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Scientific Focus & Potential Impacts
Focus: convergence of scalable synthesis, automated characterization, and advanced modeling 
to accelerate rational glycomaterial design. 

Intellectual Merit: ability to rationally design glycomaterials does not currently exist. 
Ø Innovations are required for predicting, synthesizing and characterizing carbohydrate self-

assembly (relevant to aggregation, gelation, film formation, etc).

National and International Impact: discovery of completely novel materials and methods.
ØApplications in areas as diverse as medicine, aerospace, renewable resources, and defense.

Iterative Approach: transdisciplinary, iterative, closed-loop approach.
ØMGI approach integrates synthesis, characterization, and modeling to surmount scientific and 

technological barriers in glycomaterials research and innovation. 
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Major Goals
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Address long-standing bottlenecks in the discovery and development of novel glycomaterials:  

Ø Develop new chemical and enzymatic methods and protocols for the automated synthesis of 
glycopolymers with the guidance from modeling and advanced machine-learning.

Ø Develop advanced modeling protocols that better account for the effects of molecular 
environment on the properties of glycopolymers and their complexes.

Ø Develop machine learning methods for predicting and assigning spectroscopic data for 
glycomaterials.

Ø Develop high-throughput characterization methods for measuring the properties of 
glycomaterials. 



Synthesis: Engineered/Controlled Glycomaterials
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Glycomaterials
with controlled

molecular 
structures

Chemical 
synthesis

Enzymatic 
synthesis

Automated 
synthesis

Ø Synthetic control of 
glycopolymer
structure is essential 
for developing 
structure – property 
relationships

Ø Unique challenges 
addressed through 
multiple approaches

Ø Use automation when 
possible



Modeling: Property Prediction/Hypothesis Generation

Coarse-
grained (CG)

All-atom 
dynamics

Polarization

Quantum 
(QM)
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Ø Can we predict 
glycopolymer aggregation?

Ø Double helix formation?

Ø Modeling scales range 
from single 
monosaccharides (QM) to 
>50 MDa (CG)



Characterization: Data Acquisition
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Ø Molecular structure determination
Ø Mass spectrometry, NMR spectroscopy

Ø Intermolecular interaction quantification
Ø Biolayer interferometry (BLI)
Ø Surface plasmon resonance (SPR)
Ø Quartz crystal balance

Ø 3D shape analysis
Ø Computational simulation
Ø NMR, ROA, VCD

Ø Solution/rheologic properties
Ø Viscosity, gel formation
Ø Persistence length
Ø Radius of gyration/hydrodynamic radius

Robust and varied data sets are essential for model validation, machine 
learning, database population (knowledge sharing).

Degradation 
Phase

Binding



Autonomous Laboratories and Machine Learning
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• Data analysis
• Process optimization

Machine 
Learning

• Automated synthesis
• High throughput analysisAutomation

Ø Enhanced 
Reproducibility

Ø Reduced User 
Error

Ø Robust Data 
Interpretations

Ø Accelerated 
Discovery



MGI Approach to In-House Research
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In-house research domains ( “Loops”) were created to 
address the Major Goals.  

Loop 1: Novel Glycomaterials
(Lead: John Matson / Sanket Deshmukh)

Loop 2: Biocatalysis in Glycomaterial Creation 
(Lead: Maren Roman)

Loop 3: Rational Glycomaterial Design
(Lead: Rob Woods)

Loop 4: Machine learning in Glycoscience
(Lead: Pengyu Hong)

Within each loop, the research program contains three core elements: synthesis, characterization, and theory
that together synergize to advance research efficiency

8



Collaborative Loop Process
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Loop 3

Loop 2

Loop 4

Loop 1

*

**

***

*    RPI
**   UNC
***  Brandeis

Ø All loops interact with at 
least two other loops

Ø Monthly work-in-
progress (WiP) 
meetings open to all 
GlycoMIP members

Ø Monthly loop research 
progress meetings

Ø “Slack” channels 
facilitate inter-loop 
interactions

Ø Highly integrated research activities (inter- and intra-loop)

• channels for synthesis, modeling, 
characterization, management, etc



Loop 1:
Novel Glycomaterials

John Matson, Virginia Tech, Loop Co-Lead
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Loop 1 Overview
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Blake Johnson
Virginia Tech

CHARACTERIZATIONSYNTHESIS

High throughput        
rheometry

Morphology of blends 
and composites

John Matson, Co-Lead
Virginia Tech

Chemical synthesis of 
glycopolymers

Sanket Deshmukh, Co-Lead
Virginia Tech

Application of machine learning
to atomistic molecular modeling

Kevin Edgar
Virginia Tech

Bob Moore
Virginia Tech

MODELING/THEORY

Coarse-grained 
modeling of glycomaterials

Chemical modification
of polysaccharides
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ORO 1.1 Prepare interfacially-active polysaccharide-containing copolymers.
Deshmukh, Edgar, Johnson, Matson, Moore

ORO 1.2 Develop new methods to synthesize, characterize, and model
proteoglycan-mimetic polymers. Deshmukh, Edgar, Johnson, Matson,
Moore

Loop 1: Overarching Research Objectives



Global Plastics Production and Recycling
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Polymer Blends: Importance and Challenges
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• Blending polymers enables property enhancements, achieving the best of both in 
successful cases (i.e., strength and toughness).

• Polysaccharides are typically brittle but stiff, so blends could produce new 
properties and enhance their utility, enabling all sustainable plastics. 

• Compatibilizing block copolymers stabilize interfaces and reduce domain sizes, 
so new methods to make polysaccharide-containing block copolymers are critical.

Polymer A

Polymer B

Interphase with BCP

Interface without BCP

AB Diblock Copolymer
ABA Triblock Copolymer

Critical Entanglements



Loop 1 Highlight 1: Blended Hydrogels 
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• The Johnson group has developed a piezoelectric sensor that monitors rheological properties in 
a 96-well format and in high throughput.

Epoxy

Impedance
Analyzer

PZT Parylene

Milli-Cantilever

Sol/Gel

• Using a combination of two polysaccharides developed by the Edgar lab, they can monitor fast 
gelation in the presence of acetic acid.

M-
alginate

Solution Hydrogel

CMCS



Hydrogel Synthesis
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• The two polysaccharides are modified alginate and modified chitosan. 

m-alginate m-chitosan

• Addition of a small amount of acetic acid (AcOH) induces gelation.



High-Throughput Formulation & Characterization
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• The Johnson group has developed fully automated systems to dispense and 
characterize large numbers of hydrogel formulations. 



High-Throughput Dispensing
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• Their robotic system allows them to dispense precise amounts of the two 
polysaccharide components, as well as the acetic acid crosslinker, in 96-well plates.



High-Throughput Characterization
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• Rheological testing of the 96 formulations using a cantilever microsensor revealed 
several useful insights:
o Samples rich in CMCS exhibited phase separation. Imbalance between the two polymer 

components results in relatively weak hydrogels. 
o The amount of acetic acid (AcOH) plays an important role in determining the mechanical 

properties of the hydrogels. 
o Increasing the concentration of AcOH increases the G’ of the hydrogel regardless of the 

ratio of M-alginate and CMCS. 



Loop 1 Highlight 2: Polymer Blends 
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• The Matson and Moore groups, with help from Deshmukh on modeling, aim 
to make blends of polysaccharides and other commercial polymers. 

• Demand for such materials remains strong across most of the world.



• For uncompatibilized blends, the dispersed 
phase size increases with time in the melt due 
to particle coalescence.

• For compatibilized blends, block copolymers 
suppress coalescence resulting in smaller 
domains and narrower particle size 
distributions.

• Coalescence suppression is attributed to steric 
stabilization, not a reduction in interfacial 
tension.

Broader 
Interphase

Crowding of BCP chains at 
the boundary of colliding 
particles creates steric 
repulsion that suppresses 
coalescence.

Sundararaj, U.; Macosko, C.W. Macromolecules 1995, 28, 2647-2657.

Loop 1 Highlight 2: Basics of Blending 



Cellulose Acetate Butyrate (CAB) Gelatin

• Abby Chinn (Matson lab) has prepared several potential compatibilizers.

CAB-block-poly(Ala) CAB-block-poly(Pro) CAB-block-poly(Pro-co-Ala)

Loop 1 Highlight 2 Target Blend: CAB & Gelatin

• Molecular level characterization (SEC) has been quite difficult to due lack of solubility.

• Gelatin is hydrolyzed collagen with 
many Pro, Gly, and hydroxy-Pro units



• At 30/70 CAB/gelatin
• Scattering is observed on SALLS
• Clear evidence of phase 

separation

Loop 1 Highlight 2: Base Blend (No Compatibilizer)



1. Solution cast samples: solubilized in TFE at 50 °C for 16h and filtered using vacuum (the solution was clear after filtering). 
Cast into PTFE petri dish and let evaporate overnight at 35 °C.

With CAB-block-poly(Pro) compatibilizerWithout compatibilizer

Heterogeneity observed only in samples with 
the compatibilizer

No clear improvement upon addition of the 
compatibilizer was observed. For instance, pure 

CAB and pure gelatin are transparent

Loop 1 Highlight 2: With Added Compatibilizer



• Heterogeneous samples were obtained after the addition of the compatibilizer
• Possible explanations: a) different solvent evaporation rates when preparing the samples, b) 

heterogenous compatibilizers, c) compatibilizer does not have the intended structure

Without compatibilizer

With compatibilizer

Loop 1 Highlight 2: With Added Compatibilizer



Could ethyl cellulose (EC) be a better alternative to CAB?

• EC is
o Semicrystalline (Tg = 130-150 °C; Tm =165-190 °C)
o Hydrophobic
o Biodegradable
o Typical applications include drug encapsulation and coating agent
o Oxygen carrier properties are good
o Highly soluble (ethanol, methanol, toluene, chloroform, and ethyl acetate, depending on the degree of substitution)
o Brittle (low elongation at break (~8%)) – plasticizers can improve elongation at break

• EC has no acyl groups, so it cannot participate in acyl transfer (a potential problem in making the CAB compatibilizers)
• One study shows that EC reduces the crystallinity of PHB when blended – can be used to reduce crystallinity of polymers,

which could improve brittleness
• Usually in blends its use is justified due to biodegradability, abundance, good film forming, high tensile strength.
• Conclusions: EC is in many ways similar to CAB, but it may avoid synthetic problems, increases solubility, and

the endothermic events are separated from the Tg, making characterization easier.

Loop 1 Highlight 2: Moving Forward



To develop CG models of dextran, we started with carbohydrates because:
• Chemically and thermally transferable models of carbohydrates are not available.
• Most of the CG models do not capture ring structures, thus losing structural details.

To address these representative challenges, we have used the following mapping scheme:
α-D-Glucopyranose β-L-Fucose α-D-xylose

Why CG Models of Carbohydrates?
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Monosaccharides Surface tension (mN/m)

CG model CHARMM GLYCAM OPLS Mean of 3 FF

α-D-Glucose 120.01 170.00 157.33 66.50 131.26

α-D-Galactose 142.21 154.48 153.40 102.30 136.73

α-D-Mannose 185.00 161.25 194.27 69.50 141.67

α-L-Rhamnose 80.91 96.12 95.96 117.68 103.25

α-L-Fucose 90.69 113.95 96.08 93.27 101.10

β-D-Glucose 120.37 167.21 107.33 102.94 125.83

β-D-Galactose 138.33 184.66 106.53 72.30 121.17

β-D-Mannose 159.60 143.90 107.33 96.01 115.74

β-L-Rhamnose 85.82 110.41 106.66 107.24 108.10

β-L-Fucose 95.28 113.55 124.06 90.01 109.21

CG MD Simulations of Bulk Monosaccharides
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Thus far, we find that:
• Developed models show error of less than 6% for each property used during optimization
• Total error for the best model was below ~20%
• The model was validated for CG monosaccharides for which the parameters were not

optimized, and each property showed error less than 6%



α-D-Glucopyranoseα-D-Glucopyranose

• Bond distribution of mapped trajectories for almost
all bonds shows a reasonably good agreement.

• Similarly angle distribution and radial distribution
function was also in good agreement.

Density (g/cc) Hv (kCal/mole)

α-D-Glucose 1.48 (1.453) 31.2 (33.6)
β-L-Fucose 1.34 (1.34) 24.6 (25.7)
α-D-xylose 1.38 (1.37) 23.9 (23.41)

CG Model Properties
GC-GC BC-GC

29



α-D-Glucose
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α-D-Xylose

CHARMM 15.0 kcal/mol
GLYCAM             17.8 kcal/mol
OPLS-AA            16.8 kcal/mol
CG                       12.7 kcal/mol

CHARMM 12.5 kcal/mol
GLYCAM             13.0 kcal/mol
CG                       13.7 kcal/mol

Coarse 
grained 

water bead

0 20 40 60-20

Monosaccharides Density 
(g/cc) Experimental*

50%(wt) 1.213 1.231

20%(wt) 1.075 1.083

α-D-Glucose

*Comesaña, J. F.; Otero, J. J.; García, E.; Correa, A.. J. Chem. Eng. Data 2003, 48, 362− 366

Hydration Free Energy

30



• To develop accurate interaction parameters between CG PNIPAM-dextran and water models, we
compared the Rg of mapped all-atom trajectory of PNIPAM and dextran chains with CG model.

• All the simulations were performed at 300 K (below LCST) and 320 K (above LCST).

PNIPAM Dextran

AA-PNI   CG-PNI   AA-DEX   CG-DEX   

v Interactions between water model and dextran were tuned to obtain similar Rg distribution.

PNIPAM-Dextran in Water

31



Worm-like BBP with 100% functionalization

side 
view

top view

top view
top view

50% 
functionalization

33% 
functionalization

300K 320K

300K

300K

320K

320K

Worm -
33% functionalization

Worm -
50% functionalization

Worm -
100% functionalization

Bottlebrushes of PNIPAM-Dextran
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• Three shapes of PNIPAM BBPs were chosen with 100% grafting density – Worm, Dumbbell, Plus
• 10-mers of dextran attached with three degrees of functionalization: 100%; 50%; 33% functionalization
• Simulations were performed for 500 ns in NPT ensemble at 300K and 320K (below and above LCST of

PNIPAM) in the presence of explicit water beads



Worm

• At 300K, up to 50% functionalized BBPs showed similar Rg values for Worm and Dumbbell. Rg for 100% functionalized BBP was 
much higher. For Plus, 33% functionalized BBP showed a lower Rg.

• At 320K, Dumbbell and Plus-like BBP showed high impact of functionalization on Rg values. For Worm-like BBP, Rg of non-
functionalized BBP was highest.

Dumbbell Plus300K

320K

33

Radius of Gyration



33 33 50 10010050

Dextran - functionalized BBPs

• Similarity matrix indicates higher similarity 
between functionalized dumbbell-like 
structures with the gradually changing 
hourglass like structure.

• Similar is the case for Plus-like BBPs 
where similarities are higher with gradually 
changing structure and not abruptly 
changing structure.

• Similarities were very low between 
opposite shapes – dumbbell and plus

This indicates that with the inclusion of dextran 
onto BBP side-chains, the overall conformation 
of BBPs is such that interfaces between 
different layers get hidden which is why the 
CNN model is unable to identify them as 
abrupt shapes.

34

Similarity Quantification of BBPs
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Interloop Interactions: Schulz and Matson

• Motivation: 
o The Glyconeer can make many types of oligosaccharides, but protecting group chemistry is complex.
o Polymerization of unprotected oligosaccharides with control over molecular weight and molecular weight 

distribution is ideal.

• Problem: While ring-opening metathesis polymerization (ROMP) is a control polymerization method, 
it tends to fail in solvents that are good for oligosaccharides (e.g., DMF, DMSO).

• Ongoing efforts: We aim to study additive effects to improve ROMP of norbornene-functionalized 
monosaccharides (e.g., mannose) in polar aprotic solvents.

• Ophelia (Schulz group) is making monomers and Sam Scannelli (Matson group) is working on ROMP.



Loop 1: Outcomes
• Demonstration of high-throughput analysis of polysaccharide-based hydrogels

• Established a phase diagram for polysaccharide-based hydrogels

• Imaged polysaccharide-based block copolymer assemblies by TEM

• Simulated polysaccharide-based block copolymer assemblies using CG-MD methods

• Synthesized CAB-block-polypeptide block copolymers

• Evaluated blends of CAB and gelatin with and without block copolymer compatibilizer

36



Loop 2: Biocatalysis in 
glycomaterial creation

Maren Roman, Virginia Tech, Director, Loop Lead
Jonathan S. Dordick, Rensselaer Polytechnic Institute, Loop Member

37



Loop 2 Overview
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Jian Liu

Daniel Crawford
Virginia Tech

Maren Roman
Virginia Tech

CHARACTERIZATION

MODELING/THEORY

SYNTHESIS/BIOCATALYSIS  CHARACTERIZATION

Rheometry of glycomaterial
solutions and gels

Quantum chemical
prediction of chiroptical 

spectra

Chiroptical    
spectroscopy

Robert Linhardt Fuming ZhangJonathan Dordick

Automated, biocatalytic
synthesis of glycomaterials

Characterization of
molecular structure and bioactivity



39

ORO 2.1 Develop a solid-phase, enzyme-based method to synthesize
heparan sulfate and chondroitin sulfate oligosaccharides that is suited for
automated synthesis. Dordick, Liu

ORO 2.2 Match characteristic features of ROA and VCD spectra with
glycan structural properties (mono- to polysaccharides). Roman

ORO 2.3 Develop software for the prediction of ROA and VCD spectra for a
given carbohydrate. Crawford

Loop 2: Overarching Research Objectives



Pathway to Automated Solid-Phase 
Biocatalytic SynthesisProblem

• Biocatalytic synthesis and characterization of glycosaminoglycans (GAGs) requires extensive training
and highly specialized resources (i.e., is limited to experts).

Goal
• Develop an automated, high-throughput, solid-phase biocatalytic GAG synthesis process for non-expert 

accessibility.

40

Approach
• Develop synthesis method for heparan 

sulfate (HS)/chondroitin sulfate (CS) 
chimeras (to enable CS release from beads 
by heparin lyases)

• Develop multivalent linker

• Develop S-linked sulfated GAGs
• Isolated novel natural polysaccharides
• Attach HS to multivalent beads (in progress)
• Use solid-phase biocatalysis to generate 

controlled size oligos that can be combined 
in any particular order (in progress)

✓

✓
✓
✓



Preparation of Dendrimer Supports for 
High Density Solid-Phase Biocatalysis

Goal
• Generate functionalized, highly-branched supports that serve as nucleation sites for solid-phase enzymatic 

transformations.
• Sufficient hydrophilicity to ensure accessibility to enzymes; Provide high density of growing GAG chains.
• GAGs enable stepwise sugar additions, and modifying enzymes (epimerases, sulfotransferases) enable 

modification of physicochemical and functional properties.

41

DBCO Agarose

Agarose (1g agarose with 15 umol
denderimer functional groups)

Water

Dr. Peng He



Enzymatic Synthesis of HS and CS Domains: 
Solution Phase

42

Dr. Eduardo 
Stancanelli

ACS Chem Biol. 2022 
May 20;17(5):1207-1214.



Enzymatic Synthesis of HS and CS Domains:
Solid Phase
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Enzymatic Synthesis of HS and CS Domains:
Solid Phase

44



Synthesis of S-Linked Heparosan: 
Inhibitors of Heparanase

45

Acceptor

Thio-donor chemical synthesis, 7% yield 
for 11 steps.

Natural donor

GAG synthase
Enzymatic incorporation of 
unnatural UDP-sugar into 
heparosan analog

O-linked heparosan, natural 
precursor of heparan sulfate 
and heparin

Hemi-A analog, more stable S-linkage  0.4‰ total 
yield (Mw from 237 dalton to 18k dalton)

GAG inhibitors and modulators
with enhanced metabolic
stability and/or potential
alternative conformations

Nature Communications 2022, 13 (1), 7438.

Dr. Peng He



Synthesis of S-Linked Heparosan: 
Inhibitors of Heparanase
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• (Left) Wider range of predicted conformations 
exhibited by the S-linked HS analog (red) showing 
both collapse (inset) and extension like a Slinky® vs. 
natural O-linked HS (yellow)

• The S-linked chain conformation is predicted to be 
floppier and can extend to greater lengths than the 
natural polymers, but the analog also has a great 
tendency to collapse in a similar fashion to the Slinky® 
helical spring toy that can expand, bend and contract 
over a wide range..

• (Right) Hypothetical pucker conformational states of 
the most interior GlcA ring and GlcNAc ring of the 
decasaccharide models for O- versus S-linked 
heparosan chains are shown as sinusoidal plots. 

• S-linked heparanase uncleavable and results in 
competitive inhibition.Nature Communications 2022, 13 (1), 7438.



Development of Novel GAG-Based Materials
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Heparosan synthase 
(pmHS1, pmHS2, 
Chimera G)

GlcNTFA-UDP donor 
and GlcA-UDP-donor

Heparosan synthase 
(pmHS1, pmHS2, 
Chimera G)

GlcNAC-UDP donor 
and GlcA-UDP-donor

Different 
sulfotransferases; C5-
epimerase

Heparosan synthase

Mw~16K Dalton; X and Y=azide, thiol, Alkynes or amine; Z= OSO3H or H

Novel GAG-based polymeric materials with different functional groups, which can be 
conjugated with other materials very easily, both from the reducing end and non-reducing end.



Reaction Engineering to Generate Novel 
GAG-Based Materials
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UDP-GlcNAc

pmHS2

pmHS2

R
ec

yc
le

C5-epi/2OST 6OST-1-3 3OST-1-7

Oligo-IdoA, 2-OS, 6-OS, 3-OS

Oligo-IdoA, 2-OS, 6-OS

Oligo-IdoA, 2-OS

Controlled Size

Controlled Chemistry

• Packed-bed enzyme reactors enable control of molecular weight and 
composition.

• Fluid flow control enables various compositional intermediates to be 
isolated.

• Chemical functionalization or unique UDP sugar donors can provide 
handles for Click chemistry for assembly of various functional domains.

• Serves as model for oligosaccharide biosynthesis at multiple scales.

Oligo-Heparosan



Isolation of Algal Polysaccharides with 
Interesting Materials Properties
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Kwon et al. Cell Discovery (2020) 6:50
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Selection of anion 
exchange resin

Dr. Fiona 
Song



Isolation of Algal Polysaccharides with 
Interesting Materials Properties
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Crude fucoidan from 
S. Latissima, 

RPI 27, and RPI 28

Molecular-weight-cut-off 
fractionation

100KD~30KD~10KD~3KD~

SAX sub-fractionation
NaCl (M): 0.2(loading) 
~0.5 ~ 1.0 ~ 2.0 ~ 5.0

Procedure

♦ ♦

♦ ♦
♦

♦

♦
♦

♦ ♦♦ ♦

The marked 
subfractions 
will be further 
subjected to 

binding assays 

Crude fucoidan 
from 

S. Latissima

RPI 27

RPI 28



Fucoidan and Related Polysaccharide-Based 
Bioactive Hydrogels
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Fucoidan
(negatively charged 

molecule)

Alginate
(viscous matrix)

Carrageenan
(negatively charged 
molecule/viscous 

matrix)

Marine sulfated glycans

Covalent / 
noncovalent 

crosslink

Hydrogel 
particles

Hydrogel 
biofilm

solution



Prediction of ROA and VCD spectra
Problem
Raman optical activity (ROA) and vibrational circular 
dichroism (VCD) spectra are not straightforward to 
interpret, particularly for macromolecules

Goal
Develop software for the prediction of ROA and VCD 
spectra for a given carbohydrate

Compare Implicit vs. Explicit Solvation Protocols
Implicit Solvent Protocol

• Open Babel conformational search program based on a 
torsion-driving approach

• Polarizable continuum model (PCM) for including solvent 
interactions

Explicit Solvent Protocol
• Molecular dynamics (MD) trajectories for obtaining solute 

and solvent configurations
• Distance cutoff to determine which solvent molecules

are explicitly included 52

𝛽-glucose conformers generated in Open Babel

Snapshot from an MD trajectory

Collab. w. 
Valerie Welborn

Loop 3

ROA
VCD

Brendan 
Shumberger



Workflows for obtaining VCD or ROA spectra
Implicit Solvent Protocol
1) Perform a conformational

search and optimize structures.
2) Remove duplicate conformers.
3) Perform a harmonic vibrational 

frequency analysis on each 
conformer.

4) Perform VCD and ROA 
calculations on the
significant  conformers.

5) Perform Boltzmann
averaging to obtain
the total spectrum.
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MD Simulation

Select Snapshots

Remove Excess Solvent

VCD ROA

Harmonic Vibrational Analysis

Remove Imaginary Frequencies 

Conformational Search

Geometry Optimization

DuplicateUnique

Harmonic Vibrational Analysis

SignificantInsignificant

VCD ROA

Explicit Solvent Protocol
1) Perform a molecular dynamics 

simulation. (Welborn group)
2) Select snapshots.
3) Remove excess solvent 

molecules.
4) Perform a harmonic vibrational 

frequency analysis on each 
snapshot.

5) Perform VCD and ROA 
calculations.

6) Perform simple averaging to 
obtain the total spectrum.



Dependence of Spectrum on Number of Snapshots
1. Computed a VCD spectrum of 𝛽-D-glucose from 500 snapshots obtained from an MD trajectory.
2. Computed a running average as snapshots were added.
3. Convergence was measured as the integral of the absolute value of the spectrum.

54

Dynamic convergence of VCD spectrum of
𝛽-D-glucose with increasing number of snapshots

Integral of the absolute value of VCD spectrum
as a function of the number of snapshots



Advancing Flow Biocatalysis for
Carbohydrate Conversion
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Flow reactor
Inline Raman

Gurkeerat
Kukal

• Enzymes immobilized on the
surface or interior of beads

• Beads packed into a column reactor
• Two ongoing experiments:

• Oxidation of glucose to 
gluconolactone with glucose oxidase 
immobilized on silica supports

• Sucrose hydrolysis with invertase 
entrapped in alginate-carrageenan
gel beads



Reaction Monitoring by Raman Spectroscopy
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Raman Shift (cm-1) Group Glucose Fructose Sucrose

~1127 C-O-C Strong - Weak

1080-1063 C-O-C (cyclic alkyl ethers) Weak Strong Strong

917-848 C-O-C (cyclic alkyl ethers) Weak Strong Strong

630 Ring deformation - Strong Weak

~520 CCO, CCC and OCO deformations Strong Weak Weak

O
HO
HO

OH

OH

OH

HO

OH
O

HO

OH
HO

HO

OH
O

HO

OH
O

O
HO
HO

OH

OH



Process Optimization

57



Dextran-based Pressure Sensitive
Adhesives (PSAs)

Background
• Polysaccharides possess high glass 

transition temperatures (Tg) (PSAs require 
low Tg)

• Previous studies have shown that acyl 
substituents are able to reduce the Tg of 
polysaccharides

Objectives
• Synthesize fatty acid-esterified dextrans
• Determine rheological and adhesive 

properties as functions of dextran molecular 
weight, side chain length, and degree of 
substitution (DS).
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Togo, A. et al. (2019). Journal of Wood Science, 65(1).

SEC
Rheometer

Hu Young 
Yoon

This Photo by Unknown 
Author is licensed under 
CC BY-NC

This Photo by Unknown 
Author is licensed under 
CC BY-SA

https://www.pngall.com/tape-png
https://creativecommons.org/licenses/by-nc/3.0/
http://english.stackexchange.com/questions/69456/what-is-packaging-tape-called-in-the-us
https://creativecommons.org/licenses/by-sa/3.0/


Characterization

59Images provided by Parisa Farzeen (Deshmukh group)

b

a

Collab. w. 
Sanket Deshmukh

Loop 1
20 30 40 50 60 70

0

20

40
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80

 

 

[h
] (

m
l/g

)

Temperature (oC)

Dextran 5      DMSO  H2O 
Dextran 10    DMSO  H2O 
Dextran 70    DMSO  H2O 
Dextran 150  DMSO  H2O 
Dextran 500  DMSO  H2O 

Reducing end (α)

a
Reducing end (β) b
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Initial Observation of Adhesive Properties

60
Dextran ester adheres to the vial Dextran ester becomes transparent with pressure



Loop 2: Outcomes
• Demonstration of controlled functionality via controlled biosynthesis of HS/CS oligosaccharides.

• Solid-phase biocatalysis demonstrated and size dependence on “seed” oligosaccharide 
effectiveness.

• Developed S-linked sulfated GAGs with unique structural and functional properties.

• Further fractionation of algal polysaccharides may result in strong antiviral activity. Crosslinking 
expected to result in highly functionalized, biodegradable hydrogels.

• Developed provisional explicit solvent protocol for VCD spectrum prediction. 

• Sucrose hydrolysis with immobilized invertase in column reactor demonstrated.

• Real-time monitoring of sucrose hydrolysis with Raman spectrometer demonstrated.

• Dextran-water interactions may become less favored as solution temperature increases.

• More highly substituted fatty acid-esterified dextrans exhibited some adhesive properties.
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Loop 3: Rational Glycomaterial
Design

Rob Woods, University of Georgia, Associate Director, Loop Lead
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Loop 3 Overview
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Rob Woods
UGA

Alan Esker
Virginia Tech

CHARACTERIZATIONSYNTHESIS

Quantification of 
molecular interactions

Atomistic modeling
with polarizable force fields

Properties of 
glycomaterial surfaces
and colloids

Michael Schulz
Virginia Tech

Chemical synthesis of 
glycopolymers

Valerie Welborn
Virginia Tech

MODELING/THEORY

Atomistic modeling
of molecular interactions 

and properties
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ORO 3.1 Launch Interface Enabling Automated MD Simulation and Analysis
of Engineered Oligosaccharides (Tool Development). Woods

ORO 3.2 Improve the accuracy of predicted carbohydrate-protein binding
energies (Scientific Development). Woods

ORO 3.3 Quantify the electrostatic dependence of ligand binding ΔG as a
function of glycan structure (with simulation methods that include
polarization effects). Welborn

ORO 3.4 Develop high throughput methods for quantifying carbohydrate-
protein interactions. Esker, Schulz

Loop 3: Overarching Research Objectives



Glycomaterial Modeling: Importance and Challenges

65

Modeling enables hypothesis generation and structure/property prediction.

The rational design of engineered glycomaterials is more than predicting the 3D 
structure of naturally-occurring oligosaccharides. 

• How do 3D structures/properties depend on chemical modifications?
• Can we predict solubility, viscosity, self-assembly, film formation, gelation, persistence length, 

hydrodynamic radius?
• How important is polarization?
• What is the optimal water model?
• What about entropy?

Developing methods to predict oligosaccharide properties requires innovation  and 
necessitates data from chemically-defined/controlled molecular structures



Glycomaterial Modeling: Importance and Challenges
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Modeling enables hypothesis generation and structure/property prediction.

The rational design of engineered glycomaterials is more than predicting the 3D 
structure of naturally-occurring oligosaccharides. 

• How do 3D structures/properties depend on chemical modifications?
• Can we predict solubility, viscosity, self-assembly, film formation, gelation, persistence length, 

hydrodynamic radius?
• How important is polarization?
• What is the optimal water model?
• What about entropy?

Developing methods to predict oligosaccharide properties requires innovation  and 
necessitates data from chemically-defined/controlled molecular structures



Glycomaterial Modeling: Importance and Challenges
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Modeling enables hypothesis generation and structure/property prediction.

The rational design of engineered glycomaterials is more than predicting the 3D 
structure of naturally-occurring oligosaccharides. 

• How do 3D structures/properties depend on chemical modifications?
• Can we predict solubility, viscosity, self-assembly, film formation, gelation, persistence length, 

hydrodynamic radius?
• How important is polarization?
• What is the optimal water model?
• What about entropy?

Developing methods to predict oligosaccharide properties requires innovation  and
necessitates data from chemically-defined/controlled molecular structures

We must take advantage of the Glyconeers
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PolyBuilder: An Intuitive Interface for Modeling 
Polysaccharides

Smart support for all glycosidic linkages
Includes:
Ø D and L enantiomers
Ø pyranose (p) and furanose (f) ring forms
Ø ⍺ and β anomeric configurations
Automatically energy minimizes the model
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PolyBuilder: An Intuitive Interface for Modeling 
Polysaccharides

Can Modify Leading (Head) or 
Following (Tail) sequences
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PolyBuilder: An Intuitive Interface for Modeling 
Polysaccharides

[                     ]

[Polymeric Repeat]
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PolyBuilder: An Intuitive Interface for Modeling 
Polysaccharides

< >

<Number of Repeats>
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PolyBuilder: An Intuitive Interface for Modeling 
Polysaccharides

Aglycone
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Ø 20-mer fragment [-4Glc⍺1-]n (amylose)
Ø Initially in amylose A double helix 

conformation

Ø Perform fully solvated MD simulation 
(GLYCAM/AMBER)

Ø Validate by comparison with experimental 
data

Modeling Flexible Glycomaterials

Sanket
Loop 1



Highlight 1: What About Novel Glycomaterials?
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Ø 20-mer fragment of [-4Man⍺1-]n
Ø Initially in amylose A helix conformation

Ø Perform fully solvated MD simulation 
(GLYCAM/AMBER)

Ø Remains helical!

Ø [-4Man⍺1-]n simpler to synthesize than [-4Glc⍺1-]n
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Highlight 1: Hypothetical Glycomaterials: 
Engineered Amphipathic Mannan

Axial
View

Hydrophilic Surface

Hydrophobic Surface

Using the Glyconeer:
Ø Synthesize 14- and 20-mers
Ø Incorporate methyl groups at O-2 and O-3 

in the symmetric repeats
Using BLI and SPR:

Ø Evaluate for adhesion to surfaces
glass, plastic, etc

Using NMR:
Ø Confirm 3D shape

Hydrophilic Surface

Hydrophobic Surface

Symmetric
Repeats

Rich
Loop 4



Modeling Charge Polarization Effects
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Ø Polarization doesn’t affect the 
conformation of 
monosaccharides in water. 

Ø However, it does affect the 
structure of the water around it.

Ø Will it affect carbohydrate 
interactions with other 
carbohydrates and proteins? 

Derived electrostatic 
parameters to enable the 
modeling of carbohydrates 
with the polarizable 
AMOEBA force field.

Dihedral angle and radial 
distribution plots from 10 ns MD 
of glucose conformers in water 
with polarizable AMOEBA force 
field vs the classical GLYCAM 
force field.

Polarization and solvent 
effects
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Conformational 
dynamics
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h iwater

The Crawford group specializes in computing VCD spectra at the quantum level. These expensive 
calculations account for solvent effects by (i) selecting a few water molecules to include with the 
solute (i.e., first solvation shell) and (ii) repeating the calculation over selected MD frames, 
averaging over time.  

How do we select the number of waters to 
include? 

How do we select the number and interval 
between the MD frames to characterize? 

Ø Welborn group 
provides the MD 
trajectories of 
various size and 
duration while the

Ø Crawford group 
performs the 
associated VCD 
calculations

Sampling size

“Ergodic hypothesis”

Sampling 
time

10
0 

ps

1 
ns

10
 n

s

10
0 

ns

Efficient

Accurate

Compromise?

Sampling Efficacy for Quantum Properties

Daniel
Loop 2
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Human galectin 3c in complex with a 
galactose derivative (PDB ID: 7ZQX).

The method has been tested on 
synthetic polymers in solution.

The Welborn group is developing a new approach, based on electric field calculations, 
to identify the key players (including water molecules) in protein-glycan interactions. 

We are now exploring the interaction 
of short glycans with proteins before 
examining interactions with longer 
chains. 

V. Vaissier, Welborn*, R. W. 
Archer and M. D Schulz (2022) 
“Characterizing Ion-Polymer 
Interactions in Aqueous 
Environment with Electric 
Fields” J. Chem. Inf. Model.

Highlight 2: Modeling Protein-Glycan Interactions 

Non-covalent 
protein-sugar 
interactions
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Covalent protein-
sugar interactions

The Welborn group is exploring the idea to design synthetic glycosylation patterns to 
tune the properties of biocatalysts. 
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In DszB (PDB ID: 2DE2), product inhibition occurs when one of 
three unstructured loops (green, blue and pink) encloses the 
active site, trapping the product.  

Preliminary work on DszB suggests that the motion of these loops 
can be controlled by attaching glucose at the surface of the protein 
(THR or SER residues), outside the active site.

Future Work: Enzyme Control by Synthetic Glycosylation



Glycomaterial Synthesis and Characterization
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Automated Glycan Assembly

= Glycan

Evaluate 
binding

Target

Glycan 
Modification



Blood group antigens synthesized by AGA

81

Automated
Glycan 

Assembly

Retrosynthetic

Analysis

Release from

Solid Support



Representative Building Block synthesis
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Building Block 
Synthesis:

Synthetic access to building blocks not currently available commercially 



Functionalized Sialic Acid Synthesis
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Synthetic ability to tailor multiple parameters 
Successful on multigram scale



Highlight 3: Functionalizing Polymers with Glycans
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= Sialic acid or glycan

Polymer DP Mn
(g/mol) 

Mw
(g/mol)

Ɖ

1 49 16,000 20,000 1.26

2 87 28,200 36,900 1.31

3 121 39,000 52,000 1.33

4 212 67,800 82,600 1.22

• Modular platform for producing 
a wide array of glycomaterials

• Enables characterization of 
glycan interactions

Sanket
Loop 1



Future Work: 
Bottlebrush polymers with precise mannans
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Well-defined Glycomaterials
with mannan chains

• Novel synthetic glycomaterials with 
unparalleled control of structure

• Opportunities to integrate synthesis, 
characterization, and modeling to 
produce insights into a new class of 
materials.

Rich
Loop 4

Sanket
Loop 1



Loop 3: Outcomes
• Demonstration of ability to synthesize monosaccharide building blocks for Glyconeer

• Chemical coupling of defined oligosaccharides to non-carbohydrate backbone

• Expansion of the modeling abilities (GLYCAM force field) to novel, non-natural oligo-and 
polysaccharides

• Creation of a point-and-click user interface for modeling polysaccharides

• Simulations of a chemically defined novel strategically-methylated mannan polysaccharide 

• Optimization of BLI assays for quantifying (IC50, Ki) the strengths of carbohydrate-protein binding

• Application of polarizable MD simulations (AMOEBA) to monosaccharides and comparison with 
data from classical MD simulation (GLYCAM)

• Development of theoretical benchmark data sets for use in training/optimizing ML, CG and QM
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Loop 4: Machine Learning in 
Glycoscience

Pengyu Hong, Brandeis University, Loop Lead
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Loop 4 Overview
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Rich Helm
Virginia Tech

Parastoo Azadi
UGA

Molecular structure     
determination by MS/NMR, 
characterization protocols 
with robust reproducibility

CHARACTERIZATION

SYNTHESIS

MODELING/THEORY

James Kong, Virginia Tech

Process optimization
with ML

Optimization of automated glycan synthesis

Automatic spectrum analysis 
with ML for molecular structure 
inference
Pengyu Hong, Brandeis

Synthesis settings

Protocols with robust reproducibilityRobust machine learning models to 
automate characterization & synthesis

Characterization 
protocols with robust 

reproducibility
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ORO 4.1 Automated synthesis of glycans and glycomaterials. Helm

ORO 4.2 Automation of glycan structure determination by NMR, LC-MS and
MSn. Azadi, Helm, Hong

ORO 4.3 Machine learning applied to structural analysis of glycans and
glycomaterials. Hong

ORO 4.4 Machine learning of automated glycan synthesis. Kong

ORO 4.5 Predicting biophysical properties from molecular characterization
and modeling data. Azadi, Helm, Hong, Kong

Loop 4: Overarching Research Objectives



Highlight 1 – Automatic Linkage Inference Using
MSn and ML

Determining these linkages can be done with 
3 different methods
• Linkage analysis by methylation and GC-MS

• Labor intensive
• High skill

• 2-D proton-carbon NMR
• Labor intensive
• High skill
• Need lot of material

• Permethylation and MSn

• Needs high skill, but machine learning can help

90

B. braunii polysaccharide

Glycomaterials can have different linkages



Sialic Acid as Model for Linkage Determination by MSn

91

• Sialic Acids are Diverseà different 
modifications, different linkages (α2-3/6/8), 
different positional attachments.

• Sialic Acids are (Usually) Terminal Additions à
diversity and non-conservation means that many 
analyses are “signal split” between all the possible 
modifications. Furthermore, this diversity can lead 
to positional and linkage isobaric isomers meaning 
fragmentation data is combination of multiple 
starting materials

• Sialic Acids are Labile à Acidic conditions, heat, 
etc can result in accidental desialylation

NeuAcα2®6Galb

NeuAcα2®3Galb



Workflow for the Release, Permethylation, and MSn
Analysis of N-Glycans 
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Released N-Glycans

PNGase FReduction
with DTT

Human Transferrin

Isolate released 
N-glycans using

Permethylated 
N-GlycansMSn Data Acquisition

Sample 
Preparation

Permethylation
with NaOH and 
CH3I in DMSO

+

Control for False Positives: Glycoprotein 
treated with Neuraminidase to remove 

selected sialic acid residues



NSI-MS Spectra of released and permethylated N-glycans 
from Fetuin 
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MS2 at m/z 930

FTMS of Fetuin
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Why Do We Need Machine Learning for Sialic Acid 
Linkage Determination?
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Precursor ion m/z 831 m/z 456 m/z 211

Top spectrum (C) is MS5 of 
galactose.

Bottom spectrum (D) is MS5 of 
galactose.

Fragment ions at m/z 109 (*) 
and 137 (*) are diagnostic for 
2,3 linkage

Fragment ion at m/z 123 (*) is 
diagnostic for 2,6 linkage

doi: 10.1126/science.1154315

*

*

*

z=1 z=1 z=1

Linkage Determination PathwayManual Interpretation
• Requires MS5 level
• High demands in time, skill, and 

material
• Manual interpretation does not 

allow quantitative analysis
Machine learning
• Promises to accomplish 

differentiation at MS2 level
• Less skill required of analyst
• Opens possibility of LC-MS
• High-throughput analysis
• Material savings

MS3 MS4
MS5MS2

https://dx.doi.org/10.1126/science.1154315


Scan Parameters

Scan Level
(for released glycans) MS2, MS3, MS4, MS5

Isolation Window z=1, z=2, z=3

Collision Type CID, HCD

Collision Energy 
Percent 30, 35, 40, 45, 50

All possible combinations of the below parameters have 
been (and will be) collected for each sample, totaling 120 
unique instances for each glycoprotein-released sample.

Samples

Experimental Acquisition of the Data
As a part of training the machine learning algorithm, an assortment of glycan standards 
and released glycans were analyzed using a variety of scan parameters. This will serve 
to provide a diverse portfolio of mass spectra to train the algorithm with.

(e.g. MS5, z=1, CID 45%)

Glycoprotein Standards 
Positive Control Fetuin

α2-3 Neuraminidase Fetuin
α2-3,6,8 Neuraminidase Fetuin

Positive Control Transferrin
α2-3 Neuraminidase Transferrin

α2-3,6,8 Neuraminidase Transferrin
NIST Standards 

G2S1(6)
G2S2(3)
G2S2(6)

G2FS1(6)
G2FS2(3)
G2FS2(6)

Sialyllactose Standards
6' SL

9:1 6' SL:3' SL
1:1 6' SL:3’ SL
1:9 6' SL:3’ SL

3' SL



Machine Learning for Linkage Determination
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Linkage Determination Pathway for Sialic Acid

Precursor ion m/z 831 m/z 456 m/z 211

MS3 MS4
MS5MS2

MSn training set

Data 
Preprocessing

Machine 
Learning

Results

New MSn spectra

𝑓 ⋅

Data 
Preprocessing

{𝑓 ⋅ }

Training Test

ML Models

Classification α2-3 vs α2-6 Estimation ratio

MS5

α2-3
α2-6

Ni, Murray, et al. Automatic Inference of Glycan Linkages Using MSn and Machine Learning (in
preparation)
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Propose: Machine Learning for Optimizing MSn Settings

Acquiring MSn Spectra

Parameters for next experiment

1)

2)

Bayesian Optimization

Acquisition 
settings

Quality 
measurements



Highlight 2 – Towards Automatic Inference of NMR using ML
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Monosaccharide stems

CASPER
(simulation, N = 431)

Glycan Size

C
ou

nt

Glycosciences 
(experiment, N = 300)

Glycan Size

Data Sources

NMR has been routinely used to determine the fine structures of carbohydrates.

However, interpretation of NMR data is time consuming and require highly trained personnel.

Goal: Develop machine learning techniques to help elucidate the fine structures of carbohydrates. 

Rob
Loop 3



Results on CASPER Simulation Dataset
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RMSE = 1.61 ppm RMSE = 0.10 ppm

Predicted Shift (ppm) Predicted Shift (ppm)
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Results on Glycosciences Experiment Dataset
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RMSE = 3.80 ppm RMSE = 0.25 ppm

Predicted Shift (ppm) Predicted Shift (ppm)



Cake

Plus-like

Cone

Hourglass

Diamond-like
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Highlight 3 – Bottle Brush Polymers Shape Recognition

Voxelized Data
(50 × 50 × 50 )

Cone 

Cake

Diamond

Dumbbell

Hourglass

Plus-like

Fully 
Connected 

Layer

Convolutional 
LayersPoint Cloud Data

The size of 50 voxels (~ 4 Å) 
was selected to cover most 
microstructural details of the 

BBP structures. 
300K           320K

Temperature Prediction

Joshi, Soumil Y., Samrendra Singh, and Sanket A. Deshmukh. npj Computational Materials 8.1 (2022): 45.

Multi-task learning for shape recognition improvement 
• To add temperature prediction to the existing model (Soumil et al.) 

Sanket
Loop 1



Improve BBP Shape Recognition Interpretability
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Trained with Raw Data Trained with Augmented Data Trained with Augmented Data on Multi-task

T-SNE Dimension 1

T-
SN

E 
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 2

T-SNE Dimension 1
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T-SNE Dimension 1
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Prelim results: more similar classes were clustered closer in T-SNE plot of the learned feature vectors.
(a) no meaningful clustering closeness (b,c) the similar shape clusters are close/mixed with each other.

(a) (b) (c)



Loop 4: Outcomes
• Demonstration of ability to determine sialic acid linkages using MSn and machine learning 

(manuscript in preparation)

• Developed machine learning techniques for predicting NMR shifts of glycans from their 
structures (manuscript in preparation)

• Developed interpretable machine learning techniques for improving the recognition of bottle 
brush polymers’ shapes as well as the associated temperatures. 

• Development of theoretical works on graph representation learning and graph-based inference 
(3 papers and 1 forthcoming). Note: both glycans and synthesis processes can be represented 
as graphs.
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