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ABSTRACT 

Tissues are heterogeneous ecosystems comprised of various cell types. For example, 

in tumor tissues, malignant cancer cells are surround by various non-malignant 

stromal cells. Proteins, especially N-linked glycoproteins, are key players in tumor 

microenvironment and respond to many extracellular stimuli for involving and 

regulating intercellular signaling. Understanding the human proteome and 

glycoproteome in heterogeneous tissues with spatial resolution are meaningful for 

exploring intercellular signaling networks and discovering protein biomarkers for 

various diseases, such as cancer. In this study, we aimed to develop new liquid 

chromatography-tandem mass spectrometry (LC-MS/MS)-based analytical 

methods for spatially-resolved proteome and glycoproteome profiling in tissue 

samples, and apply them for profiling potential biomarkers for pancreatic cancer.  

We first systematically and synchronously optimized the LC-MS parameters to 

increase peptide sequencing efficiency in data dependent proteomics. Taking 

advantage of its hybrid instrument design with various mass analyzer and 

fragmentation strageties, the Orbitrap Fusion mass spectrometer was used for 

systematically comparing the popular high-high approach by using orbitrap for both 

MS1 and MS2 scans and high-low approach by using orbitrap for MS1 scan and 

ion trap for MS2 scans. High-high approach outperformed high-low approach in 

terms of better saturation of the scan cycle and higher MS2 identification rate. We 

then systematically optimized various MS parameters for high-high approach. We 

investigated the influence of isolation window and injection time on scan speed and 
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MS2 identification rate. We then explored how to properly set dynamic exclusion 

time according to the chromatography peak width. Furthermore, we found that the 

orbitrap analyzer, rather than the analytical column, was easily saturated with 

higher peptide loading amount, thus limited the dynamic range of MS1-based 

quantification. Finally, by using the optimized LC-MS parameters, more than 9000 

proteins and 110,000 unique peptides were identified by using 10 hours of effective 

LC gradient time. The study therefore illustrated the importance of synchronizing 

LC-MS precursor targeting and high-resolution fragment detection for high-

efficient data dependent proteomics. 

Understanding the tumor heterogeneity through spatially resolved proteome 

profiling is meaningful for biomedical research. Laser capture microdissection 

(LCM) is a powerful technology for exploring local cell populations without losing 

spatial information. Here, we designed an immunohistochemistry (IHC)-based 

workflow for cell type-resolved proteome analysis of tissue samples. Firstly, 

targeted cell type was stained by IHC using antibody targeting cell-type specific 

marker to improve accuracy and efficiency of LCM. Secondly, to increase protein 

recovery from chemically crosslinked IHC tissues, we optimized a decrosslinking 

procedure to seamlessly combine with the integrated spintip-based sample 

preparation technology SISPROT. This newly developed approach, termed IHC-

SISPROT, has comparable performance with traditional H&E staining-based 

proteomic analysis. High sensitivity and reproducibility of IHC-SISPROT was 

achieved by combining with data independent proteomic analysis. This IHC-
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SISPROT workflow was successfully applied for identifying 6660 and 6052 protein 

groups from cancer cells and cancer-associated fibroblasts (CAFs) by using only 5 

mm2 and 12 μm thickness of hepatocellular carcinoma tissue section. Bioinformatic 

analysis revealed the enrichment of cell type-specific ligands and receptors and 

potentially new communications between cancer cells and CAFs by these signaling 

proteins. Therefore, IHC-SISPROT is sensitive and accurate proteomic approach 

for spatial profiling of cell type-specific proteome from tissues. 

N-linked glycoproteins are promising candidates for diagnostic and prognostic 

biomarkers and therapeutic targets. They often locate at plasma membrane and 

extracellular space with distinct cell type distribution in tissue microenvironment. 

Due to access to only low microgram of proteins and low abundance of 

glycoproteins in tissue sections harvested by LCM, region- and cell type-resolved 

glycoproteome analysis of tissue sections remains challenging. Here we designed a 

fully integrated spintip-based glycoproteomic approach (FISGlyco) which achieved 

all the steps for glycoprotein enrichment, digestion, deglycosylation and desalting 

in a single spintip device. Sample loss is significantly reduced and the total 

processing time is reduced to 4 hours, while detection sensitivity and label-free 

quantification precision is greatly improved. 607 N-glycosylation sites were 

successfully identified and quantified from only 5 μg of mouse brain proteins. By 

seamlessly combining with LCM, the first region-resolved N-glycoproteome 

profiling of four mouse brain regions, including isocortex, hippocampus, thalamus, 

and hypothalamus, was achieved, with 1,875, 1,794, 1,801, and 1,417 N-glycosites 
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identified, respectively. Our approach could be a generic approach for region and 

even cell type specific glycoproteome analysis of tissue sections. 

Pancreatic ductal adenocarcinoma (PDAC) is a devastating disease with five year 

survival rate of around 8%. No effective biomarkers and targeted therapy are one 

of the major reasons for this urgent clinical situation. To explore potential protein 

biomarkers and drug targets located at intercellular space of pancreatic tumor 

microenvironment, we established chemical proteomic approach for deep 

glycoproteome profiling of PDAC clinical tissue samples based on the above-

mentioned new proteomic methods. Taking advantage of a long chain biotin-

hydrazide probe with less space hindrance, the new method outperformed 

traditional hydrazide chemistry method in terms of sensitivity, time efficiency and 

glycoproteome coverage. The method was successfully applied to enrich and 

validate LIF and its receptors as potential biomarkers for PDAC. In addition, to 

explore the full map of pancreatic tumor microenvironment glycoproteome with 

diagnostic and therapeutic values, we collected 114 pancreatic tissues, including 30 

PDAC tumor tissues, 30 adjacent non-tumor (NT) tissues, 32 chronic pancreatitis 

tissues and 22 normal pancreatic tissues, and systematically profiled their 

glycoprotein expression pattern by using the developed glycoproteomic strategy. 

The deepest glycoproteome of PDAC was achieved, which covered the majority of 

previously reported glycoprotein biomarkers and drug targets for PDAC. 

Importantly, we discovered many new glycoproteins with differential expression in 

PDAC and normal tissue types. Moreover, LCM-based cell-type proteome profiling 



 

vi 
 

was achieved for 13 PDAC tissue samples, which covered more than 8000 proteins 

for both pancreatic stromal cells and pancreatic cancer cells in each sample. We 

therefore provided a valuable resource for screening novel and cancer specific 

glycoprotein biomarkers for pancreatic cancer with spatial resolution. 
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Chapter 1 General introduction 

1.1 Heterogeneity of tissues 

1.1.1 Tumor microenvironment 

Tumors are heterogeneous ecosystems comprised of malignant cancer cells and 

various non-malignant stromal cells, such as cancer-associated fibroblasts (CAFs), 

immune and inflammatory cells, endothelial cells and adipose cells [1]. These cell 

populations are of significant heterogeneity, as manifested in distinct genetic, 

transcriptomic and proteomic properties, understanding of which would have great 

therapeutic significance [2]. The cellular and non-cellular (e.g. extracellular matrix, 

ECM) components and the blood and lymphatic vascular networks of the tumoral 

niche are defined as the tumor microenvironment (TME) (Figure 1.1). The 

reciprocal communications between cancer cells and TME play important roles in 

tumor development, metastasis and therapeutic response [3]. Cancer cells can 

recruit and activate stromal cells, which in turn permit cancer cells to invade 

surrounding tissue or metastasize to distant organ. The physiological state of TME 

is closely connected to every step of tumorigenesis. When the TME is under a 

healthy status, it can defend against tumorigenesis and tumor invasion. On the 

contrary, when in an unhealthy status, it will turn into an accomplice [4]. One of 

the main communication pathways among TME and cancer cells is through the 

interaction networks of secreted ligands and membrane receptors, which plays an 

important role in tumor initiation, progression, and metastasis. 
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Figure 1.1 Tumor microenvironment. Cancer cells (middle) are encircled by 

various kinds of stromal cells, which interact with each other through secreted 

ligands that binds to specific membrane receptors [5]. 

 

CAFs are a considerable component of the TME. They play important roles in 

tumor growth and progression [6]. Under conditions such as growth factor 

stimulation, direct cell-cell communication and reactive oxygen species, fibroblasts 

are turned into activated fibroblasts known as CAFs [7]. CAFs can release cytokines, 

growth factors and metalloproteinases to stimulate cancer cell proliferation, 

migration and invasion [8-10]. For example, Interleukin-22 expressed by CAFs 

could stimulate invasion of gastric cancer cells by activating the STAT3 and ERK 

signaling pathways [11]. Overexpression of Galectin-1 by CAFs promoted tumor 

Cancer cells 
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progression and is correlated with poor outcome in several types of cancer, such as 

laryngeal carcinoma, gastric cancer and breast cancer [12-14]. In pancreatic cancer, 

CAFs (also known as pancreatic stellate cells, PSCs) secrete various cytokines (e.g. 

EGF, IGF-1, PDGF) to enhance proliferation and reduce apoptosis of tumor cells 

[15-16], and promote the invasion of tumor cells [17-18]. Additionally, CAFs also 

interact with other TME cells, such as immune-inflammatory cells, through various 

cytokines and cell factors to jointly promote tumor initiation, progression, and 

invasion [19-21]. 

Immune and inflammatory cells (such as T and B lymphocytes, macrophages and 

natural killer cells) have two sides of effects on tumors. The normal function of the 

mammalian immune system is to defend against pathogens and to eliminate broken 

cells [22]. The preliminary theory suggests that immune and inflammatory cells has 

fundamental roles in recognizing and eliminating malignant cancer cells [23]. 

However, experiments also proved that immune cells could diminish anti-tumor 

cytokines so as to facilitate tumor invasion [24]. At the initial stage, the immune 

system can recognize and eliminate the majority of cancer cells. However, with the 

progression of tumor, cancer cells tend to evolve different mechanisms to escape 

the immune surveillance, such as epithelial-to-mesenchymal transition (EMT) [25]. 

Dunn et al. divided the immune surveillance process against cancer into three main 

stages: elimination, equilibrium, and escape [26]. Other stromal cells also affect 

tumorigenesis. For example, adipose cells could also secrete different kinds of 
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chemokines, cytokines and hormone-like factors [27], which may play a role in 

tumor initiation [28].  

1.1.2 Clinical importance for studying heterogeneity of tumor tissue 

Due to the important roles of secreted ligands and membrane receptors in TME, a 

lot of effort have been devoted in finding therapeutic targets among them. A large 

fraction of the clinically approved anti-cancer treatment today use drugs direct 

towards secreted proteins or cell surface-associated membrane proteins specifically 

expressed on stromal cells or cancer cells. According to the statistics at The Human 

Proteome Atlas (http://www.proteinatlas.org/humanproteome/tissue/secretome), 

out of the 754 protein drug targets at present, 102 are secreted proteins and 429 are 

membrane proteins. In addition, 430 of them are annotated as N-linked 

glycoproteins in the UniProt database. 

For secreted proteins, several cytokines are frequently targeted for anti-cancer 

therapy. For example, VEGF is one of the most effective factors for anti-

angiogenesis treatment targeting the blood and lymphatic vascular networks in 

TME [29]. Inhibition of VEGF would block its signaling pathways, eliminate 

existing vessels, and prevent the formation of new vessels inside tumor [30]. 

Clinical trials targeting VEGF have showed prolonged survival in several tumor 

types [31]. Tumor necrosis factor (TNF) is a multifunctional cytokine. It was 

initially identified to be related to hemorrhagic necrosis of tumors induced by 

endotoxin [32]. Further studies showed that TNF could exert both tumor 

suppression and tumor promotion depending on the biological context [33-34]. 
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Balkwill et al. found that high levels of TNF could kill cancer cells in xenograft 

mice models derived from human bowel and breast tumors [35]. On the contract, 

Inhibition of TNF by the antibody infliximab showed significant anti-tumor effect 

in a mouse model of pancreatic cancer [36]. Bates et al. identified TNF was derived 

from macrophages in the TME and could promote EMT in a colon cancer mouse 

model [37]. Fibroblast growth factor (FGF) is also an important therapeutic target, 

blocking of which had improved clinical outcome in gastric cancer [38]. Using a 

mouse xenograft model of colon cancer, another study showed that blocking FGF 

could significantly reduce the accumulation of CAFs in TME [39].  

For membrane-bond proteins, suppression of activated receptors, such as receptor 

tyrosine kinases (RTKs), have been widely used in cancer therapy. The most 

famous example is targeting the epidermal growth factor receptor (EGFR) using 

tyrosine kinase inhibitors in treatment of lung cancer [40], pancreatic cancer [41], 

and other cancers. Drugs targeting another RTK, platelet-derived growth factor 

receptor beta (PDGFRB), which is mainly expressed on CAFs rather than cancer 

cells, has two sides of effects on tumors [42]. One study showed that blocking 

PDGFRB increased the antiangiogenic effect of VEGF inhibitors on tumor vessels 

[43]. On the other hand, inhibiting PDGFB signaling might increase the risk of 

tumor invasion [44]. The insulin-like growth factor-1 receptor (IGF-1R) signaling 

pathway was important for cancer cell proliferation. Prognostic studies of IGF-1R 

inhibitors in cancer therapy had promising results [45]. Inhibition of activated 
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receptors has also been showed to improve immune surveillance and promote 

antitumor immune responses [46]. 

Chimeric Antigen Receptor T-Cell (CAR-T, T-cells engineered to express chimeric 

antigen receptors, CARs) immunotherapy is a novel tool in the treatment of cancer, 

and has achieved outstanding clinical efficacy for eradicating several hematological 

malignancies [47-49]. Due to the complex TME in solid tumors, the application of 

CAR-T immunotherapy is still challenging [50]. Even so, there has been successful 

cases, especially in melanoma [51]. CARs comprise an extracellular domain, a 

membrane-spanning domain and an intracellular domain for signaling activation. 

The extracellular domain functions to recognize and bind cancer-specific antigens, 

such as membrane glycoproteins [52]. So identification of proper and tumor 

specific cell surface glycoproteins is important in designing effective CAR-T cells 

[53].  

Despite great effect in the treatment of cancer targeting secreted and membrane 

proteins, tumor may adapt to these treatments rapidly. Once one signaling pathway 

has been blocked, other mechanisms might be activated quickly. For example, all 

patients with metastatic lung, pancreatic, colorectal, or head and neck cancers who 

initially benefit from EGFR therapies eventually developed resistance [54]. Drug 

developers therefore need new tools to monitor the initial occurrence of resistance, 

identify patients who are likely to respond and elucidate how the drugs act [55]. So 

continuous discovery of novel candidate markers for mechanism-based inhibitors 
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will be promising for promoting the development of personalized therapies suitable 

to individual patients and preventing or overcoming therapeutic resistance.  

 

1.2 Mass-spectrometry based proteomics and N-linked glycoproteomics  

1.2.1 Proteome and mass-spectrometry based proteomics 

Proteome is the whole set of proteins that can be or is expressed by a cell, an 

organ/tissue, or an organism. Proteins are key players in intercellular and 

intracellular signaling and their expression are changed under many stimuli and in 

many diseases. The word “proteomics” was proposed in the 1990s by merging 

“protein” and “genomics”, as a postgenomic discipline [56-57]. Global profiling of 

proteome is critical to determine the pathophysiology of a disease and to screen 

protein biomarkers for disease diagnosis and monitoring. Liquid chromatography - 

tandem mass spectrometry (LC-MS/MS) is a powerful technique for proteomic 

analysis to profile proteome and map posttranslational modifications (PTMs) [58]. 

Today, there are mainly two LC-MS/MS based proteomic strategies: discovery 

proteomics and targeted proteomics.  

In discovery proteomics, the proteome of a sample is unknown and profiled by 

proteomic analysis using data-dependent acquisition (DDA) or data-independent 

acquisition (DIA) for data collection (Figure 1.2). In DDA, the mass spectrometer 

performs acquisition by alternating between a survey scan (MS1) and a sequence 

of data dependent tandem MS scans (MS2). Following each MS1 scan, the 

precursors with highest intensity rankings are selected for MS2 scans of their 
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fragment ions. Mass spectrometer repeats such acquisition cycle during the LC 

gradient elution. There are both label-free and isotope labelled (e.g. iTRAQ, TMT 

and SILAC) methods for quantification of proteins in DDA-based discovery 

proteomics [59]. In DIA, all peptide precursors within a defined m/z window are 

co-fragmented into one spectrum [60]. Through a list of consecutive isolation 

windows, nearly all the detectable peptides within an m/z range in a biological 

sample can be fragmented, so this acquisition mode is also called sequential 

window acquisition of all theoretical spectra (SWATH) [60]. Analysis of DIA data 

generally relies on spectral library generated by DDA, which contains peptide 

identification information (e.g. retention time, m/z, fragment ions). The quality of 

the spectral library directly affect the DIA data extraction efficiency. A previous 

study showed that systematically evaluating and optimizing DDA based MS 

settings on the LTQ Orbitrap platform could improve protein and peptide 

identification rates [61]. It is therefore critical to comprehensively analyze and 

optimize MS settings for discovery proteomics on state-of-the-art MS, such as 

Orbitrap Fusion and Q Exactive HF-X. 
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Figure 1.2 Discovery proteomic approach by DDA or DIA for data acquisition. In 

DDA, the precursors with top abundance in one MS1 scan are selected for MS2 

scans, while in DIA, all peptide precursors within a defined m/z window are co-

fragmented into one spectrum [62]. 

 

In targeted proteomics, the proteome of interest has been previously defined. A list 

of preselected peptides are monitored and quantified by two commonly used 

approaches, multiple reaction monitoring (MRM, also called selected reaction 

monitoring, SRM) [63], and parallel reaction monitoring (PRM) [64-65]. MRM is 

performed on triple quadrupole MS instruments (Figure1.3), in which only the 

peptides (parent ions) and its fragment ions of specific masses are monitored, while 

other non-specific ions are excluded, thus high specificity and sensitivity can be 

achieved [66]. MRM can generally detect and quantify between several to a few 

hundred peptides in one single assay. It has been commonly used in detection and 
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quantification of proteins in blood samples with detection limits of low nanogram 

per milliliter concentrations [67-68]. High reproducibility of MRM makes it a 

favorable choice for biomarker validation [69]. PRM is performed on quadrupole-

orbitrap mass spectrometers (Figure 1.3). Unlike MRM that only monitor one or 

two of the fragment ions, all the fragment ions are simultaneously monitored in the 

high-resolution orbitrap mass analyzer [65]. PRM has several potential advantages 

over MRM. First, as all the fragment ions are monitored to confirm the identity of 

the peptide, PRM spectra would be more specific than MRM [70]. Second, as PRM 

monitors all transitions, there is no need for prior knowledge of, or selection of 

fragment ions before analysis. And third, PRM has higher tolerance to background 

interference from co-eluted peptides. Thus, applying PRM for validation of protein 

biomarkers discovered by DDA or DIA has gained more and more attention. 
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Figure 1.3 Target proteomic approach by SRM/MRM or PRM. SRM/MRM is 

performed on triple quadrupole (Q1, Q2 and Q3) MS instruments (left) while PRM 

is performed quadrupole-orbitrap mass spectrometers (right) [71]. 

 

1.2.2 N-linked glycoproteins and glycoproteomics 

N-linked glycosylation is the addition of glycan to the asparagine residue on 

canonical motif (N-!P-S/T, where !P is not proline) of target proteins, N-linked 

glycoproteins [72]. It’s one of the most common post-translational modifications 

and has important effects on many biological processes, such as protein secretion, 

protein folding, cell-cell interaction, and immune response [73-75]. Aberrant 

glycosylation of proteins have been associated with various types of diseases, such 
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as non-alcoholic fatty liver disease [76], Alzheimer's disease [77], and cancers [78-

79]. Therefore, identification of N-linked glycosylation sites and quantification of 

N-glycoprotein expression levels play fundamental roles not only in biological 

research but also in biomedical and pharmaceutical industries. Glycoproteomics is 

a sub-branch of proteomics that includes strategies to enrich glycoproteins or 

glycopeptides and global identification and quantification of glycosylation sites and 

glycoproteins in complex samples by using proteomic techniques [80].  

Abnormally expressed glycoproteins are closely related to carcinogenesis and 

tumor progression, thus are important biomarkers for cancer diagnosis, monitoring 

and drug target development [81-83]. For example, high expression of some 

membrane glycoproteins (e.g. EGFR) promoted metastasis and invasion, leading to 

shorter survival rates of patients [84]. On the other hand, secreted glycoproteins are 

likely to enter the blood stream [85], and may become important biomarkers for 

cancer diagnosis and monitoring prognosis and drug response. More than half of 

the cancer biomarkers are N-linked glycoproteins [86]. Thus, glycoproteomics has 

rapidly become an important field for discovery of cancer biomarkers. Sinha et al. 

applied glycoproteomic approaches to screen biomarkers for high-grade serous 

ovarian carcinoma (HGSC) [87]. By profiling patient-derived xenograft tumor 

tissue, 3922 N-glycosylated peptides from 597 secreted glycoproteins and 1231 

transmembrane glycoproteins were identified, and 386 of these N-glycosylated 

peptides were chosen for validation of their expression level in HGSC patient serum. 

Liu et al. established an integrated strategy to screen glycosylated protein 
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biomarkers in serum for detection of early hepatocellular carcinoma (HCC) [88]. 

They found that a panel of glycoproteins, including HGF, C3, CD14, CE and HRG, 

could serve as potential biomarkers for distinguishing early HCC, with sensitivity 

and specificity of 72% and 79%, respectively.  

1.2.3 Methods for enrichment of N-linked glycoproteins 

The low abundance of N-glycopeptides make them difficult to be analyzed by 

traditional proteomic methods, thus the enrichment step is indispensable for 

reducing sample complexity and increasing identification efficiency by LC-MS 

[89]. Several physical and chemical strategies have been developed for enrichment 

of N-glycopeptides or N-glycoproteins (Figure 1.4), such as lectin affinity 

chromatography [90], hydrophilic interaction chromatography (HILIC) [91], and 

hydrazide chemistry [92].  

Lectins are a group of carbohydrate-binding proteins that have been widely used 

for enrichment of glycoproteins or glycopeptides from complex biological samples. 

It was reported that more than 60 lectins are commercially available, such as 

concanavalin A (Con A), Sambucus nigra lectin (SNA) and wheat germ agglutinin 

[93]. In lectin-based enrichment methods, lectins are generally immobilized on 

solid supports, such as agarose beads, magnetic beads and membranes, thus 

facilitate removal of non-glcopeptides. Different lectins have distinct binding 

specificity for certain glycan structures. For example, Con A is often used for 

enrichment of glycoproteins containing high-mannose glycans [94], while SNA has 

selectivity for sialic acid attached to terminal galactose [93]. The combination of 
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lectin affinity chromatography for enrichment and proteomic techniques for 

identification and quantification has been applied to biomarker discovery [95-97].  

 

Figure 1.4 Strategies for enrichment of N-linked glycopeptides or glycoproteins. 

(A) Hydrophilic interaction chromatography. (B) Lectin affinity chromatography. 

(C) Chelation interaction. (D) hydrazide chemistry [98]. 

 

HILIC is a chromatographic system characterized by using hydrophobic organic 

solvent (typically 10-40% aqueous) as mobile phase and hydrophilic materials as 

stationary phase [99]. HILIC has advantages such as simple eluent preparation and 

high compatibility with MS. Generally, hydrophilic materials are consisted of solid 

support, linker and hydrophilic molecules, of which hydrophilic molecules are the 

functional actor for capture of glycopeptides. The most widely used functional 
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molecules includes carbohydrates [100] and cotton wool [101], which are linked on 

solid supports such as magnetic beads, polymer monoliths and resin. Li et al. 

fabricated a glucose-6-phosphate functionalized Fe3O4 microspheres for 

enrichment of glycopeptides [102]. A total of 243 glycopeptides were identified 

from 2 μL of serum. Another study used click chemistry to link maltose to 

polyethyleneimine for capture of glycopeptides [103]. 1237 unique N-glycosylation 

sites from 684 N-glycoproteins were identified from 60 μg of mouse liver lysate.  

Hydrazide chemistry based strategy has drawn more and more attention because it 

has good performance for enrichment of both glycopeptides and glycoproteins with 

high selectivity and good reproducibility [104-106]. The principle of this method is 

that the adjacent two hydroxyl groups on the glycan of glycopeptides can be 

oxidized to aldehyde, which can then be covalently coupled to the hydrazide group 

on solid support (such as magnetic beads and agarose resin) [107]. The hydrazide 

chemistry based method has been widely used to profile glycopeptides and 

glycoproteins from various clinical samples for biomarker discovery. Tian et al. 

applied this strategy for glycoproteomic profiling of breast tumor tissues and 

adjacent non-tumor tissues [108]. In total, they identified 205 N-linked 

glycopeptides from 148 N-linked glycoproteins, and Versican was validated as a 

potential biomarker for breast cancer. Zeng et al. applied this strategy for screening 

serum biomarker for lung cancer [109]. They identified 38 N-linked glycopeptides 

from 22 glycoproteins were significantly altered between patient serum and healthy 

control serum. Furthermore, good correlation was observed for the LC-MS based 
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quantification and enzyme-linked immunosorbent assay (ELISA) based validation. 

Thus the differentially expressed secreted glycoproteins might serve as diagnostic 

biomarkers for lung cancer. Nevertheless, those enrichment technologies are rarely 

reported for cell-type or region resolved glycoproteome analysis of tissue samples. 

Thus sensitive methods for spatial glycoproteome analysis of tissue samples are 

urgently needed. 

 

1.3 Methods for cell type-resolved proteome and N-linked glycoproteome 

analysis 

Tissues are often comprised of various regions and cell types with designated 

biological functions. Proteins are the molecular basis of these in vivo regions and 

cell types. Proteome profiling of bulk tumor tissue samples has gained rich 

molecular information, such as understanding cancer biology [110-111]. However, 

proteomic studies of bulk tissue would lose spatial information for explaining the 

heterogeneity of different cell types in these complex tissue architectures. To avoid 

the averaging effect and to gain deeper insight into the local cell microenvironment, 

proteome profiling of tissues for studying the proteome heterogeneity with region 

and cell type resolution is essential and has drawn more and more attention in the 

proteomics society. The first step for cell type-resolved proteome and N-linked 

glycoproteome analysis is isolation of different cell populations from tissue samples. 

There are mainly two types of strategies. The first type is enzymatic digestion based 

strategy, by which tissue is dissociated and digested into a single-cell suspension 
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before cell sorting through different techniques (Figure 1.5A-D). The second type 

is in-situ isolation technique called laser capture microdissection (LCM), by which 

tissue is sliced into section before further processing by LCM without losing spatial 

information (Figure 1.5E). 

 

Figure 1.5 Methods for isolating different cell populations from heterogeneous 

tissue. (A) to (D) are enzymatic digestion based methods while (E) is LCM based 

in-situ method [112].  

 

1.3.1 Enzymatic digestion based methods for cell type-resolved proteome and 

N-linked glycoproteome analysis  

For the enzymatic digestion based strategy, tissues are tenderly minced into small 

pieces before addition of protease mixture to degrade the extracellular matrix. The 
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protease mixture should be chosen based on the tissue type, but usually contain 

collagenase derived from bacteria. After incubation at 37 oC for a period of time, 

the undigested tissue can be removed by filtration [113]. After tissue is processed 

into single cell suspension, several methods can be applied for cell sorting. For 

example, antibody-based sorting methods such as magnetic-activated cell sorting 

(MACS) and fluorescent-activated cell sorting (FACS). Gradient centrifugation is 

also used to isolate cell populations according to their different buoyant density. 

Other techniques such as micropipette isolation and microfluidic chip can be used 

for separation of individual cells. 

In MACS-based cell sorting, target cell types are first labelled with magnetic 

particle-conjugated antibodies that recognize specific antigens on the cell 

membrane. Then labelled cells are purified when passing through a column applied 

with a magnetic field. After washing to remove nonspecific cells, target cells are 

eluted and collected by turning off the magnetic field [112]. It was reported that 

MACS could isolate specific cell types with a purity > 90% [114]. Azimifar et al. 

performed MACS to purified five cell types from mouse liver for deep proteomic 

profiling [115]. They quantified 11,520 proteins from hepatocytes, hepatic 

macrophages, stellate cells, intrahepatic cholangiocytes and endothelial cells. 

Another study used MACS to isolate four primary neurons from mouse brain [116]. 

In total, they identified 12,934 proteins from astrocytes, oligodendrocytes, cortical 

neurons and microglia. Okochi et al. established two MACS-based procedures to 

quantify the expression level of P-glycoprotein in K-562 and U-937 cell lines [117]. 
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A disadvantage of MACS is that it’s highly dependent on the specificity of cell 

surface markers and the specificity of antibodies to recognize these markers.  

FACS is performed in specialized flow cytometry, which allows for simultaneous 

qualitative and quantitative analysis of target cell populations [118-119]. Specific 

cell populations are identified based on specific antigens on the cell surface that are 

recognized by fluorescence-tagged antibodies. Each cell is examined for the 

florescence signal as the cell suspension runs through the cytometry. The positive 

or negative cell droplet are applied with a charge and screened through an 

electrostatic deflection system into specific containers. Biesemann et al. applied 

FACS to isolate synapse subpopulations and identified 163 enriched proteins in 

FACS samples [120]. Amon et al. applied FACS to isolate hematopoietic stem cells 

and progenitor cells for proteomic profiling using DIA for data acquisition [121]. 

They quantified 5,000 proteins from only 25,000 cells sorted by FACS. Pirro et al. 

applied FACS to study cell surface glycoproteins specifically expressed on 

colorectal cancer cells [122]. 

Gradient centrifugation is used to separate cell populations based on cell buoyant 

density. Cell suspensions are separated by layering on top of a single- or multiple-

step gradient media before centrifugation with higher g-force and extended duration 

than normal cell collection. However, this method can only roughly separate cell 

subpopulations with relatively low purity. Di et al separated two types of 

haemocytes for proteomic analysis by density gradient centrifugation [123]. In total, 

they identified 1644 proteins, of which 594 proteins were differentially expressed 



 

20 
 

among these two types of haemocytes. Microfluidic chip is a commonly used 

strategy for single-cell isolation [124]. There are various kinds of sorting methods 

in microfluidic chip, such as immunomagnetic beads, cell-affinity chromatography 

and physical characteristics of cells. Cai et al. developed a microfluidic-based 

method for real-time monitor of protein expression o in living Escherichia coli cells 

[125]. The enzymatic digestion based methods have been widely used for cell type-

resolved proteome and glycoproteome analysis. However, these isolation strategies 

inevitably lose spatial information of cell populations within local tissue 

microenvironment. Besides, fresh tissues are required, which preclude the 

availability for long-term preserved tissues, such as frozen tissues and formalin 

fixed paraffin embedded (FFPE) tissues.  

1.3.2 LCM-based proteomics and glycoproteomics 

Laser capture microdissection (LCM) is a powerful technique to separate histologic 

regions or homogeneous cell types from tissues without losing in situ information 

[126-127]. Fast speed to yield different cell populations while keeping versatility 

and precision is another advantage of LCM [128]. What’s more, nearly any tissue 

types could be processed by LCM. Today, two types of LCM systems are available: 

ultraviolet (UV LCM) and infrared (IR LCM) [112]. The LCM system generally 

includes a laser control unit, a solid state laser diode, an inverted microscope, a 

camera, a controllable microscope stage, and a color monitor [129]. The main 

procedure of LCM starts with visualization of tissue section adhered on membrane 

coated glass slide. After the border of a cell or a target cell population is marked, a 
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laser pulse is released to melt the thin plastic membrane of the marked border. Then 

the laser encircled membrane together with the cells will fall down onto a collective 

cap below [130]. The expression profile of LCM samples can then be analyzed by 

molecular technologies, such as qPCR [131], microarrays [132], genomic 

sequencing [133], and mass spectrometry-based proteomics [134]. Casasent et al. 

investigated invasion of in situ tumor cells by measuring their genomic copy 

number profiles [135]. Tumor cells were selected and dissected out from 

hematoxylin and eosin (H&E) stained tissue sections for single cell sequencing.  

Compared with genomic studies, which only requires trace amount of template for 

gene amplification, proteomic profiling of LCM samples is more challenging. Even 

so, by combining with advanced mass spectrometry (MS)-based proteomics, 

proteome profiling of LCM-dissected tissue regions has become mature gradually. 

Han et al. adopted LCM and gel-based proteomics to study three types of multiple 

sclerosis in human brain [136]. 100 μg proteins extracted from histologically 

defined brain tissue sections (15 μm thickness) were analyzed with more than 1,000 

proteins identified from each type. By combining LCM with integrated proteomics 

sample preparation technology SISPROT, we performed cell type-resolved 

proteome profiling for fresh-frozen colon cancer tissue section stained with H&E 

[137]. Up to 5000 proteins were identified from four different cell types by using 

tissue sections of only 5 mm2 and 10 μm thickness. In these LCM-based cell-type 

proteomic studies, target cell populations were discriminated from H&E stained 

sections by morphological examination, which is difficult and time-consuming to 
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identify cell populations without prominent features from surrounding cells, and 

sections often need to be examined by experienced pathologist before LCM. The 

LCM efficiency can be significantly improved if performed directly on tissue 

sections stained by immunohistochemistry (IHC) targeting specific cell types. 

However, the performance of proteomic profiling directly on IHC-stained tissue 

sections is largely unknown. 

As typically low microgram and even sub-microgram of proteins could be harvested, 

efforts have been focused on integrated sample preparation techniques to improve 

sample loss and therefore sensitivity of LCM-based proteomics. The FASP (filter-

aided sample preparation) procedure has been applied to FFPE sections 

microdissected by LCM [138]. More than 7500 proteins were quantified from 

normal mucosa and primary colon cancer cells using 175 nL volume of cells (~ 6 

μg total proteins) and around one day of MS time (6 fractions and 230 min LC 

gradient). A “single-tube” protocol was developed using the organic cosolvent 

trifluoroethanol for protein extraction from micro- and nanogram scale sample 

without requiring a separate cleanup step [139]. Eckert et al. adapted this protocol 

for proteomic profiling of tumor and stromal compartments harvested by LCM from 

ovarian cancer tissues and identified around 5000 proteins from 5 mm2 of H&E 

stained section [134]. Another technique, named single-pot solid-phase-enhanced 

sample preparation (SP3), has also been applied for processing FFPE sections [140-

141]. Around 5000 proteins were quantified from different tissue sections of 

hepatocellular carcinoma using ~ 40 mm2 and 10 μm thickness of tissue section and 
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~ 3 days of MS time (16 fractions and 245 min LC gradient) [142]. However, 

whether these technologies are compatible with proteomic analysis of IHC-stained 

tissue sections is unclear. 

Over the past decade, advanced mass-spectrometry technology has made it possible 

for large-scale identification and characterization of N-linked glycosylation sites 

and glycoproteins [90, 143-144]. However, current glycoproteomic studies were 

typically performed on whole tissues, which lost the spatial information to elucidate 

deeper biological insights [90, 145]. Therefore, it would be of great interest to 

analyze tissue and organ glycoproteome with specific region or cell type resolution 

by taking advantage of the LCM technology. As typically low microgram and even 

sub-microgram of proteins could be harvested, strategies for microscale N-linked 

glycoproteome analysis of these samples are urgently needed. Based on the 

traditional enrichment methods, several glycoproteome reactors have been 

established recently for handling microscale samples. 

Zhou et al. developed a glycoproteomic reactor that used Con A-agarose column 

for glycoprotein enrichment and SCX capillary column for alkylation, digestion and 

fractionation of enriched glycoproteins, which led to identification of 82 

glycopeptides from 5 μL of human plasma [146]. However, the enrichment and the 

digestion of glycoproteins were not integrated. Besides, analyzing both 

glycopeptides and non-glycopeptides simultaneously by LC-MS would 

compromise its performance. Qu et al. established an online system that integrated 

the steps of glycopeptide enrichment using HILIC and deglycosylation using 
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immobilized PNGase F, which led to identification of 196 N-linked glycosylation 

sites from 6 μg of rat brain proteins [147]. However, they didn’t integrated protein 

digestion into this system, thus the overnight digestion, desalting and lyophilization 

steps might cause significant sample loss. Zhu et al. introduced another integrated 

HILIC reactor [148], in which protein digestion, glycopeptide enrichment, and 

deglycosylation were all performed in the HILIC tip, and 221 N-glycosylation sites 

were identified from 1 μL of human serum. However, this HILIC reactor was not 

suitable for directly processing tissue samples. Despite these integrated 

glycoproteomic approaches for processing microscale samples, to the best of our 

knowledge, they have never been applied on spatial-resolved glycoproteomic 

analysis of tissue samples. 

 

1.4 Objectives  

Tissues are heterogeneous ecosystems comprised of various cell types. For example, 

in tumor tissues, malignant cancer cells are surrounded by non-malignant stromal 

cells, such as CAFs, immune and inflammatory cells and endothelial cells. Proteins, 

especially N-linked glycoproteins, are key players in intercellular signaling and 

they respond to many stimuli and change their expression in many diseases. 

Understanding the tissue heterogeneity through LC-MS based spatial proteome and 

glycoproteome profiling is meaningful for exploring intercellular signal 

transduction networks and discovering protein biomarkers for disease diagnosis, 

monitoring, and drug target development. The objectives of this study include:  
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(1) To comprehensively explore how MS parameters impacted the performance of 

DDA transparently and to synchronously optimize LC and MS parameters for high-

efficient data dependent proteomics. 

(2) To develop an IHC-based laser microdissection for precise isolation of target 

cell types from tissue section, to optimize the integrated spintip-based sample 

preparation technology SISPROT for processing crosslinked IHC-LCM samples 

for proteomic analysis, and then to apply the developed method for spatial proteome 

analysis of cancer cells and CAFs from hepatocellular carcinoma tissue sample. 

(3) To establish a fully integrated spintip-based glycoproteomic device that 

integrates all the steps of glycoprotein enrichment, digestion, deglycosylation and 

desalting, so as to reduce sample loss and sample processing time for spatial-

resolved glycoproteomic analysis of tissue samples, and to apply the developed 

method for region-resolved profiling of mouse brain glycoproteme. 

(4) To synthesize a long chain biotin-hydrazide probe and establish a chemical 

proteomic approach for deep glycoproteomic analysis of tissue. 

(5) To apply the developed methods for deep glycoproteome and spatial-resolved 

proteome analysis of pancreatic cancer tissues, so as to explore potential biomarkers 

for early detection of the disease and to screen potential drug targets.  
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Chapter 2 Synergistic optimization of LC and MS parameters for 

high-efficient data dependent proteomics 

2.1 Introduction 

LC-MS-based proteomics is widely used in profiling proteomes [58, 116], 

discovering protein biomarkers [149-150], mapping post translational 

modifications (PTMs) [151-152], and studying protein interaction networks [153-

154]. All of these applications demand for simple and fast operation, deep proteome 

coverage, and high quantification accuracy. Steady improvement in mass 

spectrometry technologies has greatly advanced the peptide sequencing speed and 

proteome coverage depth. Over the last decade, the scan speed of mass analyzers 

increased from less than 10 Hz to more than 40 Hz, and the coverage of human 

proteome increased to more than 80% [155-157]. The nearly complete proteome of 

a single cell organism can be sequenced in 1 hour, while comparable coverage of 

proteomes from higher organisms still requires days of MS measuring time [158]. 

It is therefore needed for comprehensively analyzing and optimizing LC-MS-based 

proteomics workflow and saturating the sequencing speed so as to reduce MS 

measuring time on the state-of-the-art MS platforms. 

In a typical “bottom-up” proteomic analysis, protein lysates are first digested to 

peptides, then tens of thousands of peptides are separated with LC to reduce the 

complexity before injected into mass spectrometers [159]. By far, the majority of 

proteomic datasets were acquired with DDA strategy, by which the mass 

spectrometer performs acquisition by alternating between a survey scan (MS1) and 
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a sequence of data dependent tandem MS scans (MS2). Following each MS1 scan, 

the precursors with highest intensity ranking are selected for MS2 scans of their 

fragment ions. Mass spectrometer repeats such acquisition cycle during the LC 

gradient elution. Each peptide could be observed as a feature in an LC-MS map. A 

pioneer work published by Mann group in 2011 showed that in a single-shot DDA 

analysis, only 16% peptide features could be targeted for MS2 scans and 58% 

targeted peptides could be successfully fragmented for peptide sequencing using 

the LTQ Orbitrap Velos system with a scan speed of 3.3 Hz [155]. The authors 

pointed out that three instrumental parameters attributes to this situation, including 

sequencing speed, ion injection time and isolation width. Nearly a decade has 

passed, we wonder how the situation has changed if state-of-the-art mass 

spectrometer such as Orbitrap Fusion or Q Exactive HF-X is used.  

Several updated generations of the Orbitrap analyzer series have been introduced 

to the market since the introduction of LTQ Orbitrap Velos in 2009 [160]. For 

example, Q Exactive in 2011 [161], Orbitrap Fusion and Q Exactive HF in 2014 

[158, 162], and Q Exactive HF-X in 2017 [156]. Previous studies have presented 

stepwise optimization of MS parameters on these new generation of orbitrap 

machines [163-164]. However, these studies evaluated the parameters by directly 

checking the identification results, and the feature targeting rate have not been fully 

investigated yet. Moreover, these studies didn’t investigate the synchronization of 

LC with MS. Shishkova et al. proposed that concomitant improvements in LC is 

also critical to improve MS utilization efficiency.[165] They proposed that quality 
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of chromatographic separations is the roadblock that limits the speed and depth of 

single-shot proteomics and should deserve more concern and effort of specialists. 

Zhang et al. developed an advanced-peak-determination algorithm for the Orbitrap 

Fusion Lumos mass spectrometer, which increased the peptide identification 

number by twice as compared with the standard peak algorithm [166]. 

A previous study showed that systematically evaluating and optimizing MS settings 

using CID-DDA mode on the LTQ Orbitrap platform could improve protein and 

peptide identification rates [61]. However, the recommended parameters on the old 

orbitrap generations might not be transferable to new generations. For example, 

HCD-DDA is widely used nowadays on the new orbitrap machines instead of CID-

DDA. In this chapter, we aim to comprehensively analyze the MS data and explore 

how MS parameters impacted the performance of DDA transparently in the latest 

version of Orbitrap mass analyzers, including Orbitrap Fusion and Q Exactive HF-

X. Based on its unique multistage mass analyzer design by integrating a quadrupole, 

a high-field Orbitrap analyzer (OT) and a dual-cell linear ion trap analyzer (IT), we 

first illustrated the current performance of DDA on the Orbitrap Fusion mass 

spectrometer, which could perform latest high-high and high-low approach, two 

popular data dependent proteomic approaches with orbitrap as the first-stage mass 

analyzer and the same orbitrap (high-high approach) or ion trap (high-low approach) 

as the second-stage mass analyzer [155], on the same platform (Figure 2.1). We 

then interpreted how the MS parameters (such as ion injection time, isolation 

window and dynamic exclusion duration) impacted the performance of DDA. 
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Furthermore, we optimized the LC conditions (such as flow rate and loading 

capacity) and evaluated the correlation between sample loading amount and MS1 

based label-free quantification. Finally, we confirmed that improvement in 

precursor determination algorithm allows for fully utilization of the scan cycles on 

Q Exactive HF-X platform. By combining with our previously developed integrated 

sample preparation technology SISPTOT, which could perform digestion and 

fractionation to achieve deep proteome coverage in short MS measuring time. The 

data analysis workflow presented in this chapter could be generally applied to 

evaluate other DDA datasets so as to optimize reasonable LC-MS settings, and laid 

a solid foundation for LC-MS based proteome and glycoproteome analysis in other 

chapters of the thesis work.  

 

 

Figure 2.1 Workflow for optimization of LC-MS parameters. 

 

2.2 Materials and methods 

2.2.1 Protein extraction and digestion.  

HEK 293T cells were cultured in DMEM medium supplemented with 10% FBS 
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and Penicillin/Streptomycin (1:1000) in 37 oC chamber supplied with 5% carbon 

dioxide. For the method optimization experiments, peptides were prepared by in 

solution digestion. In brief, proteins were extracted from HEK 293T cells by 

sonication (Ningbo scientz, 20% energy, 30 s) in lysis buffer containing 2% (w/v) 

SDS, 1% (v/v) Triton-X 100, 100 mM Tris-HCl, pH 7.8. Protein concentration was 

determined by BCA method (Thermo scientific). One milligram of proteins were 

reduced by 10 mM dithiothreitol (DTT) in 95℃ for 10 min, and alkylated by 30 

mM iodoacetamide (IAA) for 30 min at room temperature. Proteins were then 

purified by methanol-chloroform precipitation. The protein pellet was dissolved in 

8 M urea buffer containing 50 mM ammonium bicarbonate (ABC). After diluting 

the urea concentration to 1 M by 50 mM ABC, proteins were digested overnight 

with sequencing-grade trypsin (Promega). Peptides were desalted by C18 SPE 

column (Waters), dried by SpeedVac and stored at -20 oC before LC-MS analysis. 

For the application experiment, 20 μg of proteins from HEK 293T cells were 

digested by SISPROT and fractionated into 5 fractions as described previously 

[167]. 

2.2.2 LC–MS/MS analysis 

The obtained peptides were dissolved in 0.1% (v/v) formic acid (FA, Solvent A) 

and separated by an Easy-nLC 1000 (Thermo Fisher Scientific) chromatography 

system equipped with an analytical column (100 μm i.d.) in-house packed with 20 

cm of 1.9 μm/120 Å ReproSil-Pur C18-AQ beads (Dr. Maisch GmbH, Ammerbuch, 

Germany). Peptides were eluted off the analytical column at a flow rate of 200, 300 
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or 400 nL/min using a gradient from 7 to 35% of 0.1% formic acid in acetonitrile 

(Solvent B) over 60, 120 or 220 min depending on the experiments. Separated 

peptides were analyzed on either Orbitrap Fusion Tribrid or Q Exactive HF-X via 

electrospray ionization (Thermo Fisher Scientific).  

MS1 scans were performed in the Orbitrap analyzer covering m/z range of 350 to 

1550 with resolution of 120,000, automatic gain control (AGC) target value of 2e5 

(3e6 for HF-X), and maximum injection time (MIT) of 100 ms (40 ms for HF-X). 

The MS2 spectra were acquired using a Top Speed method of 3 seconds (Top 50 

for HF-X). Precursors were isolated by the quadrupole through a 1.6 Da (+/- 0.8 Da 

of the precursor ion) window (1.2 Da for HF-X), followed by HCD fragmentation 

using normalized collision energy of 30% (27% for HF-X). Fragment ions were 

scanned in the ion trap (AGC target value of 1e4, MIT of 35 ms), or the Orbitrap at 

resolution of 15 000 (7500 for HF-X), AGC target value of 5e4 (1e5 for HF-X) and 

MIT of 35 ms (20 ms for HF-X). The scanned peptides were dynamically excluded 

for 30 s. One charge and unassigned charge features were also excluded for MS2 

scan. Except for specific annotation, the mass spectrometry parameters are the same 

for both Fusion and HF-X. 

2.2.3 Data analysis 

The raw files were searched using MaxQuant software (v 1.5.5.1) against the human 

database (74416 entries) downloaded from UniProt in Jun. 2019. Default settings 

were employed except Deamidation (NQ) was added as variable modification, and 

“Calculate peak properties” was enable. Peptide features and peak width (retention 
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length) were analyzed using the output file “allPeptides.txt”, which determine 

peptide features by standard criteria (two isotope peaks occurred in at least two 

consecutive MS scans) [155]. We only kept the features eluted between the start 

and the end of the effective gradient (generally, the first 10 min and last 10 min 

were excluded), which is also applicable for other analysis (e.g. MS1 and MS2 scan 

number). One charge features were filtered as peptides generally carry at least two 

charges. The cycle time, MS1 scan number, MS1 ion injection time and MS2 scan 

number in each cycle were obtained from the output file “msScans.txt”. The 

acquired and identified MS2 scan number and corresponding non-redundant 

peptide sequences and injection times were obtained from “msmsScans.txt”. Parent 

Ion Fraction (PIF) indicating the percentage of targeted peak to the total intensity 

within the isolation window (IW) was obtained from “msms.txt”. Statistics was 

performed using Microsoft Excel. The raw MS files were deposited to the 

MASSIVE database with accession ID of MSV000085240. 

 

2.3 Results and Discussion 

2.3.1 Current status of DDA acquisition on the Orbitrap Fusion mass 

spectrometer.  

In 2011, Michalski et al. reported that a standard LC-MS analysis produced 

~100,000 peptide-like features, but only ~16% of them were targeted for MS2 scans 

and 58% targeted peptides could be successfully fragmented for peptide sequencing. 

We started our study by repeating the above analysis using data generated from the 
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Orbitrap Fusion mass spectrometer (Fusion), which has both a dual cell linear ion 

trap (IT) analyzer and a high-field Orbitrap (OT) analyzer, so we could compare 

two scan modes in one instrument. We found that Fusion could acquire up to 50 

surveyed high resolution HCD-OT MS2 scans (high-high approach) or 64 surveyed 

low resolution HCD-IT MS2 scans (high-low approach) in one 3 s cycle (Figure 

2.2A-B), corresponding to a scan speed of 17 and 21 Hz, respectively, which is 

much faster than Velos (3.3 Hz) reported by Michalski et al.. They proposed at 2011 

that an MS2 scan speed of 25 Hz was required to target all detectable peptides. The 

scan speed of HCD-IT on Fusion was closed to 25 Hz, however, our data showed 

that as the scan speed and sensitivity increase, the number of detected features also 

increase. Over a gradient of 120 min, around 200,000 peptide features were detected 

by both HCD-OT and HCD-IT, which double to that of Velos over 90 min LC 

gradient. Consequently, the percentage of targeted features increase less 

dramatically as expected, with 34.6% and 36.2% for HCD-OT and HCD-IT, 

respectively (Figure 2.2C-D). Actually, around 100,000 peptide features were 

targeted for MS2 scans when increase the gradient to 220 min (Figure 2.2E), which 

was the detected feature number by Velos in 2011. Even so, there are still ~60% 

untargeted features, including some high abundance features (Figure 2.2C-D). 
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Figure 2.2 Performance of high-high approach and high-low approach by using OT 

and IT for MS2 scan on the same Orbitrap Fusion mass spectrometer. (A) and (B) 

Distribution of cycles over a 120 min gradient by using high-high and high-low 

approach, respectively. Around 50 OT scans or 60 IT scans could be acquired in 

one ‘top-speed 3 s’ cycle. (C) and (D) Frequency distribution of intensities of the 

detected, targeted and identified peptide features over a 120 min gradient time by 

using high-high and high-low approach, respectively. (E) The number of the 

detected, targeted and identified features by using high-high and high-low approach 

over different gradient of 60, 120 and 220 min. (F) The number of MS1 and MS2 

scans acquired, the ratio between them, and the MS2 identification rate over 

different gradient of 60, 120 and 220 min by using high-high and high-low approach. 

 

The high-low approach has faster scan speed than high-high approach due to the 

faster scan speed of IT analyzer than OT analyzer. Increased scan speed generated 

more MS1 scans, which facilitated the detection of low abundant peptide features 

with very short LC elution time (Figure 2.2C-D), thus more features were detected 

by high-low approach. Although more MS2 scans were also acquired by high-low 
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approach, the ratio between MS2 and MS1 scans was significantly lower than high-

high approach (Figure 2.2F). Ideally, we expect that more MS2 spectra are acquired 

in one scan cycle in DDA mode, so the scan cycle can be fully utilized for peptide 

sequencing. With short LC gradient, more features were identified by high-low 

approach, as benefit from faster scan speed. However, more features were identified 

by high-high approach with longer LC gradient. This is reasonable as OT produced 

MS2 spectra with higher resolution and the identification rate was much higher than 

IT (Figure 2.2E-F). It is therefore concluded that high-high approach is better than 

high-low approach in term of better saturation of the sequencing capacity and 

higher MS2 identification rate. 

It should be mentioned that we adopted the “top speed 3 s” method in Fusion by 

which around 50 OT scans or 60 IT scans could be acquired when the cycle is fully 

utilized for feature selection for MS2 scanning under OT resolution of 15 000, AGC 

target value of 5e4 (OT) or 1e4 (IT), and MIT of 35 ms for both OT and IT. However, 

it turned out that only 18 OT scans and 12 IT scans on average were acquired in one 

cycle (Figure 2.2A), which means the MS2 scans are underutilized in the acquiring 

cycles. This is a very critical problem in data dependent proteomic analysis. 

Shishkova et al. reported a similar conclusion that the mass spectrometer couldn’t 

acquire maximum MS2 scans in one cycle [165]. As there are still 60% features 

untargeted for MS2 scan, mass spectrometer could not find enough peptides to 

target for MS2 scans and therefore did not take advantage of high MS2 scan speed, 

especially in high-low approach. Over the 220 min MS analysis time, high-low 
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approach acquired ~2-folds more MS1 scans than high-high approach (Figure 2.2F). 

These results showed that Fusion is not busy, it just could not find enough high 

abundance peptides to target for MS2 scan. We therefore conclude that there might 

be a missing-targeted problem in precursor determination triggering algorithm 

employed by Fusion. 

2.3.2 Influence of critical MS parameters on identification rate of MS2 

spectra. 

In the DDA mode, peptide features are selected for MS2 scan by the quadrupole 

through an isolation window (IW) that only allows the precursors within the m/z 

values to pass through. But as the peptide mixture derived from the whole proteome 

is so complex that even with a narrow IW, other peptides with close m/z may be co-

eluted together and fragmented into the same MS/MS spectrum. Thus, the wider 

the IW, the more peptides will be co-fragmented. As shown in Figure 2.3A, the 

median PIF (the percentage of targeted peak to the total intensity within the IW) 

declines with wider IW. In fact, even with an IW of 0.7 Da, many features were co-

isolated into the collision cell together with other un-targeted features, as the 

median value of PIF is 0.8, with only dozens of features without co-fragmentation 

(PIF = 1). 

Theoretically, the co-fragmentation phenomenon is acceptable if all the co-

fragmented peptides from the same MS2 spectrum could be identified. In recent 

years, the development of open-search strategy has enable identification of co-

fragmented peptides [168-169]. For example, the mixing-spectra detection 
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algorithm in pFind software can export multiple precursors with different masses 

and charge states from one co-fragmented MS2 spectrum to identify more than one 

peptide [170]. In routine DDA data analysis workflow, no more than one peptide 

could be identified from one MS2 scan. Figure 2.3B shows that more MS2 scans 

were acquired as the IW was increased from 0.7 Da to 5 Da. This is reasonable as 

wider IW allows for faster injection of ions, thus increase the MS2 scan speed. As 

expected, the identification rate decreased with the enlargement of IW due to the 

increased complexity of MS2 spectra. More MS2 spectra were identified when 

using an IW of 1.6 and 3 Da, as compared to 0.7 Da and 5 Da (Figure 2.3B). This 

is because when a very small isolation window was set (e.g. 0.7 Da), the 

instrument’s hardware was not sensitive enough leading to loss of signals. But when 

the isolation window was too wide (e.g. 5 Da), the MS2 spectrum may become too 

complex to identified any peptides. Therefore, an IW of around 2 Da would be 

applicable for DDA analysis on Fusion. In recent years, data independent 

acquisition (DIA) has becoming mature by adopting much larger and consecutive 

isolation windows (e.g. 25 Da) [60, 171]. As much more features were co-

fragmented in each MS2 scans, interpretation of mixed spectra in DIA data was 

generally dependent on spectral libraries generated by DDA [172]. It is therefore 

interesting to further investigate the IW effect in the DIA setup.  
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Figure 2.3 Influence of isolation window and ion injection time on scan speed and 

identification rate of MS2 spectra. (A) Box plot of precursor ion fraction (PIF) 

under different isolation widths. (B) The number of total and identified MS2 scans 

and identification rate under different isolation widths. (C) Histogram showing 

distribution of ion injection times of acquired and identified MS2 scans under 

maximum injection time (MIT) setting of 150 ms. (D) The number of total and 

identified MS2 scans and identification rate under different MIT settings. 

 

Steady improvement of sensitivity is a characteristic of advanced MS technology. 

Higher sensitivity means less ions are required to reach the detection limit. AGC 

target value determines the number of ions injected to the mass analyzer. We set the 

maximum threshold of AGC target value to 50,000 for targeted peptides in MS2 

scans, and then set different maximum injection time (MIT) to find out how long 
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will it take for the fragment ions to reach this value under a IW of 3 Da, and how 

the MIT affect the identification results. Previously, Michalski et al. calculated the 

theoretical injection time required for peptide features with different abundance, 

and reported that many peptide features require >250 ms to reach the target value 

of 40,000 [155]. Here we found that about 22% of all the acquired MS2 scans 

required an injection time of >150 ms, and the percentage was ~18% for identified 

MS2 scans (Figure 2.3C). The majority of MS2 scans (97.4%) require an injection 

time of ≥ 20 ms. In contract to IW, the number of acquired MS2 scans decrease with 

the increase of MIT, while the identification rate increase with longer MIT (Figure 

2.3D). Although the identification rate increase, the totally identified MS2 scans 

decrease, with maximum MS2 scans identified under MIT of 35 ms. This is because 

under 35 ms of MIT, the intensity of fragment ions has reach the sensitivity of the 

MS and the data analysis software for the high and median abundance peptide 

features. As for those low abundance peptides, it’s calculated that an injection time 

of more than 2 s are required to reach the target value [155], so moderate increase 

of MIT will not ensure the accumulation of them to reach the sensitivity of the MS, 

but will decrease the number of acquired MS2 scans in every 3 s cycle.  

In DDA mode, dynamic exclusion time (DET) is an important parameter for deep 

sequencing. It restricts the pre-scanned peptide features from redundant sequencing 

for a defined period so that other peptides with lower abundance could also be 

targeted for MS2 scan. We found that without DET (0 s), the majority of the cycles 

were fully utilized to reach the threshold of 3 s, with median number of acquired 



 

40 
 

HCD-OT MS2 scans of 54 (Figure 2.4A). Figure 2.4B illustrated the number of 

acquired MS1, MS2 scans, the number of identified MS2 scans and unique peptide 

sequences under different DET settings of 0, 5, 15, 30, and 60 seconds. However, 

even with very short DET (5 s), the MS did not acquire the maximum number of 

MS2 scans, with MS2 to MS1 ratio of 26.6. Although more MS2 scans were 

acquired and identified with a shorter DET setting, most of them correspond to 

redundant peptides, with identified scan to peptide ratio (SPR) up to 4.4 without 

DET, which means that on average every peptide had been repeatedly scanned for 

4.4 times. As a contrast, we could identify more peptides with smaller SPR when 

the DET setting was increased properly.  

The maximum number of unique peptide sequences were identified using DET of 

30 s. Considering the average eluting width of targeted and identified peptide 

features was around 30 s (Figure 2.4C), we believe the suitable DET is 

approximately equal to the average peptide elution width. Longer exclusion time 

decreased the SPR, but also significantly decreased the MS2 to MS1 ratio, as more 

MS1 scans and less MS2 scans were acquired, indicating underutilization of the 

scan cycles. A precursor would be recorded in the exclusion list for a defined period 

of time, which means that other similar mass peptides eluted within this period 

might had been mistakenly excluded for MS2 scan regardless of their abundance, 

and longer DET would increase this risk. These data in Figure 2.4B therefore 

indicated that mass spectrometer could not find enough peptide to target with longer 

DET. What’s more, some high abundance peptides elute for several minutes and 



 

41 
 

they would be targeted over and over again, thus increase the SPR and wasted MS2 

scans. These results stress the importance of high-quality chromatography in getting 

more distinct MS2 scans. As different labs might adopt different methods for 

sample preparation and different LC columns for peptide separation, it’s 

recommended to optimize their own DET settings. It should be aware that apart 

from chromatography, other factors might also affect DET, such as interferences, 

which are largely affected by sample preparation procedure. The optimized DET 

setting here might not be generically applied for all proteomic applications, and 

case-by-case care should be taken for the optimal DET setting. 
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Figure 2.4 Influence of dynamic exclusion time on avoiding redundant sequencing 

and cycle utilization efficiency, and correlation with peak width. (A) Distribution 

of time and number of MS2 scans in each cycle by using dynamic exclusion time 

of 0 s. (B) The MS2 to MS1 ratio and SPR (identified MS2 scans to peptide 

sequences ratio) under different dynamic exclusion settings of 0, 5, 15, 30, and 60 

seconds. (C) Frequency distribution of peak widths for detected, targeted and 

identified peptide features.  

 

2.3.3 Synchronization with high quality LC separation is critical for DDA.  

While we have seen significant improvement for MS instrumentation over the last 

decade, improvement in LC separation been legged behind, and different MS 
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laboratories prefer individual LC method and condition. Nowadays, deep coverage 

of proteomes from higher organisms still requires more than one day of MS running 

time, which have partially been attributed to the imperfect performance of 

chromatography [165]. Therefore, we tried to improve the quality of peptide 

separation by optimizing some key parameters in chromatography.  

The commonly used analytical column is 75 μm inner diameter (i.d.) capillary silica 

packed with 10~15 cm of 3 μm or 5 μm C18 [173-176]. For example, Hsieh et al. 

examined the influence of column lengths and gradient lengths on peptide 

identifications by using 75 μm column packed with 4 μm C18 resin [177]. Longer 

column packed with smaller C18 particles were also routinely used in order to 

increase peak capacity [165, 178], but specially-made heating oven were needed to 

heat the column to high temperature (e.g. 50 oC) so as to reduce the back pressure 

[158]. Both the long column packing and heating are difficult to maintain. Another 

promising way to increase the peak capacity is to pack a normal length column with 

bigger i.d. and smaller C18 particles [179-180]. As shown in Figure 2.5A, the 100 

μm i.d. column has narrower peptide elution width than the 75 μm i.d. column, 

which also shows higher SPR. 

Next, we investigate the influence of flow rate. Tryptic peptides derived from 1 μg 

of 293T cell lysate were separated over a 60 min gradient under flow rate of 200 

nL/min, 300 nL/min and 400 nL/min. Our 100 i.d. column could easy reach the 

flow rate of 400 nL/min without heating. As shown in Figure 2.5A, with increasing 

flow rate from 200 nL/min to 400 nL/min, the peak width is decreasing linearly. 
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What’s more, another advantage of higher flow rate is that peptide peaks could be 

eluted out the column faster, so MS time could be saved under the same effective 

gradient. As shown in Figure 2.5B, when using a flow rate of 400 nL/min, peptides 

were eluted out of the column in 5 min, which was shorter than 9.4 min by 200 

nL/min. Long gradient length generally increases peptide identification, but the 

problem is that peak width is also increased, thus increase the chance of redundant 

sequencing. We compared the influence of gradient time on peak width by using 

the 100 i.d. column packed with 1.9 μm C18 beads. As shown in Figure 2.5C, the 

SPR increases along with the increase of gradient time. So a medium gradient 

length (120 min) could yield high identification efficiency.   
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Figure 2.5 Optimization of chromatography. (A) Average peak width and SPR of 

detected, targeted and identified peptides under different flow rate and different 

columns over a 60 min gradient. (B) Initial time for peptides to elute out of the 

analytical column under different flow rate. (C) Average peak width and SPR of 

detected, targeted and identified peptides under different gradient time. 

 

In quantitative proteomics, the spectra intensity is in correspondence to the 

abundance of peptides [181]. However, due to the limited loading capacity of nano-

flow column and potential influence of matrix effects, sample loading amount 

should be properly optimized [182-183]. Kelstrup et al. reported that the maximum 

loading capacity of the 75 i.d. column was around 1 μg [184], as they identified 

similar number of peptides and proteins between 1 μg and 10 μg. Similarly, our 

results showed that the number of identified MS2 scans and peptide sequences were 

similar between sample loading amount of 1 μg, 2 μg, 4 ug and 8 μg (Figure 2.6A). 
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We want to know whether this is really due to the limited LC loading capacity, as 

the loading capacity of the 100 i.d. column packed with 1.9 μm C18 should be 

bigger than 75 i.d. column. As shown in Figure 2.6B, there was only a slight 

increase in the peak width as peptide loading amount increase from 1 μg to 8 μg, 

which means that even loaded with 8 μg peptides, the chromatographic performance 

of the column was not significantly compromised.  

Theoretically, as loading with more amount of peptides does not significantly 

increase the peak width, the ion intensity should be increased accordingly. Indeed, 

loading amount of 0.2 μg and 0.5 μg proved this, as the median intensity ratio 

between them is around 2.5 at both peptide and protein level (Figure 2.6C-D). 

However, when the loading amount was more than 1 μg, the quantification results 

was less and less correlated. As the chromatography was only mildly affected, we 

moved on to investigate the MS part. Unlike MS2 scans that requires long ion 

injection time and still many of them cannot reach the target value (Figure 2.3C), 

all the MS1 scans have reach the recommended target value of 200,000 in a short 

injection time (Figure 2.6E). Even for the loading amount of 0.2 μg, no more than 

20 ms were required for all the MS1 scans to reach the target value (Figure 2.6F). 

When the loading amount was greater than 2 μg, the average injection time was less 

than 1 ms, which means the orbitrap analyzer was saturated instantly. We therefore 

reason that the MS was saturated under similar injection time when loaded with 

more peptides (e.g. ＞2 μg) and therefore cannot quantify peptide according to 

their loading amounts. Therefore, to extending the dynamic range of quantification, 
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a recommended MS parameter setting should be: (1) maximum injection time of 

MS1 scan should not be ＜1 ms; (2) the AGC target value should be set higher (e.g. 

1e6 on Fusion); (3) and no more than 2 μg peptides should be loaded into the typical 

nano LC column. 

 

 

Figure 2.6 Influence of sample loading amount on peak width and MS1-based 

quantification. (A) The number of acquired and identified MS2 scans and peptide 

sequences under different peptide loading amounts. (B) Average peak width and 

SPR of detected, targeted and identified peptides under different peptide loading 

amounts. (C) and (D) Intensity ratio distribution between different sample loading 

amounts at both peptide level (C) and protein lever (D). (E) Histogram showing 

frequency distribution of MS1 ion injection times under loading amount of 0.2 μg 

and 8 μg. (F) Box plot comparing MS1 ion injection times under different peptide 

loading amounts. 
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2.3.4 Improvement in precursor determination algorithm and scan speed 

allows for deep proteome profiling by the HF-X mass spectrometer. 

As we discussed above, the MS2 scans on Fusion were underutilized as mass 

spectrometer could not find enough peptides to target for MS2 scan. We reasoned a 

potential issue for peptide feature picking algorithm. Previously, Zhang et al. 

developed an advanced-peak-determination algorithm for the Orbitrap Fusion 

Lumos platform, which significantly increased the peptide identification number by 

twice as compared with the standard peak algorithm [166]. We are not specialized 

at writing algorithm, so we therefore performed a similar evaluation on the Q 

Exactive HF-X mass spectrometer with scan speed up to 40 Hz and an advanced 

peak detection algorithm, named Advanced Precursor Determination [156]. Figure 

2.7A-B show that the MS2 utilization and the percentage of targeted features have 

improved significantly. When we set a top 50 method for precursor selection, and a 

MS2 scanning resolution of 7500, 50 MS2 scans were almost fully utilized in less 

than 2 s, and therefore the scan speed could reach 41 Hz (Figure 2.7A). Of the 

~120,000 features detected in a 60 min gradient, 64.0% of them were targeted for 

MS2 scans (Figure 2.7B), which almost double the feature target rate by HCD-OT 

or HCD-IT on Fusion (Figure 2.7C). In addition, the number of identified proteins 

and unique peptides were also significantly increased (Figure 2.7D). It is therefore 

necessary to improve the precursor determination algorithm at the same time while 

improving the scan speed and sensitivity, otherwise the MS2 scans would not be 

well utilized. 
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By combining various off-line and online fractionation techniques with the faster 

and more sensitive MS instruments, proteome coverage has been improved 

significantly [157, 185-186]. Recently, our lab developed a simple and integrated 

proteomics sample preparation technology SISPROT [167], which simplify sample 

processing procedure, shorten sample processing time, and can perform high pH 

RP fractionation in an integrated manner. We further compared the performance of 

Fusion and HF-X for deep proteome profiling. Twenty micrograms of 293T cell 

lysate was digested and fractionated into 5 fractions by SISPROT. While their 

performance is similar for single-shot LC-MS analysis, high-high approach 

outperformed high-low approach by using the same 2 h effective LC gradient time 

and 5 high-pH RP fractionation. HF-X outperformed high-high approach on Fusion 

in terms of unique peptide number by using only half of the MS time, no matter for 

single-shot experiment or fractionation experiment (Figure 7D). By analyzing 5 

fractions using 2 h effective LC gradient, approximate 110 000 unique peptides 

corresponding to ~9200 proteins were identified by HF-X, demonstrating excellent 

performance of the state-of-the-art mass spectrometer with optimized LC-MS 

parameters. 
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Figure 2.7 Performance of Q Exactive HF-X (HF-X), as compared to Orbitrap 

Fusion using OT and IT for MS2 scan. (A) Distribution of cycle time and number 

of MS/MS scans in each cycle by HF-X using Top50 method for precursor selection. 

The majority of cycles were fully utilized with 50 MS2 scans acquired. (B) 

Histogram of intensities of the detected, targeted and identified features by HF-X 

over a 60 min effective gradient. (C) Comparison of Fusion-OT, Fusion-IT and HF-

X in terms of scan speed, feature targeted rate and MS2 identification rate. (D) 

Performance of Fusion-OT, Fusion-IT and HF-X using different gradient times.  
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2.4 Chapter summary 

We have systematically compared and optimized the performance of high-high and 

high-low approach on the same Orbitrap Fusion MS in terms of scan speed, cycle 

utilization, and peptide feature targeting and identification rate. High-high approach 

outperformed high-low approach regarding better saturation of the scan cycle and 

higher MS2 identification rate, especially with longer LC gradient and fractionation. 

Furthermore, we found the coordination of LC and MS setting is critical to better 

saturation of the sequencing capacity. Dynamic exclusion time is a critical 

parameter in avoiding redundant sequencing, and should be set properly according 

to the performance of the LC column. Analytical column with larger inner diameter 

and packed with smaller C18 particles could achieve narrower peak width and 

higher loading capacity. However, peptide loading amount should be optimized to 

avoid excessive saturation of the MS. By combining with SISPROT for sample 

preparation, more than 9000 proteins and 110,000 unique peptides were identified 

by using only 10 hours of effective LC gradient time on the Q Exactive HF-X. The 

transparent LC-MS optimization workflow and analysis presented in this study is 

therefore critical for fully utilizing the advanced MS instrumentation for proteomic 

experiments. The optimized LC-MS settings laid a solid foundation for LC-MS 

based proteome and glycoproteome analysis in other chapters of the thesis work. 
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Chapter 3 Development of immunohistochemistry-based laser 

microdissection for cell type-resolved proteome profiling of tumor 

Tissue 

3.1 Introduction 

Tumors are heterogeneous ecosystems comprised of malignant cancer cells and 

non-malignant stromal cells, such as cancer-associated fibroblasts (CAFs), 

immune-inflammatory cells and endothelial cells [1]. These cell populations are of 

significant heterogeneity, as manifested in distinct genetic, transcriptomic and 

proteomic properties, understanding of which would have great therapeutic 

significance [2]. Proteome profiling of bulk tumor tissue samples has gained rich 

molecular information about cancer biology [110-111]. However, proteomic studies 

of bulk tissue would lose spatial information for explaining the heterogeneity of 

different cell types in these complex tissue architectures. To avoid the averaging 

effect and to gain deeper insight into the local cell microenvironment, cell type-

resolved proteome profiling of tissues is essential and has drawn more and more 

attention in the proteomics society. 

One approach to isolate different cell populations from tissues is cell sorting 

techniques. Tissue is processed into a single-cell suspension before labeling with 

specific markers for sorting. MACS and FACS are two popular cell sorting 

techniques. However, these isolation strategies inevitably lose spatial information 

of cell populations within local tissue microenvironment. Besides, fresh tissues are 

required, which preclude the availability for long-term preserved tissues, such as 
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frozen tissues and FFPE tissues. Laser capture microdissection (LCM) is a powerful 

technique to separate histologic regions or homogeneous cell types from tissues 

without losing in situ information.[126-127] What’s more, nearly any tissue types 

could be processed by LCM. Proteomic profiling of LCM samples is challenging, 

as typically low microgram of proteins could be harvested. Thus, efforts have been 

focused on integrated sample preparation techniques (such as FASP, “single-tube” 

and SP3 described in section 1.3.2 of chapter 1) to reduce sample loss and therefore 

increase sensitivity of LCM-based proteomics.  

In conventional LCM-based cell-type proteomic analysis, target cell populations 

were discriminated from H&E stained sections by morphological examination, 

which is difficult and time-consuming to identify cell populations without 

prominent features from surrounding cells, and sections often need to be examined 

by experienced pathologist before LCM. Immunohistochemistry (IHC) is widely 

used for accurate discrimination of different cell types by staining with antibody 

targeting cell-type specific markers. For example, fibroblast activation protein, α-

smooth muscle actin (also named α-SMA) have been used as markers of cancer-

associated fibroblasts (CAFs) [187], while KRT19 as marker of HCC cancer cells 

[188-189]. So it would be much easier and more accurate to harvest target cells by 

LCM from sections stained by IHC with cell-type specific markers [190]. IHC-

based LCM of FFPE section for DNA methylation analysis has been reported [191]. 

Another study used IHC to guide LCM for isolating multiple sclerosis lesions from 

human brain sections (no staining) for proteomic analysis [136]. 
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However, the performance of proteomic profiling directly on IHC sections is largely 

unknown. Previously, we developed an integrated sample preparation technology 

SISPROT [167], and successfully applied it for proteome profiling of colon cancer 

tissue sections visualized by H&E staining and harvested by LCM [137]. In this 

chapter, we aimed to explore the performance of proteomic profiling on IHC stained 

sections by using SISPROT for sample preparation, termed IHC-SISPROT. We 

preferred frozen tissue section for IHC rather than formalin fixed paraffin 

embedded (FFPE) section because similar to FFPE tissue, fresh-frozen tissue is also 

a commonly kept sample type. What’s more, frozen section can be made within 10 

min, while it takes two to three days to fabricate FFPE section. We first optimized 

a decrosslinking procedure for formaldehyde fixed section so as to seamlessly 

combine with SISPROT. Then we compared data DDA and DIA for data acquisition 

of IHC-SISPROT samples. Finally, to test its practicability, we applied this newly 

developed approach for spatial proteome analysis of cancer cells and CAFs on HCC 

samples.  

  

3.2 Materials and methods 

3.2.1 Frozen tissue section preparation, IHC and LCM 

Human HCC tissue sample was obtained from Shenzhen People's Hospital with 

approval by the Medical Ethics Committee of Shenzhen People's Hospital. HCC 

tissue obtained from surgery was immediately frozen in liquid nitrogen and stored 

at -80 oC for further use. HCC tissue sections were prepared as described previously 
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with a thickness of 12 μm, and then mounted onto a PEN-membrane glass slides 

(Leica) [192]. 

For IHC staining, frozen sections were fixed with 4% (w/v) formaldehyde for 1 h. 

Then, endogenous peroxidase was inactivated by 3% (w/v) hydrogen peroxide for 

10 min. The sections were washed three times with PBS buffer before blocking with 

10% goat serum (Boster Biological Technology) at 37 oC for 30 min, followed by 

incubating with β-actin (Abcam, 0.2 µg/mL), KRT19 (also known as CK19, Abcam, 

0.8 µg/mL) or ACTA2 (also known as α-SMA, Cell Signaling Technology, 1:500) 

primary antibody with indicated concentrations or dilution ratio for 1 h at 37 °C. 

The sections were washed with PBS, then incubated with HRP-conjugated 

secondary antibody (Dako) at room temperature for 30 min. The signal was detected 

with a 3,3′-diaminobenzidine (DAB) detection kit (Dako) according to 

manufacturer’s instructions. Finally, hematoxylin was used to stain nucleus, and 

then sections were dehydrated via ethanol series. LCM was performed as previously 

described using a LMD7000 system (Leica) [192]. For cell type-resolved proteomic 

analysis of HCC, CK19-stained cancer cells and α-SMA stained CAFs were 

collected by LCM with an accumulated area of 5 mm2.  

3.2.2 Protein extraction, decrosslinking and SISPROT 

Three lysis buffers were compared for protein extraction and decrosslinking 

efficiency. Buffer 1 is optimized from our previously described SISPROT lysis 

buffer [167], containing 1% (w/v) DDM, 600 mM guanidine HCl, 150 mM NaCl, 

10 mM HEPES, pH 7.4, and 15 mM Tris(2-carboxyethyl) phosphine hydrochloride 
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(TCEP). The TECP was newly added and protease inhibitors was removed as 

protease activity had been blocked by fixation in 4% (w/v) formaldehyde. Buffer 2 

and 3 are 4% (w/v) SDS buffer and 8 M Urea buffer, both contains 15 mM TCEP, 

50 mM Tris-HCl, pH 7.8. Frozen tissue sections were fixed by 4% (w/v) 

formaldehyde for 1 h. Proteins were extracted by sonication using a water bath 

sonicator (AutoScience) in different lysis buffers, then decrosslinked by heated at 

95 oC for 30 min before subjected to SDS-PAGE analysis. To optimize 

decrosslinking time, proteins extracted from formaldehyde-fixed tissue sections by 

buffer 1 were heated at 95˚C for 15 min, 30 min, 45 min, 60 min and 90 min, then 

subjected to SDS-PAGE analysis. To compare decrosslinking efficiency by LC-MS, 

proteins were decrosslinked in different lysis buffers and digested using an in-

solution digestion protocol as previously described [192].  

Protein digestion and desalting of IHC-based LCM samples were performed by 

SISPROT with optimized procedure [167]. Briefly, TCEP was added to the lysis 

buffer so decrosslinking and reduction could be performed simultaneously during 

the heating process. Then the lysate was acidified to pH 2-3 and loaded onto the 

conditioned SISPROT tip packed with two plugs of C18 disk (3 M Empore, U.S.A.) 

and 1.5 mg of 20 μm POROS SCX beads (Applied Biosystems, U.S.A.). Proteins 

were purified by washing with 80% (v/v) acetonitrile (ACN) in 8 mM potassium 

citrate buffer, pH 3. The spintip was washed with water before infusing with 5 μL 

digestion buffer containing 1 μg trypsin (Promega), 10 mM iodoacetamide, and 50 

mM ABC, and incubated at 37 oC for 1 h. Peptides were eluted to the C18 disk in 
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the same spintip for desalting by 200 mM ammonium formate (pH 10).  

For spectral library generation, the fresh frozen tissue was grinded to powder in 

liquid nitrogen and lysated in SISPROT buffer containing 1% (w/v) DDM, 600 mM 

guanidine HCl, 150 mM NaCl, 10 mM HEPES, pH 7.4, and protease inhibitors. 

Protein concentration was measured by BCA method (Thermo Scientific). 20 μg of 

proteins were loaded onto the SISPROT device for reduction, alkylation and 

digestion as described previously [167]. Then peptides were fractionated into 5 

fractions by increased gradient of acetonitrile (3, 6, 9, 15, and 80%) in 5 mM 

ammonium formate (pH 10). 

3.2.3 LC–MS/MS analysis 

LC-MS/MS were performed on an Easy-nLC 1200 system coupled to a Q Exactive 

HF-X mass spectrometer (Thermo Fisher Scientific). Peptide samples spiked with 

the iRT peptides (Biognosys) for retention time calibration were separated by a 100 

μm i.d. capillary column in-house packed with 20 cm of 1.9 μm/120 Å C18 beads 

(Dr. Maisch GmbH) at a flow rate of 250 nL/min. The total gradient time was 45 

min for method optimization experiments using DDA and the total gradient time 

for DIA experiments was 140 min. The LC gradient went from 3 to 7% (v/v) ACN 

buffered by 0.1% (v/v) formic acid in 2 min, then increased to 22% (v/v) ACN over 

25 min (100 min for DIA), followed by increase to 35% (v/v) ACN in 5 min (20 

min for DIA). This was followed by a 2 min increase to 80% (v/v) ACN and 

maintained for 11 min (16 min for DIA). 

For DDA analysis, the full MS scan covered mass range of 350-1550 m/z with 
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resolution of 120,000 at m/z 200, AGC target value of 3e6, and injection time of 60 

ms. Following each MS1 scan, 30 most abundant precursors were selected through 

an IW of 1.2 Da, and fragmented by HCD at NCE of 27%. Fragment spectra were 

scanned with a resolution of 7500, injection time of 15 ms and intensity threshold 

of 1e5. For DIA analysis, the MS1 scan was the same as in DDA. Each MS1 was 

followed by 40 variable DIA windows with 0.5 Da overlap (Table 3.1), covering 

m/z range of 350-1550. All the precursors within each isolation window were 

fragmented using stepped NCE of 25%, 27%, and 30%. The resulting spectra was 

recorded in profile mode at resolution of 30,000 with AGC target value of 3e6 and 

auto ion injection time. 
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Table 3.1 Variable DIA windows covering 350-1550 m/z with 0.5 m/z overlap 

between adjacent windows. 
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3.2.4 Data analysis 

DDA files were searched against Uniprot Human protein database (74,416 entries, 

downloaded on June 22, 2019) by using MaxQuant (v1.5.5.1) [193]. Deamidation 

(NQ) was added as dynamic modification. The “Label-free quantification” and 

“Match between runs” were selected, and the other settings were default. DIA data 

analysis was performed using Spectronaut (Version 11.0) with default settings 

except decoy generation was set to mutated [194]. The MaxQuant result of 

fractionated samples was loaded into Spectronaut 11.0 (Biognosys) for library 

generation using default settings with a FDR cutoff of 0.01 for both peptides and 

proteins. The generated library, which comprises 8007 protein groups, 90100 

peptides, and 744,847 fragment ions were used for DIA data extraction with a FDR 

cutoff of 0.01 for both peptides and proteins. The protein quantification results from 

Spectronaut were imported into Perseus for further statistical analysis [195]. Protein 

abundances were log2 transformed. Missing values were imputed based on a normal 

distribution (width, 0.3; downshift, 2). Significantly different proteins were 

calculated using two-sample student’s t-test (FDR of 1% and s0 value of 2). Kyoto 

Encyclopedia of Genes and Genomes (KEGG) pathway analysis of significant 

proteins was performed using DAVID Bioinformatics Database (version 6.8) [196]. 

Fisher’s Exact test was performed to calculate significant clusters. Prediction of 

protein-protein interactions were performed using STRING (version 11.0) [197]. 

The raw MS files have been deposited to the MASSIVE database and can be 

accessed by ID of MSV000085131. 
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3.3 Results and discussion 

3.3.1 Design of the IHC-SISPROT approach 

Cancer tissues are often comprised of various cell types. Proteomic studies of bulk 

tissue would therefore lose spatial information when exploring tumor heterogeneity. 

LCM is a powerful technique to separate histologically defined cell-types from 

tissue sections without losing spatial information [126]. Conventionally, tissue 

sections are stained with H&E before LCM [134, 137]. However, it generally 

requires experienced pathologists to distinguish different cell types, which hampers 

the application of LCM. Furthermore, low protein output characteristic of LCM 

samples requires integrated sample preparation strategy. Here, we designed an IHC-

SISPROT approach for accurate dissection of specific cell types and integrated 

sample preparation for proteomic analysis (Figure 3.1). Targeted cell type is stained 

by IHC using antibody for cell-type specific marker proteins. After LCM, the tissue 

sections are decrosslinked before sample preparation using the integrated SISPROT 

spintip device. The SISPROT procedure was optimized for the IHC samples. 

Previously, the reduction step was performed after sample loading. To further take 

advantage of the heating step, we added the reduction reagent TECP into the 

SISPROT buffer, so decrosslinking and reduction of disulfide bonds could be 

performed simultaneously. After sample loading, proteins captured by SCX beads 

were clean-up by washing with water and ACN, followed by simultaneous 

alkylation and trypsin disgestion. The resulting peptides are directly analyzed by 

LC-DIA-MS.  
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Figure 3.1 Workflow for spatial proteome profiling of tumor microenvironment by 

combining immunohistochemistry-based laser capture microdissection, SISPROT 

and data independent acquisition mass spectrometry. 

 

3.3.2 SISPROT compatible decrosslinking of proteins 

One of the main challenges for MS-based proteomic analysis of formaldehyde-

fixed tissues is chemical crosslinking of proteins. So decrosslinking is a necessary 

step for sample preparation of fixed tissues before MS analysis. Previous studies 

have shown that heating in 4% (w/v) SDS buffer could efficiently decrosslink 

proteins, even if the tissue has been stored in fixation buffer for six months [198-

199]. But 4% (w/v) SDS is not compatible with integrated sample preparation 

technology SISPROT. Therefore, we tested whether the SISPROT buffer is also 

suitable for decrosslinking. Tissue sections were fixed by 4% (w/v) formaldehyde 

for 1 h. Proteins were extracted by using different lysis buffers, heated at 95 oC for 

30 min and separated by SDS-PAGE under reducing conditions. Proteins were 

visualized by coomassie brilliant blue (CBB) staining. Due to heavy crosslinking, 

crosslinked protein complexes could not even penetrate into the stacking gel 
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without decrosslinking (Figure 3.2A, left panel). After heating at 95 oC for 30 min, 

the proteins were efficiently decrosslinked in both SDS buffer and SISPROT buffer 

because most protein bands were recovered as compared to the sample without 

formaldehyde fixation (the “fresh” lane). The intensity of proteins decrosslinked in 

8 M urea buffer was weaker than in other two buffers, which may be caused by 

decomposition of urea under high temperature, thus lead to protein precipitation. 

Urea could also lead to additional modifications of proteins and mass shifting [200]. 

Therefore, urea buffer is not suitable for decrosslinking. After 30 min of heating in 

SISPROT buffer, we could still observe some crosslinked product at the top of 

stacking gel, so we optimized the heating time for complete decrosslinking. As 

shown in Figure 3.2A (right panel), the crosslinked proteins held up at the stacking 

gel gradually decreased with the increase of heating time. When heated for 60 min, 

no more proteins were retained by the stacking gel. However, when the heating time 

was prolonged to 90 min, the protein bands became smeared, indicating potential 

degradation of proteins. What’s more, the number of protein groups and unique 

peptides identified and quantified from protein samples decrosslinked in SDS 

buffer and SISPROT buffer for 60 min were similar to the sample without 

crosslinking (Figure 3.2B). Therefore, 60 min was the optimized time for 

decrosslinking of proteins in SISPROT buffer. 
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Figure 3.2 Optimization of SISPROT compatible decrosslinking of formaldehyde-

fixed tissue section. (A) Comparison of protein extraction efficiency by different 

lysis buffer (left pannel) and different heating time (right pannel). Tissue sections 

were fixed by 4% (w/v) formaldehyde for 1h (left pannel). Proteins extracted by 

SISPROT buffer with heating at 95 oC (right panel). “Fresh” is protein sample 

extracted from tissue section without fixation. (B) The number of protein groups 

and unique peptides identified (ID) and quantified (LFQ) from protein samples 

decrosslinked in different buffers or without decrosslinking. n = 2, technical 

replicates. 

 

3.3.3 Good compatibility of IHC-SISPROT for IHC stained tissue section  

Conventionally, tissue sections are stained with hematoxylin for histological 

examination to identify specific cell type before LCM [134-135, 201]. IHC staining 

using antibodies for cell type-specific markers can significantly increase the 

accuracy and efficiency of LCM. As shown in Figure 3.3A, the location of cancer 

cells were clearly showed after IHC staining using antibody targeting CK19, while 

it’s not so easy to pinpoint the border of cancer cells via hematoxylin staining. But 
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the concern is whether IHC would affect protein identification due to extra steps as 

compared to hematoxylin staining (Figure 3.3A). For comparison, 1 mm2 of the 

same region of hematoxylin-stained or IHC-stained (targeting β-actin) sections was 

dissected out by LCM. Here we used antibody targeting β-actin as it’s a high 

abundance protein ubiquitously expressed regardless of cell types, thus could serve 

as a representative example. Proteins were extracted by sonication in SISPROT 

buffer and heated (IHC-stained section) before SISPROT procedure. Similar 

chromatographic peaks and peak intensities were obtained from tissue sections 

stained with hematoxylin or IHC targeting β-actin (Figure 3.3B). Although fewer 

peptides were identified from IHC-stained section, we identified and quantified 

almost the same number of proteins from sections stained by the two methods 

(Figure 3.3C), and most of the proteins were commonly identified (Figure 3.3E). 

Moreover, the LFQ ratios of proteins commonly quantified between IHC staining 

and hematoxylin staining displayed a normal distribution with median ratio of 1.0 

(Figure 3.3E). These results indicate that IHC staining has comparable performance 

as hematoxylin staining for proteomics analysis, so we did not design further 

experiments to validate the effect of every steps of IHC staining. We proposed some 

possible reasons for the fewer identified peptide number. The number of unique 

peptides identified from IHC-stained section was fewer than those from 

hematoxylin-stained section, which might be due to the following reasons. Firstly, 

the introduction of primary and secondary antibodies, although the majority of them 

should had been washed away except those binding to target proteins (we got a clear 
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background of IHC staining), which would affect peptide identification as peptides 

from the two antibodies would interfere the LC separation and MS identification of 

low-abundance peptides. We tried to identify and quantify the peptides derived 

from rabbit IgG (primary antibody) and goat IgG (secondary antibody), but we 

could not find their sequences in the Uniprot database. Secondary, extra washing 

steps in IHC staining procedure compared with hematoxylin staining might also 

cause sample loss and affect peptide identification. The color-developing agent, 

DAB and hematoxylin, should had minor effect as proteins captured by SCX beads 

were clean-up by washing with water and ACN. 
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Figure 3.3 Comparison of hematoxylin and IHC-stained tissue sections for 

proteomic analysis. (A) Comparison of workflow and staining effect. The extra 

steps of IHC compared to hematoxylin staining is highlighted in red box (left panel). 

Cancer cells were clearly marked out by IHC staining as compared to hematoxylin 

staining (right panel) (B) The chromatographic peaks of peptide samples prepared 

from tissue sections stained with hematoxylin (top) or IHC targeting β-actin 

(bottom). (C) The number of protein groups and unique peptides identified (ID) and 

quantified (LFQ) from hematoxylin and IHC-stained sections (1 mm2 and 12 μm 

thickness). (D) Common and unique proteins identified from hematoxylin and IHC-

stained tissue sections. (E) Ratio distribution of proteins commonly quantified by 

hematoxylin staining and IHC staining. 
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3.3.4 High sensitivity of IHC-SISPROT by combining with DIA 

To increase proteome coverage, fractionation of peptide samples followed by DDA 

mass spectrometry is a common strategy. However, it’s time-consuming and 

generally requires milligram level starting material. As LCM often produce 

submicrogram of proteins, peptide fractionation is therefore not favorable for LCM-

based proteome profiling. Although small-scale fractionation can be performed by 

in-tip method [202-203], as low as several micrograms of peptide samples are 

needed for getting deep proteome coverage [203]. DIA on latest mass spectrometers, 

such as Q Exactive HF-X, has been proved to be a favorable method for single-shot 

proteomics with good quantification precision [204]. A project-specific library that 

contains MS coordinate information can significantly improve data extraction 

accuracy and proteome coverage [205]. As the limited access of LCM samples 

makes them not suitable for peptide fractionation to build a large library, we divided 

a bulk tissue into two parts (Figure 3.4A). One part was used to build the library by 

SISPROT-based protein digestion and peptide fractionation and DDA profiling, and 

the other part was used for IHC-based LCM and analyzed by DIA method with 

variable window adopted from a previous study [206]. By using only 20 μg of bulk 

tissue sample and analyzing by 5 fractions and 12 h of MS time, we generated a 

spectral library containing 8007 protein groups, 90100 peptides and 744847 

fragment ions. This project specific library comprise proteins from various cell 

types of HCC tumor tissue, thus can be used for cell type-resolved analysis of 

proteome heterogeneity via DIA approach. 
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Figure 3.4 Comparison of DDA and DIA modes for analyzing IHC-SISPROT 

samples. (A) Workflow for building project specific library and DIA analysis for 

the same tissue sample. (B) The number of protein groups quantified by DDA and 

DIA in three replicates of repeated injection and in combination of three replicates. 

(C) The common and unique proteins quantified by DDA and DIA in all three 

replicates. (D) Example of correlation of protein intensities between two replicates 

of DDA and DIA analysis. (E) The coefficient of variation (CV) of protein 

abundances quantified by DDA and DIA. 

 

We first compared the quantification depth and accuracy of DDA and DIA. Peptide 

sample harvested by IHC-SISPROT protocol was analyzed by single shot DDA or 

DIA using a 140 min LC gradient in technical triplicates. As shown in Figure 3.4B, 

5106 and 6390 protein groups were quantified by DDA and DIA in combination of 

three replicates, and the identification reproducibility of DIA was better than DDA. 
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The majority of proteins quantified by DDA were covered by DIA, with 2197 more 

proteins only quantified by DIA (Figure 3.4C). A recent study also demonstrated 

that DIA outperforms DDA in terms of identification and quantification depth, 

especially when low protein amount is used [207]. Although DDA had slightly 

better correlation than DIA due to a few scattered proteins in DIA (Figure 3.4D), 

the quantification accuracy between the two methods was comparable, with a 

median CV of 4.8% and 3.8% for DDA and DIA, respectively (Figure 3.4E). By 

combining IHC-SISPROT with DIA acquisition, more than 3500 protein groups 

were quantified from only 0.2 mm2 of tissue section (12 μm thickness), and the 

identified protein number increased to around 6000 when tissue section area was 

increased to 1 mm2 (Figure 3.5A). Furthermore, the ratios of protein intensities were 

well correlated with the tissue section areas. The median ratio was 5.7 when 

compared 1 mm2 to 0.2 mm2, while the median ratio was around 2 when compared 

2 mm2 to 1 mm2 (Figure 3.5B). The ratios between 10 mm2 and 2 mm2 were less 

correlated, which might be due to saturation of LC-MS when using 10 mm2 tissue 

section as starting material. According to our previous experience, 10 mm2 of tissue 

section (12 μm thickness) contains around 10 μg proteins [137, 192], which has 

saturated the MS1 scan according to our LC-MS optimization in Chapter 2. 

Previously, our group identified around 5000 proteins with DDA mode and 5 high 

pH reversed phase fractions prepared from tissue section of 5 mm2 (10 μm thickness) 

[137]. Here, without fractionation, we achieved compatible proteome coverage by 

single-shot DIA analysis, proving superior sensitivity and quantification precision 
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of the newly developed approach. We presented here the deepest proteome profiling 

of HCC cancer cells and CAFs through LCM-based proteomics. 

 

 

Figure 3.5 Sensitivity of IHC-SISPROT by combining with DIA for analyzing 

different section areas. (A) The number of peptides and protein groups quantified 

by DIA by using different section areas. (B) Ratio distribution frequency of protein 

intensities between different section areas. 

 

3.3.5 Spatial proteome profiling of HCC cancer cells and CAFs 

We examined the combination of IHC-SISPROT and DIA for profiling the 

proteome of two major cell types in HCC tumor microenvironment. For accurate 

microdissection, cancer cells and CAFs of fresh frozen HCC tissue sections were 

stained by IHC targeting KRT19 and α-SMA, respectively (Figure 3.6A). Following 

IHC staining, an accumulated area of 5 mm2 (12 μm thickness) of each cell type 

was collected by LCM. Proteins were extracted, decrosslinked and subjected to 

SISPROT for clean-up, digestion and desalting. Using 2 h effective LC gradient 

and DIA acquisition mode with 40 variable windows, we quantified 6660 and 6052 
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protein groups with similar dynamic ranges (6 orders of magnitude) in triplicate 

analysis of cancer cells and CAFs regions from three different sections of the same 

patient tissue, respectively (Figure 3.6B). Excellent quantification precision was 

achieved with Pearson’s correlation of 0.96-0.98 (Figure 3.6C). Volcano plot shows 

that 869 (orange) and 799 (blue) proteins are over-represented (two-sided t-test 

FDR < 0.01, s0 = 2) in cancer cells and CAFs, respectively.  

 

Enriched KEGG pathways of these proteins reveal different biological 

characteristics between cancer cells and CAFs (Figure 3.6D). Cancer cells were 

enriched for known HCC markers, such as GPC3, CKD1 and TLR2. GPC3 is a 

promising target for immunotherapy of HCC [208]. Blocking CDK1 could increase 

the efficacy of kinase inhibitor Sorafenib in treatment of HCC [209], and TLR2 was 

showed to has immunosuppression effect of HCC [210]. Top pathway hits were 

mainly involved in metabolism of various substrates. For CAFs proteome, well-

known markers of CAFs were enriched, for example, COL1A1, COL14A1, 

MYH11, VIM. In enriched pathway analysis, 36 proteins of the extracellular matrix 

(ECM)-receptor interaction pathway were overexpressed in CAFs (Figure 3.6D). 

ECM related proteins is well-characterized for cancer invasion and metastasis 

through ECM remodeling [211-212]. Our results indicated that this enrichment is 

caused by CAFs instead of cancer cells of HCC, proving the necessity for cell-type 

resolved proteome analysis of tumor tissues. To further investigate potential 

crosstalks between cancer cells and CAFs in the local tumor microenvironment, 

protein-protein interactions between differentially expressed proteins of cancer 
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cells and CAFs were predicted using STRING. Interestingly, we found several 

extracellular proteins overexpressed by CAFs have predicated interaction with 

plasma membrane receptors overexpressed by cancer cells (Figure 3.6E). For 

example, BGN (Log2 FC = -4.5) and VCAN (Log2 FC = -6.7) secreted by CAFs 

might activate their common receptor, TLR2 (Log2 FC = 3.9), on cancer cells to 

initiate immune-associated signal transduction [213-215]. We also found potential 

direct communication between cancer cells and CAFs by GPC3 (Log2 FC = 5.2) 

on cancer cells and CD81 (Log2 FC = -2.1) on CAFs [216-217].  
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Figure 3.6 Combination of IHC-SISPROT and DIA for proteome analysis of 

cancer cells and CAFs of HCC tumor microenvironment. (A) Cancer cells and 

CAFs were marked by IHC staining. (B) Protein intensities and dynamic ranges of 

identified proteins from cancer cells and CAFs. (C) Correlation of protein 

intensities between three different replicates of cancer cells and CAFs from three 

different tissue sections. (D) Volcano plot comparison of cancer cells and CAFs and 

enriched KEGG pathways. Differentially expressed proteins (two-sided t-test FDR 

< 0.01, s0 = 2) are highlighted in orange (Cancer cells) or blue (CAFs). Known 

markers of HCC and CAFs are highlighted in red. -log10 transformed P values are 

indicated. (E) Potential crosstalk between cancer cells and CAFs by cell surface and 

extracellular proteins. 
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3.4 Chapter summary 

In this chapter, we have developed a highly sensitive and easy-to-use workflow for 

cell type-specific proteome analysis of tumor tissue samples. Targeted cell type was 

stained by IHC using cell-type specific antibody for improving accuracy and 

efficiency of LCM-based dissection of specific cell types from heterogeneous 

tumor tissue section. SISPROT compatible decrosslinking allowed for sample 

preparation in an integrated and highly efficient manner. By combining with DIA 

acquisition mode, high sensitivity and deep proteome coverage of target cell type 

could be achieved in a single-shot LC-MS analysis without fractionation. This 

workflow was applied to proteome profiling of cancer cells and CAFs of HCC, and 

6660 and 6052 protein groups were quantified, in which known cell type-specific 

markers were enriched. Protein interaction analysis reveal potential crosstalk 

between cancer cells and CAFs in the local HCC microenvironment. In summary, 

IHC-SISPROT is promising for cell type-specific proteome profiling of 

formaldehyde crosslinked tissue samples. 
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Chapter 4 Development of a fully integrated spintip-based method 

for sensitive and quantitative profiling of region-resolved tissue 

glycoproteome 

4.1 Introduction 

By combining with advanced MS-based proteomics and integrated sample 

preparation technologies, proteome profiling of LCM-dissected tissue regions has 

gained more and more attention. In chapter 3 we have developed a LCM-method 

for spatial proteome analysis of heterogeneous tissue samples. Protein post-

translation modifications (PTMs) represent higher level of molecular regulation of 

signaling pathways and in vivo functions [218-219]. Among various PTMs with 

diverse distribution and critical molecular functions, N-linked Glycosylation is a 

common but important PTMs for many biological processes, such as protein 

secretion, cell-cell interaction, and immune response [73, 75]. Current 

glycoproteomic studies were typically performed on whole tissues, which lost the 

spatial information to elucidate deeper biological insights [90, 145]. Therefore, it 

would be of great interest to analyze tissue and organ glycoproteome with specific 

region or cell type resolution by taking advantage of the LCM technology.  

Several works have been reported for glycoproteome analysis by using microgram-

scale protein samples. Liu et al. used a mild detergent n-dodecyl β-D-maltoside to 

increase extraction efficiency of hydrophobic proteins and identified 281 N-

glycosylation sites from 50 μg of mouse brain tissue [105]. Qu et al. established an 

online system that integrated the steps of glycopeptide enrichment using HILIC and 
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deglycosylation using immobilized PNGase F [147]. 196 N-glycosites were 

identified from 6 μg of rat brain proteins. Zhu et al. introduced a centrifugation-

based HILIC reactor that integrated digestion and enrichment [148]. By desalting 

the deglycosylated peptides separately, 221 N-glycolsites were identified from 1 μL 

of human serum. Chen et al. devised a hydrazide tip for enrichment of N‑linked 

glycopeptides [104]. Around 330 glycopeptides were identified from 40 μL of 

human serum (more than 1 mg proteins). These approaches are limited for fully 

integrating all the sample preparation steps for glycoproteomic analysis, which 

might cause sample loss when limited starting material is available.  

In this chapter, we report a fully integrated spintip-based glycoproteomic approach 

(termed FISGlyco) for processing low microgram to sub-microgram level of tissue 

samples. All the steps for glycoprotein enrichment, digestion, deglycosylation and 

desalting were fully integrated into single spintip device. In the FISGlyco device, 

the tightly packed hydrazide beads allow for highly efficient coupling, digestion, 

and deglycosylation of glycoproteins, while the bifunctional C18 unit at the bottom 

could selectively capture glycopeptide for desalting but not proteins. The whole 

workflow can be completed within 4 hours. The sensitivity and label-free 

quantification reproducibility of the FISGlyco workflow were systematically 

optimized. Furthermore, by combining with LCM technology, the FISGlyco was 

successfully applied for region-resolved N-glycoproteome profiling from mouse 

brain sections for the first time. 

4.2 Materials and methods 
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4.2.1 Animals and cell lines 

Animal care and treatments were performed in accordance with established 

guidelines and was approved by the Institutional Animal Care and Use Committee 

at Southern University of Science and Technology. Three-month old FVB mice 

[220] were anesthetized briefly and then sacrificed by decapitation. Mouse brain 

was frozen in liquid nitrogen immediately after dissection and stored at -80 oC. 

HEK 293T cells were cultured in DMEM medium containing 10% (v/v) fetal 

bovine serum (FBS) in a 37 °C chamber supplied with 5% CO2. 

4.2.2 Frozen tissue section preparation and LCM 

Mouse brain sections were prepared as described previously [137]. Briefly, fresh-

frozen mouse brain was embedded in Optimal Cutting Temperature (OCT) Medium 

(Sakura Finetek.) and coronal sections were sliced at -20 oC by using a CM 1900 

cryostat (Leica) with a thickness of 20 μm. The sections were mounted onto a PEN 

membrane glass slide, then fixed by ice-cold methanol for 10 min. After fixation, 

the sections were stained with hematoxylin (Baso), and dehydrated via the 

following ethanol series: 70%, 85%, and 95% (v/v) in water, each step for 2 mins, 

and then pure ethanol twice. LCM was performed using a LMD7000 laser 

microdissection system (Leica). The energy and laser cutting speed were first 

adjusted for the mouse brain section of 20 μm thickness to ensure complete 

dissection while avoiding extra burning of sections. Then periphery of the defined 

regions was dissected and the resulting sections were collected onto the cap of a 0.2 

mL tube (Axygen) under gravity or by laser pulse. For method optimization, 
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different section areas (0.5, 1, 2.5, 5, 10, and 15 mm2) were dissected out. For 

application, four mouse brain regions including isocortex, hippocampus, thalamus, 

and hypothalamus (referenced from mouse brain atlas, http://mouse.brain-

map.org/static/atlas) were dissected out with an accumulated area of 15 mm2 (20 

μm thickness) for each region in 3 biological replicates. 

4.2.3 Protein extraction 

For protein extraction from LCM samples, lysis and coupling buffer (LAC buffer) 

containing 2% (w/v) SDS, 1% (v/v) Triton X-100, 100 mM sodium acetate (NaAc), 

and 200 mM NaCl, pH 5.5 was developed and directly added to the tubes containing 

tissue sections. The tissue samples were then sonicated using a water bath sonicator 

(AutoScience) for 10 min and cleared up by centrifugation. Protein concentration 

was measured by micro-BCA method (Thermo scientific). For whole mouse brain 

lysis, the mouse brain was grinded to powder in liquid nitrogen and then sonicated 

using Scientz sonicator (JY 96-IIN, Ningbo scientz) with 20% energy in LAC 

buffer. Tissue debris was removed by centrifugation, and protein concentration of 

the supernatant was determined by BCA method (Thermo scientific). 

4.2.4 In-solution digestion and desalting 

Proteins were extracted from HEK 293T cells by sonication in lysis buffer 

containing 2% (w/v) SDS, 1% (v/v) Triton-X 100, 100 mM Tris-HCl, pH 7.8, and 

protease inhibitors mixture (Complete mini, Roche). Cell debris was removed by 

centrifugation at 15,000 g for 5 min, and protein concentration of the supernatant 

was determined by BCA method (Thermo scientific). Proteins were reduced with 
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10 mM DTT in 95 oC for 10 min, and alkylated with 30 mM IAA for 30 min at 

room temperature. Proteins were then purified by methanol-chloroform 

precipitation. The protein pellet was redissolved in 8 M urea buffer containing 50 

mM freshly ammonium bicarbonate (ABC). After diluting the urea concentration 

to 2 M by 50 mM ABC, proteins were digested overnight with sequencing-grade 

trypsin (Promega, at 1:50 ratio of trypsin to protein). For desalting, the tip was 

washed three times with acetonitrile (ACN) to remove SDS, equilibrated twice with 

0.5% (v/v) formic acid, and then loaded with the digested peptides. After washing 

twice with 0.5% (v/v) formic acid, the desalted peptides were eluted by 80% (v/v) 

ACN, lyophilized, and analyzed by LC-MS/MS.  
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4.2.5 Preparation of the FISGlyco device 

 

Figure 4.1 Workflow for identification and label-free quantification of N-linked 

glycoproteome using the fully integrated Spintip-based Glycoproteomic approach, 

termed FISGlyco. 

 

As depicted in Figure 4.1, the FISGlyco was prepared by packing one plug of C18 

disk (3M Empore, U.S.A.) and around 5 μL bead volume of C18 beads (3 μm, Dr. 

Maisch GmbH, Ammerbuch, Germany) into a 200 μL pipet tip to make the C18 

unit. Packing 5 μL of C18 beads instead of more C18 plug could increase flow 

resistance for better controlling the flow rate and ensuring sufficient peptide binding 

capacity. Then 30 μL of hydrazide beads (Bio-Rad) were introduced to make the 

integrated FISGlyco device. Typically, 30 μL of hydrazide beads is sufficient for 

capture of glycoproteins from 300 μg of total proteins (Figure 4.2) [221]. The 

FISGlyco device was washed 3 times by 50 μL of LAC buffer before sample 

loading by placing onto a 1.5 mL centrifugation tube with an adaptor. To test the 

function of the C18 region as a frit without protein binding ability after blocking by 

SDS in the LAC buffer, 10 μg mouse brain proteins in 20 μL 0.1% (v/v) FA or LAC 
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buffer were loaded onto the C18 tip. After centrifugation, the flow-through was 

collected for SDS-PAGE analysis using 10% polyacrylamide gel. The gel was 

stained with coomassie brilliant blue (CBB) for protein visualization. To test the 

peptide binding ability of the C18 unit after sample loading, the C18 unit blocked 

by SDS was loaded with 10 μg of mouse brain proteins. After removing SDS by 

acetonitrile (ACN) washing, the C18 tip was used for desalting of 10 μg digested 

peptides from HEK 293T cells prepared by in-solution digestion. The desalted 

peptides were analyzed by LC-MS/MS. 

 

 

Figure 4.2 The number of N-glycosites and N-glycoproteins identified from 

different amount of mouse brain lysate by using the FISGlyco. 

 

4.2.6 Fully integrated operation of the FISGlyco for glycoproteomics 

Fifty microgram of mouse brain lysates in 100 μL LAC buffer were oxidized by 2 

mM sodium periodate (NaIO4) at room temperature for 30 min. Excess oxidant was 

quenched by 4 mM sodium thiosulfate. The oxidized samples containing 100 mM 

aniline as catalyst was loaded onto the conditioned FISGlyco device by 



 

83 
 

centrifugation at 50 g for 20 min. The flow-through was reloaded twice. After that, 

non-glycoproteins were removed by washing with 2% (w/v) SDS buffer for 3 times, 

and then with 8 M urea buffer, both containing 100 mM Tris-HCl, pH 7.8.  

For reduction, 30 mM DTT in 8 M urea buffer was loaded onto the FISGlyco device, 

sealed and incubated at 55 oC for 15 min. For alkylation, 30 mM IAA in 8 M urea 

buffer was loaded onto the FISGlyco device by centrifugation at 50 g for 15 min. 

The FISGlyco device was washed twice with 100 μL of 80% (v/v) ACN in water, 

and twice with 100 μL of 50 mM freshly prepared ammonium bicarbonate (ABC). 

Glycoproteins were digested by loading 1 μg trypsin (Promega) in 10 μL of 50 mM 

ABC and incubating at 37 oC for 30 min. The digestion buffer was loaded onto the 

FISGlyco device by brief centrifugation, and then pushed to immerse the beads by 

a syringe. 

After digestion, nonglycopeptides were removed by washing 3 times with each of 

the following buffers: 8 M urea buffer, 1.5 M NaCl, 80% (v/v) ACN, and 50 mM 

ABC. Glycopeptides were released from the hydrazide beads by loading 250 units 

of PNGase F (New England Biolabs) in 10 µL of 50 mM ABC and incubating at 

37 oC for 15 min. The FISGlyco device was acidified by 50 µL of 0.5% (v/v) formic 

acid (FA) and the glycopeptides were eluted to the C18 unit by centrifugation at 

200 g for 5 min. The flow-through was collected in a new centrifugation tube and 

reloaded into the FISGlyco device. Then the FISGlyco device was washed twice 

with 50 µL of 0.5% (v/v) FA for desalting. Finally, the FISGlyco device was placed 

into new Eppendorf low binding tubes, and deglycosylated peptides were released 
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from the C18 unit by washing twice with 30 µL of 80% (v/v) ACN, 0.6% (v/v) 

acetic acid. The eluted glycopeptides were lyophilized to dryness for storage.  

For comparison, tube-based method was also performed with same procedure 

except that the hydrazide beads were placed in a 0.5 mL centrifugation tube. The 

tube was operated in end-over-end rotation. The desalting step was performed 

separately on a home-made C18 StageTip. 

4.2.7 LC–MS/MS analysis 

Peptides were dissolved in 0.1% (v/v) FA and loaded to an Easy-nLC 1000 

chromatography system (Thermo Fisher Scientific) equipped with an in-house 

packed analytical column [100 μm id., 20 cm, 1.9 μm/120 Å C18 beads (Dr. Maisch 

GmbH)]. Peptides were eluted off the column using a flow rate of 250 nL/min with 

an effective gradient from 7 to 22% of solvent B [0.1% (v/v) FA in ACN] over 50 

min, followed by 22 to 35% of solvent B over 10 min. Separated peptides were 

directly analyzed by mass spectrometer via electrospray ionization.  

For the method development and optimization, an Orbitrap Fusion mass 

spectrometer was used, and a Q Exactive HF‑X mass spectrometer was used for 

analyzing the region-resolved mouse brain sections (both from Thermo Fisher 

Scientific). Full MS scans over m/z range of 350 to 1550 were performed in the 

Orbitrap mass analyzer at resolution of 120,000 (at m/z 200). The data-dependent 

acquisition of MS/MS spectra were performed using Top Speed of 3 seconds (Top 

20 for HF-X) for precursor selection following each full scan. Precursors were 

isolated by the quadrupole through a window of 1.6 Da (1.2 Da for HF-X), followed 
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by higher-energy collisional dissociation (HCD) with normalized collision energy 

(NCE) of 30% (27% for HF-X). Product ions were scanned in the Orbitrap mass 

analyzer with a resolution of 15,000 (at m/z 200), automatic gain control (AGC) 

target of 5e4 (1e5 for HF-X), and maximum injection time of 60 ms (50 ms for HF-

X). The scanned precursors were dynamically excluded for 30 s. 

4.2.8 Data analysis 

Obtained raw data were searched against Uniprot mouse protein database (50,306 

entries, downloaded on February 12, 2017) by using MaxQuant (v1.5.5.1).[193] 

Carbamidomethylation of cysteine was set as static modification, while 

deamidation of asparagine and oxidation of methionine were set as dynamic 

modifications. The deamidated asparagine (N) within N-X-S/T motif (where X 

denotes any amino acid except proline) were considered as N-linked glycosylation 

sites. FDR was set to 1%. The obtained files were imported into Perseus (v 1.5.5.3) 

for statistical analysis [195]. Differential glycosites with at least 2 values in at least 

one group were reserved for heat map presentation. Missing values were replaced 

with a normal constant sampled from 1/10 of the minimum intensity of all the 

quantified glycosites [222]. Intensities were z-scored and clustered by unsupervised 

hierarchical clustering. Gene ontology (GO) annotations of differential 

glycoproteins were performed using the GO Ontology database (released January 

1, 2019) in PANTHER (version 11) [223]. Fisher’s Exact test was performed to 

calculate significant clusters (p value ≤ 0.05). 
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4.3 Results and discussion 

4.3.1 Design of the FISGlyco technology 

One of the main challenges to enrich glycoproteins/glycopeptides from limited 

amount of protein starting material is low yield and loss of sample due to multiple 

transfer steps during enrichment, digestion and desalting in conventional methods. 

As mentioned above, several glycoproteomics sample preparation strategies have 

been developed for handling microgram-scale samples, but these strategies are 

either not fully integrated or mainly developed for handling soluble proteins from 

body fluids, thus are not directly compatible with tissue samples when considering 

protein extraction in strong lysis buffers [146-148]. To tackle this challenge, we 

designed a fully integrated spintip-based approach (termed FISGlyco) by which all 

the steps for glycoprotein enrichment, digestion, deglycosylation and desalting can 

be done in the same spintip. 

One issue for enriching glycoproteins from tissue samples is strong detergents and 

chaotropic reagents utilized in the lysis buffer for increasing protein extraction 

efficiency, especially for transmembrane proteins (most of them are glycosylated). 

These reagents are generally incompatible with the enrichment materials (such as 

lectins and HILIC) and MS analysis [224]. Thus, protein digestion and desalting 

often need to be done separately for ensuring digested peptides to be dissolved in 

compatible buffers for glycopeptide enrichment. But these steps would cause 

sample loss, especially for limited amount of LCM samples. Conventional 

hydrazide chemistry method is often done on peptide level. Typically, digested 
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peptides were dissolved in oxidation buffer (100 mM NaAc and 150 mM NaCl, pH 

5.5) for glycan oxidation [92]. But this buffer contains no detergents or chaotropic 

reagents, thus is not suitable for efficient protein extraction. Proteins were therefore 

extracted in a strong lysis buffer first, digested to peptides and desalted before 

hydrazide chemistry labeling [225]. Another disadvantage of peptide-level 

enrichment by hydrazide chemistry is that the strong oxidant sodium periodate 

(NaIO4) used to oxidize the cis-diol of glycans could easily generate terminal 

modifications of peptides, which will interfere with database searching [226]. So a 

relatively mild oxidation (~ 2 mM of NaIO4) was preferred [226-227]. Chen et al. 

proved that strong detergent SDS was compatible with the oxidation reaction [106], 

so protein extraction, glycan oxidation and glycoprotein capture could all be 

performed in the same buffer, which could significantly increase protein solubility 

especially for these heavily glycosylated membrane proteins.  

In our study, we first explored the combination of FISGlyco with the LAC buffer, 

which contains 2% (w/v) SDS, 1% (v/v) Triton X-100, 100 mM NaAc, and 200 

mM NaCl, pH 5.5. As shown in Figure 4.1, the FISGlyco tip was conditioned by 

the LAC buffer before sample loading. During this process, the C18 would be 

saturated with excess SDS, thus lost protein binding ability (Figure 4.3A) [228]. As 

shown in Figure 4.3B, 10 μg of mouse brain proteins were completely captured by 

the activated C18 tip without SDS saturation, while no significant binding of 

proteins was observed for the inactivated C18 which was saturated by SDS, proving 
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that the C18 unit could serve as a sieve during sample loading while losing the 

protein binding ability in a switchable manner. 

The second function of C18 is peptide desalting. Before deglycosylation by PNGase 

F, the FISGlyco device is washed three times with 80% ACN, which removes 

majority of SDS from C18 thus restores its peptide binding ability (Figure 4.3A). 

To test this design, the C18 tip from Figure 4.3B (lane 5) that has passed through 

with 10 μg of mouse brain proteins was used for desalting 10 μg of digested peptides 

from HEK 293T cells. In comparison, a normal C18 tip was used for desalting the 

same amount of digested peptides from HEK 293T cells. As shown in Figure 4.3C, 

similar chromatography peaks and peak intensities were observed for the desalted 

peptides obtained from both tips, except that there was a cluster of small peaks with 

mass difference of 44 Da (data not shown) at the end of the gradient for the tip 

loaded with SDS, which might be the minimum amount of remaining SDS [229]. 

But the performance of the C18 and LC-MS/MS analysis was not affected, as 

comparable number of peptides and protein groups were identified from both tips 

(Figure 4.3D). 
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Figure 4.3 Dual function of C18 for sample loading and desalting. (A) Function 

illustration of C18 in the FISGlyco. (B) Protein binding capacity of activated or 

unactivated C18 after conditioned with 0.1% (v/v) FA or 2% (w/v) SDS. 10 μg 

mouse brain proteins in 20 μL 0.1% (v/v) FA or LAC buffer were loaded through 

each C18 tip, the flow-through was separated by SDS-PAGE and stained with CBB. 

(C) The base peaks of digested peptides which were desalted by the C18 tip from 

lane 5 of (B) or by a normal C18 tip. (D) The number of unique peptides, peptide 

spectrum matches (PSMs), and protein groups identified from the two C18 tips. 

 

4.3.2 High coupling efficiency of the FISGlyco technology 

In conventional tube-based hydrazide chemistry, it takes more than 10 hours for 

coupling of glycopeptides or glycoproteins to the hydrazide beads [92]. Aniline was 

found to be able to catalyze the covalent reaction between hydrazide and aldehyde 

group [230]. In addition, the hydrazide beads were tightly packed in the pipette tip 
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to facilitate the contact of the aldehyde group of glycoproteins with the hydrazide 

group on the surface of the beads (Figure 4.4A). As the sample slowly passing 

through the tip under mild centrifugation, coupling efficiency should also be 

improved as compared with tube-based method. 

We first test the required time for coupling of standard glycoprotein Fetuin. Five 

microgram of oxidized Fetuin in 20 μL LAC buffer containing 100 mM aniline was 

loaded onto the FISGlyco device by centrifugation for 5 min. The flow-through was 

reloaded twice to increase the total coupling time. As shown in Figure 4.4B, Fetuin 

didn’t bind to the SDS-saturated C18 tip alone. The intensity of Fetuin in flow-

through was significantly decreased after coupling to the hydrazide beads for 5 min. 

When the flow-through was loaded twice (e.g. 15 min coupling time in total), no 

more CBB-detectable signal was observed, suggesting that 15 min was sufficient 

for complete coupling of Fetuin onto the hydrazide beads.  

Next, we optimize coupling time for glycoproteins from total protein lysate. 50 μg 

of mouse brain lysate were oxidized and coupled to the FISGlyco device for 

different times. After reduction, alkylation and overnight digestion, 

nonglycopeptides were removed by extensive wash. Glycopeptides were then 

released by overnight incubation with PNGase F, desalted by the C18 unit and 

analyzed by LC-MS/MS. About 1000 N-glycosites were identified even when the 

coupling time was as short as 10 min (Figure 4.4C). As the coupling time was 

extended from 10 min to 60 min, the number of N-glycosites and N-glycoproteins 

were significantly increased. In addition, quantification correlation between two 
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technical replicates (Figure 4.4D) and intensities of commonly identified N-

glycopeptides (Figure 4.4E) were also increased. When coupling time was further 

extended from 60 min to 120 min, the number of commonly identified N-glycosites 

between 60 min and 120 min were almost the same (1,116 for 60 min and 1,197 for 

120 min). What’s more, intensity ratios of commonly identified N-glycosites 

between 120 min and 60 min displayed a normal distribution with median ratio 

around 1 (Figure 4.4E), suggesting that 60 min was sufficient for coupling of N-

glycoproteins from mouse brain lysate.   
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Figure 4.4 Centrifugation-assisted coupling of glycoproteins to the FISGlyco 

device. (A) Illustration of the centrifugation-assisted coupling. (B) Coupling of 

standard glycoprotein Fetuin to the FISGlyco. 5 μg of oxidized Fetuin in 20 μL 

LAC buffer was loaded through the device for different times. The flow-through 

was analyzed by SDS-PAGE. (C) Identified N-glycosites and N-glycoproteins from 

50 μg of mouse brain lysate with different coupling times. (D) The correlations of 

glycosite intensities (after Log2) between two technical replicates of different 

coupling times. (E) The frequency distribution of intensity ratios of commonly 

identified N-glycosites between 120 min coupling time and other coupling times of 

10 min, 20 min, 30 min and 60 min.  
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We then compared the FISGlyco with tube-based method using the same buffers 

and 60 min of coupling time. The number of N-glycosites and N-glycoproteins were 

significantly increased when starting protein amount increased from 5 μg to 20 μg 

for both strategies, while significantly more N-glycosites and N-glycoproteins were 

identified by the FISGlyco (Figure 4.5A). More than 600 N-glycosites 

corresponding to ~300 glycoproteins were identified from only 5 μg of mouse brain 

lysate, demonstrating the good sensitivity of the FISGlyco approach (Figure 4.5A). 

The correlation of label-free quantification was high between technical replicates 

(Figure 4.5B, top panel), and the N-glycosites could be quantified according to their 

starting amount, as the median of intensity ratios were around 4 and 2 between 20 

μg and 5 μg, and between 20 μg and 10 μg, respectively (Figure 4.5B, bottom panel).  
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Figure 4.5 Comparison of the FISGlyco with tube-based method. (A) Identified N-

glycosites and N-glycoproteins from 5, 10, and 20 μg mouse brain lysate by using 

the FISGlyco or hydrazide beads in centrifugation tube. (BE) The Pearson’s 

correlation of the glycosite intensities between two technical replicates of 5, 10, and 

20 μg mouse brain proteins (top); and the frequency distribution of the intensity 

ratios of the commonly identified N-glycosites between 20 μg and 5 μg, or 20 μg 

and 10 μg (bottom). 

 

4.3.3 High enzyme activity of the FISGlyco technology 

To test the required time for trypsin digestion, 50 μg of mouse brain proteins were 

loaded onto the hydrazide tip for 1 hour. Before trypsin digestion, the proteins were 

reduced and alkylated for 15 min, respectively. We found that more than 99.8% of 

the cysteine-containing peptides get carbamidomethylated (data no shown), 

suggesting that 15 min was sufficient for nearly complete reduction and alkylation. 

After washing, immobilized glycoproteins were digested with 1 μg of trypsin for 

different times. The glycopeptides were then deglycosylated and desalted for LC-
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MS/MS analysis. The number of N-glycosites and N-glycoproteins was not 

increased when the digestion time was extended from 30 min to 12 hours (Figure 

4.7A). Although the percentage of glycopeptides without missed cleavage increased 

from 66.4% to 82.7% when digestion time was increased from 30 min to 12 hours 

(Figure 4.6), it did not affect the identification and quantification of N-glycosites, 

as intensity ratios of commonly identified N-glycosites between 12 hours and 30 

min displayed a median distribution ratio at 1 (Figure 4.7C). In fact, the number of 

N-glycosites identified from 12 hours of digestion time was slightly less than 30 

min, which might due to slight degradation of glycopeptides at 37 oC for 12 hours. 

This might also explain the incubation time for PNGase F with highest 

identification at 15 min (Figure 4.7D). In addition, quantification correlation 

between two technical replicates (Figure 4.7E) and intensities of commonly 

identified N-glycopeptides (Figure 4.7F) were similar between different PNGase F 

incubation times. These data suggested that 15 min was sufficient for 

deglycosylation on FISGlyco device. 
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Figure 4.6 The percentage of missed cleavage for different trypsin digestion time. 

 

The high efficiency for trypsin digestion and deglycosylation could be explained by 

relatively small volume of enzyme buffer which was just enough for covering the 

beads. In addition, as hydrazide beads were tightly packed within the spintip with 

minimum proximity within very small void space surrounding the beads which is 

similar with the design of proteomic reactors for fast digestion [167], the 

concentration of the enzymes and therefore the digestion reaction rate was 

significantly increased. After optimization, the total reaction time required for 

extraction of N-glycopeptides from tissue samples could be shortened to 3 hours. 

We could identify and quantify more than 1,500 glycopeptides from 50 μg of mouse 

brain lysate with high reproducibility by single-shot LC-MS/MS analysis, 

demonstrating the superior performance of our strategy by combining the FISGlyco 

and label-free quantification. 
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Figure 4.7 Optimization of enzymatic time. (A) The number of N-glycosites and 

N-glycoproteins identified from 50 μg of mouse brain proteins with different 

trypsin digestion times. (B) The correlations of glycosite intensities (after Log2) 

between two technical replicates of different trypsin digestion times. (C) The 

frequency distribution of intensity ratios between 30 min trypsin digestion time and 

other digestion times of 1 h, 2 h, 3 h and 12 h. (D) The deglycosylation efficiency 

of PNGase F with different incubation times as indicated by the number of 

identified N-glycosites and N-glycoproteins. (E) The correlations of glycosite 

intensities between two technical replicates of different PNGase F digestion times. 

(F) The frequency distribution of intensity ratios between 15 min deglycosylation 

time and other deglycosylation times of 30 min, 1 h, 2 h and 12 h. 
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4.3.4 Superior sensitivity of the FISGlyco technology 

Hematoxylin-eosin (H&E) staining is commonly used for morphological 

visualization and histological investigation of tissue sections [231]. In order to 

reduce sample loss caused by excess staining and washing, we used only 

hematoxylin to stain the brain sections. As shown in Figure 4.8A, the outline of 

hippocampus is clearly demonstrated after hematoxylin staining, suggesting that 

hematoxylin staining alone is sufficient for this study. The main concern of H&E 

staining in proteomic analysis is that these dyes might interfere with sample 

preparation and LC-MS/MS analysis. A previous study proved that these dyes could 

be removed by ACN washing [137]. In our FISGlyco, after glycoproteins were 

immobilized to the beads, the dyes could be easily removed by extensive ACN 

washing, and the performance of glycopeptide identification is comparable with 

tissue sample without staining (Figure 4.8B). We then dissected out different 

sections of stained mouse brain by LCM to test the sensitivity of the FISGlyco. The 

protein amount was increased significantly as the section areas increased from 0.5 

mm2 to 15 mm2 (Figure 4.8C). More than 200 N-glycosites were identified from 

only 0.5 mm2 (20 μm thickness) of brain section (around 1 μg proteins, Figure 4.8C). 

More than 1000 N-glycosites were identified when the area was increased to 15 

mm2 (around 25 μg proteins, Figure 4.8C), proving the superior sensitivity of the 

FISGlyco approach (Figure 4.8D). 
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Figure 4.8 Performance of the FISGlyco. (A) The hippocampus with and without 

hematoxylin staining. (B) Identified N-glycosites and N-glycoproteins from brain 

sections with and without hematoxylin staining. (C) The amount of proteins 

extracted from different areas of mouse brain sections (20 μm thickness) dissected 

by LCM. (D) The number of N-glycosites and N-glycoproteins identified from 

different areas of mouse brain sections.  

 

4.3.5 Region-resolved N-glycoproteome profiling of mouse brain. 

We next applied the FISGlyco for brain region-resolved N-glycoproteome analysis 

of fresh frozen mouse brain sections. As indicated in Figure 4.9A, four mouse brain 

regions including isocortex, hippocampus, thalamus, and hypothalamus were 

dissected by using LCM with accumulated area of 15 mm2 (20 μm thickness, ~25 

μg proteins) for each region. Glycopeptides were enriched from each brain region 

in biological triplicates by using the FISGlyco and analyzed by LC-MS/MS. By 

combining the results from the biological triplicates, 1,875, 1,794, 1,801 and 1,417 

N-glycosites were identified from isocortex, hippocampus, thalamus, and 

hypothalamus, respectively (Figure 4.9B). Good label-free quantification precision 
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between different animals was achieved with Pearson’s correlation around 0.9 

(Figure 4.9C). Dynamic range is across four orders of magnitude for all the four 

brain tissue regions, demonstrating the high sensitivity and proteome coverage of 

the FISGlyco for such limited amount of starting materials (Figure 4.9D). The 

quantified glycosites in each mouse brain region demonstrated diverse distribution 

(Figure 4.9E). Under the criteria of at least two values in three biological replicates 

and ratio ≥ 3, 103, 51, 51 and 26 N-glycosites were overexpressed in isocortex, 

hippocampus, thalamus and hypothalamus, respectively, among them, 26, 12, 7 and 

5 glycosites were uniquely quantified in each region.   
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Figure 4.9 Region-resolved N-glycoproteome analysis of in vivo mouse brain 

sections by the FISGlyco. (A) Four indicated brain regions, including isocortex, 

hippocampus, thalamus, and hypothalamus that were dissected out by LCM, and 

the approximate area of each region that could be dissected out from one slice. (B) 

Identified N-glycosites in each biological replicate and in combination of triplicate 

analysis from each region (15 mm2 and 20 μm thickness). (C) Pearson’s correlation 

distribution of intensities for commonly identified N-glycosites between any of two 

biological replicates of the same region. (D) The dynamic range of the identified 

glycosites in the four brain regions. (E) Heat map of N-glycosites differentially 

expressed glycosites across different regions. Top enriched GO categories of 

cellular component (CC) and biological process (BP) for enriched regions are 

annotated. 
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Both the cellular component (CC) and the biological process (BP) of the 

differentially expressed glycoproteins in each mouse brain region were annotated 

by Gene Ontology analysis. In isocortex, a group of glycoproteins have common 

localization at postsynaptic density membrane (Lrrc4, Slitrk1, Il1rapl1, Efnb2, 

Chrm4, Gria3, Ptprs and Lrrtm3). The enriched BP was synaptic membrane 

adhesion (Efna5, Lrrc4, Ntng2, Ptprs and Slitrk1). The expression of these 

glycoproteins in isocortex were proven by the mouse RNA-Seq data from the Bgee 

database [232]. The hippocampus is mainly responsible for spatial memory and 

navigation. In our study, members of the glutamate receptor complexes (Cacng8, 

Gria1, Gria2 and Shisa6) were mainly identified in the hippocampus as compared 

with three other regions, which was consistent with previous studies that glutamate 

receptors play important roles in spatial working memory and have high expression 

levels in hippocampus [233-235]. Interestingly, glutamate receptors are targets of 

Memantine, a widely used drug in treatment of severe Alzheimer's disease [236]. 

The top BP for hippocampus was neuron projection extension involving in neuron 

projection guidance (Nrp2, Slit1 and Nrp1). Plasma membrane glycoproteins 

participated in regulation of ion transport were enriched in thalamus (Atp1b3, Heph, 

Nalcn and Slc17a6), indicating homeostasis of ions is involved in regulation of 

brain functions [237-238]. The region-specific glycoproteins enriched in 

hypothalamus were extracellular glycoproteins (Emilin1, Dlk1, F5, F11 and Fbn1) 

with designated roles in regulation of blood vessel function. In summary, we built 

up the first N-glycoproteome databases for four mouse brain regions with good 
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glycosite coverage and high quantification precision, which should be a valuable 

resource for related brain science studies. 

4.4 Chapter summary 

In this chapter, a fully integrated FISGlyco technology was developed for N-

glycoproteomic analysis of low microgram to submicrogram level tissue samples, 

especially for tissue sections dissected by LCM. All the sample preparation steps of 

glycoprotein enrichment, digestion, deglycosylation and desalting were fully 

integrated into one spintip and could be done within 4 hours. More than 600 N-

linked glycosylation sites were identified from only 5 μg of mouse brain proteins 

demonstrating the high sensitivity of the FISGlyco. By seamlessly combining with 

LCM, the first region-resolved N-glycoproteome profiling of four mouse brain 

regions, including isocortex, hippocampus, thalamus, and hypothalamus, was 

obtained with good N-glycosite coverage. More importantly, the sample preparation 

steps were carried out on a standard centrifuge in a multiplexed manner, it will be 

of great interest for clinic-oriented studies with limited sample access and high 

demand for sample processing capacity and quantification precision. 

*This Chapter was mainly from the following published paper where I am the first 

author: Huang PW, Li HJ, Gao WN, Cai ZW*, Tian RJ*. A Fully Integrated 

Spintip-based Approach for Sensitive and Quantitative Profiling of Region-

resolved In Vivo Brain Glycoproteome, Analytical Chemistry, 2019, 91(14):9181-

9189. (link: https://pubs.acs.org/doi/10.1021/acs.analchem.9b01930 )  
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Chapter 5 Development of a long chain biotin-hydrazide based 

method for deep glycoproteome profiling 

5.1 Introduction 

N-linked glycoproteins are promising candidates for screening novel diagnostic and 

prognostic markers and therapeutic targets [239]. In chapter 4, the FISGlyco 

technology was developed to enrich glycoproteins from low-input samples, such as 

tissue section harvested by LCM. However, this technology is not suitable for 

processing milligram-grade samples for deep glycoproteome profiling. The 

conventional solid-phase extraction method based on hydrazide chemistry was not 

limited by sample input [92]. The principle (Figure 5.1A) of this method is that the 

adjacent two hydroxyl groups with the same orientation on the terminal 

carbohydrate of the oligosaccharide chain attached to glycoprotein can be oxidized 

to aldehyde, which can then be covalently coupled to the hydrazide group on solid 

support (such as agarose resin or magnetic beads) [107]. But this method is time 

consuming due to the low coupling efficiency (the whole workflow takes 2 to 3 

days) and the sensitivity is relatively low.  

The biotin-hydrazide probe has been showed to be highly efficient in labeling cell 

surface glycoproteins [240]. In brief, cells are oxidized and incubated with the 

probe at 4 oC for 1 h for efficient labeling. After cell lysis, the labelled glycoproteins 

are captured by streptavidin beads for on-bead digestion and LC-MS analysis [240]. 

This technology, termed cell surface–capturing (CSC), has been widely applied in 

profiling cell surface glycoproteome under different biological or pathological 
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conditions. Hofmann et al. applied CSC to profile the leukemia surface proteome 

for sub-classification of hematologic malignancies and identification of potential 

drug targets [241]. Weekes et al. adopted a similar strategy and identified multidrug 

resistance-associated protein-1, a cell surface protein, as a marker for detecting 

cytomegalovirus infection, and also as a drug target for depleting infected cells 

[242]. Shakiba et al. applied CSC to study the expression alteration of cell surface 

proteins during cell reprogramming, and identified CD24 as a marker for 

monitoring the divergent states of reprogramming [243]. But as far as we know, the 

biotin-hydrazide probe has not been used to label and enrich glycoproteins from 

tissue samples. As the labeling of cell surface glycoproteins is highly efficient, we 

tried to develop a biotin-hydrazide based method for profiling glycoproteins from 

tissue samples. 

In this chapter, we synthesized a long chain biotin-hydrazide probe with much 

higher water solubility than a commercially available short chain biotin-hydrazide. 

We built up the downstream workflow (Figure 5.1B) and optimized the critical 

steps, such as glycan oxidation conditions, pull-down and washing buffers. Both 

glycopeptides and nonglycopeptides were systematically characterized for 

identification and quantification of glycoproteins. High sensitivity was achieved by 

spiking in trace amount of standard glycoprotein into 0.5 mg of mouse pancreas 

lysate. By using the enrichment method, we were able to identify and quantify more 

glycoproteins in an unbiased manner as compared with standard proteome profiling.  
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Figure 5.1 Principle and workflow for biotin-hydrazide based method for 

glycoproteomic analysis. (A) The principle of glycoprotein labeling by hydrazide 

chemistry [92]. (B) Workflow for biotin-hydrazide based method for enrichment 

and identification of glycoproteins from tissues.  

 

5.2 Materials and methods 

5.2.1 Synthesis of long chain biotin-hydrazide probe 

As shown in Figure 5.2A, we synthesized a long chain biotin-hydrazide probe (by 

collaborator Mr. He An) with much higher water solubility than a commercially 

available biotin-hydrazide (Figure 5.2B-C). Details for the synthesis are described 

below. 
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Figure 5.2 Synthesis of long chain biotin-hydrazide. (A) The synthesis route of 

long-chain biotin-hydrazide bifunctional probe. (B) Commercially available short 

chain biotin-hydrazide. (C) The water solubility of short chain and long chain 

biotin-hydrazide. (D) High resolution mass spectrum of the synthesized chain biotin 

long-hydrazide. The chemical formula and mass error are indicated. 

 

Synthesis of C2: To a solution of biotin (9 g, 0.037 mol) in DMF (50 mL) was added 

HOSU (8.51 g, 0.074 mol) at 50℃ for 0.5h. Then EDCI (19.29 g, 0.101 mol) was 
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added to the mixture and the mixture became clear. The mixture was incubated at 

room temperature overnight. Thin layer chromatography (TLC) indicated a new 

compound was formed. The mixture was poured to ice-water mixture, and filtered. 

The obtained product was washed with solvent (EtOH:Ether=1:4, 50 mL, v/v), 

filtered and dried under vacuum to get C2 (9.71 g, 77.2%) without further 

purification. 

Synthesis of C3: To a solution of 4,7,10-trioxa-1,13-tridecanediamine (26 g, 0.118 

mol) in MeOH/H2O (5:1, 60 mL, v/v) at ice bath, C2 (8 g, 0.023 mol) was added. 

The mixture was incubated for 1.5 h at ice bath. TLC showed disappearance of the 

starting material. TFA (26 mL, 0.35 mol) was added to the mixture by dropwise at 

ice bath. The mixture was incubated for 2 h and evaporated to dryness. The crude 

product was purified by chromatographic separation using ODS C18 reverse 

packing materials to gain C3 (8 g, 60.9%). 

Synthesis of C4: To a solution of C3 (3.67 g, 8.23 mmol), DIPEA (1.27 g, 9.87 

mmol) in DMF (15 mL) was added with succinic acid anhydride (0.98 g, 9.87 

mmol). After stirring for 12 h, TLC indicated a new compound was formed. The 

mixture was evaporated to dryness, and was separated by flash chromatography to 

get the purified product C4 (2.58 g, 72.1%). 

Synthesis of C5: To a solution of C4 (1 g, 1.83 mmol) in MeOH (10 mL), SOCl2 

(2.18 g, 3.52 mmol) was added and the mixture was incubated at ice bath overnight. 

TLC indicated disappearance the starting material. The mixture was evaporated to 
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dryness, and was dried under vacuum. The crude product was purified by flash 

chromatography to get the purified product C5 (860 mg, 83.8%). 

Synthesis of long chain biotin-hydrazide: To a solution of C5 (600 mg, 1.07 mmol) 

in MeOH (6 mL), 1.2 mL of Hydrazine hydrate was added. The mixture was 

incubated at room temperature overnight. TLC indicated the starting material 

disappeared. The mixture was evaporated to dryness, and was analyzed by C18 

reverse phase chromatography. The crude product was purified by semi-preparative 

HPLC column to get final product (300 mg, 50%). 

The probe was validated by NMR: 1H NMR (400 MHz, DMSO) δ 8.96 (s, 1H), 

7.79 (m, 2H), 6.40 (m, 2H), 4.40 – 4.26 (m, 1H), 4.22 – 4.05 (m, 3H), 3.49 (d, J = 

9.5 Hz, 9H), 3.14 – 3.01 (m, 5H), 2.82 (m, 1H), 2.58 (d, J = 12.5 Hz, 1H), 2.26 (m, 

4H), 2.05 (t, J = 7.4 Hz, 2H), 1.67 – 1.55 (m, 5H), 1.55 – 1.39 (m, 3H), 1.31 (m, 

2H). Besides, high resolution mass spectrum indicated correct mass the probe 

(Figure 5.2D). 

5.2.2 Protein extraction 

For method development, mouse pancreas was frozen in liquid nitrogen 

immediately after dissection and stored at -80 oC (as described in section 4.2.1) 

before lysis. Mouse pancreas or patient-derived tissues was grinded to power in 

liquid nitrogen using a mortar and pestle. Two lysis buffers were compared for 

protein extraction and probe labeling. Lysis buffer 1 is the LAC buffer (as described 

in section 4.2.3). Lysis buffer 2 contains 100 mM NaAc, 150 mM NaCl, 8 M urea, 

1% (v/v) Triton X-100, pH 5.5. After vortex vigorously in lysis buffer, the tissue 
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sample was further disrupted by sonication (Scientz JY 96-IIN, Ningbo scientz, 20% 

energy) on ice for a total of 2 min. Then the tissue debris was removed by 

centrifugation at 15,000 g for 5 min at 4 oC, and the supernatant was collected. The 

concentration of proteins was determined by BCA method (Thermo scientific), then 

the sample were stored in -80 oC for later analysis.  

5.2.3 Probe Labeling and streptavidin beads pull-down 

Mouse pancreas lysate in lysis buffer were oxidized by different concentration of 

sodium periodate (NaIO4, 0.5, 1, 2, 5, 10 and 20 mM) at 4 oC for 30 min. Excess 

NaIO4 was quenched by sodium thiosulfate at concentration two-fold to NaIO4. 

Then the biotin-hydrazide probe was added to a final concentration of 2 mM. For 

optimization of probe labeling time, the sample was incubated at RT for 10 min, 30 

min, 1 h, 2 h, or 4 h with gentle shaking. After labeling, excess probe was removed 

by methanol and chloroform precipitation [244]. After dissolving protein pellet in 

8 M urea buffer containing 100 mM Tris, 150 mM NaCl, pH 7.8, proteins were 

reduced with 10 mM DTT at 50 oC for 20 min, and alkylated with 30 mM IAA for 

30 min at room temperature. Excess IAA was quenched by 5 mM DTT. The urea 

concentration was diluted to 2 M by PBS before pull-down of labelled 

glycoproteins by streptavidin beads (GE Healthcare).  

5.2.4 On-bead digestion and deglycosylation of glycopeptides 

For on-bead digestion, the beads were washed three times with 1 mL 6 M urea 

buffer containing 0.1% (v/w) SDS, once with 1 mL of 1 M NaCl, once with 1 mL 

of 80% (v/v) ACN in 50 mM ABC, and finally twice with 1 mL of 50 mM ABC. 
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Then proteins were digested overnight with 1 μg trypsin (Promega) in 50 μL of 50 

mM ABC at 37 ℃. After digestion, nonglycopeptides were collected. Then the 

beads were washed as described above and glycopeptides were released from the 

beads by adding 250 U of PNGase F (New England Biolabs) in 30 µL of 50 mM 

ABC and incubating at 37 ℃ for at least 1 h with gentle end-over-end rotation. The 

glycopeptides were desalted by StageTip as described elsewhere [245]. The 

nonglycopeptides were loaded onto the StageTip, desalted and fractionated into 5 

fractions by eluting sequentially with 3%, 6%, 9%, 15% and 80% (v/v) ACN in 5 

mM ammonium formate, pH 10. The eluent was collected, dried in Speed-Vac and 

stored at -20℃ before LC-MS analysis. 

5.2.5 Glycan oxidation  

For optimization of glycan oxidation by NaIO4, 100 μg of standard glycoprotein 

Ovalbumin in oxidation buffer (100 mM NaAc and 150 mM NaCl, pH 5) was 

oxidized by different concentration (2 mM, 10 mM, 25 mM and 50 mM) of NaIO4 

for 30 min. After methanol and chloroform precipitation, the protein pellet was 

disrupted by sonication in 100 mM ABC. Glycans were released from Ovalbumin 

by adding 1 μL of PNGase F and incubated at 37 oC overnight, and then purified 

by passing through C18 SPE column to remove protein component. The flow 

through containing glycans of Ovalbumin was dried in Speed-Vac and stored at -

20℃ before LC-MS analysis. 
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5.2.6 LC–MS/MS analysis  

Peptides were analyzed by an Easy-nLC 1000 chromatography system coupled to 

an Orbitrap Fusion mass spectrometer via electrospray ionization (Thermo Fisher 

Scientific) as described in section 4.2.7. For analysis of N-linked glycans, the 

samples were dissolved in 0.1% (v/v) FA and analyzed by an Ultimate 3000 

UHPLC chromatography system coupled to a Q Exactive mass spectrometer 

(Thermo Fisher Scientific). Glycans were separated by a Hypercarb analytical 

column (Thermo Fisher Scientific, 2.1 mm i.d., 150 mm length, 3 µm porous 

graphitic carbon particle) at flow rate of 200 μL/min. The mobile phase solvents 

were the same as described for C18 column in section 2.2.2, with effective gradient 

went from 5% to 60% solvent B over 25 min. MS1 scans were performed in the 

Orbitrap analyzer, with m/z range of 400 to 3000, resolution of 70,000, AGC target 

value of 3e6, and MIT of 100 ms. The top 10 precursors were isolated by the 

quadrupole through a 2 Da window, fragmented by HCD with NCE of 25%, and 

scanned at resolution of 17,500, AGC target value of 1e5 and MIT of 50 ms.  

5.2.7 Data analysis 

The DDA raw data was searched against UniProt human database by MaxQuant 

software as described in section 4.2.8. As the majority of secreted and 

transmembrane proteins are N-linked glycoproteins, which can be predicted by 

bioinformatics tools to detect the presence of signal peptides and transmembrane 

topologies in the sequences of proteins, we used SignalP [246] and TMHMM [247] 
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for the prediction of secreted and transmembrane proteins, respectively. Glycan 

peaks were manually extracted from the raw files as described previously [248]. 

 

5.3 Results and discussion 

5.3.1 Optimization of probe labeling and glycoprotein extraction. 

In conventional hydrazide chemistry, peptides were dissolved in oxidation buffer 

(100 mM NaAc and 150 mM NaCl, pH 5) and then oxidized with NaIO4 [92]. But 

this buffer contains no detergents or denaturants, thus it’s not suitable for protein 

extraction from tissue samples, especially for hydrophobic transmembrane protein. 

So proteins were extracted in a strong lysis buffer first, and then digested to peptides 

and desalted before hydrazide chemistry [225]. Thus, it’s labor-intensive and time 

consuming. Moreover, oxidation of glycans on peptide level will easily lead to 

terminal modifications of peptides, which will interfere with database searching and 

reduce the identification result [226]. Although those modifications can be reduced 

by N-terminal protection strategy via dimethyl labeling, the procedure was 

complicated and extra labeling steps might lead to sample loss [226]. 

Based on the traditional oxidation buffer, we developed two strong lysis and 

labeling buffers (LL buffer) and compared their suitability for both tissue protein 

extraction and probe labeling. LL buffer 1 contains 100 mM NaAc, 150 mM NaCl, 

pH 5.5, 2% (w/v) SDS, 1% (v/v) Triton X-100, and protease inhibitors (Roche). LL 

buffer 2 contains 100 mM NaAc, 150 mM NaCl, pH 5.5, 8 M urea, 1% (v/v) Triton 

X-100, and protease inhibitors. The CBB staining showed that both buffers were 
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able to extract proteins from tissue with high efficiency (Figure 5.3A), as proteins 

from high MW (mainly transmembrane proteins) to low MW were uniformly 

distributed throughout the whole lane. CBB staining also showed that the four lanes 

were equally loaded. The streptavidin-HRP staining showed that before probe 

labeling, only a few bands of weak biotin signal were detected, which was due to 

in vivo biotinylation some proteins [249]. After probe labeling, the biotin signal 

were detected throughout the whole lane, but LL buffer 1 showed a much higher 

efficiency than LL buffer 2 (Figure 5.3A). As the only difference between the two 

buffers was the replacement of SDS in LL buffer 1 to urea in LL buffer 2, we 

proposed that the two amidogen groups of urea interfered with the hydrazide 

chemistry of the probe, thus reduced the labeling efficiency. We showed here that 

LL buffer 1 is suitable for both protein extraction from tissue samples, and also 

compatible with hydrazide chemistry labeling of glycoproteins.  

After labeling of glycoproteins, excess probe should be removed, otherwise the 

unreacted probe would interfere pull-down of labelled proteins by streptavidin 

beads. There are several strategies to remove excess probe, such as dialysis, 

ultrafiltration and precipitation. We preferred methanol-chloroform precipitation as 

it’s the most thorough and fastest strategy. But one concern is that precipitation 

might lead to significant sample loss. So we test the recovery of methanol-

chloroform precipitation. After probe labeling, 500 μg of mouse pancreas proteins 

was precipitated, redissolved in the same volume of lysis buffer as before 

precipitation, and one-tenth (around 50 μg) was loaded for SDS-PAGE. As shown 
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in Figure 5.3B, there is no significant difference of the band intensity before (input) 

and after precipitation, indicating high recovery of methanol and chloroform 

precipitation to remove excess biotin-hydrazide after labeling of glycoproteins.  
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Figure 5.3 Optimization of glycoprotein labeling. (A) Protein extraction and probe 

labeling using two different lysis and labeling buffers (LL buffer). Mouse pancreas 

proteins were extracted by LL buffer 1 (lane 2 and 4) and LL buffer 2 (lane 1 and 

3), and then labelled with the probe. 50 μg of proteins were separated by SDS-

PAGE and stained by CBB or streptavidin-HRP. (B) Recovery of methanol and 

chloroform precipitation. The same volume of mouse pancreas lysate were analyzed 

by SDS-PAGE before and after precipitation. 

 

5.3.2 Optimization of streptavidin beads pull-down 

After probe labeling in LL buffer containing 2% (w/v) SDS, excess probe and the 

detergent were removed by protein precipitation, the protein pellet was then 

dissolved in 8 M urea buffer, and labelled glycoproteins were captured by 

streptavidin conjugated agarose beads . Streptavidin has very strong affinity for 

biotin. The streptavidin-biotin complex is resistant to detergents (e.g. 8 M urea, 2% 
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SDS), organic solvents (e.g. acetonitrile), proteolytic enzymes (e.g. trypsin), and 

extremes of pH and temperature [250]. Although the affinity between streptavidin 

and biotin is very strong, it’s uncertain whether these detergents will interfere the 

formation of the streptavidin-biotin complex. So we compared the efficiency of two 

streptavidin beads pull down buffers (PD buffer). PD buffer 2 was the 8 M urea 

buffer used to dissolve protein pellet after precipitation, containing 8 M urea, 100 

mM Tris, 150 mM NaCl, pH 7.8. In PD buffer 1, the urea concentration was diluted 

to 2 M by PBS. 

After capture of labelled proteins with excess streptavidin beads in two PD buffers, 

proteins from both the beads and the supernatant were separated by SDS-PAGE and 

stained with CBB or streptavidin-HRP. If there were no interference, all the labelled 

proteins should be pulled down by the beads, and the supernatant should not be 

detected with the probe. As depicted in Figure 5.4A, the beads were detected with 

strong probe signal, and in PD buffer 1, no probe signal was detected in the 

supernatant, which means all the labelled glycoproteins had been captured by the 

beads. However, in PD buffer 2 that contains 8 M urea, some probe signal could 

still be detected in the supernatant. So we proposed that 8 M urea would interfere 

with the binding of biotin to streptavidin. In addition, CBB staining showed that the 

intensity of the high MW region of the beads was much stronger than that of 

supernatant for both PD buffers (Figure 5.4B). This is because the high MW region 

is mainly consisted of glycosylated transmembrane proteins.  
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After incubation with streptavidin beads, non-specific proteins can be removed by 

stringent washing, with buffers that contain strong detergent (e.g. urea, SDS). The 

binding of streptavidin to biotin is one of the strongest noncovalent biological 

interactions with femtomolar affinity constants. The streptavidin-biotin complex is 

resistant to strong detergents. So adding strong detergent or denaturant (e.g. urea, 

SDS) to the washing buffer can disrupt the tertiary structure of other proteins but 

not the streptavidin-biotin complex. Thus nonspecific binding proteins can be 

removed. The above analysis indicated that 8 M urea would interfere the binding of 

biotin to streptavidin. So we optimized the washing condition to efficiently remove 

non-specific proteins binding on the streptavidin beads while avoiding significant 

sample loss. After streptavidin pull down, the beads were washed with buffers 

containing different concentrations of urea before downstream analysis (e.g. SDS-

PAGE, on-bead digestion). CBB staining showed that the lane intensity was 

reduced with increased concentration of urea, with strongest signal detected in the 

lane without washing. However, streptavidin-HRP staining showed that increased 

the urea concentration from 2 M to 6 M supplied with 0.1% (w/v) SDS, the signal 

of biotin was not significantly affected, which means that the majority of labelled 

proteins still remained on the beads (Figure 5.4B). So the washing buffer contains 

6 M urea and 0.1% (w/v) SDS is optimal for removing non-specific binding proteins 

without significant sample loss. 
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Figure 5.4 Optimization of streptavidin beads pull-down and washing. (A) The pull 

down efficiency of two different streptavidin PD buffers. In control beads, the 

streptavidin beads were incubated with proteins without probe labeling. (B) 

Optimization of washing buffers. Different concentration of urea buffers containing 

100 mM Tris-HCl, pH 7.8 were compared for efficiency of removing non-specific 

binding proteins. (C) Streptavidin was resistant to trypsin digestion. After 

glycoproteins were pulled down, the streptavidin beads were divided into two 

copies. One copy was performed with trypsin digestion. Then both copies were 

separated by SDS-PAGE and stained with CBB.  

 

As we used streptavidin beads to enrich biotin-labelled protein, if streptavidin itself 

was digested by trypsin, then the very high abundant peptides derived from 

streptavidin would interfere with LC-MS analysis of peptides derived from 

captured glycoproteins, and even worse, the glycopeptides could not retain on the 
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beads for identification of N-glycosites. So we tested whether streptavidin was 

resistant to trypsin digestion. Figure 5.4C showed that the intensity of streptavidin 

was not significantly reduced after trypsin digestion, suggesting it’s resistant to 

trypsin, which was consistent with previous studies [250-251]. After trypsin 

digestion, the non-glycosylated peptides were released from the streptavidin beads, 

and the glycopeptides attached to the beads were released by PNGase F, an amidase 

that cleaves between the innermost GlcNAc residues, leaving a protein or peptide 

with deaminated asparagine. Then the glycosylation site(s) of glycopeptides were 

identified by LC-MS analysis and database searching [252-253]. Our enrichment 

method could identify thousands of N-glycosites per LC-MS run, with higher 

efficiency than the traditional hydrazide chemistry method (see section 5.3.4), 

which further proved that streptavidin was resistant to trypsin digestion. As N-

linked glycosylation only occurs on several sites of the protein, the majority of the 

glycoproteins are consisted of non-glycosylated peptides. Thus the 

nonglycopeptides are more suitable for glycoprotein identification and 

quantification [254], this is further discussed in the below sections. 

5.3.3 Optimization of Glycan Oxidation 

The above method development and optimizations was mainly performed by SDS-

PAGE. We further optimized the method by LC-MS based analysis. The glycans 

are required to be oxidized before hydrazide chemistry labeling. The most 

commonly used oxidant was NaIO4, with concentration of 15 mM [92, 221]. But 

other reports used relatively lower concentrations (e.g. 1 mM) [255-256]. So we 
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want to optimize the suitable concentration for our method. Proteins extracted from 

mouse pancreas were oxidized by the following concentrations of NaIO4: 0 mM, 

0.5 mM, 1 mM, 2 mM, 5 mM, 10 mM and 20 mM. As showed in Figure 5.5A, when 

the concentration of NaIO4 was increased from 0.5 mM to 2 mM, the number of 

identified glycopeptides were increased significantly. But when the concentration 

was further increased, the identified glycopeptides were decreased. This is 

explainable because along with oxidation of glycans, NaIO4 would also lead to 

other unexpected modifications of proteins or peptides, such as oxidation of 

methionine, and terminal modifications [226]. The oxidation of methionine is 

acceptable because it’s common in proteomic sample preparation, and can be set as 

variable modification during database searching. But other unknown modifications 

will interfere with database searching and reduce the identification result. In our 

result, higher concentration of NaIO4 reduced the number of identified 

glycopeptides, while lower concentration may lead to insufficient glycan oxidation, 

so we determine 2 mM as the optimal concentration for our method. This is further 

confirmed by comparing the intensities of commonly identified N-glycosites 

between different oxidation concentrations, with highest intensity quantified from 

sample oxidized by 2 mM NaIO4 (Figure 5.5B).  

In addition, the influence of NaIO4 oxidation on the glycans was further 

investigated. For neutral monosaccharides on terminal of glycan chains, the two 

adjacent hydroxyl groups within the sugar ring were oxidized to form two aldehyde 

groups, while for acidic monosaccharides (e.g. sialic acid) on terminal of glycan 
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chains, the two adjacent hydroxyl groups outside the sugar ring were oxidized to 

form the aldehyde product (Figure 5.5C). We found that with increase of NaIO4 

concentration, the intensity of both precursor and product ions for both neutral 

glycans and acidic glycans were decreased (Figure 5.5D), suggesting that high 

concentration will break the glycan structure, thus affect labeling of glycoproteins 

by the biotin-hydrazide probe. So 2 mM of NaIO4 was further determined as the 

optimal oxidation concentration, leading to identification of more than 2000 N-

glycosites (Figure 5.5A) by a single-shot LC-MS analysis without any fractionation, 

which was higher than those obtain by conventional hydrazide chemistry method 

[92, 257-258].   



 

123 
 

 

Figure 5.5 Optimization of glycan oxidation by NaIO4. (A) The number of 

glycopeptides identified from 0.5 mg of mouse pancreas lysate after oxidation by 

different concentrations of NaIO4 for 30 min. (B) The frequency distribution of 

intensity ratios of commonly identified N-glycosites between 2 mM NaIO4 and 

other oxidation concentration of 0.5 mM, 1 mM, 5 mM, 10 mM, and 20 mM, 

respectively. (C) The oxidation mechanism of neutral glycans and sialic acid by 

NaIO4. (D) Influence of NaIO4 oxidation at different concentration (2 mM, 10 mM, 

25 mM and 50 mM) on glycan precursor and product output. 
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5.3.4 High labeling efficiency of the developed method as compared with 

traditional method 

In the labeling of cell surface glycoproteins, living cells were suspended in labeling 

buffer (PBS pH 6.5, 0.1% FBS), and labelled with biotin-hydrazide for 60 min [240]. 

We wanted to find out the best reaction time of our probe for labeling of tissue 

protein extract in the optimized lysis buffer. After mouse pancreas samples were 

oxidized by 2 mM NaIO4, 2 mM of the probe was added into the samples and 

incubated for different time before precipitation to remove excess probe. In 

comparison, the same amount of oxidized lysate was added to react with hydrazide 

beads. After on-bead trypsin digestion and deglycosylation, glycopeptides were 

collected for LC-MS analysis. As showed in Figure 5.6A, a little less N-glycosites 

was identified when the probe reaction time was only 10 min, and the number of 

N-glycosites was almost the same when the probe reaction time was increased from 

30 min to 4 h, suggesting 30 min was sufficient for probe labeling. On the other 

hand, the number of N-glycosites increased with increased reaction time from 10 

min to 2 h by using hydrazide beads, indicating insufficient reaction under short 

time by using hydrazide beads. What’s more, at all the reaction time point, more N-

glycosites was identified by the probe approach than the hydrazide beads approach. 

Furthermore, quantification of the commonly identified N-glycosites showed that 

the intensities of N-glycosites had reached peak at 30 min, as the median ratio to 4 

h was around 1 (Figure 5.6B), while it took 2 h for hydrazide beads (Figure 5.6C). 

These results indicated that the aqueous reaction of hydrazide chemistry by the 
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highly water soluble probe was much higher than hydrazide chemistry reaction 

between aqueous lysate and solid phase hydrazide beads. We determined that 30 

min of reaction time was sufficient for comprehensive labeling of glycoproteins 

from tissue samples by using our biotin-hydrazide probe. 

 

 

Figure 5.6 Comparison of biotin-hydrazide probe and hydrazide beads at different 

reaction time. (A) The number of identified glycopeptides and glycoproteins by 

probe and beads. (B) and (C) The frequency distribution of intensity ratios of 

commonly identified N-glycosites between 4 h reaction time and other reaction 

times of 10 min, 30 min, 1 h and 2 h by probe or beads, respectively.  
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5.3.5 High sensitivity of the optimized method 

Different starting amount of proteins (20 μg, 50 μg, 200 μg, and 400 μg) extracted 

from mouse pancreas were compared for glycoprotein enrichment by our workflow 

to test the sensitivity of our method and to see whether the glycoproteins can be 

quantified accordingly. After desalting, glycopeptides were analyzed by DDA LC-

MS. As shown in Figure 5.7A, approximate 800 N-glycosites were identified from 

only 20 μg of mouse pancreas lysate, demonstrating superior sensitivity of our 

method as compared with a previous study, which only identified 281 N-glycosites 

from 50 μg of mouse brain proteins by using conventional hydrazide chemistry 

method [105]. Our performance is even more prominent considering that brain 

tissue contains more N-glycosylated proteins [90]. More N-glycosites were 

identified with increased sample amount (Figure 5.7A). Moreover, we did label-

free quantification of identified N-glycopeptides by MaxQuant [259]. 

Quantification of the commonly identified N-glycosites between different protein 

amounts showed that the ratios of intensities was correlated to protein amounts 

(Figure 5.7B-D). The result indicated high sensitivity and acceptable quantification 

performance of our method. 
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Figure 5.7 Enrichment efficiency using different starting amount of proteins. (A) 

The number of N-glycosites identified from different starting amount of proteins. 

(B)-(D) The frequency distribution of intensity ratios of commonly identified N-

glycosites between 20 μg proteins and other protein amount of 50 μg, 200 μg and 

400 μg, respectively. 

 

In order to further test the sensitivity of our method, different amounts of standard 

glycoprotein Fetuin were spiked into 500 μg of mouse pancreas total proteins to 

represent from extremely low abundance glycoproteins to high abundance 

glycoproteins (Figure 5.8A). After glycoprotein enrichment and on-bead digestion, 

samples was analyzed by LC-MS. In comparison, the samples were directly 
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digested by in-solution digestion (section 4.2.4) without enrichment and subjected 

to LC-MS analysis. The total number of proteins quantified by LFQ was almost the 

same among each sample of the same group of enrichment or no enrichment (Figure 

5.8B, scatter plot), which demonstrated good repeatability of our method. Without 

glycoproteins enrichment, Fetuin was only quantified from 25 ng sample, while it 

could be quantified as low as 0.2 ng after glycoprotein enrichment. Furthermore, 

the normalized LFQ intensity of Fetuin showed that it could be quantified 

accordingly after enrichment, with much higher intensities compared to no 

enrichment (Figure 5.8B), which further prove high sensitivity and good 

quantification performance of our method. 

 

Figure 5.8 Sensitivity of the enrichment method by spike-in different amount of 

standard glycoprotein Fetuin into 500 μg of mouse pancreas proteins. (A) The ratio 

of Fetuin to total protein (W/W). (B) The normalized LFQ intensity of Fetuin. The 

LFQ intensity of Fetuin quantified from 0.2 ng was defined as 0.2 to normalize the 

LFQ intensities from other spike-in amount with or without enrichment. 
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5.3.6 Nonglycopeptide is better than glycopeptides for quantification of 

glycoproteins 

As N-linked glycosylation only occurs on several sites of the glycoproteins, they 

are mainly consisted of nonglycopeptides. A previous study have demonstrated that 

nonglycopeptides are more suitable for glycoprotein identification and 

quantification by using traditional hydrazide chemistry for glycoprotein enrichment 

[254]. As the biotin-hydrazide-based method could identify more glycopeptides 

than the traditional enrichment method, we compared glycopeptides and 

nonglycopeptides for identification and quantification of glycoproteins by using the 

newly developed strategy. After enrichment, the nonglycopeptides were released 

by on-bead trypsin digestion, then the glycopeptides were released by PNGase F, 

both of them were collected for LC-MS analysis. As shown in Figure 5.9A, a total 

of 2352 annotated glycoproteins from UniProt database were identified by 

nonglycopeptides, which almost doubled those identified from glycopeptides (1233 

glycoproteins). Moreover, the majority of glycoproteins identified by glycopeptides 

were covered by nonglycopeptides. In addition, for the 1060 overlapped 

glycoproteins, the number of unique peptides identified from nonglycopeptides was 

much higher than that identified from glycopeptides for the majority of 

glycoproteins (Figure 5.9B). These results demonstrated that nonglycopeptides 

were better than glycopeptides for identification and quantification of glycoproteins.  
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Figure 5.9 Comparison of glycopeptides and nonglycopeptides for identification of 

glycoproteins. (A) The number of unique and common glycoproteins identified by 

glycopeptides and nonglycopeptides, respectively. (B) The nonglycopeptide to 

glycopeptide ratio of the 1060 overlapped glycoproteins. 

 

5.3.7 The method is unbiased for enrichment of glycoproteins  

In order to further demonstrate the advantage of our strategy for quantification of 

glycoproteins from clinical samples, one PDAC tissue as described in chapter 6 was 

used for glycoprotein enrichment by our method, or direct protein digestion by 

using protocols described in section 4.2.4, both in triplicate analysis of 500 μg 

proteins. Both direct digestion peptides and enriched nonglycopeptides were 

fractionated into five fractions by using stagetip-based high pH RP fractionation. 

By using the same MS time, more secreted and membrane glycoproteins were 

identified and quantified after enrichment as compared to no enrichment (Figure 

5.10A). Furthermore, the quantification reproducibility between technical 

replicates was compatible for enrichment and no enrichment, with Pearson’s 

correlation of 0.99 (Figure 5.10B). In addition, the percentage of LFQ intensity of 
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secreted and membrane glycoproteins to total LFQ intensity was 75% after 

glycoprotein enrichment, which was significantly higher than 39% without 

enrichment (Figure 5.10C), demonstrating the enrichment efficiency of our method, 

which should greatly facilitate quantitative analysis with better signal-to-noise ratio. 

As the purpose of developing this glycoprotein enrichment method was to monitor 

the expression changes of secreted and membrane glycoproteins in biological 

samples, such as in disease and healthy tissue samples. We wanted to know whether 

this glycoprotein enrichment strategy itself may has bias and affect the original 

expression levels of these glycoproteins. We therefore compared the quantification 

correlation between tumor (T) and pairwise non-tumor (NT) tissue samples before 

and after glycoprotein enrichment. We found that similar quantification results were 

achieved after glycoprotein enrichment as compared with no enrichment. The 

intensity ratio (T/NT) of the 1724 commonly quantified glycoproteins after 

enrichment was similar to the ratio (T/NT) without enrichment, with median value 

of the ratio between them at 1.1 and the majority (90%) within two fold (Figure 

5.10D). In conclusion, our glycoprotein enrichment strategy can achieved 

quantification results that represent the original protein expression levels. 
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Figure 5.10 Comparison of enrichment and no enrichment for identification and 

quantification of secreted and membrane glycoproteins. (A) The number of secreted 

and membrane glycoproteins identified from PDAC tumor sample with 

glycoprotein enrichment by our method and without enrichment. (B) Correlation of 

protein intensities between three technical replicates of enrichment and no 

enrichment. (C) The percentage of LFQ intensity of secreted and membrane 

glycoproteins to total LFQ intensity before and after enrichment. (D) The intensity 

ratio of the 1724 commonly quantified glycoproteins between tumor (T) and 

adjacent non-tumor (NT) after enrichment divided by the T/NT ratio before 

enrichment. The dash lines indicate ratio of 0.5 (left) and 2 (right), respectively. 
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5.4 Chapter summary 

In this chapter, we synthesized a water soluble biotin-hydrazide probe and prepared 

a detergent assisted buffer for direct protein extraction and probe labeling. Then the 

hydrazide chemistry reactions were optimized with lower oxidant concentration (2 

mM) to reduce non-specific reactions. The reaction of the probe to oxidized glycans 

only took 30 min at concentration of 2 mM, which was much faster than 

conventional hydrazide chemistry method. After optimization, the method was 

proved to be highly sensitive and reproducible, as validated by using small amount 

of proteins for enrichment, and by spike-in trace amount of standard glycoprotein. 

Moreover, while traditional glycoproteomic methods mainly focus on enriching 

glycopeptides for identification of glycosites, we found that nonglycopeptides were 

better than glycopeptides for quantification of glycoproteins. What’s more, our 

glycoprotein enrichment strategy was unbiased as we achieved good quantification 

correlation before and after glycoprotein enrichment. We present a robust and 

general glycoproteomics approach to comprehensively profile secreted and 

membrane glycoproteins in complex biological mixtures. 
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Chapter 6 Deep glycoproteome and cell-type resolved proteome 

profiling of pancreatic cancer tissue for screening biomarkers 

6.1 Introduction 

Pancreatic ductal adenocarcinoma (PDAC) is a devastating disease with a dismal 

prognosis, but the clinical efficacy of PDAC therapy has been impeded by several 

obstacles. Due to its insidious onset without evident symptoms and absent of 

specific and sensitive enough biomarkers, most PDAC cases are diagnosed at a 

metastatic stage and no longer suitable for surgery. Moreover, severe drug 

resistance to most extant therapies make this nasty disease more lethal, with five 

year survival rate of around 8% [260]. The estimated deaths caused by PDAC 

ranked 7 of cancer associated deaths in 2012 (Figure 6.1A) [261]. It’s estimated 

that PDAC will be the second leading cause of cancer-associated deaths by 2030 

(Figure 6.1B) [262]. Therefore, it is critical to develop sensitive and specific 

biomarkers for detecting the disease at early stage, and to develop novel therapeutic 

targets essential in PDAC management, and furthermore, personalized treatment. 
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Figure 6.1 Estimated new cancer cases and deaths worldwide in 2012 and projected 

cancer deaths. (A) Estimated new cancer cases and deaths in 2012 by sex [261]. (B) 

Projected cancer deaths from 2010 to 2030 [262]. 

 

PDAC tissue is the most direct source for discovery of diagnostic biomarkers and 

for development of potential therapeutic targets, as it is likely to have the highest 

concentrations of cancer-specific markers correlated to the disease status. Many 

studies have been carried out on the genome level to reveal genetic mutations, gene 
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amplifications and chromosomal losses [263-265]. Bailey et al. performed genomic 

profiling of 456 PDAC tissues and their histopathological variants to identify 

mutational mechanisms and to screen out candidates that are critical in 

carcinogenesis of PDAC [266]. They found that different tissue types were enriched 

with specific mutations and genes. For example, genes associated with early 

pancreatic development were enriched in pancreatic progenitor tumors. Aguirre et 

al. performed RNA sequencing of biopsy tissue samples from 71 advanced PDAC 

patients and identified gene expression signatures that assisted in clinical therapies 

[267]. Furthermore, due to the significant role of CAFs in PDAC tumorigenesis and 

development [268], several studies has performed RNA sequencing to elucidate the 

heterogeneity of different sub-populations of CAFs obtained by FACS sorting [269-

271]. 

It has been implied that genetic changes alone are not sufficient to interpret disease 

occurrence and development, including PDAC. MS-based proteomic approaches 

can provide critical and direct information about molecular machinery that 

complement to genomic data, such as expression at protein level, their post-

translational modifications and protein complexes. However, due to the various 

hyperactive proteases secreted by pancreas, proteomic analysis of pancreatic tissues 

is more challenging than other tissue types due to easily protein degradation, and 

the proteome coverage of global profiling studies is generally low [272-273]. 

Takadate et al. carried out protein expression profiling of node positive PDAC 

tissues (N = 8) and noncancerous pancreatic ducts (n = 5) by using FFPE tissues 
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and label-free quantification [274]. A total of 1229 proteins were identified, of 

which overexpression of four proteins as a panel was well correlated with poor 

survival. Another study performed proteomic analysis of PDAC tissues and their 

adjacent noncancerous tissues (n = 4) [275]. A total of 2190 proteins were identified 

and Laminin gamma 2 was validated in serum as a potential biomarker for PDAC. 

A recent study performed proteomic profiling of PDAC tissues from patients with 

short survival (n = 9) and relatively long survival (n = 10), and identified a total of 

4942 proteins [276]. Among the 171 significantly altered proteins characterized by 

label-free quantitative proteomics, 25 of them were validated in tissues by targeted 

proteomic approach as candidate biomarkers for PDAC prognosis. Another similar 

study also compared proteome difference of tissues from short survival and long 

survival PDAC patients, but only identified 1050 proteins [277]. Quantitative MS 

analysis using isotope labeling was also carried out for studying protein expression 

in early stages of PDAC, advanced PDAC, and normal pancreas tissues [278]. A 

total of 770 proteins were quantified, among which 200 were aberrantly regulated 

proteins that may assist in early diagnosis of PDAC, but they didn’t carry out 

validation experiments. As global proteomic profiling of bulk pancreatic tissue has 

been difficult with low proteome coverage, spatial proteome profiling of PDAC 

tissue is far more challenging and has rarely been reported.  

N-linked glycoproteins are promising candidates for screening novel diagnostic and 

prognostic markers and therapeutic targets for PDAC [239]. However, studies on 

glycoproteomic profiling of PDAC tissues is limited [279]. A previous study only 
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identified a few hundred glycosites and glycoproteins [279]. In chapter 5, we 

developed a sensitive method for deep glycoproteome profiling of tissues. Here, we 

first applied this method to enrich and identify leukemia inhibitory factor (LIF), a 

glycoprotein mainly secreted by CAFs, also known as pancreatic stellate cells 

(PSCs) in PDAC tumor microenvironment. By using target proteomic method PRM, 

LIF, its receptor leukemia inhibitory factor receptor (LIFR) and co-receptor 

interleukin-6 receptor subunit beta (IL6ST, also known as GP130) were validated 

to be significantly and specifically altered in PDAC tissues, thus could serve as 

potential biomarkers for PDAC diagnosis. Furthermore, we and our collaborators 

have proved the dual roles of LIF in both tumor progression and chemotherapy of 

PDAC. Related results have been published on Nature recently [280]. Next, to 

screen more LIF-like biomarkers with diagnostic and therapeutic values, we scale 

up our enrichment strategy for analyzing 114 pancreatic tissues (30 PDAC, 30 

pairwise NT, 32 CP and 22 Normal) and 5 pairs of tissue samples from two other 

gastrointestinal system tumors (liver and colon) for global profiling of their 

glycoprotein expression pattern. We were able to identify and quantify the deepest 

glycoproteome of PDAC to date. Furthermore, we performed spatial proteome 

profiling of PDAC tissue so as to annotate the cell-type localization of differential 

glycoproteins in pancreatic tumor microenvironment. We therefore provided 

valuable resources for screening novel and cancer specific biomarkers for PDAC. 

6.2 Materials and methods 

6.2.1 Clinical samples 
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Human pancreatic tissue samples were obtained from Wuhan Tongji Hospital with 

approval by the Medical Ethics Committee of Wuhan Tongji Hospital. For PRM-

MS analysis of LIF and its receptor LIFR and co-receptor GP130, 38 pancreatic 

tissues we collected, including 12 normal pancreatic tissues, 8 chronic pancreatitis 

(CP) tissues and 18 PDAC tissues. The clinical parameters of the human cases were 

summarized in Table 6.1.  
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Table 6.1 Clinical parameters of the pancreatic tissue samples collected for PRM-

MS analysis of LIF, LIFR and GP130. 

 

 

For global profiling of glycoproteins, another cohort of 114 pancreatic tissues was 

collected, including 30 PDAC tumor tissues, 30 adjacent non-tumor (NT) tissues, 

22 normal pancreas tissues and 33 CP tissues (Table 6.2). In addition, in order to 

screen out PDAC specific biomarkers, 5 pairs of tumor tissues and pairwise NT 

tissues from two other types of gastrointestinal system tumors (liver and colon) 
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were also enrolled for glycoproteome profiling, respectively. As shown in Figure 

6.1, liver and colon cancers are also severe tumor types with high morbidity and 

mortality. 

 

Table 6.2 Clinical parameters of the tissue samples collected for glycoprotein 

profiling and for LCM of PSCs and PCCs 
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6.2.2 Enrichment of glycoproteins 

Glycoproteins were enriched from pancreatic tissues using the biotin-hydrazide 

based method developed in chapter 5. 

6.2.3 Frozen tissue section preparation, IHC and LCM 

For cell type-resolved analysis of PDAC tissues, 13 PDAC tumor tissues as 

indicated in table 6.2 were used for preparation of frozen tissue sections, IHC 

staining of pancreatic stellate cells (PSCs) and pancreatic cancer cells (PCCs), and 

LCM as described in section 3.2.1.  

6.2.4 DDA-MS analysis  

Peptides were analyzed by an Easy-nLC 1000 chromatography system coupled to 

an Orbitrap Fusion mass spectrometer (global glycoproteome profiling) or a Q 

Exactive HF-X mass spectrometer (spatial proteome profiling of PDAC tissues) via 

electrospray ionization (Thermo Fisher Scientific) as described in section 4.2.7.  

6.2.5 Validation of biomarkers by PRM  

PRM-MS assay was performed on the same Orbitrap Fusion system with the same 

LC setting as described above. The full MS scans were collected from m/z 350 to 

1200 at orbitrap resolution of 60,000 (AGC target of 2e5, MIT of 100 ms). Target 

precursors were then isolated through a window of 2 Da, followed by fragmentation 

at NCE of 30%. The product ions were scanned at orbitrap resolution of 30,000, 

AGC target of 2e5, and MIT of 120 ms.  

 

6.2.6 Data analysis 
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The DDA raw data was searched against UniProt human database by MaxQuant 

software as described in section 4.2.8. Global normalization of LFQ intensities 

across all samples were performed by the R package limma v.3.37.10, which is a 

commonly used method for normalization of shotgun proteomics data [281]. The 

normalized LFQ intensities were imported into Perseus for statistical analysis and 

for ploting Pearson’s correlation, heat map and volcano plot as described in section 

3.2.4. The receiver operating characteristic (ROC) curve to classify Normal group 

and PDAC group was performed using the R package pROC [282]. Secreted and 

transmembrane proteins were predicted by bioinformatics tools as described in 

section 5.2.7. Gene ontology (GO) analysis and Kyoto Encyclopedia of Genes and 

Genomes (KEGG) pathway analysis were performed using DAVID Bioinformatics 

Database (version 6.8) [196]. The PRM raw files were analyzed by Skyline 

(v.3.6.0.10493)[283] to extract and calculate the transition peak areas, and manually 

inspected by a single experienced person. Data that met the following four criteria: 

normalized retention time within ±2 min, linear regression >0.98, mass difference 

within ±20 ppm and dot-product (dotp) score ≥0.75, were accepted for further 

analysis. Relative abundance was calculated by normalizing against the highest 

intensity in the panel.  

 

 

 

6.3 Results and discussion 
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6.3.1 LIF was identified by glycoprotein enrichment and validated as a 

potential biomarker for PDAC 

Previously, our group discovered that LIF was secreted by PSCs and activated 

PCCs by forming intercellular signaling complex with stimulated its receptor LIFR 

and co-receptor GP130. In this chapter, we tried to validate the expression of LIF, 

LIFR and GP130 in patient samples with the hope of biomarker and drug target 

discovery. However, through global profiling of PDAC tissue samples without 

enrichment, we could not identify LIF and LIFR. In order to validate these proteins, 

all of which are N-linked glycoproteins, we applied our glycoprotein enrichment 

strategy in two pairs of PDAC tumor and NT tissues and successfully identified LIF 

and LIFR by DDA-MS analysis (Figure 6.2A). To obtain more accurate 

quantification results, a targeted proteomic technique (parallel reaction monitoring, 

PRM) was applied for these three glycoproteins. PRM monitor all the fragment ions 

of a target peptide for quantification with high accuracy [64-65]. Figure 6.2B 

showed that high reproducibility was achieved for tissue sample preparation and 

PRM-MS analysis. Then we validated the expression level of LIF, LIFR and GP130 

in clinical samples. In total, 38 pancreatic tissue samples (12 NT, 8 CP and 18 

PDAC) were enrolled in the validation experiment. Figure 6.2C showed that LIF 

level was significantly increased in PDAC samples as compared to NT samples. 

What’s more, to validate whether LIF is specifically elevated in PDAC but not other 

tumor types, around ten pairwise tumor and NT samples from breast, colon and 
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liver cancers were compared, and we found that LIF was specifically elevated in 

PDAC (Figure 6.2D), suggesting it’s clinical value in diagnosis of PDAC.  

As LIF alone cannot exert biological functions, we further validated the expression 

level of LIF receptors, LIFR and GP130 in pancreatic tissues. LIFR and GP130 

were both validated to be expressed in pancreatic tissues. The expression level of 

LIFR was down-regulated in PDAC tissues compared to NT and CP tissues (Figure 

6.2E), while GP130 was slightly elevated (Figure 6.2F). We and our collaborators 

have proved dual roles of LIF and its receptors in both tumor progression and 

chemotherapy of PDAC, and the results had been published on Nature [280].  
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Figure 6.2 Validation of LIF and its receptors in human pancreatic tissues by 

glycoprotein enrichment combined with PRM-MS assay. (A) The number of unique 

peptides identified for LIF, LIFR and GP130 before and after enrichment. (B) 

Reproducibility evaluation of the tissue sample preparation and PRM-MS analysis. 

(C, D) LIF protein levels in human primary tumor and paired normal tissue samples 

from patients with pancreatic cancer (C) and patients with various solid cancers (D) 

quantified by glycoprotein enrichment and PRM-MS assays. (E, F) LIFR and 

GP130 protein levels in human pancreatic tissues quantified by PRM-MS assays. 

Statistical significance was determined by two-tailed unpaired Student’s t-test (D) 

or one-way ANOVA (C, E, F). 
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6.3.2 Deep glycoproteome profiling of pancreatic tissues 

The success of applying the enrichment strategy for validation of LIF and its 

receptors has inspired us to scale up our enrichment strategy for discovering more 

glycoproteins with diagnostic and therapeutic values. To this end, we collected 114 

pancreatic tissues (30 PDAC, 30 pairwise NT, 32 CP and 22 Normal) and 5 pairs 

of tissue samples from each of two other gastrointestinal system tumors (liver and 

colon) for global profiling of their glycoprotein expression pattern by using the 

developed glycoprotein enrichment strategy. After on-bead digestion, the 

nonglycopeptides were collected and fractionated into 5 fractions, while 

glycopeptides were collected as an independent fraction. Each fraction was then 

analyzed by a 140 min gradient LC-MS/MS analysis using the optimized 

parameters described in Chapter 2. In total, 804 LC-MS/MS runs were performed 

with more than 100 days of MS time, including LC preparation time (sample 

loading and column equilibrium) and quality control samples (blank and 

commercial BSA peptides were run every day for monitoring the stability of the 

LC-MS system).  

As the glycoproteins were enriched by labeling the glycans attached to 

glycopeptides, we first checked the number of N-glycosites identified in each 

sample to prove the enrichment efficiency. On average, around 3000 N-glycosites 

were identified for each sample (Figure 6.3A), and 6009 nonredundant N-glycosites 

corresponding to 2353 glycoproteins were identified collectively from 114 

pancreatic tissues. Considering the total number of annotated N-linked 
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glycoproteins in human is 4388 in the UniProt database, the coverage of 

glycoproteins in our data is rather deep, because more than half of the glycoproteins 

were identified from only one tissue type through a single enrichment strategy. To 

the best of our knowledge, this is the deepest N-glycoproteome dataset of pancreas 

to date, as compared with previous studies. For example, Funel et al. identified 630 

glycosites from 322 proteins in pancreatic cancer patient serum [284]. Haun et al. 

identified 84 cell-surface glycoproteins from pancreatic cell line BxPC-3 [285]. Pan 

et al. identified 637 glycopeptides derived from 374 glycoproteins in PDAC and CP 

tissue samples [279].  

In chapter 5, section 5.3.6 we demonstrated that nonglycopeptides is better than 

glycopeptides for identification and quantification of glycoproteins. Here we found 

that deep proteome coverage was achieved by nonglycopeptides in each sample, 

with nearly 8000 proteins identified and 6000 proteins quantified at average (Figure 

6.3B). In total, 9654 non-redundant protein groups were identified across all the 

pancreatic samples. We went on to analyze the coverage of secreted and membrane 

glycoproteins in this dataset. The majority of glycoproteins are secreted and 

membrane proteins. Those two classes of proteins are important sources for 

biomarker discovery and drug target development [286-288]. At average, around 

1000 secreted proteins were identified and 800 of them were quantified. In total, 

1280 secreted proteins were identified, covering more than half of the human 

secreted proteins with signal peptides in the UniProt database (Figure 6.4A). For 

membrane proteins, around 2000 proteins were identified and 1500 were quantified 
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at average. In total, 2834 membrane proteins were identified, which also covered 

more than half of the human membrane proteins with transmembrane regions in the 

UniProt database (Figure 6.4B). In addition, many of these secreted and membrane 

proteins were identified by N-glycosites from our glycopeptide dataset or annotated 

as glycoprotein in the UniProt database, which further approved the good 

performance of this global glycoproteomic profiling approach. 
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Figure 6.3 Global profiling results of N-glycosites and proteins in four group of 

pancreatic tissue samples (Normal, NT, CP and PDAC) after glycoprotein 

enrichment. (A) The number of identified and quantified N-glycosites in each group 

by the glycopeptide fraction. (B) The number of identified and quantified proteins 

in each group by 5 fractions of the nonglycopeptides.  

  



 

151 
 

 

Figure 6.4 Global profiling results of secreted and membrane proteins in four group 

of pancreatic tissue samples and their coverage to databases. (A) and (B) The 

number of identified (left panel) and quantified (middle panel) secreted proteins (A) 

and and membrane glycoproteins (B) in each group, and their coverage (in 

combination) to the UniProt database of human secreted proteins (containing signal 

peptide) and membrane proteins (containing transmembrane region).  

 

To monitor the performance of the whole workflow, 500 μg of each protein extract 

was spiked with 25 ng of standard glycoprotien Fetuin for quality control before 

glycoprotein enrichment. As shown in Figure 6.5A, even after series of sample 

preparation steps, including enrichment (labeling, precipitation, pull-down and 

washing), digestion, desalting, and LC-MS analysis, the intensities of Fetuin among 

different sample were similar. Even though only 25 ng of Fetuin (1:20,000 to 
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samples) was spiked, an average of 7 unique peptides were identified in each sample 

in the nonglycopeptide fracctions, demonstrating high sensitivity and 

reproducibility of our method. A previous study spiked 50 μg of glycoprotein 

standard into 1 mg protein extract for quality control before glycoprotein 

enrichment by traditional hydraizde chemistry method [279]. They spiked in such 

large amount of glycoprotein standard (1:20 to samples) due to the poor sensitivity 

of their method. An obvious disadvantage of spiking in too much glycoprotein 

standard is that it would interfere the enrichment of low abundant glycoproteins 

from the sample. We further analyzed the reproducibility of enriched proteins 

between biological replicates. The dynamic range of the quanfitified protiens were 

similar after global normalization by the Limma R package (Figure 6.5B), and the 

reproducibility of LFQ intensities between different biological replicates within the 

same group was high, with average Pearson’s correlation above 0.8 (Figure 6.5C-

D). 
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Figure 6.5 Quality control performance for LFQ quantification of the 114 samples 

from four groups of Normal, NT, CP and PDAC. (A) The LFQ intensities of Fetuin 

spiked into each sample for quality control. 25 ng of Fetuin was spiked into each 

sample of 0.5 mg before enrichment. (B) The LFQ distribution of quantified 

proteins in each sample after normalization by Limma. (C) An example of the 

Pearson correlation between two biological samples of the same group. (D) The 
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distribution of Pearson correlation value between any of the biological samples with 

the same group. 

 

6.3.3 Differentially-regulated glycoproteins in PDAC 

To screen protein biomarkers for early detection of PDAC and to screen drug targets, 

we compared the proteome alteration between normal tissues and PDAC tissues 

and identified 1163 significantly altered proteins, with 887 up-regulated in PDAC 

tumor tissues and 276 down-regulated in PDAC tumor tissues. (t test p ≤ 0.05, fold 

change ≥ 2). Heat map of the significantly regulated proteins showed that they could 

be grouped into 6 major clusters according to the trend of their relative abundance 

across normal, NT, CP and PDAC tissues (Figure 6.6), of which 2 clusters displayed 

descending trend, while 4 clusters displayed ascending trend (Figure 6.6). 

  



 

155 
 

 

Figure 6.6 Heat map of differential secreted and membrane proteins across four 

pancreatic tissue groups. A total of 1163 proteins were significantly altered (t test p 

≤ 0.05, fold change ≥ 2) between PDAC group and Normal group, of which 

887 protein were up-regulated in PDAC while 276 were down-regulated in PDAC. 

These differential proteins could be grouped into 6 major clusters according to the 

trend of their relative abundance. 

 

Next, we performed GO analysis and KEGG pathway analysis of the enriched 

clusters to find out key processes that are up-regulated or down-regulated in the 

PDAC tissues versus the normal samples (Figure 6.7). This analysis showed that 

proteins mainly involved in pancreatic secretion and protein digestion are enriched 

for the down-regulated proteins, while pathways involved in various biological 

processes are enriched for the up-regulated proteins, such as immune response, 

complement activation and glycan metabolism.  
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Figure 6.7 Gene Ontology (GO) analysis of the six clusters of significantly 

regulated proteins grouped in heat map. GOBP, GO Biological Process. GOMF, 

GO Molecular Function. KEGG, Kyoto Encyclopedia of Genes and Genomes. The 

top 2 hits are shown. 

 

As the purpose of this application study is to screen out biomarkers with diagnostic 

and therapeutic values, we screened out the significantly regulated proteins with 

ROC curve better than carbohydrate antigen 19-9 (CA 19-9), which is the only 
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biomarker approved by U.S. Food and Drug Administration (FDA) for auxiliary 

diagnosis of PDAC and for evaluation of therapeutic effect [289]. The sensitivity 

of CA 19-9 for diagnosis of PDAC is around 79%, and the specificity is around 

83%. Based on these criteria, we found 360 proteins with ROC curve showing better 

sensitivity and specificity than CA 19-9, among them, 150 are secreted 

glycoproteins, which are most likely to be detected in blood. Some of these 

glycoproteins (such as GPC1, CEA and THBS2) have been reported as potential 

biomarkers for PDAC (Figure 6.8).  

A study found that glypican-1 (GPC1) was specifically enriched on exosomes 

derived from the serum of PDAC patients, and could be used as a serum biomarker 

to differentiate healthy subjects, benign pancreatic tumor patients and PDAC 

patients at early and late stages with high sensitivity and specificity [290]. In our 

study, GPC1 was also significantly elevated in PDAC group as compared to Normal, 

NT and CP group (Figure 6.8). Carcinoembryonic antigen-related cell adhesion 

molecule 5 (CEACAM5, also known as CEA) was often reported to be elevated in 

sera of PDAC patients. A previous study found that a panel of CEA, CA 19-9 and 

TIMP-1 could differentiate benign subjects from PDAC patients with a 

sensitivity/specificity (SN/SP) of 76%/90% [291]. In our study, the SN/SP of CEA 

was 63%/100% for distinguishing Normal group from PDAC group (Figure 6.8). 

Kim et al. optimized an ELISA workflow to quantified thrombospondin-2 (THBS2) 

in plasma samples [292]. By combining with CA 19-9, the SN/SP could reach 

87%/98% for distinguishing PDAC from pancreatitis, and could also discriminate 
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different stages of PDAC. In our study, the average expression level of THBS2 in 

PDAC samples was more than 32 fold (235-30 = 25) higher than in Normal samples 

(Figure 6.8, bottom panel). Other glycoproteins, such as several mucins (MUC1, 

MUC4, MUC5AC and MUC16), have been reported to be up-regulated in PDAC 

and might serve as PDAC biomarkers [293-294]. The biomarkers discovered by the 

above studies were all covered by our dataset. As the glycoproteome coverage of 

our dataset is much deeper than previous studies, the majority of the glycoproteins 

with good ROC curve behavior haven’t been reported, indicating great potential to 

screen out valuable biomarkers from our dataset.  
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Figure 6.8 The performance of glycoproteins reported as biomarkers for PDAC in 

four groups of pancreatic tissue samples. Gene name, UniProt accession number 

and the reference are indicated for each biomarker on the left side. The left panel is 

the LFQ intensity of the biomarker in each sample of each group. The right panel 

is the ROC curve for differentiating between normal group and PDAC group. 
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For demonstration, we selected some of the secreted glycoproteins with ascending 

trend (Figure 6.9) and descending trend (Figure 6.10) among normal, NT, CP and 

PDAC samples. Some of these proteins have been reported as potential biomarkers 

in other tumors. For example, macrophage stimulatory protein (MST1) was 

discovered to be elevated in serum of colorectal cancer patients compared to healthy 

control [295]. By combing MST1 with two other proteins (CEA and FOBT), the 

SN/SP could reach 87%/98% 92.3%/100%. EGF-containing fibulin-like 

extracellular matrix protein 2 (EFEMP2) is an ECM glycoprotein that that has been 

demonstrated to affect progression and metastasis of colon cancer [296], breast 

cancer [297], and bladder cancer [298]. The role of EFEMP2 in PDAC has never 

been reported yet. Our results showed that EFEMP2 could distinguish PDAC from 

Normal with SN/SP of 100%/100%, (Figure 6.9). Carboxypeptidase Z (CPZ) is 

another secreted glycoprotein with SN/SP of 100%/100%. CPZ cleaves substrate 

proteins with specificity at C-terminal arginine residue. A previous study showed 

that CPZ could modulate the Wnt signaling pathway [299]. This pathway was 

implicated in PDAC carcinogenesis by regulating EMT, apoptosis, angiogenesis 

and cell cycle progression [300]. These studies further proved the potential of 

validating those secreted glycoproteins in PDAC for disease monitoring and 

treatment. 
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Figure 6.9 Secreted glycoproteins up-regulated in PDAC samples and might serve 

as new biomarkers for PDAC. Gene name and UniProt accession number are 

indicated for each biomarker at the top. The left panel is the LFQ intensity of the 

biomarker in each sample of each group. The right panel is the ROC curve 

differentiating normal group and PDAC group. 

 

Some of the secreted glycoproteins with descending trend among normal, NT, CP 

and PDAC groups also showed better SN/SP than CA 19-9, such as acid 

sphingomyelinase-like phosphodiesterase 3b (SMPDL3B), pancreatic alpha-

amylase (AMY2A), N(4)-(beta-N-acetylglucosaminyl)-L-asparaginase (AGA) and 

Kallikrein-1 (KLK1) (Figure 6.10). SMPDL3B is a lipid-modulating 

phosphodiesterase that could negatively regulate innate immunity [301], suggesting 

significant down-regulation of SMPDL3B might affect the immune surveillance 

process against PDAC. AMY2A belongs to the alpha-amylase family function in 
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the degradation of starch [302]. A previous study showed that decrease in plasma 

AMY2A level was well correlated with CP, and could be used to diagnose CP with 

SN/SP of 59%/94% [303]. AGA is an aspartylglucosaminidase that cleaves the 

bond joining glycan chains to the asparagine residue of N-glycoproteins [304]. 

Deficiency in AGA leads to aspartylglucosaminuria, a disease with declined mental 

function and increased skin bone [305]. KLK1 is a protease that exerts serine-type 

endopeptidase activity. A previous study analyzed the gene expression levels of all 

the members of the KLK family from 15 tumor types in the cancer genome atlas 

(TCGA) database [306]. They showed that KLK1 could be used as a diagnostic 

biomarker for renal carcinoma. The association of these down-regulated 

glycoproteins with PDAC haven’t been addressed yet. The high SN/SP of them 

suggest good potential to be developed as biomarkers for PDAC, but need further 

validation studies. 
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Figure 6.10 Secreted glycoproteins down-regulated in PDAC samples and might 

serve as new biomarkers for PDAC. Gene name and UniProt accession number are 

indicated for each biomarker at the top. The left panel is the LFQ intensity of the 

biomarker in each sample of each group. The right panel is the ROC curve 

differentiating normal group and PDAC group. 

 

In addition, we want to find out PDAC specific biomarkers by comparing PDAC 

with other gastrointestinal system cancers (liver and colon cancer). To this end, 5 

pairs of liver cancer tissues and the adjacent NT tissues and 5 pairs of colon cancer 

tissues and NT tissues were enrolled for glycoprotein enrichment using the biotin-

hydrazide based method and subjected to LC-MS analysis using the same protocol 

as PDAC samples. Figure 6.11A-B showed that tumor and NT samples could be 

well clustered. By comparing between PDAC and liver tumor samples, we found 
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467 proteins were up-regulated in PDAC while 386 proteins were down-regulated 

in PDAC (Figure 6.11C). By comparing between PDAC and colon tumor samples, 

we found 467 proteins were up-regulated in PDAC while 611 proteins were down-

regulated in PDAC (Figure 6.11D). The data provided valuable resource for 

screening out PDAC specific biomarkers 

 

 

Figure 6.11 Proteins relative intensities across different tissue types. (A) Heat map 

of liver cancer samples. (B) Heat map of colon cancer samples. (C) Volcano plot 

comparing PDAC with liver cancer samples. (E) Volcano plot comparing PDAC 

with colon cancer samples.  
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6.3.4 Proteome profiling of PCC and PSC from PDAC tissues 

Previously, we found that LIF was a potential biomarker for PDAC and the 

intercellular signaling from PSC to PCC through LIF and its receptors plays 

important roles in PDAC progression and metastasis [280]. After screening out the 

glycoproteins that were significantly regulated in PDAC samples as compared to 

normal, NT and CP samples, we wanted to find out whether these glycoproteins are 

from PSC or from PCC, so as to provide foundation for further investigation of their 

biological functions in PDAC tumor microenvironment. For this purpose, 13 PDAC 

tissues were processed by IHC-guided LCM to dissect out PSCs and PCCs for 

proteomic analysis (Figure 6.12). PDAC tissue sections were first staining by IHC 

using antibodies targeting KRT19 and PDAFGB to guide LCM of PCCs and PSCs, 

respectively. The harvested samples were digested and fractionated into 5 fractions 

by SISPROT for DDA LC-MS/MS analysis. Around 8000 proteins were identified 

in each of the 13 PCC and PSC samples, representing the first and deepest proteome 

profiling of PDAC PCCs and PSCs through LCM-based proteomics (Figure 6.13A). 

A recent study used LCM to harvest only the stromal region of PDAC for proteomic 

analysis, and they only identified 1017 proteins [307]. In total, we quantified around 

7000 and 8000 protein groups with similar dynamic ranges (6 orders of magnitude) 

from 13 PSC and PCC samples (Figure 6.13B). The correlation between different 

biological samples within the same group was high (Figure 6.13C), demonstrating 

high quality of our dataset. Heat map clustering of the proteins quantified in 13 PCC 

and PSC samples showed differential protein expression patterns between these two 
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major cell types in PDAC tissue (Figure 6.14A). Volcano plot showed that 450 

(blue) and 1505 (red) proteins were up-regulated (two-sided t-test FDR < 0.01, s0 

= 2) in PSCs and PCCs, respectively (Figure 6.14B). Some of the known markers 

of PCCs and PSCs were marked in Figure 6.14C.  
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Figure 6.12 IHC and LCM images of the 13 PDAC tissues. PCCs and PSCs in 

PDAC tissues section were stained by IHC using antibodies targeting KRT19 and 

PDGFRB, respectively, so as to guide precise LCM of these two cell types from 

PDAC sections.  
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Figure 6.13 Performance of proteome profiling of PCC and PSC samples dissected 

from 13 PDAC tissue samples. (A) The number of identified and quantified proteins 

in PCCs and PSCs. (B) The dynamic range of protein intensities quantified in PCCs 

and PSCs. (C) The Pearson correlation value between any of the biological samples 

with the same group of PCCs (laddered red color) and PSCs (laddered blue color). 
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Figure 6.14 Proteins differentially expressed between PCCs and PSCs. (A) Heat 

map clustering of the proteins quantified in 13 PCC and PSC samples. (B) Volcano 

plot comparison of PCCs and PSCs. Differentially expressed proteins (two-sided t-

test FDR < 0.01, s0 = 2) are highlighted in red (PCCs) or blue (PSCs). (C) The ratio 

distribution of protein intensities (PCCs/PSCs). Known markers of PCCs and PSCs 

are highlighted in red and blue, respectively.  
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6.3.5 Cell type annotation of significantly altered glycoproteins discovered by 

global profiling of bulk tissues. 

In section 6.3.3, we found 360 proteins with ROC curve showing better sensitivity 

and specificity than CA 19-9, among them, 150 are secreted glycoproteins. By 

comparing the proteome of PSCs and PCCs to those significantly regulated proteins, 

we found many of them were over-represented in PSCs or PCCs. For example, 

GPC1, THBS2 and EFEMP2 were significantly over-represented in PSCs, while 

SMPDL3B, KLK1 and SMPDL3A were significantly over-represented in PCCs 

(Figure 6.15). As we have discussed in section 6.3.3, some of these glycoproteins 

were reported as potential biomarkers for PDAC (GPC1, THBS2), while others 

haven’t been associated to PDAC. However, cell-type annotation of these 

glycoproteins in TME of PDAC tissue by proteomic approaches, including those 

reported biomarkers, have rarely been addressed yet. The RNA expression levels in 

TME of PDAC for some of these glycoproteins have been reported. For example, 

GPC1 was found to be expressed in both PCCs and PSCs through mRNA in situ 

hybridization [308]. By using a technology called nanostrings, the RNA expression 

level of THBS2 was found to be highly expressed in stromal cells as compared to 

PCCs in a PDAC mouse model [309]. For other glycoproteins, their RNA and 

protein expression level in PCCs and PSCs haven’t been reported. Our results 

provide foundation for further investigation of the function of these potential 

biomarkers for PDAC.  
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Figure 6.15 Cell type annotation of potential PDAC biomarkers discovered by 

global glycoproteome profiling of pancreatic tissues. (A) PSC specific 

glycoproteins quantified by cell-type resolved proteome analysis of 13 PDAC tissue 

samples. (B) PCC specific glycoproteins.  
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6.4 Chapter summary 

In this chapter, we successfully applied the biotin-hydrazide based method to enrich 

and validate LIF and its receptors as potential biomarker for PDAC. In addition, to 

discover more glycoproteins with diagnostic and therapeutic values, we performed 

global glycoproteomic profiling of 114 pancreatic tissues and 5 pairs of liver and 

colon cancer tissues by using the biotin-hydrazide for glycoprotein enrichment and 

optimized LC-MS parameters for profiling. The deepest glycoproteome of PDAC 

was achieved, covering the majority of previously reported biomarkers for PDAC. 

Besides, we discovered many new glycoproteins that could significantly 

differentiate PDAC from normal tissues and other tumor types. Moreover, the 

deepest spatial proteome profiling of PDAC tissues was achieved, covering more 

than 8000 proteins for both PSCs and PCCs harvested from 13 PDAC tissues by 

LCM. PSC and PCC specific proteins annotated cell-type location for many of the 

potential biomarkers discovered by glycoproteomic analysis. We provided a 

valuable resource for screening novel and cancer specific biomarkers for PDAC.  
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Chapter 7 Conclusions and future studies 

Studying the tumor heterogeneity through spatially resolved proteome and 

glycoproteome profiling by LC-MS based proteomic techniques is important for 

exploring intercellular signaling and screening biomarkers and drug targets. In this 

study, we have systematically optimized LC-MS parameters for high efficient data 

dependent proteomics and developed new methods for spatial-resolved proteome 

and glycoproteome profiling of tissues, and applied the optimized and developed 

methods for screening potential biomarkers for pancreatic cancer.  

We have systematically compared and optimized the performance of high-high and 

high-low approach, two commonly used scan modes, on the same Orbitrap Fusion 

Tribrid MS in terms of scan speed, cycle utilization, and peptide feature targeting 

and identification rate. Furthermore, we found the coordination of LC and MS 

setting is critical to better saturation of the peptide sequencing capacity. Dynamic 

exclusion time is a critical parameter in avoiding redundant sequencing, and should 

be set properly according to the performance of the column. Peptide loading amount 

should be optimized to avoid excessive saturation of the MS, rather than the column. 

After optimization, more than 9000 proteins and 110,000 unique peptides were 

identified by using 10 h of effective LC gradient time. The transparent LC-MS 

optimization workflow and analysis is critical for fully utilizing the advanced MS 

instrumentation for proteomic experiments. 

We have developed a highly sensitive and easy-to-use workflow for cell type-

specific proteome analysis of tumor tissue samples. Targeted cell type was stained 
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by IHC using cell-type specific antibody for improving accuracy and efficiency of 

LCM-based dissection. SISPROT compatible decrosslinking allowed for sample 

preparation in an integrated and highly efficient manner. By combining with DIA, 

high sensitivity and deep proteome coverage was achieved by a single-shot LC-MS 

analysis without fractionation. This workflow was applied to proteome profiling of 

cancer cells and CAFs of HCC, with 6660 and 6052 protein groups quantified, 

respectively, representing the deepest spatial proteome profiling of HCC through 

LCM-based proteomics. Protein interaction analysis reveal potential crosstalk 

between cancer cells and CAFs in the local HCC microenvironment. In summary, 

IHC-SISPROT is promising for cell type-specific proteome profiling of 

formaldehyde crosslinked tissue samples. 

For region and cell-type specific N-glycoproteome profiling, a fully integrated 

FISGlyco technology was developed for processing low microgram to 

submicrogram level tissue samples, such as tissue sections dissected by LCM. All 

the sample preparation steps of glycoprotein enrichment, digestion, deglycosylation 

and desalting were fully integrated into one spintip and could be done within 4 

hours. More than 600 N-linked glycosylation sites were identified from only 5 μg 

of mouse brain proteins, demonstrating high sensitivity of the FISGlyco. By 

seamlessly combining with LCM, the first region-resolved N-glycoproteome 

profiling of four mouse brain regions, including isocortex, hippocampus, thalamus, 

and hypothalamus, was obtained with good N-glycosite coverage. More importantly, 

the sample preparation steps were carried out on a standard centrifuge in a 
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multiplexed manner, it will be of great interest for clinic-oriented studies with 

limited sample access and high demand for sample processing capacity and 

quantification precision. 

We have established a biotin-hydrazide based method for deep glycoproteome 

profiling of tissues. The new method outperformed traditional hydrazide chemistry 

method in terms of sensitivity, time efficiency and glycoproteome coverage. What’s 

more, the glycoprotein enrichment strategy was unbiased as compared with no 

enrichment. The method was successfully applied to enrich and validate LIF and its 

receptors as potential biomarker for PDAC. In addition, to explore the full map of 

PDAC glycoproteins with diagnostic and therapeutic values, we performed global 

glycoproteomic analysis of 114 pancreatic tissues and 5 pairs of liver and colon 

tumor tissue samples by using the biotin-hydrazide for glycoprotein enrichment and 

optimized LC-MS parameters for profiling. The deepest glycoproteome of PDAC 

was achieved, covering the majority of previously reported biomarkers for PDAC. 

Besides, we discovered many new glycoproteins that could significantly 

differentiate PDAC from normal tissues and other tumor types. Moreover, the 

deepest spatial proteome profiling of PDAC tissues was achieved, covering more 

than 8000 proteins for both PSCs and PCCs harvested from 13 PDAC tissues by 

LCM, which annotated cell-type location for many of the potential biomarkers 

discovered by glycoproteomic analysis. We provided a valuable resource for 

screening novel and cancer specific biomarkers for PDAC.  
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The main limitations of current study are lack of validation on these potential 

biomarkers using large cohort blood samples, and investigation of their functional 

roles in carcinogenesis. As the secreted glycoproteins are likely to shed into the 

blood, for the perspective studies, we will perform validation of potential markers 

by PRM and ELISA in plasma samples from PDAC patients, liver and colon cancer 

patients and healthy controls, each with around 300 cases. First, we will optimize 

the PRM method so as to perform in high-throughput and high sensitivity manner. 

For example, the throughput can be improved by using microliter-flow rate LC, the 

sensitivity can be improved by spiking in stable isotope labelled peptides. For those 

that cannot be detected by PRM, we will use digital ELISA for validation. Next, as 

we have obtained the spatial information of potential biomarkers, we will perform 

functional validation of those potential PDAC biomarkers validated by PRM and 

ESLIA. We will investigate how altered expression of PSC or PCC specific 

glycoproteins affect signal transduction between PSC and PCC within the tumor 

and the relationship to PDAC carcinogenesis and development, thus lay foundation 

for drug target screening.  
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