reaction types the can occur 
in the model 

Section 
1.1.1 

Candidate 
structures, 
isomers 

Alternative and proposed structure for 
HMOs that are not yet fully characterized 

Figure S 17 

Candidate gene, 
isoform 

All genes in a glycosyltransferase family 
that could reasonably perform the 
corresponding reaction. 

Table 2 

Complete 
Network 

The collection of all reactions into a 
network that will produce all possible 
glycans up to a pre-specified size 

Section 
1.1.1 

Reduced 
Network 

A trimming, via FVA (Section 1.2.4), of to 
Complete Network to remove reactions 
unnecessary to reach observed glycans 

Section 
1.1.2 

Candidate 
Models 

Many subnetworks of the Reduced 
Network, via MILP (Section 1.2.5), where 
each subnetwork is capable of uniquely 
reproducing the observed data 

Section 
1.1.3 

Flux & 
Normalized flux 

Relativistic measure of the 
stoichiometrically balanced movement of 
material through a metabolic model. Flux 
can be normalized relative to an upstream 
reaction to consider substrate limitations. 
Flux is calculated using Flux balance 
analysis. 

Figure S 16 

Gene-Linkage 
Score (GLS) 

The highest Spearman correlation 
between the total normalized flux of 
through a reaction type and the 
expression of all corresponding candidate 

Section 
1.1.5.2 

https://github.com/bkellman/HMO_GeneReaction_pred
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genes. The selection of the “best” genes 
to describe a linkage within a model. 

Model Score The average gene-linkage score across 
all 10 fundamental reaction types for a 
model 

Section 
1.1.4.1 

High-performing 
models 

Top 5% of candidate models ranked by 
model score relative to a normal 
distribution. 

Section 
1.1.4.2 

Commonly high-
performing 
models 

High-performing models using data from 
both cohorts 

Section 
1.1.4.2 

Summary 
Network 

A visualization of the most important 
pathways though the Reduced Network; 
those most frequently and substantially 
used in commonly high-performing 
models 

Section 
1.1.4.3 

Proportion 
(PROP) 

The hypergeometric enrichment of 
models where a specific gene was best 
(highest gene-linkage score within the 
linkage) in the set of commonly high-
performing models vs the background of 
all models. 

Section 
1.1.5.2 

Model 
Contribution 
Score (MSC) 

The Pearson correlation between model 
score and the gene-linkage score for a 
particular gene. 

Section 
1.1.5.2 

Reaction 
Support Score 

The degree to which a gene is likely to 
“support” a fundamental reaction based 
on the aggregation of PROP, GLS, and 
MSC across independent datasets. 

Section 
1.1.5.2 
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Supplementary Figures 

 
Figure S 6 - Proportion of Each Structure Isoform Appearing in Top-performing Models. 
Barplots describing the proportion of models in top-performing model sets containing each 
isoform of an ambiguous HMO structure. Top-performing model sets include those top-
performing when parameterized on cohort 1 data (red), models that performed well with 
data from cohort 2 data (green), and models that performed well in both cohort 1 and cohort 
2 (blue). Specific structures are illustrated in Figure S 17. 
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Figure S 7 - Jaccard Structure Co-occurrence. Network of the Jaccard index measuring 
co-occurrence of each pair of ambiguous HMOs structure within the set of best performing 
models. For exact numbers, see Table S 4.  
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Figure S 8 - Proportion of Models Where Expression of a Given Gene is Most Consistent 
with Predicted Flux. Gene Expression was measured in dataset 1 (red) or dataset 2 (blue) 
then compared to normalized flux predicted for models commonly high-performing with 
cohort1 and cohort2 data as described in Methods section Ambiguous Gene Selection and 
supplemental methods section 1.1.5) 
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Figure S 9 – Gene expression correlation with model flux predicts enzymes involved in 
HMO biosynthesis. The proportion of commonly high-performing models where each 
isoform was most correlated to the model predicted flux. Significance (p<0.001, red) is 
calculated by hypergeometric enrichment of representation in high-performing models 
compared to all models. Each gene appears twice since data are analyzed separately for 
the two cohorts.  
 



 
 
 

211 
 

 
Figure S 10 - Proportion (Prop), Gene Linkage Score (GLS) and Model Score Contribution 
(MSC) for each candidate gene within each gene linkage. 
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Figure S 11 - Distribution of Gene Expression Values of Each Gene Candidate. Distribution 
of gene expression values from microarray experiments for each gene examined across 
all samples stratified between dataset1 (red) and dataset2 (blue). 
 
 
 

 
Figure S 12 - Expression (75th percentile of TPMs, Q3) of glycosylatransferase genes in 
breast epithelium vs the percentile of Q3-TPM expression relative to GTEx expression. The 
RNA-Seq (GSE45669(Lemay et al. 2013)) was used to validate low expression in the 
microarrays (size). Genes used in Prudden et. al. 2017 were highlighted with triangles.  
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Figure S 13 - Distribution of Gene Expression Values of Each Gene Candidate Stratified 
by Subject. Distribution of gene expression values from microarray experiments for each 
gene examined across all samples stratified between dataset (dataset1 (top) and dataset2 
(bottom)), and subject (color). 
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Figure S 14 - The reduced network produced by flux variability analysis. The Reduced 
Network retains all reactions from the Complete Network, Figure 14B, necessary to 
perfectly predict the HMO profiles collected by High Throughput Liquid Chromatography 
(HPLC). Numerical nodes are unmeasured intermediary HMOs specified in Table S 4. 
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Figure S 15 - Reduced Network weighted by proportion and enrichment of each reaction 
in the high-performing models. Edge thickness indicates proportion of top-performing 
models which include a reaction (left), or enrichment of reaction in the top-performing 
model set as compared to the background model set (right). Each node is numbered 
referring to an HMO Table S 4: HMOs 
 

 
Figure S 16 - Comparison of total flux and normalized flux. In this method we used prior-
normalized flux to control for the availability of the precursor. Considering the enzyme 
abundance or presence can be informative but it is only one of the limiting factors in a 
synthesis reaction. Another essential factor to consider is the availability of the precursor. 
(A) shows the difference in calculating the total flux for reaction 2, conversion of m2 to m3. 
Total flux is contrasted by normalized flux f2/f1. This is to say that f2 can never exceed f1. 
If f1 is pulled to multiple reaction, this converts f2 to a measure of the proportion of m2 
converted to m3. (B) shows the distribution of p-values for flux-expression Spearman 
correlations. Clearly, there is a shift towards significance when normalized flux is 
employed. 
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Figure S 17 - Candidate structures of uncharacterized human milk oligosaccharides. 5 
HMOs quantified for this study are not structurally well-characterized. Each of these HMOs 
have been associated to candidates structures identified based on published work(Kobata 
2010). The structures of some HMOs are unclear. Due to the diversity of monosaccharides 
that could be attached through different linkages, a huge number of structurally distinct 
HMOs are possible. Of the many possible HMOs, more than 150 have been 
identified(Ninonuevo et al. 2006). Several of the most abundant observed HMOs remain to 
have ambiguous structures. The natural heterogeneity (branching, isomerization and 
polarization) of HMO mixture present in milk makes their structural identification and 
quantitative detection a prohibitive challenge to many current studies(Kobata 2010; Bode 
2015; Mantovani et al. 2016). This is due in part to the scarcity of standards. In this study 
we use High Performance Liquid Chromatography (HPLC) to measure the abundance of 
the 16 most abundant HMOs. Of the measured HMOs, 11 have fully determined molecular 
structures, while the remaining five have multiple candidate structures.  
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Figure S 18 - Procedures of the Transcriptional Factor Analysis. (A) We first conducted 39 
differential expression (DE) analyses to identify gene expression associated with variance 
in glycan and motif abundance (e.g. limma(expression ~ [3’FL])). The 39 abundance 
measures include: 16 HMO concentrations, 19 glycan motif abundances, and 4 glycan 
motif abundance ratios. (B) We used IPA to predict transcriptional factors (TFs) that could 
explain differential expression associated with changes in HMO and motif abundance. (C) 
To corroborate the identified TFs, we used MEME to perform TFs binding site analysis for 
the glycosyltransferases (GTs) based on their promoter sequences. 
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Figure S 19 - Transcriptional factors (TFs) identified by IPA using the gene expression 
data. (A) Based on the Z-score predicted by IPA, we identified a total of 83 significant TFs 
with |Z value|>=3 in this study. (B) We show the breakdown of these 83 TFs into different 
categories.  
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Figure S 20 – TF motifs identified by MEME using the promoter sequence of GTs. There 
are three TF motifs that their known TFs overlapped with the IPA predict TFs: (A) TF motif-
I. (B) TF motif-II, and (C) TF motif-III. The red arrows highlighted GTs are those major GTs 
involved in the HMO biosynthesis selected in this study (Figure 16C in the main text). The 
p-value represents the significance of the MEME identified TF motif associated with the GT 
by the aligned potential TF binding site on the promoter sequence. 
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Figure S 21 – MEME promoter-enriched TF motifs and IPA predicted TFs using differential 
expression analyses with respect to 16 HMOs. (A) MEME identified TF motifs and 5 known 
TFs (ETV4, ETS1, EGR1, SP1, and ERG) associated with them (see Table S 8). MEME-
discovered TFs were cross-referenced with known TF binding sites using TOMTOM. Logos 
for the matched known and discovered motifs are shown in the top and bottom of each 
subpanel (A.a-e); the p-value is a logo matching significance calculated by TOMTOM. (B) 
Biclustering of activation z-score computed by IPA indicating the likelihood that a TF 
activates (z>0) or inhibits (z<0) an HMO concentration signature (gene expression 
associated with changes in HMO concentration). 
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Figure S 22 – Clustering results and MEME identified TFs of the IPA predicted TFs using 
the gene expression data (19 Motifs). (A) MEME identified TF motifs and 5 know TFs 
(IKZF1, EGR1, ERG, SP1, and ETS1) associated with them (see Table S 3). The known 
TF binding site motifs discovered by TOMTOM is given on the first line of each box, 
followed by the motif discovered by MEME, all shown as aligned logos. The p-value 
showing in the parenthesis represents the significance of the known TF motif associated 
with the MEME identified TF motif. (B) Clustering results of the IPA identified TFs using the 
19 motif DE data. The color in the heatmap denotes the IPA predicted activation (Z-score) 
of each TF in the indicated glycan motif. X[number] glycan substructures defined in Figure 
S 24. 
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Figure S 23 –  Clustering results and MEME identified TFs of the IPA predicted TFs using 
the gene expression data (4 differential motifs). (A) MEME identified TF motifs and two 
know TFs (EGR1 and ETS1) associated with them (see Table S 3). The known TF binding 
site motifs discovered by TOMTOM is given on the first line of each box, followed by the 
motif discovered by MEME, all shown as aligned logos. The p-value showing in the 
parenthesis represents the significance of the known TF motif associated with the MEME 
identified TF motif. (B) Clustering results of the IPA identified TFs using the differential 
motifs DE data. The color in the heatmap denotes the IPA predicted activation (Z-score) of 
each TF in the indicated differential motif. X[number] glycan substructures defined in Figure 
S 24. 
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Figure S 24 - HMO substructure network with dependent substructure removed. All the 
glyco-motifs examined in the IPA transcription factor analysis. Reproduced with 
permission(Bao et al. 2019) 
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Figure S 25 - Subnetwork generation methodology. Different combinations (i.e. only two 
combinations of the 5 uncharacterized HMOs are shown in the Figure) are fixed to tailor 
the solution space (step 1) and a MILP algorithm is further applied to these reduced 
networks to enumerate all alternate subnetworks (step 2, only two alternate subnetworks 
by combination are showed in this Figure) that can synthesize all HMOs of interest. 
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Figure S 26 - Selection of models presenting a high model score – (letters will be added 
by row, left to right) A-C. Candidate Model Scores, 𝑺𝑺𝝎𝝎(𝑫𝑫𝟏𝟏), sorted by magnitude; sorted 
index vs. magnitude. F-H. Candidate Model Scores, 𝑺𝑺𝝎𝝎(𝑫𝑫𝟐𝟐), sorted by magnitude; sorted 
index vs. magnitude. A and F show the sorted scores for 𝑺𝑺𝝎𝝎(𝑫𝑫𝟏𝟏), and 𝑺𝑺𝝎𝝎(𝟐𝟐), respectively. 
Red points are top-performing candidate models. B and G show the top-performing models 
(red) from F and A respectively mapped onto the distributions from A and F to show cross-
comparability. C and H show the commonly top-performing models (red) between dataset1 
and dataset2 mapped onto score sigmoid 1 and 2 respectively to show the models in the 
intersection perform well. D and I show Q-Q plots of the score distributions to evaluate the 
normality of the distribution. E and J show distributions of the scores to further visualize 
normality of the distributions. 
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Supplementary Tables 

 
Table S 3 –Linkages and genes considered throughout this analysis. List of 
glycosyltransferase genes associated with each reaction and associated 
expression in datasets within and beyond this work. Here we list the 56 candidate 
glycosyltransferase genes considered. Columns A-E indicate the corresponding 
reaction, gene name and various identifiers. Column G, “Prudden,” indicates if the 
gene was used Prudden et. al. 2017. Columns H-J show expression on cohort 1 
and 2 microarrays (relative abundance) and an independent RNA-seq in the same 
tissue (TPM). Column M-O specify the distribution of TPMs in GTEx (min, Q1, Q2, 
Q3, Q4, max), the percentile where Q3 from the RNA-seq falls in the GTEx 
distribution, and the log2 Fold Change of RNA-seq Q3 vs GTEx Q3. Column P 
specifies any low expression events. Columns Q-S compare microarray and RNA-
seq expression and usage in Prudden et. al. 2017. Column T indicates if previous 
literature found a gene relevant (“yes”), partially relevant (“similar”) or irrelevant 
(“no”) to the reaction in question; elaborated in Table S 3. Columns U-V delimited 
and justify which genes will be included for further analysis. The remailing columns 
provide some relevant detail on substrate specificity for each gene. 
See associated file: Table S 3 
 
Table S 4 -  The FVA reduced HMO biosynthetic network including HMO and 
reaction calculation referenced throughout the manuscript 
See associated file: Table S 4 
 
Table S 5 -  Reduction in model complexity across various examined models. 
model Size  Complete Reduced Candidate 
HMOs 2,961 101 27-38 
Reactions 9,918 221 43-54 

 
Table S 6 - Number of total subnetworks High-performing candidate models from  
given dataset 1 or 2 with all sample or just secretor samples from the background 
of 44,984,988 subnetwork models. 
Data  Dataset 1 Dataset 2 Intersection 
All Data 2,658,052 2,322,262 241,589 
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Table S 7 – Results of the NTP-GLO Glycosyltransferase Assay to test GT 
candidates on relevant HMO acceptors.  ++ indicates a strong effect, + indicates 
a weak effect, - indicates an insignificant effect, a blank cell indicates a negligible 
effect and a grey cell indicates an unmeasured reaction.  

Linkage Enzyme Lactose LNT LNnT 
Gal b-1,3-
GalNAc 

L1 b3GnT B3GNT2 ++  ++  
L4 
ST3GalT ST3GAL1  +  ++ 
 ST3GAL2  -  + 
 ST3GAL3  ++ ++ + 
 ST3GAL4  - + - 
 ST3GAL5     

  ST3GAL6  + ++ - 
L10 
ST6GnT ST6GALNAC2     
  ST6GALNAC5  -   
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Table S 8 – MEME discovered 3 novel TF motifs and their associated known TF motifs that 
were supported by IPA predicted TFs  
MEME 
TF binding site motif Known TF Overlap P-value*1 

TF motif – I 
 

 

ETV5 13 6.74E-06 

ELF5 12 1.78E-04 

ETS2 13 2.58E-04 

ERG*2 12 3.01E-04 

ETS1*2 12 3.49E-04 

ELF2 12 6.75E-04 

EHF 13 1.03E-03 

ETV4*2 11 1.24E-03 

ELF3 12 1.26E-03 

SP4 19 1.33E-03 

ETV2 13 1.62E-03 

NKX25 8 1.94E-03 

GABPA 12 2.39E-03 

TF motif – II 
 

 

EGR1*2 17 2.17E-05 

PATZ1 19 3.62E-05 

SP1*2 20 4.96E-05 

SP3 18 1.08E-04 

KLF1 14 3.27E-04 

KLF15 19 4.10E-04 

WT1 18 4.33E-04 

SP2 19 7.52E-04 

KLF6 19 8.71E-04 

E2F6 13 1.02E-03 

ZN770 21 1.65E-03 

ZBTB6 13 1.91E-03 

MAZ 20 2.13E-03 

TF motif – III 
 

 

ZN770 21 2.72E-11 

ZSC22 16 2.29E-04 

WT1 20 5.61E-04 

ZN263 20 5.61E-04 

IKZF1*2 8 7.62E-04 

PATZ1 22 1.40E-03 

KLF6 19 1.45E-03 

MAZ 22 1.84E-03 

ZN281 15 2.01E-03 

ZN467 22 2.10E-03 
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Table S 9 –  MEME discovered 7 novel TF motifs and their associated known TF motifs 
that were not supported by IPA predicted TFs. 
 

  

MEME 
TF binding site motif Known TF Overlap P-value*1 

TF motif – IV 
 

 

MEF2D 12 3.06E-04 
AIRE 18 3.41E-04 
PRDM6 13 7.98E-04 
MEF2C 13 7.98E-04 
MEF2B 14 8.02E-04 
FOXJ3 13 1.15E-03 
ANDR 18 1.43E-03 
NKX61 17 1.57E-03 
MEF2A 13 2.03E-03 

TF motif – V 
 

 

TBX3 11 1.04E-03 
MYB 12 1.83E-03 
RARG 18 1.90E-03 
ETV5 14 2.12E-03 
SMAD2 12 2.40E-03 

TF motif – VI 
 

 

TWST1 15 1.18E-03 

TF motif – VII 
 

 

ZN320 14 1.66E-03 

TF motif – VIII 
 

 

ZN257 12 5.47E-04 

TEAD4 13 2.49E-03 

TF motif – IX 
 

 

SOX2 13 1.06E-04 
PRDM6 13 7.26E-04 
ZN680 20 1.21E-03 
NFAC1 15 1.22E-03 
SOX4 12 1.31E-03 
CDX2 12 1.99E-03 

TF motif – X 
 

 

ZN502 14 1.65E-03 
ZN140 14 1.80E-03 

ZNF18 12 2.09E-03 



 
 
 

230 
 

Supplemental Methods 

1.1.1 Generation of complete HMO biosynthesis network 

Similar to Spahn et al (2016), a generic reaction network for HMO 

biosynthesis is constructed based on a set of reaction rules (Figure 14A).   

Based on the knowledge of enzyme specificities for each structure feature, 

the algorithm constructs the complete biosynthesis reaction network required to 

generate all HMOs of a user-defined complexity level. Specifically, the complexity 

level CLk refers to the set of HMOs that can be produced from the initial lactose in 

k reaction steps (iterations) or less, following the reaction rules (Figure 14B).  

The network generated is a complete network representing all reactions 

that, theoretically, could occur in human for a defined HMO structure complexity 

level, given the known enzyme specificities. We set the maximum complexity level 

to CL7, as it captures the most complex HMO within the scope of this study 

(FDSLNH candidates, Figure S 17). In total, the network includes 9918 reactions 

and unique 2961 HMO structures.  

1.1.2 Reduction of the generic network to a reduced network using 

Flux Variability approach 

To make the network specific to the HMOs of interest in this study, the 

generic network is tailored by removing all the reactions that are not required to 

describe the synthesis of 16 measured HMOs. First, several additional reactions 
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were introduced into the generic network to account for the structural ambiguity of 

uncharacterized HMOs (Figure 14B-C).  

Second, the size of the generic network is reduced by removing all 

reactions that cannot contribute to the synthesis of the measured HMOs using a 

Flux Variability Analysis (Figure 14C, S1.2.4). The reduced generic network 

includes 221 reactions and 101 HMO structures (Figure S 14). 

1.1.3 Generation of all minimal subnetworks for every potential 

HMO structure combination  

From the reduced generic network, it is possible to enumerate all the 

subnetworks presenting specific combinations of candidate HMO structures for a 

defined number of reactions using an MILP approach (S1.2.5). To this end, all 

potential combinations of the HMOs associated with unknown structures have first 

been generated (i.e. number of combinations equal to 3087). For each 

combination, we used a mixed integer linear programming algorithm to extract all 

subnetworks, which present unique biosynthetic pathways for every HMO (Figure 

S 25). Doing so, the number of reactions included in the subnetwork will range 

between the minimal number of reactions required for the simultaneous 

biosynthesis of all observed HMOs and the maximal number of reactions after 

which the extracted subnetwork no longer present unique solution when predicting 

the flux distribution. This methodology allowed the systematic analysis of the entire 

solution space of the reduced generic network and identification of 44,984,988 
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existing alternative minimal subnetworks capable of synthesizing all measured 

HMOs. 

1.1.4 Assessment of consistency of experimental data with 

subnetworks and selection of candidate models 

We computed a normalized flux, i.e. the sum of the ratio between the flux 

of a reaction and its downstream reaction flux for every reaction associated to a 

specific linkage type within a subnetwork. For this, we first computed the flux 

values for every reaction within each subnetwork based on a measured 

glycoprofile in a milk sample, using Flux Balance Analysis (FBA, S1.2.4). Since 

subnetwork extraction identifies the minimum number of reactions, no alternate 

optimal solutions were needed, thus resulting in a unique flux distribution for each 

subnetwork. We normalized the flux value (f) of a reaction by the value of flux 

associated with the previous reaction (f’) within the subnetwork to obtain a flux 

ratio (𝑓𝑓) for each reaction.  

𝑓𝑓 = 𝑓𝑓/𝑓𝑓′ 

Based on the assumption that only one enzyme catalyzes the formation of 

a linkage type, we compute the normalized flux (𝑓𝑓𝑙𝑙𝑙𝑙𝐷𝐷𝑚𝑚) as the sum of all flux ratios 

associated with a specific linkage (𝑙𝑙). Since each flux ratio corresponds to a 

candidate model, 𝜔𝜔, and parameterized on the glycomic data, 𝐷𝐷𝑚𝑚: 

𝑓𝑓𝑐𝑐𝑓𝑓 𝑙𝑙 𝑔𝑔𝑔𝑔𝑔𝑔𝑙𝑙𝑛𝑛 𝜔𝜔 & 𝐷𝐷𝑚𝑚, 𝑓𝑓𝑙𝑙 = �𝑓𝑓𝑐𝑐
𝑐𝑐∈𝑙𝑙𝑟𝑟

 



 
 
 

233 
 

Doing so, every subnetwork is associated with 10 normalized flux values 

for each HMO measurement. The normalized flux values represent the activity 

levels of the 10 types of transferase reactions required for the biosynthesis of 

measured HMOs.  We then computed the Spearman correlations (𝜌𝜌) within 

linkage, 𝑙𝑙, between the flux ratio, 𝑓𝑓𝑙𝑙𝑙𝑙𝐷𝐷𝑚𝑚, and the mRNA expression data (𝐸𝐸:𝑔𝑔 →

𝐷𝐷𝑔𝑔) of one of its associated candidate genes (𝑔𝑔 ∈ 𝑙𝑙, Table 2) for the subnetwork 

(𝜔𝜔). The gene-linkage score (𝜌𝜌𝑔𝑔𝑙𝑙) is defined as 

𝑓𝑓𝑐𝑐𝑓𝑓 𝑙𝑙 𝑔𝑔𝑔𝑔𝑔𝑔𝑙𝑙𝑛𝑛 𝜔𝜔,𝐷𝐷𝑔𝑔, & 𝐷𝐷𝑚𝑚, 𝜌𝜌𝑔𝑔𝑙𝑙 = 𝑐𝑐𝑐𝑐𝑓𝑓(𝐸𝐸(𝑔𝑔𝑙𝑙)~𝑓𝑓𝑙𝑙) 

1.1.4.1 Computation of Subnetwork Score 

The model score (𝑆𝑆𝑙𝑙) for each candidate model 𝜔𝜔 is defined as the 

average of the maximum z-score normalized gene-linkage score. The z-score, z(), 

mean and standard deviation is computed from the correlations of all gene-flux 

correlations within a linkage. The function z will denote this normalization from a 

set of correlations 𝑥𝑥 to a normalized set of values relative to other correlations 

within that linkage  𝑧𝑧𝑙𝑙: 𝑥𝑥 → 𝑁𝑁(𝑥𝑥, 𝜇𝜇𝑙𝑙 ,𝜎𝜎𝑙𝑙). 

𝑓𝑓𝑐𝑐𝑓𝑓 𝑙𝑙 𝑔𝑔𝑔𝑔𝑔𝑔𝑙𝑙𝑛𝑛 𝜔𝜔,𝐷𝐷𝑔𝑔, & 𝐷𝐷𝑚𝑚, 𝑆𝑆𝑙𝑙 = 𝑚𝑚𝑙𝑙𝑙𝑙𝑛𝑛𝑙𝑙∈𝐿𝐿  { 𝑧𝑧𝑙𝑙(𝑚𝑚𝑙𝑙𝑥𝑥𝑔𝑔 ∈ 𝑙𝑙𝑔𝑔  𝜌𝜌𝑔𝑔𝑙𝑙  )}  

The model score (𝑆𝑆𝑙𝑙) describes the average consistency between the 

most consistent genes and the associated fluxes in a subnetwork model. 
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1.1.4.2 Ranking subnetwork performance and extraction of candidate 

models 

The distribution of subnetwork scores is approximately normal. Thus, we 

rely on a z-statistic to define the 95th percentile of high-performing models. Z-

scores were calculated using the mean and standard deviation of the subnetwork 

scores for all subnetworks. Models with a z>1.646 were retained as high-

performing models.  

A careful reader may note that, though the total number of models does not 

change, the number of high-performing models is different between cohorts. This 

is because of small differences in skew. We used a z-score defined 95th percentile 

because the extrema were more robust to skew. 

1.1.4.3 Summary network Extraction from the Reduced Network 

For each reaction in the Reduced Network (Figure 14D) we measured the 

proportion of models in the top-performing model set which used each reaction 

(𝑝𝑝∗), the proportion of models in the background model set which used each 

reaction (𝑝𝑝), and the enrichment of each reaction in the top-performing model set 

compared to the background model set (𝑙𝑙(𝑝𝑝∗|𝑝𝑝) (Figure S 15).  

The Summary network contains the most important paths in the reduced 

network where importance (𝑔𝑔) is defined as 𝑔𝑔 = 𝑝𝑝∗ + 𝑝𝑝∗𝑙𝑙(𝑝𝑝∗|𝑝𝑝). This provides an 

additional reward for enrichment without inflicting a penalty on essential reactions 

which are not enriched in the top-performing model set. The important paths are 

defined as the top 5% of paths from lactose to an observed HMO where a path-



 
 
 

235 
 

score is defined as the sum of reaction importance between lactose and each 

observed HMO. The reduced network (Figure S 14) and Summary network (Figure 

15) are presented with line thickness corresponding to importance.  

1.1.5 Resolution of ambiguous genes and HMO structure through 

analysis of candidate models and subnetwork statistics 

The top-performing candidate models from all subnetwork models were 

examined for distinguishing and common features that contributed to their extreme 

model score. To determine model features associated with improved model 

performance, we compared model features of the high scoring candidate models 

to the background of all subnetwork models.  

1.1.5.1 Enrichment of ambiguous HMO structures within top-performing 

candidate models 

Towards disambiguating HMO structures enumerated in Figure S 17, we 

employed two strategies. First, we asked which structures were most enriched. 

Then, to further clarify ambiguous structures, co-inclusion of ambiguous structures 

was considered. 

We first identified HMO structures that are more prevalent in the top-

performing models, compared to all other models. We only consider structures that 

were included in >1% of all models. Hypergeometric enrichment was computed by 

comparing the occurrence of each structure in a top-performing set with its 

occurrence in the background. Those structures with both the highest prevalence 
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in the subnetwork models and significant enrichment over the background were 

top-performing as the representative structure for that HMO. Those HMOs for 

which a single clear representative did not arise were examined for co-occurrence 

with sugars clearly resolved in the initial examination of prevalence and 

occurrence. 

Co-occurrence analyses involved an initial filtration to retain only the top 

10% of co-occurring structures. Co-occurrence was measured by the Jaccard 

index, the ratio of co-inclusions to all inclusions of two HMO structures. The 

Jaccard index was computed on HMO structure co-occurrence within common 

models top-performing under cohort 1 and cohort 2. The size of the intersection of 

retained co-occurrences, the top 10% of Jaccard indexes, were confirmed to be 

extremely significant (p<<.01) using hypergeometric enrichment. Structures with 

high centrality in the network of retained co-occurrences were selected from this 

analysis. Specifically, structures chosen in this analysis showed retained and 

significant co-occurrence with at least three members of the central clade; the 

group containing DFLNT1/2 and DFLNH2.  

1.1.5.2 Enrichment of ambiguous enzymes within top-performing candidate 

models 

We identified genes potentially responsible for reactions listed in Table 2 

as follows. Candidate model scores, 𝑆𝑆𝑙𝑙, were calculated as the arithmetic mean 

of maximum gene-linkage scores, 𝜌𝜌𝑔𝑔𝑙𝑙 (S1.1.4). The maximum gene-linkage score 

will be contributed by the gene expression that best explains the flux predicted by 
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a given model. To expand the model score to a gene-specific interrogation we 

employ three metrics.  

The enrichment proportion  (PROP) describes the increase in the 

proportion of high-performing models (relative to all models) that prefer a specific 

gene(Figure S 9); the proportion of models where a gene provides the maximum 

gene-linkage score within a model. It asks if that proportion is significantly higher 

in the top-performing models (𝛺𝛺∗ top 5% of model score) compared to the 

background models (𝛺𝛺). We can ask the number of times a gene (𝛾𝛾) has the best 

correlation within a linkage for models in the top-performing (𝛺𝛺∗) and 

background (𝛺𝛺) sets: 

𝐵𝐵𝛾𝛾𝑙𝑙 = {𝜔𝜔 ∈ 𝛺𝛺|𝑙𝑙𝑓𝑓𝑔𝑔𝑚𝑚𝑙𝑙𝑥𝑥𝑔𝑔 ∈ 𝑙𝑙𝑔𝑔  𝜌𝜌𝑔𝑔𝑙𝑙  = 𝛾𝛾}     𝐵𝐵∗𝛾𝛾𝑙𝑙 = {𝜔𝜔 ∈

𝛺𝛺∗|𝑙𝑙𝑓𝑓𝑔𝑔𝑚𝑚𝑙𝑙𝑥𝑥𝑔𝑔 ∈ 𝑙𝑙𝑔𝑔  𝜌𝜌𝑔𝑔𝑙𝑙  = 𝛾𝛾} 

Then we can ask, for each gene, if 𝐵𝐵∗𝛾𝛾𝑙𝑙  >  𝐵𝐵𝛾𝛾𝑙𝑙 using a hypergeometric 

enrichment:  

𝐻𝐻𝑡𝑡𝑝𝑝𝐻𝐻𝑙𝑙𝑐𝑐𝛾𝛾𝑙𝑙  (𝑘𝑘 =  |𝐵𝐵∗𝛾𝛾𝑙𝑙| ,𝑛𝑛 = |𝛺𝛺|  ,𝐾𝐾 =  |𝐵𝐵𝛾𝛾𝑙𝑙| ,𝑁𝑁 =  |𝛺𝛺| ) 

The enrichment measure helps to identify high performing genes by 

focusing only on the best performing gene in each model. 

The gene-linkage score metric (GLS), described in section S1.1.4, the 

Spearman correlation between gene expression and normalized flux: 𝜌𝜌𝑔𝑔𝑙𝑙 =

𝑐𝑐𝑐𝑐𝑓𝑓(𝐸𝐸(𝑔𝑔)~𝑓𝑓𝑙𝑙𝑟𝑟 𝑙𝑙 𝐷𝐷𝑚𝑚). This metric provides information on every gene in every model 
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regardless of the relevance of the gene to the model. This helps identify genes 

with low congruence because every gene is evaluated.  

The model score contribution (MSC) is the Pearson correlation between 

the model score and the gene-linkage score for a specific gene, 𝑐𝑐𝑐𝑐𝑓𝑓(𝑆𝑆𝑙𝑙 ~ 𝜌𝜌𝑔𝑔𝑙𝑙). 

This is a more continuous approach to the question posed by the enrichment 

metric. This is a high granularity metric that can distinguish genes that highly 

influence the overall score. 

1.2 Theory, Calculations and Definitions 

1.2.1 Defining the Model-Space: Input date, Reaction Rules, 

Complete Network and Reduced Network 

Our examination relies on two datatypes: glycomic data from High-

Performance Liquid Chromatography (HPLC) and microarray data from Illumina 

Beadchip arrays. These datasets will be referred to as 𝐷𝐷 = � 𝐷𝐷𝑚𝑚,𝐷𝐷𝑔𝑔� where 𝐷𝐷𝑚𝑚 

refers to the glycomic data an  𝐷𝐷𝑔𝑔 refers to the gene expression data. 

Let 𝑀𝑀1, be a set of monosaccharides: 𝑀𝑀1 = {𝐹𝐹𝑐𝑐𝑐𝑐,𝑁𝑁𝑙𝑙𝑐𝑐𝑁𝑁𝑐𝑐,𝐻𝐻𝑙𝑙𝑐𝑐,𝐻𝐻𝑙𝑙𝑙𝑙,𝐻𝐻𝑙𝑙𝑐𝑐𝑁𝑁𝑁𝑁𝑐𝑐}. 

Let the set of multimeric sugars, 𝑀𝑀, be defined as all biochemically feasible HMOs 

up to a specified complexity; those which contain a maximum of 𝑘𝑘 

monosaccharides. Let 𝑅𝑅, be the set of all feasible reactions, specifically 

monosaccharide additions, resulting in an HMO in 𝑀𝑀. These reactions will be 

represented as an ordered set including a reactant (q), product (p), and 

monosaccharide (a).  
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𝑅𝑅 = {𝑓𝑓 = < 𝑞𝑞,𝑝𝑝,𝑙𝑙 > ∈ 𝑅𝑅 | ∀𝑝𝑝∈𝑀𝑀∃𝑞𝑞∈𝑀𝑀∃𝑎𝑎∈𝑀𝑀1  𝑞𝑞 + 𝑙𝑙 → 𝑝𝑝 } 

The definition of HMOs (M) and reactions (R), allows us to define the 

complete HMO biosynthetic network 𝛹𝛹 = {𝑀𝑀,𝑅𝑅}, a directed acyclic graph rooted in 

a lactose (Figure 14B). Let 𝛺𝛺, the Reduced Network (Figure 14C-D), be a 

subgraph of the complete HMO biosynthetic network. We define the Reduced 

network as a subgraph of the Complete network (Figure 14B), 𝛺𝛺 ⊂ 𝛹𝛹 =

{𝑀𝑀,𝑅𝑅} 𝑠𝑠. 𝑡𝑡.𝑀𝑀 ⊂ 𝑀𝑀 ∧ 𝑅𝑅 ⊂ 𝑅𝑅. The vertices of this network are taken from the set of 

HMOs, 𝑀𝑀, and the directed edges are taken from the set of reactions, 𝑅𝑅, such that 

𝛺𝛺 = {𝑀𝑀,𝑅𝑅}. All HMOs which are retained in the reduced network, 𝛺𝛺, 𝑚𝑚 ∈ 𝑀𝑀, 𝑚𝑚 is 

an observed HMO (𝑚𝑚 ∈ 𝐷𝐷𝑚𝑚), or can be transformed into an observed HMO through 

a combination of reactions  𝑓𝑓 ∈ 𝑅𝑅. 

𝑀𝑀 = { 𝑚𝑚 ∈ 𝑀𝑀 | ∀𝑚𝑚∈𝑀𝑀𝑚𝑚 ∈ 𝐷𝐷𝑚𝑚 ∨  ∃〈𝑐𝑐1,…,𝑐𝑐𝑛𝑛〉 ∈ 𝑅𝑅[0,𝑛𝑛]  𝑓𝑓𝑛𝑛�… 𝑓𝑓1(𝑚𝑚)� ∈ 𝐷𝐷𝑚𝑚 } 

For all reactions retained in the reduced network, 𝛺𝛺, 𝑓𝑓 ∈ 𝑅𝑅, there exists an 

HMO which requires at least 𝑓𝑓 to be successfully transformed into an HMO 

observed by HPLC (𝑚𝑚 ∈ 𝐷𝐷𝑚𝑚). 

𝑅𝑅 = {𝑓𝑓 ∈ 𝑅𝑅 | ∀𝑐𝑐∈𝑅𝑅∃𝑚𝑚∈𝑀𝑀∃〈𝑐𝑐1,…,𝑐𝑐𝑛𝑛〉∈𝑅𝑅[0,𝑛𝑛]  𝑠𝑠𝑛𝑛�… 𝑠𝑠1(𝑚𝑚)� ∧ 𝑓𝑓 ∈  〈𝑠𝑠1, … , 𝑠𝑠𝑛𝑛〉} 

This reduction of the complete network is done using Flux Variability 

Analysis. 
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1.2.2 Identifying Candidate Models within the Reduced Network 

The Mixed Integer Linear Programing generated candidate models (Figure 

14E), are subgraphs of the reduced network 𝜔𝜔 ∈ 𝛺𝛺. These subgraphs are sufficient 

to simulate the observed glycomic data with Flux Balance Analysis (FBA). Given 

an HMO dataset (𝐷𝐷𝑚𝑚), where each quantity 𝑑𝑑𝑚𝑚𝑖𝑖 ∈ 𝐷𝐷𝑚𝑚 defines an observed HMO 

(m). We refer to 𝑑𝑑𝑚𝑚𝑖𝑖 as the quantification of HMO 𝑚𝑚𝑖𝑖 and we refer to the flux 

through the reaction leading to 𝑚𝑚𝑖𝑖 as 𝑓𝑓𝑐𝑐𝑖𝑖. We define flux as 𝑓𝑓𝑙𝑙,𝐷𝐷𝑚𝑚 = 𝐹𝐹𝐵𝐵𝑁𝑁(𝜔𝜔,𝐷𝐷𝑚𝑚) =

 〈𝑓𝑓𝑐𝑐1 , … 𝑓𝑓𝑐𝑐𝑛𝑛〉𝑙𝑙,𝐷𝐷𝑚𝑚 (Figure 14F). To obtain the flux for a given reaction, 𝑓𝑓𝑖𝑖, we define 

a function ℎ: 𝑓𝑓𝑖𝑖 → 𝑓𝑓𝑐𝑐𝑖𝑖. For a candidate model to be valid the flux distribution must 

match the data and be unique. Uniqueness means that no other flux distribution in 

the given model would reproduce the observed data. Matching the observed data 

means that the sum of flux through HMO-specific sink reactions (exiting/observed 

flux) is equivalent to the values observed in 𝑚𝑚 ∈ 𝐷𝐷𝑚𝑚. 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝛺𝛺) = {𝜔𝜔 = {𝑀𝑀′,𝑅𝑅′} ⊂ 𝛺𝛺 | ∀𝑑𝑑𝑚𝑚𝑖𝑖∈ 𝐷𝐷∃𝑓𝑓𝑚𝑚𝑖𝑖∈𝑓𝑓𝜔𝜔,𝐷𝐷𝑑𝑑𝑚𝑚𝑖𝑖 = 𝑓𝑓𝑚𝑚𝑖𝑖 ∧ ∀𝑓𝑓𝑚𝑚𝑖𝑖∈𝑓𝑓𝜔𝜔,𝐷𝐷𝑓𝑓𝑚𝑚𝑖𝑖 = 𝑓𝑓𝑚𝑚𝑖𝑖  } 

1.2.3 Defining the Candidate Model Score 

The Model Score (S) is defined by the best correlations between simulated 

flux and gene expression which may be supporting that flux. We first group similar 

reactions into 10 groups (Table1) referred to as the linkages (L). The linkages are 

groups of reaction, 𝑓𝑓 ∈ 𝑅𝑅, which involve equivalent monosaccharide additions of 

the same “type;” same monosaccharide added to the same terminal sugar via the 

same 𝛼𝛼
𝛽𝛽
 configuration on the same carbons. Reactions of the same types are 
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assumed to be supported by the same gene expressions. Therefore, each linkage 

𝑙𝑙 ∈ 𝑀𝑀 maps to both reactions of the same type and genes which may support those 

reactions: 𝑙𝑙 = � 𝑙𝑙𝑐𝑐 , 𝑙𝑙𝑔𝑔 �. Every reaction-linkage set 𝑙𝑙𝑐𝑐 ∈ 𝑙𝑙 ∈ 𝑀𝑀 is a set which contains 

several equivalent reactions ∀𝑙𝑙∈𝐿𝐿∀𝑐𝑐,𝑐𝑐∈𝑙𝑙𝑡𝑡𝑡𝑡𝑝𝑝𝑙𝑙(𝑓𝑓) = 𝑡𝑡𝑡𝑡𝑝𝑝𝑙𝑙(𝑠𝑠). All the linkage sets are 

disjoint as no reaction contains the addition of multiple monosaccharides,  

∪𝑙𝑙𝑟𝑟∈𝑙𝑙∈𝐿𝐿 𝑙𝑙𝑐𝑐 = 𝑀𝑀 but ∩𝑙𝑙𝑟𝑟∈𝑙𝑙∈𝐿𝐿 𝑙𝑙𝑐𝑐 = ∅ 

Each flux in this calculation is normalized to a proportion of the flux of its 

parent reaction 𝑓𝑓 = 𝑓𝑓
𝑓𝑓′

 where 𝑓𝑓′ is the reaction which feeds 𝑓𝑓. Flux through a 

linkage is calculated as the sum of flux through all reactions within a linkage. 

Recall, every flux distribution, 𝑓𝑓𝑙𝑙,𝐷𝐷𝑚𝑚 = 𝐹𝐹𝐵𝐵𝑁𝑁(𝜔𝜔,𝐷𝐷𝑚𝑚) =  〈𝑓𝑓𝑐𝑐1 , … 𝑓𝑓𝑐𝑐𝑛𝑛〉𝑙𝑙,𝐷𝐷𝑚𝑚, is defined by 

the structure specified by a candidate model (𝜔𝜔) and parameterized by the 

glycomic data (𝐷𝐷𝑚𝑚). Therefore, we can specify the linkage-flux  𝑓𝑓𝑙𝑙𝑟𝑟∈𝑙𝑙∈𝐿𝐿 as:  

𝑓𝑓𝑙𝑙𝑟𝑟 𝑙𝑙 𝐷𝐷𝑚𝑚 = �
ℎ(𝑓𝑓)
ℎ(𝑓𝑓)′

𝑐𝑐∈𝑙𝑙𝑟𝑟

= �
𝑓𝑓𝑐𝑐  ∈ 𝑓𝑓𝑙𝑙𝐷𝐷𝑚𝑚
𝑓𝑓𝑐𝑐′ ∈ 𝑓𝑓𝑙𝑙𝐷𝐷𝑚𝑚𝑐𝑐∈𝑙𝑙𝑟𝑟

= �𝑓𝑓𝑐𝑐 𝑙𝑙 𝐷𝐷𝑚𝑚  
𝑐𝑐∈𝑙𝑙𝑟𝑟

 

Every gene-linkage set 𝑙𝑙𝑔𝑔 ∈ 𝑙𝑙 ∈ 𝑀𝑀 contains genes which are suspected to 

support the reactions in 𝑙𝑙𝑐𝑐 ∈ 𝑙𝑙. The gene linkage sets are not disjoint because 

several linkages involve the same monosaccharide and further specification about 

the type of reaction the associated genes are expected to perform is not yet 

available. Therefore,  

∪𝑙𝑙𝑔𝑔∈𝑙𝑙∈𝐿𝐿 𝑙𝑙𝑔𝑔 = 𝑀𝑀 but ∩𝑙𝑙𝑔𝑔∈𝑙𝑙∈𝐿𝐿 𝑙𝑙𝑔𝑔 ≠ ∅ 
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The model score (S) for each candidate model 𝜔𝜔 can be defined as the 

average of the maximum normalized correlation between predicted flux through a 

given reaction and the gene expression predicted to support it. The normalization 

is a z-score normalization where all values are converted to z-scores using the 

mean (𝜇𝜇) and standard deviation (𝜎𝜎) of a common group. In this case, the z-score 

mean and standard deviation is computed from the correlations of all genes-flux 

correlations within a linkage. The function z will denote this normalization from a 

set of correlations 𝑥𝑥 to a normalized set of values relative to other correlations 

within that linkage  𝑧𝑧𝑙𝑙: 𝑥𝑥 → 𝑁𝑁(𝑥𝑥, 𝜇𝜇𝑙𝑙 ,𝜎𝜎𝑙𝑙). We will also refer to the expression of a gene 

(g) as 𝐸𝐸(𝑔𝑔). 

𝑆𝑆𝑙𝑙 = � 𝑧𝑧𝑙𝑙 �𝑐𝑐𝑐𝑐𝑓𝑓 �𝐸𝐸(𝑔𝑔)~𝑓𝑓𝑙𝑙𝑟𝑟 𝑙𝑙 𝐷𝐷𝑚𝑚� ��  

1.2.4 Flux Variability Analysis (FVA) 

The Flux Variability analysis is related to a min-max Linear Programming 

(LP) problem (i.e. each reaction of the network is maximized and subsequently 

minimized). It can be written as follows(Burgard, Vaidyaraman, and Maranas 2001; 

Mahadevan and Schilling 2003) 

 

∀𝑔𝑔𝑖𝑖 , 𝑔𝑔 = 1, … ,𝑁𝑁         𝑔𝑔𝑖𝑖,𝑢𝑢𝑝𝑝𝑝𝑝𝑐𝑐𝑐𝑐 = (𝑔𝑔𝑖𝑖)  &  𝑔𝑔𝑖𝑖,𝑙𝑙𝑐𝑐𝑙𝑙𝑐𝑐𝑐𝑐 = (𝑔𝑔𝑖𝑖)       𝑠𝑠. 𝑡𝑡.      𝑆𝑆𝑔𝑔 = 0            

where 𝑔𝑔 is the vector of specific reaction rates (i.e. metabolic fluxes),  𝑁𝑁 is 

the number of fluxes in 𝑔𝑔 , 𝑔𝑔𝑖𝑖,𝑢𝑢𝑝𝑝𝑝𝑝𝑐𝑐𝑐𝑐 and 𝑔𝑔𝑖𝑖,𝑙𝑙𝑐𝑐𝑙𝑙𝑐𝑐𝑐𝑐 are respectively the upper and lower 
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values of each flux 𝑔𝑔𝑖𝑖 satisfying the system of linear equations. The LP problem 

formulated as above is solved using the function fastFVA in the CobraToolbox 2.0. 

 

1.2.5 Mixed-Integer Linear Programming (MILP) 

The enumeration of all alternate minimal reaction sets solving equally 𝑆𝑆𝑔𝑔 =

0 can be formulated with the following MILP problem(S. Lee et al. 2000; Reed and 

Palsson 2004): 

𝑀𝑀𝑔𝑔𝑛𝑛 𝑍𝑍 = �𝑤𝑤𝑖𝑖

𝑁𝑁

𝑖𝑖=1

 

Subject to 

𝑆𝑆𝑔𝑔 = 0 

 

� 𝑡𝑡𝑖𝑖  ≥ 1        
𝑖𝑖∈𝑁𝑁𝑁𝑁𝐽𝐽−1

𝑤𝑤𝑔𝑔𝑡𝑡ℎ 𝑡𝑡𝑖𝑖 ∈ {0,1} 

 

�
𝑖𝑖∈𝑁𝑁𝑁𝑁𝐽𝐽

𝑤𝑤𝑖𝑖  ≤ �𝑁𝑁𝑍𝑍𝑘𝑘� − 1         𝑤𝑤𝑔𝑔𝑡𝑡ℎ 𝑤𝑤𝑖𝑖 ∈ {0,1} 𝑙𝑙𝑛𝑛𝑑𝑑 𝑘𝑘 = 1: 𝐽𝐽 − 1 

 

𝑤𝑤𝑖𝑖 + 𝑡𝑡𝑖𝑖 ≤ 1         ∀𝑔𝑔 
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𝑤𝑤𝑖𝑖 . 𝑙𝑙𝑙𝑙 ≤ 𝑔𝑔𝑖𝑖 ≤  𝑤𝑤𝑖𝑖 .𝑐𝑐𝑙𝑙       ∀𝑔𝑔 

Where 𝑆𝑆 is the stoichiometric matrix, 𝑔𝑔 is the vector of specific reaction 

rates (i.e. metabolic fluxes),  𝑁𝑁 is the number of fluxes in 𝑔𝑔 , 𝑡𝑡 and 𝑤𝑤 are vector of 

binary variables and 𝑙𝑙𝑙𝑙 and 𝑐𝑐𝑙𝑙 are respectively the lower and upper bounds for the 

individual flux values. The MILP problem formulated as above is solved using the 

function solveCobraMILP in the CobraToolbox 2.0. 

 

Supplementary Results 

Candidate gene filtering by expression and acceptor specificity 

We initialized our candidate gene lists naively, including all members of a 

gene family corresponding to each linkage reaction (Table 2). Here, we query 

existing literature and expression data to narrow the initial list of gene family 

members to those relevant to HMO biosynthesis (Table S 3). Overall, a candidate 

gene was excluded from further consideration if it was not measured in the 

microarrays and that non-expression was confirmed by an independent RNA-Seq 

or if the gene was documented to perform an irrelevant reaction. If a gene is 

unmeasured in microarray and measured in RNA-Seq, it cannot be evaluated or 

ruled out. We further validated the RNA-Seq data by ranking it relative to 

expression in normal human tissues from GTEx(Carithers et al. 2015). If literature 

and expression data conflict (e.g. a gene performing a relevant reaction is not 



 
 
 

245 
 

expressed), conflicts are resolved by the independent RNA-seq data; a relevant 

gene is not part of our system if it is not expressed.  

We first considered the likelihood a gene may perform the corresponding 

reaction considering the existing literature(N. Taniguchi, Honke, and Fukuda 2011) 

and databases such as glycogene database(Narimatsu 2004), 

BRENDA(Schomburg et al. 2017), Uniprot(Magrane and UniProt Consortium 

2011), MetaCyc(Caspi et al. 2014), KEGG(Kanehisa et al. 2017). Because the 

characterization of these genes with HMO acceptors is historically limited, we gave 

special attention to recent work in HMO chemosynthesis(Prudden et al. 2017). If a 

gene was used by Prudden et. al. to perform a specific reaction, we know it can 

perform the reaction. Similarly, if the linkage reaction has been demonstrated 

previously in HMO, lactoceramide derived, or a similar (GalNAc or Glc instead of 

GlcNAc) context, we retain that gene for further consideration. Genes were 

excluded from further examination if characterized to use a different donor 

including B4GAT1, formerly B3GNT1(Praissman et al. 2014; Willer et al. 2014), 

and B3GALNT1, formerly B3GALT3(Amado et al. 1998; T. Okajima et al. 2000)). 

Similarly genes were excluded from further examination if they were known to 

synthesize a different linkage (e.g. FUT8 and the α-1,6 Fucose 

addition(Yanagidani et al. 1997; Uozumi et al. 1996)) or use an unrelated acceptor 

(e.g. glycosaminoglycan (GAG) glycosyltransferases like B3GNT7(Kataoka and 

Huh 2002; Kitayama et al. 2007; Seko and Yamashita 2004), B3GALT6(Bai et al. 

2001; Ju et al. 2002) and B4GALT7(Almeida et al. 1999; T. Okajima et al. 1999). 
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Through review of existing literature, we were able to rule out six 

glycosyltransferases reducing the candidate genes from 54 to 48. 

We further examined microarray gene expression data from cohort 1 

(GSE36936) and cohort 2 (GSE12669) to determine which of the candidate genes 

were expressed; we summarized expression to the third quartile (Q3) or 75th 

percentile to account for infrequent expression. The microarrays failed to measure 

the expression of 25 glycogenes; 2 genes lacked probes, 11 genes showed no 

expression (Q3=0) in one microarray, 15 genes showed no expression (Q3=0) in 

both microarrays. Negligible expression was confirmed in an independent RNA-

Seq study of the milk fat globules in lactating women (GSE45669, (Lemay et al. 

2013)) and comparison to global expression distributions in GTEx(Carithers et al. 

2015); genes unmeasured in the microarrays that did not meet the expression 

criteria--Q3 TPM>2 or (Q3 TPM<=2 and Q3 TPM > 50% of GTEx samples)--were 

excluded from further consideration. Of the 25 unmeasured glycogenes, 17 were 

confirmed unmeasured in the Lemay RNA-Seq relative to GTEx and excluded from 

further consideration while 8 genes could not be confirmed as non-expressed. 2 of 

the 8 unconfirmed non-expressed genes are known to perform irrelevant reactions-

-FUT8 and B3GNT7; the remaining 6 genes--B3GNT9, FUT5, FUT9, FUT10, 

B3GALT5, and ST6GALNAC3--cannot be ruled out or evaluated in this study due 

to a lack of measurement. Unfortunately, 3 of the 6 questionably unmeasured 

genes--FUT5, FUT9 and B3GALT5--were demonstrated to synthesize these 

reactions in HMO(Prudden et al. 2017). Because low B3GALT5 expression was 

marginal and isolated to one microarray, we chose to include it in later analysis. 4 
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genes used in the Prudden experiment were successfully excluded due to low and 

RNA-Seq confirmed non-expression--FUT1, ST3GAL4, GCNT2B, and 

ST6GALNAC5. Non-expression of GCNT2B was confirmed with exon-level re-

analysis of the Lemay RNA-seq data (STARv2.5.4b alignment to GRCh38); nearly 

all of the reads aligning to the three exons (1a, 1b, and 1c) definitive of isoforms 

A, B and C, aligned to exon 1a. Ultimately, 25 genes were retained for further 

analysis, 22 genes were excluded due to confirmed low expression or catalytic 

irrelevance, and 6 were designated removed from further analysis without being 

ruled out. 

Generation of 44,984,988 candidate models representing HMO 

biosynthesis 

To explore how human mammary gland epithelial cells synthesize HMOs, 

we generated candidate models based on a complete network describing all 

possible reactions leading to the synthesis of all possible HMO structures. HMO 

complexity was limited to 7 monosaccharides added to the starting lactose. The 

complete network was pruned using flux variability analysis, and reactions are 

removed if they are not used to synthesize the 16 most abundant HMOs. Using 

mixed integer linear programming, we enumerated all subnetworks that can 

accurately simulate the synthesis of observed oligosaccharides. The MILP 

produced 48,914,738 subnetworks. 3,929,750 of these subnetworks were unable 

to uniquely (upper and lower bound flux were not equal) simulate the HPLC data 

leaving 44,984,988 candidate models for further examination. Each candidate 
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model retained 43-54 reactions, 0.4-.5% of the reactions found in the complete 

model and 19.5-24.4% of the reactions retained in the Reduced Network (Table S 

6). These models covered all the possible combinations of HMO synthesis by the 

10 known glycosyltransferase families that could describe the synthesis of the 

HMOs in this study. 

Selection of best performing models  

We computed the model score 𝑆𝑆𝑙𝑙 using the glycoprofiling and 

transcriptomic data from two independent cohorts. When sorted, these scores 

reveal a sigmoidal trend (Figure S 26A, Figure S 26F) suggesting an enrichment 

of high and low scoring models. Scores falling into the top 5% of density of the 

normal distribution of scores were top-performing (𝛺𝛺∗, red) to represent high 

performing models (Described and justified in Ranking subnetwork performance 

and selection of candidate models in Methods). We found 2.66 million top-

performing models using cohort 1, and 2.32 million top-performing models using 

cohort 2 (Table S 6). 241,589 models were common to the top-performing in 

cohort1 and cohort 2. Fewer top-performing models were expected from dataset 2 

because it is a smaller dataset, and therefore its predictive power is limited; this 

does not present an issue as the primary purpose of dataset 2 is validation. As an 

initial validation, we mapped top-performing models from dataset2 (red) onto the 

sigmoid for dataset 1 (Figure S 26B) and did the same for top-performing models 

from dataset 1 (red, Figure S 26G). We note that high performing models in both 

datasets appear at the top of the sigmoid for the other dataset suggesting the 
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selection is consistent. We also note that the intersection of models top-performing 

in analysis parameterized by dataset 1 and dataset 2 also appear at the top of both 

sigmoids (red, Figure S 26C, Figure S 26H).  

Normality of the score distributions was also examined using Q-Q plots and 

simple distribution visualization. The candidate model scores for dataset 1, 𝑆𝑆𝑙𝑙(𝐷𝐷1), 

are normally distributed as evidenced by the nearly linear Q-Q plot (Figure S 26D). 

The candidate model scores for dataset 2, 𝑆𝑆𝑙𝑙(𝐷𝐷2), is less normally distributed as 

evidenced by the moderate deviation in the Q-Q plot (Figure S 26I). The deviation 

in the Q-Q plot for dataset 2 scores is expected as it is a smaller dataset therefore 

there is a moderate skew to lower scores due to limited power. Since dataset 2 is 

not being used for discovery, but rather validation, this moderate skew is 

manageable.  

Supplemental Discussion 

Validity of Selected Transcription Factors 

To further validate the selected genes, we analyzed the promoters and 

gene expression patterns for common regulatory elements; if these genes are co-

regulated, during lactation, they should enrich for common transcription regulatory 

elements. Two studies implicated IKZF1 in regulating α-1,2 fucosylation through 

high-throughput analyses including type-1-diabetes GWAS (Inshaw et al. 2018) 

and text-mining TF prediction (Rouillard et al. 2016). SP1, a TF already implicated 

in prolactin reception(Hu et al. 1998), has been known to transcriptionally regulate 
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gene expression in several β4-galactosyltransferases including B4GALT4 

(Sugiyama, Fukushima, and Sato 2017) and B4GALT5 (Takeshi Sato and 

Furukawa 2004, 2007; Zhou, Jiang, and Gu 2015). Consistent with the miRNA 

proxy theory (Kurcon et al. 2015), SP1 can also regulate α-1,3-fucosyltransferase, 

FUT4, for Lewis Antigen X biosynthesis (Bing Liu et al. 2019) through miR-29b. 

The ETS gene superfamily encodes TFs (e.g., ETS1, ETV4 and ERG) that bind a 

purine-rich DNA sequence through the ETS domain (Dhordain et al. 1995), and 

ST3GAL1 contains several TFBS in its promoter region, including ETS1 (A. 

Taniguchi, Itaru, and Matsumoto 2001). Together, our results of the discovered 

TFs and TFBS motifs are consistent with those reported for regulating GTs in 

similar biosynthesis reactions. 

Leveraging HMO pathway resolution to clarify natural variation in HMO 

composition 

With the newly reduced space of HMO biosynthetic pathways and 

knowledge of the enzymes and their regulation will enable mechanistic insights 

into the relationship of maternal genotype and infant development. HMO 

concentrations vary dramatically between mothers creating sometimes 

unpredicTable health risks for newborns. Numerous factors influence HMO 

composition. These include genetic factors influencing blood type, secretor and 

Lewis status(Kumazaki and Yoshida 1984; Viverge et al. 1990; Kudo et al. 1996; 

Koda et al. 1996; S. Nishihara et al. 1994; Thurl et al. 1997), diet(Azad et al. 2018), 

geography(McGuire et al. 2017; Azad et al. 2018). Variations in HMO composition 



 
 
 

251 
 

influence infant susceptibility to infection(A. L. Morrow et al. 2004; Ardythe L. 

Morrow et al. 2011; Z.-T. Yu, Nanda Nanthakumar, and Newburg 2016; 

Vandenplas et al. 2018), impact risk of developing diseases such as necrotizing 

enterocolitis(Autran et al. 2018) and influence development(Bode 2012, 2015; 

Edmond et al. 2006; Picciano 2001) and contribute to childhood obesity(Alderete 

et al. 2015; S. N. Uwaezuoke, Eneh, and Ndu 2017). To elucidate the mechanisms 

leading to the heterogeneity among women, and its connection to child health, the 

differences in HMO composition often need to be interpreted in the context of all 

the biosynthetic pathways. 

Leveraging HMO pathway resolution to facilitate chemoezymatic synthesis 

Finally, once essential HMOs are identified, the knowledge presented here 

on the HMO biosynthetic network can provide insights for the industrial production 

of HMO as a nutraceutical. Currently, commercially available formula is fortified 

with galactooligosaccharide (GOS), fructooligosaccharide (FOS) and 2'-

fucosyllactose (2'-FL). These can be probiotic(Moro et al. 2002), modulate immune 

development(Costalos et al. 2008), and reduce pathogenic susceptibility(Vos et al. 

2006). As larger health-relevant HMOs emerge(Autran et al. 2018), there is a need 

to scale up their production. Chemoenzymatic synthesis is feasible(Furuike et al. 

2003; Fair, Hahm, and Seeberger 2015; Yao et al. 2015; Prudden et al. 2017, 

2014), but cell-based production can be more easily scaled. The growth of 

microbial HMO production is limited by knowledge of the biosynthetic system(Bode 

et al. 2016; Guan and Chen 2018). Small HMOs like 2’FL(W.-H. Lee et al. 2012; 
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Chin et al. 2015; Baumgärtner et al. 2013) and larger molecules like LNT have 

been produced in E. coli(Baumgärtner et al. 2014). Increased knowledge of 

enzymes and reactions collected in this work will expand the toolbox for metabolic 

engineering by narrowing and prioritizing the list of relevant glycosyltransferases 

to HMO biosynthesis. 
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C. APPENDIX: GLYCOMPARE 
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Data and Code 
Data, code, Jupyter notebooks and CodeOcean capsule available at: 

github.com/LewisLabUCSD/GlyCompare 

Supplementary Tables 

Table S 10 – Glossary of analyses run (A) and terms (B) 
Results section Substructure Explanation 

GlyCompare decomposes 
glycoprofiles to facilitate 
glycoprofile comparison 

Glyco-motif EPO clustering was done with glyco-
motif abundance 

GlyCompare decomposes 
glycoprofiles to facilitate 
glycoprofile comparison 

All Overview of methods discusses 
every substructure type.  

GlyCompare accurately 
clusters glycoengineered 
EPO samples 

Glyco-motif EPO clustering was done with glyco-
motif abundance 

GlyCompare summarizes 
structural change across 
glycoprofiles 

Representative  EPO clusters were examined for 
enrichment and depletion of 
representative substructures 

GlyCompare reveals 
phenotype-associated 
substructures and trends 
invisible at the whole glycan 
level 

Substructure All HMO substructures were used to 
avoid merging substructure matching 
known HMOs. This was necessary to 
allow comparison to know structures 

GlyCompare identifies 
condition-specific synthesis 
dynamics 

Substructure All HMO substructures were used to 
avoid merging substructure matching 
known HMOs. This was necessary to 
allow comparison to know structures 

GlyCompare increases 
statistical power of glycomics 
data 

Glyco-motif Just HMO glyco-motifs were used to 
avoid artificially overpowering the 
analysis. 
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Table S 11 -  HMO Abbreviations 
Complete structures can be accessed at GlyTouCan.org using these accessions. 
All accessions and GlycoCT are listed in the Glycan_Structures supplemental 
folder. 
 

HMO Abbreviation GlyTouCan Accession 

LNT Lacto-N-tetrose G45827GY 

LNnT Lacto-N-neotetrose G48059CD 

2’FL 2’-fucosylactose G10422IZ 

3FL 3-fucosylactose G06210XB 

3’SL 3’-sialyllactose G91237TK 

LNFPI Lacto-N-fucopentose I G01650PH 

LNFPII Lacto-N-fucopentose II G98173LG 

LNFPIII Lacto-N-fucopentose III G83916HL 

LSTb LS-tetrasaccharide b G19017MP 

LSTc LS-tetrasaccharide c G72506RN 

DSLNT Disialyllactose-N-
tetrose 

G38710SX 

DFLNT Difucosyllacto-N-
tetrose 

G70115XG 

FLNH Fucosyllacto-N-hexose G24504JY 

DSLNH Disialyllacto-N-hexaose G47928KI 

DFLNH Difucosyllacto-N-
hexaose 

G63053GR 

FDSLN
H 

Fucodisialyllacto-N-
hexaose 

N/A 
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Table S 12 -  Complete Information on Generalized Estimating Equation Models 
The tables below specify the coefficient summary, confidence intervals, Wald test 
p-values. We report general model statistics including number of observations and 
groups, and degrees of freedom. We report effect size with marginal correlation 
for gaussian regressions and entropy for logistic regression (Zhang,2000). Finally, 
for gaussian regressions we report the Shapiro-Wilk’s p-value for normality of a 
distribution. 
 
A. Gaussian GEE, predicting motif abundance from secretor status while 
controlling for DPP 
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B. Gaussian GEE, predicting motif abundance from DPP split on secretor status 
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C. Logistic GEE, predicting secretor status from estimated flux while controlling for 
DPP 
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Supplementary Figures 

 
Figure S 27 - The glycoprofile clustering table with the original glycans. 
This is the clustering of sixteen glycoprofiles based on glycans. Since most of the glycans 
only exist in a few glycoprofiles, so the clustering mainly focus on the present/absent of the 
glycans (clusters 3-10), which means the information of structural similarity tend to be 
ignored in the clustering.  
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Figure S 28 - The clustering robustness.  
The robustness is measured with BP (Bootstrap Probability) value. The BP values 
demonstrated the robustness. The clustering with glyco-motifs shows higher robustness 
than clustering with glycans. In the glycan clusters, the wild-like glycoprofiles are closer to 
the joint-knockouts that produces only biantennaries rather than the single Mgat4/5 
knockouts that produces triantennaries which conflicts with the biological sense.  
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Figure S 29 - The substructure network of EPO dataset  
The merged substructure network from 16 glycoprofiles contains 613 glyco-substructures. 
The red nodes are 120 glyco-motifs preserved. The light grey nodes are nodes can be 
filtered out. A dark grey node has many red child nodes which decrease its importance, so 
it can be removed. The red line indicates the abundances between child and parents node 
changed significantly so both nodes should be preserved. The blue lines indicate the 
abundances don’t change significantly and the node above can be collapsed.  
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Figure S 30 - Robustness of glyco-motifs clusters  
The robustness gives the criteria of much many substructure clusters should be generated. 
The cluster that has p-values > 0.95 are selected based on the p-value and the big block 
is further breakdown. 
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Figure S 31 - Profile matching between the data from Čaval et al. (2018) and GlyCompare 
The lightened names are the knockouts that don’t have MALDI-TOF data published. While 
some glyco-motif clusters can be seen in the glycoprofile clusters, there are important 
differences, and the glyco-motif clusters provide more information and improved cluster 
stability. Furthermore, the clustering result based on the glyco-motif was consistent with 
the clustering based on the native mass spectrometry, except for the Mgat2 knockout and 
the Fut8 knockout, which considerably changed the glycoprofiles by removing many 
common glycans. The main reason is that GlyCompare accounts for structural differences 
caused by each glycosyltransferase. This allows us to evaluate the magnitude of 
differences between glycans, whether it be between glycans with the same mass but 
different structural topologies, or subtle structural variations due to single changes in 
monosaccharides. Therefore, we had a better interpretation of the glycan structure variants 
across multiple glycoprofiles. All these results demonstrated the excellent performance of 
our GlyCompare in assessing the structural similarity between different glycoprofiles. 



 
 
 

264 
 

 
Figure S 32 - HMO dataset, the clustering of HMO by glycan using pearson correlation 
distance 
At the glycan-level, 2-fucosyllactose (2’ FL) is the most abundant HMO in secretor mothers 
while Lacto-N-tetraose (LNT) and LNFPI are the most abundant HMOs in non-secretor 
mothers. The second major source of variance, DPP, shows a decrease in non-secretor 
LNFPI. At the substructure level, the clustering recapitulated the results from the raw HMO 
profiles and the α-1,2 fucosylated substructures were significantly associated with secretor 
status. The 2’FL substructure (X35) and the LNFPI substructure (X65) are significantly 
more abundant in secretor milk (Wald p=2.35x10-25, Wald p=5.1x10-12 respectively). The 
substructure abundance successfully reproduces the strongest effects known to be 
associated with secretor status.  
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Figure S 33 - HMO substructure network with dependent substructure removed  
All the glycol-motifs are shown, and redundant nodes are merged. This is a directed-
acyclic-graph and the direction goes from top to bottom. An edge with red color is a new 
edge after merging that indicate the important abundance changes. An edge with blue color 
is an edge that exists before merging that indicates the abundance variation between two 
substructures. The grey lines are edges with 100% correlation but might not exists in the 
synthetic pathway because of the non-existent synthetic rules. 
  



 
 
 

266 
 

 
 
Figure S 34 - HMO substructure General Estimate Equation coefficient and p-value plot 
Summary of regressions predicting either glycan or motif abundance from Days 
Postpartum (DPP) and Secretor status. The horizontal axis indicates the coefficient 
associating either DPP or secretor status with abundance and the vertical axis indicates 
the significance of that coefficient using the Wald test. Regression models were fit using 
Generalized Estimating Equations (GEE) with an exchangeable covariance structure to 
control for dependency structures within mothers. Colors indicate the identify of the glycan 
or glycan motif, size indicates the significance of the coefficient and shape indicate if the 
coefficient was attributed to DPP or secretor status. Models fit to predict glycan abundance 
(left) were of the form: 𝑮𝑮𝑮𝑮𝑮𝑮( 𝒛𝒛(𝒍𝒍𝒍𝒍𝒍𝒍(𝒁𝒁(𝒙𝒙))) ~ 𝑫𝑫𝑫𝑫𝑫𝑫 +  𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒍𝒍𝒔𝒔), while models to predict 
motif abundance were of the form: 𝑮𝑮𝑮𝑮𝑮𝑮( 𝒛𝒛(𝒍𝒍𝒍𝒍𝒍𝒍(𝒛𝒛(𝒙𝒙))) ~ 𝑫𝑫𝑫𝑫𝑫𝑫 +  𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒍𝒍𝒔𝒔). Where, z(x) 
is a z-score normalization to center and standardize abundance and 𝝐𝝐= 𝟎𝟎.𝟎𝟎𝟎𝟎𝟏𝟏. This link 
function was chosen because it fit a normal distribution (Supplemental Table 3A) and 
allowed for comparisons between regressions. There are some notable consistencies 
between the motif and glycan level results. As expected, 2’FL and its motif, X35, are both 
strongly and significantly enriched in secretor status. As are LNFPI and its motif, X65, are 
also strongly and significantly enriched with secretor status. Conversely, LSTb and X62 
are negatively associated with secretor status. DPP has some significant but small 
associations negative associations with LSTc, 3’SL, and DSLNT. The 3’SL motif, X34 
showed a consistent small negative significant association and the DSLNT motif. Most 
notably, X1, the sialic acid motif, was strongly negatively associated with DPP suggesting 
sialylation decreased in these sample over time. 
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Figure S 35 - Sample N-glycosylation network adapted from (Spahn et al. 2016b) 
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D. APPENDIX: GLYCAN-PROTEIN STRUCTURE 
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Supplemental Tables 
Table S 13 – Distribution and sample size of IMR conditional probabilities Figure 26F 
 

Motif 
Length 

Structure 
Fixed 

Mean S.D. N: 
P(A|B)>P(A) 

N: 
P(A|B)<P(A) 

N Fold 
Change 

1 glycan 0.039501 0.065099 548 634 1183 2.314301 
1 protein 0.091417 0.13807 548 634 1183  
2 glycan 0.033059 0.058625 1025 1160 2185 2.519216 
2 protein 0.083284 0.117493 1025 1160 2185  
3 glycan 0.027672 0.054289 1576 1788 3364 3.235929 
3 protein 0.089546 0.115724 1576 1788 3364  
4 glycan 0.025251 0.045312 1798 2056 3855 3.704429 
4 protein 0.093541 0.120251 1798 2056 3855  
5 glycan 0.025405 0.04588 2327 2628 4956 3.470337 
5 protein 0.088163 0.104168 2327 2628 4956  
6 glycan 0.024508 0.047592 2941 3369 6311 3.562296 
6 protein 0.087305 0.098485 2941 3369 6311  
7 glycan 0.023376 0.045586 4131 4761 8893 4.097588 
7 protein 0.095787 0.103835 4131 4761 8893  
8 glycan 0.022285 0.041808 4898 5711 10612 4.714163 
8 protein 0.105054 0.109607 4898 5711 10612  
9 glycan 0.021484 0.037508 4913 5742 10658 5.043449 
9 protein 0.108351 0.11061 4913 5742 10658  

10 glycan 0.020017 0.032146 4319 5183 9506 5.641682 
10 protein 0.11293 0.113366 4319 5183 9506  
11 glycan 0.019036 0.026794 3525 4367 7895 5.758148 
11 protein 0.109612 0.107277 3525 4367 7895  
12 glycan 0.017643 0.022947 2579 3304 5885 5.907276 
12 protein 0.104222 0.096894 2579 3304 5885  
13 glycan 0.015433 0.018858 1894 2475 4371 6.921746 
13 protein 0.106823 0.096742 1894 2475 4371  
14 glycan 0.012897 0.014746 1399 1856 3255 8.261073 
14 protein 0.106543 0.094723 1399 1856 3255  
15 glycan 0.010178 0.011166 931 1253 2185 11.10655 
15 protein 0.113045 0.097098 931 1253 2185  
16 glycan 0.008308 0.008946 623 835 1458 14.74224 
16 protein 0.122482 0.102175 623 835 1458  
17 glycan 0.006909 0.007713 427 565 993 19.85786 
17 protein 0.137195 0.108164 427 565 993  
18 glycan 0.006178 0.006757 275 359 634 22.56627 
18 protein 0.139421 0.107794 275 359 634  
19 glycan 0.004446 0.004865 158 214 372 31.24682 
19 protein 0.13892 0.107965 158 214 372  
20 glycan 0.004446 0.004865 158 214 372 31.24682 
20 protein 0.13892 0.107965 158 214 372  
21 glycan 0.00363 0.003766 118 161 279 34.24255 
21 protein 0.124301 0.101235 118 161 279  
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Table S 14 – P-values and FDR correction for two-sample Mann-Whitney tests of 
the glycan abundance distributions Figure 29D). 
 
GLYCAN P.VALUE FDR 

G 0.000274 0.000353 

G1 0.007251 0.008158 

G2 2.04E-06 3.06E-06 

S 1.02E-06 1.84E-06 

S1 1.02E-06 1.84E-06 

S2 1.02E-06 1.84E-06 

G0 1.02E-06 1.84E-06 

B 0.436617 0.436617 
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Supplemental Figures  
 
 

 
Figure S 36 – Site-specific structure and chemistry diversity among glycoproteins 
examined.  
(A) Feature weights from a Factor Analysis with Mixed Data (FAMD) (Chavent et al. 2014) 
of annotated sites. (B) Two-dimensional projection of the FAMD using a Uniform Manifold 
Approximation and Projection (UMAP)(McInnes, Healy, and Melville 2018). Each point is 
a site on a glycoprotein, each color indicates the source of that protein. (C) FDR distribution 
of p-values from a multivariate gaussian trained on the UMAP 2D projection. 
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Figure S 37 – Glycoimpact at various IMR thresholds. 
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Figure S 38 – Root mean square error between PAM and BLOSUM substitution scores 
correlated with predicted glycoimpact. 
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Figure S 39 – Correlation between glycoimpact and pathogenicity score pairwise errors 
when pathogenicity scores are shuffled within score. 
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Figure S 40 – Minimum distance between amino acids within human PrP for disease and 
library mutants (A,B) and low expression mutants (C,D) 
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Figure S 41 – Protein-Glycan structure relations in HIV ENV gp160 
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