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Chapter 6

Summary and future prospects
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6.1. Summary

6.1 Summary

The work presented in this thesis established two quantitative methods for measuring
carbohydrate-immune cell interactions in complex cellular and in vivo environments.
The first method considers the Glyco-PAINT-APP for which the development is de-
scribed in Chapter 2 and the functional correlation studies in Chapters 3 and 4. The
second method is a single-cell glucose and glutamine uptake assay that is developed
in Chapter 5 and was applied to resolve the competition for these nutrients between
cancer and immune cells in the tumor-microenvironment.

6.2 Quantitative kinetics using PAINT microscopy

The dawn of single-molecule localization microscopy has inspired several technolog-
ical advances that resulted in new imaging methods.! PAINT-based methods uniquely
allow for the use of physiological ligands for imaging and thereby also enable deriv-
ing kinetic parameters of the receptor-ligand pair. The Glyco-PAINT method, origi-
nally described by Riera et al.?, is a super-resolution pointillism-based method where
the inherently weak association between glycan ligands and their lectin receptors on
cells is used to generate sparse blinking events that can, after recording over time,
be reconstructed into tracks representing a single-molecule binding event on a live
cell. Chapter 2 describes the further development of the Glyco-PAINT technology
and an associated automated processing pipeline such that the technique is compatible
with cells on which binding events are not homogeneously distributed across the cell
membrane such as primary immune cells. This was achieved via a subcellular seg-
mentation approach that enabled automated, unbiased and high-throughput analysis
of Glyco-PAINT recordings.

In future, this methodology could be used to quantify the kinetic parameters of
any other receptor-ligand interaction of interest. For example, a technology using the
inverse receptor-ligand pair of Glyco-PAINT has been demonstrated by Tholen ef al.
Here, fluorophore-labeled plant lectins were used to glycotype” the abundance, affin-
ity and mobility of the cell surface glycocalyx of leukemia cell lines.? To streamline
new applications of the technology into other receptor—ligand pairs, some considera-
tions are listed below that may assist selection of fruitful research directions.

* Biology is leading. PAINT studies should be critically evaluated at the moment
of conception for their usefulness. Does the quantification of the interaction ki-
netics between a new receptor—ligand pair really contribute to our understanding
of a relevant biological phenomenon? For instance, quantifying the kinetics of
an interaction that is already well-characterized, non-regulatory, or biologically
inert under physiological conditions offers limited conceptual advance, even if
technically feasible.
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Chapter 6. Summary and future prospects

» Affinity range. The dissociation constant (K p) of the interaction should be
within a certain range. Too strong interactions would make it difficult to observe
single-molecule events or may result in fluorophore bleaching before unbinding
whereas too weak interactions would result in a too low event rate. A suggested
rule of thumb for the K p is in the 100 nM - 10 uM range.** When available,
K p values derived from immobilized receptor SPR studies may provide a good
starting point. Ideally, on-cell kinetics such as those derived from flow cytome-
try assays may provide more accurate insight into the actual interaction on live
cells.

* Fluorophore. The choice for a fluorophore for PAINT imaging is subject to
some considerations. Generally, fluorophores with high brightness and a long
photostability are optimal. Two important photophysical properties to consider
are quantum yield, which is defined as the amount of absorbed photons that are
converted into emitted photons and extinction coefficient, which is a measure
of how many photons a fluorophore can absorb at a given wavelength. The
product of these two parameters is defined as fluorophore brightness.® Photosta-
bility is defined as the fraction of fluorophore molecules that survive a certain
illumination period. Practically, this implies that most often yellow, red or NIR-
absorbing dyes with high photostability are ideal for PAINT imaging. The dyes
ATTOS532, ATTO643, sCy5 and ATTO655 have given good results in our and
others’ hands. A table with some commonly used fluorophores for superresolu-
tion microscopy and their properties is reported by Dempsey et al.’

* Ligand. In most PAINT imaging systems the ligand is modified with a fluo-
rophore. To draw conclusions about single-molecule behavior of the interaction,
it is critical that there is a single fluorophore attached per ligand. This is evident
and controllable in the case of fully synthetic ligands such as for the carbohy-
drates in Chapters 3 and 4. When using protein ligands in combination with
amine- or thiol-reactive chemistries the degree of labeling typically is more dif-
ficult to control which can lead to problematic data interpretation as discussed
in Tholen et al3 Additionally, receptor-accessibility by the ligand should be
considered when imaging adherent cells. Tightly adherent cells to the glass sur-
face may prevent the use of higher molecular weight ligands such as proteins or
protein complexes (e.g. MHC). Strategies that involve capturing of suspension
cells with antibodies that are attached to the coverglass surface via linkers with
tunable length may accommodate larger PAINT-ligands while keeping the cells
in place.’

* Receptor. For initial testing of a new receptor—ligand pair a good cellular model
system that is expressing the receptor of interest is extremely helpful. Equally
important is a negative control system that lacks the receptor of interest. Ge-
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6.2. Quantitative kinetics using PAINT microscopy

netic overexpression cell lines may provide a good option for this but the ex-
pression dynamics, post-translational modifications, and nanoscale clustering
may not strictly mimic the native biological situation. When interested in profil-
ing endogenous receptors that are expressed on any cell type (e.g. galectins or
mannose-6-phosphate receptors) overexpression or knock-out cells may tech-
nically not be feasible and thus one can resort to blocking antibodies or com-
petition with dark ligands to set background levels. Cells of primary origin
can be considered as model system but should ideally be studied together with
genetic knock-outs to avoid difficulties with data interpretation arising from
non-receptor mediated binding or binding to redundant receptors. Future work
would benefit from less complex, non-cellular, benchmarking systems that can
establish ground-truth binding using receptors immobilized on DNA-origami
scaffolds analogously to the initial DNA-PAINT work.® Binding parameters es-
tablished as such may aid in disentangling the complex binding profiles that are
observed using Glyco-PAINT on live cells.

6.2.1 Statistical testing and pseudoreplication

The subsectioning method described in Chapter 2 introduces a change in the unit of
observation of Glyco-PAINT microscopy recordings. Instead of analyzing the entire
basal membrane of a cell as a single unit, squared subregions of fixed size are sampled
and analyzed individually. This strategy improves the spatial resolution for estimating
subcellular binding kinetics and was deliberately chosen to capture the microhetero-
geneity that is characteristic for lectin dynamics on primary myeloid cells.

At the same time, this approach results in a substantial increase in the number of
data points per recording that were previously considered single measurements. When
all squares are treated as independent observations in a conventional F'-test (such as
ANOVA) statistical framework, this may challenge one of the core assumptions of the
F-test, namely that all observations are statistically independent.® Adjacent squares
originating from the same recording, or even from neighboring cells cultured within
the same microscopy well, are likely to share experimental context, such as ligand
availability, illumination conditions, or cellular state, which could introduce some
degree of dependence between measurements. This phenomenon is known as pseu-
doreplication and is subject to debate in literature. %!

Importantly, however, the extent of this dependence is not known a priori. Primary
cells are highly heterogeneous, and Glyco-PAINT measurements often reveal strong
spatial variability in receptor density and binding kinetics even within a single cell. It
is therefore just as plausible that individual squares capture genuinely distinct kinetic
behavior, rather than redundant measurements of the same underlying process. This
microheterogeneity is, in fact, one of the main motivations for adopting a square-based
subsampling strategy in the first place.
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The potential issue of pseudoreplication is well recognized in other fields, such as
longitudinal clinical studies or behavioral animal experiments, where repeated mea-
surements from the same subject or shared animal housing conditions can lead to de-
pendent data structures.!! In the context of Glyco-PAINT, square-level analysis repre-
sents a trade-off between increasing spatial and statistical resolution on the one hand,
and the risk of over-weighting correlated observations on the other. For this reason,
alternative statistical approaches such as linear mixed-effects models that explicitly
account for the nested structure of the data are explored in this section.

Below, the Glyco-PAINT binding data of sialyllactose probes to polarizing
macrophages presented in Chapter 4 are reanalyzed using three exemplary statisti-
cal approaches (Figure 6.1a—c).

1. Square-level ANOVA

In the first approach (Figure 6.1a), each square is treated as an independent
observation. A one-way ANOVA is applied to compare the mean of a kinetic
parameter Y (e.g. residence time 7) across adjuvant conditions A;:

Yij=n+ait+ei, e~ N(0,0%)

where Y;; denotes the value measured in square j under adjuvant condition 7,
w is the global mean, «; is the fixed effect of adjuvant 7, and ¢;; is the residual
error term. The notation &;; ~ N(0,0?) indicates that residuals are assumed
to be normally distributed (A/) with mean 0 and variance o2, capturing random
deviations from the group mean.

From general statistical methods, the ANOVA F'-statistic is defined as the vari-
ance between groups divided by the variance within groups.'? The term vari-
ation refers to the sum of squared deviations of observations from their mean
(MS) and is applied as follows:

> n;(V;—Y)?2
F = MSpetween _ T—
MSyithin 222,V =Y0)?
N—k

where n; is the number of squares in group i, k is the number of adjuvant con-
ditions, and N = ) . n; is the total number of observations. The numerator
captures differences between group means, while the denominator captures vari-
ability within groups.

Importantly, the number of squares N directly influences the denominator de-
grees of freedom (IV—k). As N increases, the estimate of within-group variance
becomes more precise under the assumption of independence, and the standard
error (SE) of group means decreases approximately as:

o
SE .
x o
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Figure 6.1: Comparison of statistical methods and dimensionality reduction for binding of mono-
valent sialyllactose probes to polarizing macrophages Violin distribution plots for the calculated 7 per
square across M0, M1 and M2 polarization states analyzed via three different statistical approaches. In
(a) p-values are computed with a square-level ANOVA, in (b) a recording-level ANOVA and in (¢) linear
mixed-effects modeling was applied. (d) Dimensionality reduction using PCA of several kinetic param-
eters per square for 2,3-SL binding to MO, M1 and M2 macrophages. (e) PCA plot for 2,3-SL binding to
M1 or M1 + SI treated (see Chapter 4) macrophages. (f) PCA loading plot for d and e identifying the
features driving variance, where vector length and direction indicate the contribution of specific metrics
(see methods for a full list of parameters) to the global variance. Significance annotations in (a-c) repre-
sent p-values adjusted for multiple comparisons. White points in b and ¢ represent the recording means.

This leads to larger F'-statistics and therefore smaller p-values, even when the
absolute differences between group means remain unchanged.

After this analysis, pairwise comparisons are performed using Tukey’s Honest
Significant Difference (HSD) test, which controls for multiple testing by adjust-
ing the significance threshold based on the number of group comparisons.

In the analysis in Figure 6.1a, this approach yields small p-values for most com-
parisons of 7 across adjuvants, reflecting the large number of squares. However,
if squares within a recording are not fully independent, the effective sample size
is overestimated, which can lead to inflated F'-statistics and artificially small p-
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values (pseudoreplication).

. Recording-level ANOVA

In the second approach (Figure 6.1b), square-level measurements are first av-
eraged within each recording, yielding one value per recording and adjuvant
condition:

Yie = pi+ i+ €ir, ik ~ N(0,07)

where Y, is the mean kinetic parameter across all squares in recording k for
adjuvant i.

This aggregation reduces the effective sample size to the number of recordings
and thereby limits the risk of pseudoreplication. The same ANOVA frame-
work, residual calculation and Tukey HSD correction are then applied simi-
larly as for the square-level ANOVA. This approach results in markedly larger
p-values for all comparisons between adjuvants. Effects that appeared signifi-
cant at the square level are now no longer statistically significant (Figure 6.1b).
This suggests that some of the apparent effects in the square-level analysis may
be inflated by repeated measurements within recordings, while averaging over
recordings in the second approach can also reduce the signal, potentially obscur-
ing true differences between experimental conditions.

. Linear mixed-effects modeling (LMM)

In the third approach (Figure 6.1c), the hierarchical structure of the data is mod-
eled explicitly using a linear mixed-effects model:

Yijk = p+ i+ be + €, €i50 ~ N(0,07)

where Y. denotes the value measured in square j of recording k under adjuvant
condition ¢, y is the global mean, «; is the fixed effect of adjuvant, and by, is a
random intercept for recording k, assumed to be normally distributed as by, ~
N(0,032). The residual term ;. captures square-level variability not explained
by the model.

In practice, this model corresponds to:

Y ~ Adjuvant + (1 | Recording)

p-values for adjuvant effects are obtained via pairwise contrasts of estimated
marginal means (EMMs) computed using the emmeans framework.!>!# In this
implementation, the reported p-values correspond to pairwise contrasts between
adjuvant conditions without additional multiple-testing correction beyond the
contrast procedure itself.
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6.2. Quantitative kinetics using PAINT microscopy

Notably, the LMM yields p-values that are very similar to those obtained from
the recording-level ANOVA, and no comparisons reach the significance thresh-
old. This suggests that while accounting for within-recording correlation re-
duces apparent effects, other sources of dependency may exist, or that the
current number of independent recordings (3 biological replicates with each
3 recordings, thus 9 in total) limits statistical power. For example, additional
dependencies such as cell type, experiment date-level grouping, or spatial clus-
tering could influence the data.

Taken together, these analyses indicate that square-level testing can potentially
overstate significance, while both recording-level ANOVA and LMM provide more
conservative and closely aligned results. The similarity between recording-level
ANOVA and LMM outcomes implies that, in this dataset, mixed-effects modeling
based on recording primarily revisits the dependency already addressed by averaging,
rather than revealing new effects. Future studies would benefit from increased bio-
logical replication and from experimental designs that allow for explicit modeling of
hierarchical or nested structures, potentially improving the ability to detect subtle ef-
fects. Ideally, a priori power calculations should be performed in consultation with
expert biostatisticians in the field of high-throughput kinetic imaging analysis to iden-
tify the most appropriate statistical framework for this type of data.

6.2.2 Dimensionality reduction

In addition to univariate statistical testing, multi-dimensional data can be analyzed via
principal component analysis (PCA) to evaluate the contributions of each dimension
to the separation of individual datapoints or subclusters. PCA could be of use as an
exploratory tool to assess which combinations of parameters could better separate ad-
juvant conditions (e.g. M0 vs M1 vs M2 or M1 vs M1 + SI) than individual metrics
alone for the 2,3-SL sialoside to macrophage binding dataset. To apply this analysis
to Glyco-PAINT-APP square-based kinetic data, first a selection of suitable metrics
(see methods for the selected parameters) was made that were each normalized within
the entire dataset. The first principal component (PC1) accounted for 60% of the total
variance and showed the strongest separation between adjuvant conditions for Siglec
binding (Figure 6.1d, e) which indicates that certain parameters explain a very large
part of the variance. Furthermore, there is a large overlap between squares across
adjuvant conditions for both comparisons. Inspection of the loading vectors, which in-
dicate how much each variable contributes to the PCs, further indicates that all kinetic
parameters, except the Median Long Track Duration, dominate the loading of PC1
(Figure 6.1f) as visualized by the directions of the arrows. As indicated by the high
loading of PC1, these parameters also explain the majority of the variance in the data.
This, together with the absence of distinct separation between the adjuvant clusters,
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implies a strong correlation among the measured variables of which many are derived
from the same underlying binding trajectories.

As a consequence, PCA in this context primarily re-encodes correlated informa-
tion rather than uncovering independent biological dimensions. While PCA provides
a visual summary of variance structure for the binding data, it does not improve in-
terpretability or statistical inference beyond the univariate analyses presented above.
This limitation reflects both the correlated nature of the kinetic parameters and the
relatively small number of independent biological units. Future analyses may benefit
from reducing parameter redundancy prior to dimensionality reduction or from incor-
porating additional, fully orthogonal, measurements to the datasets such as receptor
co-staining or cell surface marker co-staining as a means to provide more insight into
the actual binding partners within inherently heterogeneous samples such as myeloid
cells.

6.3 Correlations between glycan binding and immune cell
functionality

6.3.1 MR-dependent cross-presentation

In Chapter 3 binding of mannosylated SLPs was correlated to myeloid cell functions
such as uptake capacity and antigen cross-presentation. The inverse correlation be-
tween SLP glycosylation and cross-presentation touches an historical controversy cen-
tered around the role of the MR in raising an adaptive immune response in mice.!>'8
Whereas these reports use whole protein antigen, data on the efficacy of mannosylated
peptides containing the Ovalbuminygs_p75 epitope is currently limited to a single report
by Rauen et al.' Here, a beneficial effect of sugar attachment on T cell activation was
reported which conflicts with our results. However, mannosides with different link-
ages and complexity were used in this work compared to those used here.

Future work might benefit from a reproduction study followed by exact side-by-
side comparison of the SLPs from Rauen et al. with the SLPs from Chapter 3 in
Glyco-PAINT and cross-presentation assays. Additionally, vaccination studies with
these SLPs in WT and MR~ mice could shed light on their effectiveness in physi-
ological settings. To further investigate the observed correlation between SLP resi-
dence time on the DC cell surface and cross-presentation several approaches could
be employed. First, small mutations in the antigenic peptide with known effects on
cross-presentation efficiency and MHC-I affinity could be studied (e.g. EIINFEKL,
SIIRFEKL, SIIGFEKL) to test if the correlation is consistent for epitopes with re-
duced potency.?’ Additionally, completely different CD8 T cell antigens from cancer
or viral sources decorated with similar glycosylation patterns could be evaluated to
test if the correlations are dependent on the physicochemical parameters of the pep-
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tide epitope.

6.3.2 Identifying Siglec binding partners

In Chapter 4 the desialylation (and thus removal of cis ligands) on M1 macrophages
by sialyltransferase inhibitor treatment resulted in enhanced binding by the trans lig-
ands 2,3-SL and (2,3-SL)3;. Interestingly, this effect was more pronounced for in-
hibitor treatment than for Sialidase treatment which in turn contrasted to the absolute
amounts of residual sialic acid on the macrophage cell surface as determined by lectin
staining.

This observation raises the question of which of the Siglecs is the responsible
binding partner that enables this effect after unmasking. To further investigate the
identity of this binding partner, expression levels of the individual Siglecs could be
determined followed by differentiation of macrophages from knock-out mice that
are genetically lacking the suspected Siglecs. Initial steps in this direction were un-
dertaken by performing quantitative, LC-MS/MS whole cell proteomics. For this
we used a suspension-trapping protocol that enables label-free quantification of the
whole cell proteome. From this analysis, Siglec-1 (SN MOUSE, Sialoadhesin),
Siglec-2 (CD22_MOUSE) and Siglec-12 (SIG12_MOUSE, Siglec-E) were identified
of which only Siglec-E showed significant upregulation in M1 macrophages (Fig-
ure 6.2b, ¢). Next to the relevant polarization markers (CD86_MOUSE for M1 and
MRC1_MOUSE for M2) that were found to be specifically upregulated, also a2, 6-
Sialyltransferase (SIA7D_MOUSE or ST6GalNAc) showed increased expression in
M1 macrophages (Figure 6.2a).

These results point at Siglec-E as a potential binding partner for sialoside binding
on M1 macrophages. Together with upregulated sialyltransferase activity this might
explain the observed increase in sialoside binding parameters after removal of cis-
ligands by SI treatment. Glyco-PAINT studies using macrophages generated from
Siglec-E”~ mice?! could further confirm this hypothesis.

6.4 Selectivity and Kkinetics of 6-DAG

In Chapter 5 the bioorthogonal glucose analog 6-deoxy-alkynyl-glucose (6-DAG)
was identified. This molecule showed improved signal-to-noise ratios and selectiv-
ity over the previously reported bioorthogonal glucose probe 6AzGal?*? and could be
multiplexed with a previously established bioorthogonal glutamine uptake assay to
profile nutrient uptake in the mouse tumor micro-environment.

For the selectivity of 6-DAG there was still a portion of the uptake signal in ex
vivo immune cells that remained insensitive to glucose-competition. To further elu-
cidate the cellular or physicochemical mechanisms that contribute to this transporter-
independent uptake, several strategies could be used. First, transgenic animals where
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Figure 6.2: Identification of Siglecs in macrophages using whole cell LC-MS/MS proteomics. (a)
Relative quantification of indicated proteins of interest in all three polarization states (b) Violin plots.
Non-significant proteins are in light gray, significantly upregulated proteins in dark grey and in red are
highlighted and annotated proteins. Significance was assessed using a Student’s t-test. Dashed lines
represent a hyperbolic cutoff (—log,,(p) > 1.3/|log, FC| — 0.1), imposing stricter significance for
small fold changes and more permissive thresholds for large effects.

glucose transporters are genetically removed could be employed such as Cre-LoxP
conditional systems that are available for GLUT1, although artefacts based on the es-
sential nature of this transporter may be expected.?>>* Second, transient knock-down
could be achieved using siRNA technology as in D’Souza et al.>> However, a more
straightforward approach might entail a competition experiment with fluorinated ra-
dioactive glucose analogs that have traditionally been used as sensors for glucose up-
take in vivo and for which extensive kinetic profiles are known.?® For this, the glucose
analogs 2-'8FDG and 6-'®FDG would be suitable candidates (Figure 6.3) as they emit
B* positrons that are detectable in whole tissues. The 2-deoxy variant is an accumula-
tion probe because of its free 6-hydroxyl position and concomitant inhibition of glycol-
ysis beyond hexokinase. This molecule is generally considered a true glucose sensor
with high signal-to-noise ratios and is often used in clinical practice for detection of
tumors and imaging of therapy response in humans.?”*® Next to this accumulation
probe, competition of our analog 6-DAG with '8 FDG would reveal the precise contri-
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Figure 6.3: Chemical structures of fluorinated radiolabeled glucose analogs

bution of accumulation over true glucose flux. It must be noted however, that such an
experiment would be most insightful when performed on the specific sorted immune
subpopulations for which 6-DAG uptake was glucose-insensitive. Lastly, following
the principles of standard Michaelis-Menten transporter kinetics, determination of the
inhibitory constant K; of glucose for 6-DAG, by simple calculation of the initial rate at
several fixed concentrations of glucose, could provide more insight into the similarity
of the two substrates. Namely, when K; ~ K, "the operation of a simple common
carrier is indicated”, as is stated by Romano et al.?’

An additional and largely unexplored aspect of 6-DAG concerns its intracellular
retention following fixation, permeabilization, and click chemistry. As a non-reactive
glucose analog lacking an obvious functional group for covalent crosslinking, it re-
mains unclear how 6-DAG is retained within cells after paraformaldehyde fixation.
This is especially intriguing given the large number of washing steps that are inher-
ently part of click chemistry and flow cytometry staining protocols. Following chem-
ical intuition, one would predict the highly polar conjugate between a sulfated AF647
azide fluorophore and an alkyne sugar to be extremely easily removed after repeated
PBS-based washing steps. One possibility is that only a subset of 6-DAG becomes
indirectly immobilized through association with proteins or membranes, for example
following unknown metabolic processing or compartmentalization. In this scenario,
the detected signal would reflect a specific, retained fraction of intracellular glucose
rather than the total uptake pool, potentially biasing interpretation of uptake measure-
ments. Alternatively, 6-DAG may participate in currently uncharacterized chemical
interactions during fixation, or undergo partial modification that promotes retention.

These considerations are particularly relevant in light of the correlation analyses
presented in Chapter 5, where glucose uptake appeared variably constrained by cell
abundance. If only a retained subpool of 6-DAG is measured, shifts in correlation
structure upon immune activation may reflect changes in intracellular processing or
retention rather than uptake alone. Future work could therefore focus on dissecting the
chemical basis of 6-DAG retention, for example by comparing fixation-dependent and
fixation-independent detection strategies, or by designing next-generation probes with
defined crosslinking capabilities similar to the ones proposed by Hamachi and cowork-
ers.>® Such probes could enable discrimination between freely diffusible, metaboli-
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cally processed, and structurally associated glucose pools, thereby refining interpreta-
tion of nutrient uptake measurements at the single-cell level.
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6.5 Methods

Statistical re-analysis of sialoside binding Statistical re-analysis was performed in
R on the Glyco-PAINT-APP binding data obtained in Chapter 4. For all methods,
the residence time (7) derived from square-level analysis was used as the primary
outcome variable. For the square-level ANOVA, data were treated as n = 5651 inde-
pendent observations. A one-way ANOVA was performed using the aov () function,
followed by Tukey’s Honest Significant Difference (HSD) post-hoc test for pairwise
comparisons between M0, M1, and M2 conditions. For the recording-level ANOVA,
square-level data were first aggregated by calculating the mean of 7 for each individual
microscopy recording (n = 9 per condition). These means were then subjected to a
one-way ANOVA and Tukey HSD test. For linear mixed-effects modeling (LMM), the
hierarchical structure was explicitly modeled using the 1me 4 package. Adjuvant con-
dition was treated as a fixed effect, while the recording ID was included as a random
intercept: Y ~ Adjuvant+ (1 | Recording). Degrees of freedom were estimated using
Satterthwaite’s approximation via the ImerTest package. Pairwise comparisons of
estimated marginal means (EMMs) were performed using the emmeans package with
Tukey adjustment for multiple comparisons.

Principal Component Analysis Multivariate dimensionality reduction was per-
formed using Principal Component Analysis (PCA) to evaluate the variance structure
of the Glyco-PAINT kinetic data. A total of 12 kinetic features were extracted for
each square to serve as input variables: Density (k,,), Average Residence Time (7),
Median Diffusion Coefficient, Median Long Track Duration, Median Short Track Du-
ration, Total Track Duration, Total Displacement, Median Track Duration, Median Dis-
placement, Max Displacement, Median Max Speed, and Median Mean Speed. Prior
to analysis, features were Z-score normalized (centered and scaled to unit variance).
PCA was calculated using the prcomp function in R. The contribution of each feature
to the global variance was visualized via loading vectors, while adjuvant-specific clus-
tering was evaluated by projecting individual square scores onto the first two principal
components (PC1 and PC2).

Sample preparation using suspension-trapping (S-Trap) Protein lysates were
prepared in lysis buffer containing 5% (w/v) sodium dodecyl sulfate (SDS; Sigma-
Aldrich, L6026) and 50 mM triethylammonium bicarbonate (TEAB; Sigma-Aldrich,
T7408), pH 8.5. Samples were homogenized by vortexing and, when necessary, son-
icated to reduce DNA-induced viscosity. Protein concentration was determined by
BCA assay (Thermo Fisher Scientific), ensuring that BSA standards were diluted in
the same lysis buffer to correct for SDS interference. A total of 10 pg protein in
a final volume of 50 pL was used per sample. Proteins were reduced with 5 mM
dithiothreitol (DTT; Sigma-Aldrich, R0862) for 15 min at 65 °C and cooled to room
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temperature, followed by acidification to 1.1% (v/v) phosphoric acid (Sigma-Aldrich,
49685). To precipitate proteins and enable suspension trapping, 400 pL of S-Trap
binding buffer was added; this buffer consisted of 90% (v/v) LC-MS grade methanol
(Biosolve, 136841) and 100 mM TEAB (from a 1 M TEAB stock, pH adjusted to 7.5
with phosphoric acid and diluted 1:10). The entire sample was loaded onto S-Trap
microcolumns (Zymo-Spin I Columns, Zymo Research, C1003) and centrifuged at
1,400 g for 1-2 min to trap proteins. Columns were washed three times with 400 pL
binding buffer and once with 400 uL. 90% (v/v) methanol to remove residual detergent
and salts.

On-column digestion was performed by adding 50 uL of 50 mM ammonium bicar-
bonate (ABC; Sigma-Aldrich, 09830) containing sequencing-grade trypsin (Promega,
V5111) ata 1:10 (w/w) enzyme-to-protein ratio, with a minimum of 0.1 pg trypsin per
sample. Digestion proceeded overnight at 37 °C. Peptides were sequentially eluted
by centrifugation with: (i) 50 mM ABC, (ii) 0.1% (v/v) formic acid (FA; Biosolve,
069141) in LC-MS grade water (Biosolve, 232141), and (iii) 60% (v/v) acetonitrile
(ACN; Biosolve, 012078) with 0.1% FA. Combined eluates were dried under vacuum
and resuspended in 0.1% FA. Samples were desalted using StageTips prepared accord-
ing to Rappsilber et al*!, dried, and stored at —20 °C before LC-MS/MS analysis.

LC-MS/MS Data Acquisition and DIA-NN Processing Peptides were analyzed
on a timsTOF Pro mass spectrometer (Bruker Daltonics) coupled to a nanoElute UH-
PLC system (Bruker). Approximately 200 ng of peptide was loaded onto a C18 an-
alytical column and separated using a 60 min linear gradient from 2% to 35% ACN
in 0.1% FA at 300 nL/min. Data were acquired in diaPASEF mode with ion mobility
separation over a 1/kg range of 0.6-1.6 V-s/cm?. DIA windows were automatically op-
timized across the mobility dimension. Raw files were processed using DIA-NN (ver-
sion 2.0) in library-free mode with deep-learning spectral prediction and retention time
profiling enabled.3? Protein inference was performed using gene-level grouping, and
protein intensities were exported as normalized quantitative values for downstream
statistical analysis in R.
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