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Abstract:

Formalin-fixed paraffin-embedded (FFPE) human tissues represent the world’s largest collection
of accessible clinical specimens with matched, well-annotated clinical course for disease
progression. Currently, FFPE sections are limited to low throughput histo- and immunological
assessments. Extracting largescale molecular information remains a major technological barrier
to uncover the vast potential within FFPE specimens for translation and clinical research. Two
critical but understudied facets of glucose metabolism are anabolic pathways for glycogen and
N-linked glycan biosynthesis. Together, these complex carbohydrates represent bioenergetics,
protein-structure function, and tissue architecture in human biology. Herein, we report the
high-dimensional Metabolomics-Assisted Digital pathology Imaging (Madi) workflow that
combines matrix-assisted laser desorption ionization mass spectrometry imaging (MALDI-MSI)
with machine learning for the comprehensive assessment of tissue heterogeneity,
histopathology, and metabolism in human FFPE sections. In normal human tissue sections,
Madi accurately identifies anatomical regions within liver and the brain. In human lung
diseases, Madi accurately predicts major lung pathologies such as honeycomb change, late-
stage fibrosis, diffuse alveolar damage (DAD), and acute fibrinous and organizing pneumonia
(AFOP) from idiopathic pulmonary fibrosis (IPF) and COVID-19 pneumonia specimens with
precision. In depth pathway enrichment analyses reveal unique metabolic pathways are
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associated with distinct pathological regions, which highlight aberrant complex carbohydrate
metabolism as a previously unknown molecular event associated with disease progression that
could hold key to future therapeutic interventions.

GRAPHICAL ABSTRACT

Diagnosis
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INTRODUCTION:

Mapping genotype to phenotype with near single-cell resolution and spatial definition is one of
the major goals in the continuing innovations of next generation life science techniques. Recent
advances in RNA sequencing technologies that allow the detailed analysis of a single isolated
cell from a host tissue is a major advancement in achieving this goal. Single-cell RNA sequencing
(scRNAseq) technology has incredible resolution that allows interrogation of tissue complexity
and interactive networks on a cellular level (Patel et al., 2014). Thus far, scRNAseq workflow has
allowed researchers to study complex cellular heterogeneity from diseased and healthy tissues,
revealing complex and rare cell populations, uncovering regulatory relationships, and tracking
distinct cell lineages during development (Islam et al., 2014). The next phase of technological
development will include single-cell approaches capable of defining molecular features such as
proteins, lipids, metabolites, and complex carbohydrates that can be mapped back to tissue
architecture, bridging the gap between true genotype to phenotype analysis (Saliba et al.,
2014). To this end, single-cell technologies are beginning to emerge that include cell separation-
based or in situ-based lipidomic, proteomics, and glycomics (Zenobi, 2013).

Complex carbohydrates such as N-linked glycans and glycogen are terminal macro-metabolites
from complex biochemical pathways (Sun et al., 2021). Anabolic pathways for the biosynthesis
of glycogen and N-linked glycans span multiple cellular compartments including the nucleus,
cytoplasm, endoplasmic reticulum, Golgi, and finally the plasma membrane (Stanley et al.,
2017). Together, complex carbohydrates modulate a myriad of cellular functions including
bioenergetics, epigenetics, protein-ligand binding, membrane transport activity, and protein
turnover (Yan and Lennarz, 2005). N-linked glycans especially, are critical structural
components of tissue architecture, vital for immune modulation and organ function (Rudd et
al., 1999). They are highly concentrated at cellular junctions such as tight junctions, gap
junctions, stroma, and extracellular matrix and play critical roles in cell-to-cell adhesion and
communication (Gu et al., 2012; Liwosz et al., 2006). Oligomerization of simple sugars to
complex carbohydrates results in increased polarity and decreased solubility, therefore
gualitive and spatial analyses of complex carbohydrates remain challenging. A new technique
was developed recently, employing enzyme-assisted MALDI-MSI that can simultaneously
perform spatial profiling of both glycogen and N-linked glycans from FFPE mammalian sections
in situ, preserving important tissue architecture (Sun et al., 2021).

MALDI-MSI utilizes robotic precision micro-movement coupled to high powered argon laser for
the spatial profiling of both organic and biological matter (Cornett et al., 2007; Stanback et al.,
2021). It is capable of high sampling aptitude with the ability to record tens of thousands of
pixels from a routine histopathology slide at near single-cell resolution (Andres et al., 2020; Li et
al., 2000; Walch et al., 2008). The end result is a multidimensional information-rich dataset
containing phenotypic features such as lipids, proteins, and complex carbohydrates (Buck et al.,
2017; Stanback et al., 2021). Advantages of MALDI-MSI include 1) direct in situ tissue sampling
that bypasses lengthy and potentially destructive cell dissociation and isolation protocols, 2) the
ability to sample FFPE tissue blocks vastly expanding the capability to test most major human
clinical specimens stored in biospecimen facilities across the country, 3) offering near single-
cell resolution without complex sample preparation and time intensive sequencing steps, and
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4) highly accurate X-Y coordinate/spatial information for each laser shot/pixel. Machine
learning analysis of MALDI-MSI data would offers true spatial high-dimensional clustering
reduction (HDR) as each clustered MALDI-MSI pixel can be bioinformatically mapped back to
tissue architecture with high precision (Ding et al., 2002). To this end, machine learning based
spatial HDR has not been applied to MALDI-MSI of complex carbohydrates.

FFPE human tissues are the most readily accessible form of samples available for clinical
research (Shi et al., 1991). Direct assessment of spatial metabolism within histopathology from
clinical specimens remains one of the most challenging tasks to date, and a major barrier for
translation research and discovery of clinical actionable approaches (Li et al., 2007). In this
study, we test the hypothesis that unsupervised spatial HDR clustering of complex carbohydrate
MALDI-MSI data can dissect tissue heterogeneity and disease histopathology while
simultaneously uncovering regional perturbations in metabolism in normal and diseased human
FFPE tissue samples. Herein, we report the high-dimensional Metabolomics-Assisted Digital
pathology Imaging (Madi) workflow. Madi accurately illuminates tissue heterogeneity and
histopathology from both normal and diseased human FFPE clinical specimens. Further,
targeted metabolism assessments suggest dysregulation of glycogen or N-linked glycan
metabolism maybe one of the underpinnings for the development and progression of key
pathology features in respiratory diseases such IPF and COVID-19 pulmonary pneumonia.

DESIGN:

Multidimensional nature of MALDI-MSI datasets.

MALDI-MSI is an emerging technology to study molecular features at near single-cell resolution
(Amantonico et al., 2010). Biological samples are coated with an ionization matrix to improve
excitability upon laser desorption ionization. Each laser ablation spot is registered as a pixel and
each pixel is registered with a X-Y coordinate with precision and accuracy (Andres et al., 2020;
Stanback et al., 2021). Anabolic pathways for complex carbohydrates such as glycogen and N-
linked glycans are critical but vastly understudied facets of glucose metabolism. Moreover, N-
linked glycans and glycogen are metabolically channeled through common substrates (Patel et
al., 2014; Sun et al., 2021). Comprehensive profiling of both can elucidate compartmentalized
metabolism of how glucose is utilized within a cell (Fig. 1A). Recently, a technique was
developed for the multiplexed imaging of N-linked glycans and glycogen using MALDI-MSI (Fig.
1B) (Sun et al., 2021). This method takes advantage of two highly specific enzymes, isoamylase
and peptide: N-glycosidase F (PNGaseF) F that cleaves glycogen to free linear oligosaccharide
chains and release free N-linked glycans from proteins, respectively. Subsequently, linear
oligosaccharides and N-glycans can be distinguished by ion mobility separation during MALDI-
MSI (Fig. S1) (Sun et al., 2021).

Multi-dimensional nature of MALDI-MSI datasets is highlighted by the fact that each pixel from
a MALDI-MSI experiment contains a full ion spectrum of molecular features detected (Fig. 1C).
MALDI-MSI datasets can be visualized by selecting individual m/z from the combine total ion
current (TIC) to generate a heatmap of all recorded pixels (Fig. 1D). To demonstrate the multi-
dimensional complexity of MALDI-MSI datasets, we performed N-linked glycan and glycogen
multiplexed imaging using a human liver section without adverse histopathology. Based on the
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combined TIC over the entire tissue, we can identify complex carbohydrate m/z with distinct
spatial distribution within the liver section. Conversely, we can extract complex carbohydrate
features from each pixel recorded by MALDI-MSI (Fig. 1E).

High dimensional clustering of MALDI-MSI datasets.

To further explore the full potential of the multiplexed MALDI-MSI workflow, we developed
Madi, a tool that takes advantage of the biological significance of complex carbohydrates and
high-dimensional nature of MALDI-MSI datasets to study tissue anatomy and biology. There are
two main modules of Madi: first, user input of curated MALDI-MSI datasets and second,
machine learning of randomized clustering and spatial mapping (Fig. 2A). For the user input
module, comprehensive m/z integration is required to account for mass drift during the sample
run time, this step is critical to boost m/z intensity and MALDI image quality (Fig. S2A and B). A
carefully curated list of 50m/z MALDI matrix peaks and 208 glycogen and N-linked glycans m/z
were selected to assist in the machine learning process, aiding in noise reduction and improved
normalization (table S1). The curated data is exported as tabular format for the machine
learning module.

For the machine learning module, Madi first performs normalization of complex carbohydrate
features through TIC (Fig. 2B). Normalized datasets undergo un-supervised location agnostic
dimensionality reduction and clustering using uniform manifold approximation and projection
(UMAP). Spatial distribution of unique complex carbohydrate features and their UMAP cluster
locations are shown in Figure 2C and S2C. The final step is spatial extrapolation of UMAP
clusters based on pixel coordinates to reveal spatial regions of interests (Fig. 2D). As an optional
step, Madi can accurately identify spatial CHCA matrix clusters and omit it from the final spatial
cluster plot (Fig. 2E and F). Spatial clusters can now be matched to histopathology analysis and
interesting regions can further be examined by differential abundance and pathway enrichment
analyses.

RESULTS

Madi analysis of normal human organs.

The human liver is a metabolic hub responsible for carbohydrate conversation and maintaining
blood glucose levels (Rui, 2011). Liver tissue architecture includes sheets of hepatocytes that
form liver lobules with interwoven blood vessels, mainly portal veins (Sasse et al., 1992).
Hepatocytes within the liver lobule are the site of glycogen metabolism and glucose release
(Ferrer et al., 2003). To test whether Madi spatial clusters match to liver tissue architecture and
structures, we performed detailed histology analysis using an adjacent liver section stained with
hematoxylin and eosin (H&E) stain followed by annotation by a panel of four expert clinical
pathologists at the University of Kentucky. Madi identified 18 unique clusters within the liver
section based on unsupervised UMAP clustering (Fig. 3A-B). By matching to histology
assessments, Madi accurately identified liver structures such as liver lobules, smooth muscles,
and portal veins (Fig. 3C-E). More interestingly, Madi identified an inner and outer layer within
the liver lobule (cluster 6 and 7) and separated both longitudinal and cross cut sections of the
portal vein (cluster 0 and 12; Fig. 3C-E). Targeted analyses of overrepresented complex
carbohydrates among each cluster revealed molecular features supported by current known
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literature (Fig. 3F). For example, liver lobules are enriched for glycogen features, smooth

muscle regions show high-mannose N-linked glycans, and portal veins contain mostly complex
N-glycans (Fig. 3G). Histopathology analysis reveal portal vein is filled with blood serum such as
monocytes and erythrocytes and possible contributors to the N-linked glycan profile. Finally, we
performed glycogen structural analysis between inner and outer liver lobule and portal veins.
Glycogen structure is the distribution of linear glucose chains released by enzymatic digestion
(Fig. S1A) (Akai et al., 1971; Sun et al., 2021); shorter chains represent outer chains of glycogen
and longer chains represent the glycogen core structure (Manners, 1991). As expected the
hepatocytes containing liver lobules have both shorter and longer chain length distribution than
the portal vein. Inner layer of the lobule has higher short glycogen chain abundance than the
outer layer, however there were no differences between longitudinal and cross section portal
vein regions (Fig. 3H).

To further validate the application of Madi in normal human tissue structures, we obtained a
set of normal (non-dementia diagnosis) matched frontal cortex and hippocampal tissue sections
resected from the same individual. Madi analysis highlighted major anatomical regions of the
brain (Fig. 31-J). For the frontal cortex section, brain structures highlighted include grey and
white matter track of the frontal cortex (Fig. 31-K). In hippocampal section, brain structures
identified included the hippocampus, grey matter track, white matter track, and amygdala (Fig.
3K). Glycogen and N-linked glycan features are heterogenous among different regions (Fig.
S3A). Recently, a study highlighted the metabolic interplay between glycogen and N-linked
glycans and their importance for whole brain function, and dysregulation leads to sever
childhood dementia (Sun et al., 2021). Madi analyses highlighted the carbohydrate complexity
among different human brain structures, and detailed regional specific analyses are warranted
for both normal brain and aging-related dementia patients in the future.

Madi identifies major pathologies from human idiopathic pulmonary fibrosis.

To test whether Madi can identify histopathology from human diseased tissue, we performed
MALDI-MSI on two tissue sections from a human IPF patient (ID: A5 and A4, Table S1). IPFis a
serious disease with symptoms that include thickening of the alveolar walls from mucin
aggregation and uncontrolled myofibroblast growth that lead to fibrosis (Ballester et al., 2019;
King Jr et al., 2011). IPF patients suffer poor gas exchange and tissue oxygenation that lead to
other co-morbidities (Raghu et al., 2015). Mechanisms driving IPF pathologies are poorly
understood due to limited availability of mouse models and human tissues for analysis. Tissue
sections were preselected by the presence of unique pathologies within each section. Madi
identified 16 and 21 unique spatial clusters, respectively, between each tissue section (Fig. 4A
and B and S4A and B). Spatial clusters were matched to expert histopathology assessment of
the adjacent tissue stained with H&E. Spatial clusters matched accurately to end stage fibrosis,
mucin aggregates in the airway, diffuse alveolar damage (DAD), edematous loose stroma, and
smooth muscles of the lung in sample A5 (Fig. 4C-E), and to proteinaceous fluid, edematous
loose stroma, chronic inflammation, and end stage fibrosis in tissue A4 from the same patient
resected from a different lobe of the lung (Fig. S4 C-E).
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For a more in depth analysis of IPF pathologies, we highlighted the overrepresented
carbohydrate features in DAD, mucin, and end stage fibrosis in sample A5 (Fig. 4D); and end
stage fibrosis with edematous loose stroma in sample A4 (Fig. S4D) to demonstrate unique
over-expressed N-linked glycans correlated well spatially with distinct pathologies (Fig. 4F and
S4F). Finally, we performed pathway enrichment analysis based on over-represented N-glycans
and glycogen features for end stage fibrosis and mucin aggregates, both of which are common
pathologies and primary drivers of IPF clinical course (Ballester et al., 2019; Lynch et al., 2005).
End stage fibrosis is enriched for complex biantennary N-linked glycans with terminal galactose,
fucose, and/or sialic acids modifications. The biosynthesis of complex biantennary N-glycans
occurs at the medial to trans Golgi (Reily et al., 2019). More interestingly, galactose addition in
N-linked glycans and glycogen biosynthesis shares the metabolite UDP-glucose as the rate-
limiting substrate (Fig. 4H). To our surprise, we found glycogen as the most highlighted
molecular feature of mucin aggregates (Fig. 4H). The molecular composition of mucin
aggregates has not yet been reported; however, mucin aggregates are highlighted by Periodic
acid-Schiff (PAS) staining during histopathology analysis, a common stain that also used to
detect glycogen as well (Gollnick et al., 1973). These results are intriguing and serve as basis for
further studies on the molecular and metabolic drivers of different IPF pathologies.

Madi identified major pathologies in human COVID-19 pneumonia.

Coronavirus disease 2019 (COVID-19), caused by severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2), has led to the current global pandemic and poses significant health
risk for individuals who are 65 older. Rapid advancement in our understanding of COVID-19
disease progression highlighted the importance of N-linked glycans in the clinical course of the
disease (Montefusco et al., 2021; Watanabe et al., 2020; Wentworth and Holmes, 2001);
however, detailed mechanistic insight into disease progression remains a critical knowledge gap
in the field. To test whether Madi can reveal fundamental changes in N-linked glycan
metabolism associated with COVID-19 pneumonia, we obtained terminal human lung tissue
with COVID-19 pneumonia from two separate lobes of the same patient (Fig. 5A). Madi
identified 14 and 13 unique spatial clusters between the two tissue sections (ID: A43 and A42,
Table S1, Fig. S5A-D). Spatial clusters were matched to expert histopathology assessment of the
adjacent tissue stained with H&E (Fig 5B-F). In sample A43, Madi accurately identified DAD,
early-, intermediate-, and end-stage fibrosis, and DAD; while in sample A42, spatial clusters
identified were acute fibrinous and organizing pneumonia (AFOP), arteries, edematous loose
connective tissue, and lung parenchyma with chronic inflammation and pulmonary alveolar
macrophages (Fig. 5F, S5E-H).

We highlighted the overrepresented carbohydrate features in DAD, fibrosis, and mucin in
sample A43 (Fig. S51), and AFOP and late-stage fibrosis in sample A42 (Fig. S5J), to demonstrate
unique over-expressed N-linked glycans that correlate spatially with distinct COVID-19
pathologies (Fig. S5K,L). Since AFOP and DAD are two if the major pathologies that are
associated with negative prognosis of COVID-19 (de Almeida Monteiro et al., 2021; Flikweert et
al., 2020; Polak et al., 2020), we performed pathway enrichment analysis in these two distinct
histopathological regions (Fig. 5G). In DAD, overrepresented N-linked glycans included complex
bisecting and branched N-glycans with terminal galactose, fucose, and sialic acid modifications
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(Fig. 5H). These glycans are synthesized in the trans Golgi through step wise addition from
biantennary N-linked glycans (Reily et al., 2019). Conversely, high-mannose N-glycans are the
major N-glycans expressed in AFOP regions (Fig. 51). High mannose N-glycan biosynthesis occurs
in the ER and cis Golgi, as a direct extension of glucose utilization but also share common
substrate, glycogen biosynthesis. Increased high-mannose N-glycans is indictive of aberrant ER
metabolism from either over production of UDP-mannose or lack of enzymatic trimming
required for N-linked glycan maturation to proceed to the trans Golgi (Bieberich, 2014).
Collectively, Madi highlighted fundamental changes in N-linked glycan metabolism associated
with COVID-19 pneumonia.

Madi reveals lung fibrosis shares common N-linked glycan features.

Lung fibrosis is caused by the uncontrolled growth of myofibroblast and a major disease
pathology associated with poor prognosis in acute respiratory distress syndrome (ARDS)
(Martin et al., 1995). In our study, Madi identified fibrosis in all four lung disease sections
tested. We hypothesize that lung fibrosis shares common carbohydrate features between
different IPF and COVID-19 tissue sections. To test this hypothesis, we performed targeted
analysis of fibrotic regions between two IPF and two COVID-19 sections (Fig. 6A). As expected,
complex biantennary N-linked glycans are overrepresented in all four fibrotic sections (Fig. 6B).
Further, complex glycans: 1809 m/z, 1444 m/z, 1791 m/z, 2122 m/z, 2057 m/z, and 1793 m/z
are universally overrepresented in all fibrotic tissue regions (Fig. 6C and D and S6). These results
highlight that fibrotic lung tissue from different disease of origin share common molecular
features. Collectively, these data also demonstrate the accuracy and consistency of Madi to
identify the same tissue pathology among different diseases.

DISCUSSION:

In this study, we developed Madi, a new tool to uncover tissue anatomy, histopathology, and
metabolism. Major innovations from our study include the ability to utilize FFPE human clinical
samples and simultaneously uncover anatomical /histopathological regions and their
metabolism. This tool is developed based on the hypothesis that anabolic complex
carbohydrate biosynthetic pathways are critical components of cellular function and tissue
structural integrity. We developed this workflow using a normal human liver specimen with
well-defined regions of hepatocyte plates with interwoven blood vessels. Madi accurately
defines regions of high and low glycogen within liver lobules and portal veins in the liver tissue.
We then validated our approach in human brain frontal cortical and hippocampus tissues.
Finally, we tested Madi on human diseased lung tissues from IPF and COVID-19 pulmonary
pneumonia specimens. Madi identified major histopathology features such as honeycombing,
DAD, early/mid/late-stage fibrosis, and AFOP with high precision and accuracy. Collectively,
these data highlight the potential application of Madi in future of digital pathology as a tool to
potentially accelerate histopathological assessment for disease diagnosis.

Madi utilizes datasets from multiplexed MALDI-MSI of glycogen and N-linked glycans, two
critical classes of complex carbohydrates involved in bioenergetics and protein structure
function. This high dimensional dataset is similar to the scRNAseq format (Saliba et al., 2014),
where complex carbohydrates are biological features stored within each pixel, similar to gene
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expression levels within each cell. However, there are many stark differences. First, each pixel
from MALDI-MSI is recorded with precision X-Y coordinates to allow true spatial mapping of
tissue architecture. Second, multiplexed glycogen and N-linked glycan MALDI-MSI takes
advantage of the world largest collection of well-annotated human clinical specimens with
decades of clinical course metadata in the form of FFPE. The ability to utilize FFPE tissue also
bypasses the need to collect fresh tissue from surgery for human clinical studies. The in situ
nature of MALDI-MSI also avoids lengthy and potentially destructive cell isolation steps,
preserving tissue architecture. Of note, many histopathological features such as late-stage
fibrosis and mucin patches contain large fractions of non-cellular features, i.e., mucin patches
are aggregation of glycosylated proteins. These features are often lost in single-cell analyses but
are preserved by the MALDI-MSI workflow. To this end, Madi is not designed to replace
scRNAseq workflow; we speculate and anticipate that Madi would work in synergy with
scRNAseq analysis in the future.

Another advantage of Madi is the ability to map metabolism in unique anatomical or
histopathological regions. Metabolism has been shown to be a promising target for precision
medicine (Nielsen, 2017); however, animal models that phenocopy unique human lung
pathologies require further development (Carrington et al., 2018). Therefore, the inability to
tease out in situ human lung metabolism is a major barrier in the development of targeted
therapeutics for idiopathic lung fibrosis. Madi can identify pathological regions and reveal
altered metabolism within these regions. In our analysis, complex N-linked glycans are highly
expressed in late-stage fibrotic tissue of an IPF patient. In fibrosis, overrepresented complex
carbohydrates belong to complex biantennary N-linked glycans containing either a fucose
or/and sialic acid modifications. Fucosylation and sialylation occur in the Golgi and ultimately
become terminal cell surface modifications through vesicle trafficking (Reily et al., 2019). Cells
utilize fucose and sialic acid modifications on surface receptors or structural proteins to
modulate communication, migration, and intracellular signaling (Li et al., 2018; Schauer, 1985).
Both fucosylation and sialylation have been reported to modulate signaling pathways for
myofibroblast differentiation and proliferation (Sasaki et al., 2017; Sun et al., 2017). Another
common pathology recognized IPF is mucin aggregates within the thickened airways. Using
Madi, we found mucin aggregates contain high levels of glycogen in IPF patient tissue. This data
is intriguing, as extracellular glycogen has not been reported, nor has it been reported as a
structural component of mucin. The mechanisms behind glycogen accumulation and trafficking
in mucin aggregates during IPF warrant future investigation.

In 2019, the novel coronavirus disease (COVID-19) caused by severe acute respiratory
syndrome (SARS) CoV-2 rapidly became a global pandemic and swept through nations due to its
high rate of transmission. COVID-19 pneumonia has been leading cause of mortality in
individual infected with SARS CoV-2, and core pathologies such as AFOP and DAD are frequently
identified in COVID-19 patients with rapidly deteriorating health (de Almeida Monteiro et al.,
2021; Flikweert et al., 2020; Polak et al., 2020). Recently, a growing body of evidence suggest N-
linked glycosylation is key for viral entry through the ACE2 receptor (Mehdipour and Hummer,
2021; Zhao et al., 2020). Further, there are fundamental shifts in complex carbohydrate
metabolism, especially N-linked glycans, based on serum analysis of patients during the course
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of SARS CoV-2 infection (Montefusco et al., 2021). Madi analysis of AFOP and DAD in COVID-19
pneumonia showed unique metabolic features between these two pathological regions.
Interestingly, high-mannose N-linked glycans are highly expressed in AFOP tissues from COVID-
19 patients. Increased high-mannose N-linked glycans represent a defect in the trimming of N-
linked glycan precursors and prevent proper oligomerization and branching. As a result,
improperly processed high-mannose N-linked glycans are concentrated at the membrane. High
mannose N-linked glycans have been identified in cancer and COPD, and they are hypothesized
to disrupt cell-to-cell communication and facilitate uncontrolled cellular proliferation. Further,
high-mannose N-glycans are well known immune modulators. Increased high-mannose N-
glycan may be one of the factors driving the cytokine storm (Vaninov, 2020), one of the major
causes of COVID-19 related mortality. Collectively, our results support the notion of
fundamental changes in N-linked glycosylation in host tissue during SARS CoV-2 infection.

LIMITATIONS AND FUTURE DIRECTIONS

In study, we describe a new tool for digital pathology imaging to study underlying metabolic
perturbations in human clinical samples. One limitation of this study is due to the nature of
human clinical specimens, age and sex matched normal tissue is challenging to acquire. Results
from our study should be tested in appropriate mouse models with age and sex matched
normal tissue. Due to limitations of our MALDI-MSI instrument, we performed the analysis with
a step size of 75um and focused anatomical and histopathological regions on tissue sections.
Some MALDI MSI instruments are now capable of subcellular imaging. Finally, there are
undefined clusters with unique anatomical distribution. Future studies should include
integration of Madi with other next-generation imaging tools such as multiplexed ion beam
imaging (MIBI), co-detection by indexing (CODEX), and scRNAseq to allow comprehensive
single-cell genotype to phenotype analysis and characterize additional undefined clusters.
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Figure 1.

MALDI-MSI of complex carbohydrates is a multidimensional dataset.

(A) Simplified representative pathways of glucose utilization inside a cell. Anabolic metabolism
of glycogen and N-linked glycans through the ER and Golgi are detected by multiplexed
glycogen and N-linked MALDI-MSI.

(B) Schematic of the workflow for multiplexed imaging of glycogen and N-glycans using human
FFPE specimens. Human FFPE samples sectioned on a microscope slide are co-treated with
peptide-N-glycosidase F (PNGase F) to cleave and release N-glycans and isoamylase to cleave a-
1,6-glycosidic bonds releasing linear oligosaccharide chains. Following application of a-cyano-4-
hydroxycinnamic acid (CHCA) ionization matrix for MALDI, samples were analyzed by MALDI
and quadrupole time-of-flight mass spectrometry.

(C) Left: Schematic of molecular ions recorded in each pixel after laser desorption ionization.
Right: Heatmap of a specific biological feature (m/z) extrapolated from total ion current (TIC)
after MALDI-MSI of an entire tissue section.

(D) TIC representing the sum of all pixels after MALDI-MSI of a human liver section.

(E) Spatial heatmap images of selected complex carbohydrate ions (m/z) corresponding to
either glycogen or N-linked glycans selected from (D). m/z values and molecular structures of
selected oligosaccharide chain and N-linked glycans are on top of the heatmap. An adjacent
liver section stained with hematoxylin and eosin (H&E) is presented below the heatmap for
1743 m/z.

(F) TIC extracted from three unique pixels based on the spatial heatmap presented in (E).

Figure 2.

High dimensional reduction and spatially clustering by Madi.

(A) Simplified flow chart for the general workflow of Madi. The user input module includes
MALDI-MSI and data curation, followed by the machine learning module that utilizes
unsupervised UMAP clustering and spatial annotation of unique clusters.

(B) Representative input data for machine learning and unsupervised cluster analysis. 5% of
total pixels and mixture of matrix and carbohydrate m/z were shown as heatmap for ease of
visualization.

(C) Spatial heatmap of two unique glycogen (1013 m/z) and N-linked glycan (1809 m/z) (right)
and their location within UMAP clusters (left).

(D) UMAP clustering followed by spatial annotation of the human liver specimen by Madi
analysis.

(E) UMAP clustering followed by spatial annotation showing matrix only cluster from the human
liver specimen by Madi analysis.

(F) UMAP clustering followed by spatial annotation after matrix removal from the human liver
specimen shown in (D).

Figure 3.

Madi analysis reveal human liver and brain tissue architecture and metabolism.

(A) Hematoxylin and eosin (H&E) staining of an immediate adjacent section used for MALDI-MSI
for histopathology assessment.
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(B) Unsupervised high dimensional reduction (HDR) shown as UMAP clustering (left) and spatial
annotation for all identified clusters based on pixel coordinate information.

(C) Zoomed in images of H&E stained liver section showing liver lobules, smooth muscle, and
portal veins.

(D) UMAP clusters and spatial annotation highlighting inner liver lobule (cluster 6), outer liver
lobule (cluster 1), smooth muscle (cluster 0), and portal vein (cluster 12).

(E) Annotation of spatial clusters to histopathology by four board certified pathologists.

(F) Clustering heatmap showing top 10 most highly expressed complex carbohydrate features in
inner liver lobule (cluster 6), outer liver lobule (cluster 1), smooth muscle (cluster 0), and portal
vein (cluster 12). M/z that represent carbohydrate features were shown on the left. M/z and
corresponding carbohydrate features can be found in Table S1.

(G) Schematics of liver architecture regions (top) and representative spatial distribution and
heatmap of a single carbohydrate feature for each region based on differential expression
analysis in (F) (bottom). Molecular structure and corresponding m/z (rounded to the nearest
whole number) of each complex carbohydrate feature were shown above the spatial heatmap.
(H) Glycogen chain length abundance and distribution based on UMAP clusters between inner
liver lobule (cluster 6), outer liver lobule (cluster 1), smooth muscle (cluster 0), and portal vein
(cluster 12).

(1) Hematoxylin and eosin (H&E) staining of an immediate adjacent brain section of frontal
cortex and hippocampal regions used for MALDI-MSI.

(J) Unsupervised high dimensional reduction (HDR) shown as UMAP clustering for both frontal
cortex and hippocampal sections.

(K) Spatial annotation for all identified UMAP clusters for both frontal cortex and hippocampal
sections based on pixel coordinate information.

Figure 4.

Madi analysis of tissue section from idiopathic pulmonary fibrosis patient (IPF).

(A) Hematoxylin and eosin (H&E) staining of an immediate adjacent IPF section used for MALDI-
MSI for histopathology assessment.

(B) Unsupervised high dimensional reduction (HDR) shown as UMAP clustering (left) and spatial
annotation of all identified cluster based on pixel coordinate information.

(C) Zoomed in images of H&E stained IPF section showing mucin aggregates, late-stage fibrosis,
and diffuse alveolar damage (DAD).

(D) UMAP clustering and spatial annotation highlighting mucin aggregates, late-stage fibrosis,
and DAD.

(E) Annotation of spatial clusters to histopathology by four board certified pathologists.

(F) Clustering heatmap showing top 10 most highly expressed carbohydrate features in mucin
aggregates, late-stage fibrosis, and DAD. M/z that represent carbohydrate features were shown
on the left. M/z and corresponding complex carbohydrates can be found in Table S1.

(G) Representative spatial distribution and heatmap of a single carbohydrate feature for each
region based on differential expression analysis in (F). Molecular structure and corresponding
m/z (rounded to the nearest whole number) of each complex carbohydrate feature are shown
below.


https://doi.org/10.1101/2021.06.14.448358
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.06.14.448358; this version posted June 15, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

(G) Pathway enrichment analysis based on overrepresented carbohydrate features from (F) for
late-stage fibrosis and glycogen deposited in mucin aggregated in airways of IPF patients.

Figure 5.

Madi analysis of tissue section from COVID-19 patient

(A) Schematic of Madi analysis of tissue sections from COVID-19 patient.

(B) Hematoxylin and eosin (H&E) staining of an immediate adjacent COVID-19 section used for
Madi analysis.

(C) UMAP clustering and spatial annotation highlighting mucin aggregates, late-stage fibrosis,
and diffuse alveolar damage (DAD) in tissue section resected from lower right lobe.

(D) H&E staining of an immediate adjacent COVID-19 section used for Madi analysis.

(E) UMAP clustering and spatial annotation highlighting acute fibrinous and organizing
pneumonia (AFOP) and early/late-stage fibrosis in tissue section resected from upper left lobe.
(F) Annotation of spatial clusters to histopathology by four board certified pathologists.

(G) Zoomed in images of H&E stained sections showing DAD and AFOP.

(H) Pathway enrichment analysis based on overrepresented carbohydrate features from (E) for
DAD in COVID-19 patient section.

(1) Pathway enrichment analysis based on overrepresented carbohydrate features from (E) for
AFOP in COVID-19 patient section.

Figure 6.

Fibrosis from different IPF and COVID-19 tissues share common N-linked glycan features.
(A) Zoomed in images of hematoxylin and eosin (H&E) stained tissue sections showing IPF or
COVID-19 fibrosis.

(B) Zoomed in images of clustering heatmap showing top 10 most highly expressed complex
carbohydrates from spatial clusters corresponding to fibrosis in IPF and COVID-19 patient
sections based on Madi and histopathology analysis.

(C) Molecular structures of six N-linked glycans that are universally overrepresented in all
fibrotic regions.

(D) Spatial distribution and heatmap of the complex N-glycan 1809 m/z in IPF and COVID-19
MALDI-MSI scans highlighting fibrotic regions.
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