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Abstract 
One of the most reliable prognostic factors in endometrial cancer is the presence of lymph node 

metastasis. Clinicians presently face the challenge that radiological imaging and conventional 

surgical-pathological variables such as tumour size, depth of invasion and grade of disease are 

unreliable in determining if the endometrial cancer has metastasized. Although only 10% of 

endometrial cancer patients suffer from lymph node metastasis, the majority of them undergo 

lymphadenectomy, which can be associated with significant complications including lower 

extremity lymphedema. Based on the assumption that metastasis is mainly determined by the 

properties of the primary tumour and its interaction with the surrounding tissues, a tissue based 

proteomic approach combining two complementary methods, peptide matrix assisted laser 

desorption/ionisation mass spectrometry imaging (MALDI MSI) and liquid chromatography-

tandem mass spectrometry (LC-MS/MS) was undertaken to identify molecular discriminators 

in primary endometrial cancers which correlate with lymph node metastasis.  

In a discovery approach, MALDI MSI was carried out on two tissue micro arrays (TMA), 

containing a total of 43 patients. Upon data acquisition, a canonical correlation analysis (CCA) 

based method was applied to rank the acquired m/z values based on their power to discriminate 

the primary carcinomas with and without metastatic potential. The highly ranked m/z values 

were able to classify 38 out of 43 patients (88.4%) correctly. The top discriminative m/z values 

were identified using a combination of in situ sequencing and LC-MS/MS from digested 

tumour samples. The differential abundance of the two identified proteins, plectin and α-Actin-

2 was further validated using data independent acquisition LC-MS/MS and 

immunohistochemistry. 

In a targeted approach, we aimed to improve the prediction model for endometrial cancer 

metastasis preoperatively. From publically available data and published research, we compiled 

a list of 60 target proteins with the potential to display differential abundance between primary 

endometrial cancers with lymph node metastasis versus those without. Using data dependent 

acquisition LC-MS/MS, we were able to detect 23 of these proteins in an independent cohort 

of endometrial cancer patients. Using data independent acquisition LC-MS/MS, the differential 

abundance of 5 of those proteins was observed (p < 0.05). Upon validation by 

immunohistochemistry, our data indicates that annexin A2 is upregulated while annexin A1 

and alpha actinin 4 were downregulated in primary endometrial cancers with lymph node 

metastasis versus those without. The results of this immunohistochemistry analysis were used 
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to generate a predictive model of endometrial cancer metastasis. Additionally the predictive 

model using highly ranked m/z values identified by MALDI MSI was generated and compared 

with other models containing the histopathological variables. However, when compared the 

MALDI MSI model showed significantly higher predictive accuracy than the model using 

immunohistochemistry data. 

Our results showed that the highly ranked m/z values identified from MALDI MSI data serve 

as new independent prognostic information beyond the established risk factors. The developed 

molecular classification tool has the potential to predict which tumours have metastasized and 

which patients would therefore benefit from radical surgery while avoiding those who will not 

benefit from it and consequently decreasing the risk of post-surgical morbidity. In conclusion, 

these findings demonstrate a successful application of MALDI MSI for the identification of 

protein biomarkers of endometrial cancer metastasis.  
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1 Introduction 
Endometrial cancer is one of the leading causes of morbidity and mortality among women 

worldwide. Despite the disease being diagnosed at an early stage, the major challenge faced by 

clinicians is how to best predict the clinical course of disease and evaluate patient outcomes so 

that the most appropriate treatment can be identified. Predictive tissue markers for lymph node 

metastasis are therefore essential to determine the optimal treatment strategy and to reduce 

morbidity in endometrial cancer patients. Such molecular markers could provide insight into 

the tumour biology and the process that leads to metastasis and may immediately serve as 

diagnostic markers to guide surgeons. Inadequacies in our current system of endometrial cancer 

classification and risk stratification have prompted a call to action [1, 2], to identify new 

biologically informative tools. 

1.1 Endometrial Cancer 

Endometrial cancers (ECs) are the most common gynaecological malignancies in the 

developed countries and are the fourth most common cancer in women overall [3], increasing 

globally in both incidence and mortality [4]. Each year, EC develops in approximately 142,000 

women worldwide, with an estimated 42,000 deaths from this cancer [5]. It is also one of the 

most common causes of death from gynaecological malignancy among women in Australia. It 

affects approximately 1/75 Australian women by the age of 75, resulting in around 1700 new 

cases and 230 deaths from the disease every year [6].  

The uterus is the primary female reproductive organ with its major role being to nourish the 

developing foetus. The uterus is shaped like an upside-down pear (refer to Figure 1); the 

superior is called fundus, the middle is corpus, and inferior is the cervix. The wall of the uterus 

consists of three layers of tissue; the inner lining of the uterus is called endometrium. The 

middle thick layer of the uterus is the myometrium and is made of specialised muscle tissue. 

The outer layer which is covering the uterus is called the serosa. 

During the reproductive years, the endometrium changes throughout the menstrual cycle in 

response to hormones produced by the ovaries. In normal menstrual cycles, the endometrium 

is shed with each menstrual period. However, in most cases of EC, the endometrium has not 

discharged and remains increased in thickness. This stage is called endometrial hyperplasia (pre-

cancerous stage), where the cancerous cells can grow quickly and out of control. When EC 

spreads, cancer cells leave the uterus (primary tumour site) and get lodged in lymph nodes 
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(metastasis) primarily in the pelvis near the uterus. The cancerous cells can further spread to the 

para-aortic lymph nodes, which lie in front of the lumbar vertebrae near the aorta. At the time 

of diagnosis of patients with EC, 6–8% will have lymph node metastasis (LNM), 4–6% will 

have pelvic lymph node metastasis (with or without para-aortic) and only 2% will have para-

aortic lymph node metastasis [7-9].  

 

 

Figure1: Schematic illustration of the female reproductive system 
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1.2 Histopathological Diagnosis 

1.2.1 Histological Subtypes 

Prior to the 1980s, EC was broadly characterized as a single disease. Based on the specific 

molecular features and different gene expression profiles, Bokhman [10] first described two 

main clinicopathological variants of EC: type I and type II. Type I EC, commonly referred to 

as the endometrioid type, comprises 80-90% of all EC [11]. They are usually less aggressive, 

well differentiated tumours that develop in peri-menopausal women, arise from glandular cells 

and are associated with having an increased ratio of hormone estrogen compared to the 

hormone progesterone in the body. Risk factors include obesity and atypical endometrial 

hyperplasia. Due to the presence of early symptoms, the vast majority of type I carcinomas are 

diagnosed when the tumour is still confined to the uterus and patients are cured by surgery 

alone [12]. Type II EC are non-endometrioid carcinomas accounting for 10-20% of all EC [11]. 

These are very aggressive, poorly differentiated, and estrogen-independent tumours that 

generally arise in postmenopausal women. Type II EC includes serous carcinomas, clear cell 

carcinomas and carcinosarcomas. These tumours are often diagnosed at late stage with poor 

prognosis and surgery is commonly followed by adjuvant therapy. Women with such tumours 

are at high risk of relapse and metastatic disease.  

1.2.2 Tumour Grade 

Tumour grading depends on the extent of abnormalities of tumour cells and tumour tissue 

organization as viewed under a microscope. The grade of EC is evaluated by solid tumour 

growth (the ratio of cancerous tissue to normal tissue) and cancer cell differentiation. Based on 

this, type I adenocarcinomas are divided into three grades, 1 to 3, depending on how closely 

they resemble the phenotype of normal endometrium. If the cancer cells look very similar to 

normal endometrium and consist of well-formed glands, with no more than 5% solid non-

squamous areas they are graded as grade 1, well differentiated and less aggressive. Grade 2 are 

moderately differentiated, consisting of 6-50% solid non-squamous areas. Grade 3 are poorly 

differentiated adenocarcinomas, where the cells look very abnormal with more than 50% solid 

non-squamous areas and are aggressive, grow and multiply quickly and are considered as high 

grade.  
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1.2.3 Staging  

Stage refers to the extent of the disease, such as how much the tumour has grown and whether 

it has grown to other nearby structures such as the cervix, bladder or rectum; whether the cancer 

has spread to local/regional lymph nodes, or it has metastasized to other parts of the body. 

Historically, EC was staged only by physical examination and ultra-sound of the uterus. In 

1988, the EC staging system changed from a clinical to a surgical system, and was revised in 

2009 by the International Federation of Gynaecology and Obstetrics (FIGO). Surgical staging 

usually involves removal of the uterus, ovaries, fallopian tubes, adjacent lymph nodes, and part 

of the vagina. 

According to the new revised 2009 FIGO system [13], EC is categorised into four stages: In 

stage I, cancer is found in the uterus only (refer to Figure 2a). Based on how far the cancer has 

spread, stage I is divided into three substages IA, IB and IC. (1) Stage IA, the tumour confined 

to the inner layer of cells of the uterus (endometrium). (2) Stage IB, tumour invades less than 

one half of the muscle wall of the uterus (myometrium). (3) Stage IC, tumour invades more 

than one half of the myometrium. In stage II, cancer has spread into connective tissue of the 

cervix, but has not spread outside the uterus (refer to Figure 2b). In stage III, cancer has spread 

beyond the uterus and cervix, but has not spread beyond the pelvis (refer to Figure 2c). Stage 

III is again divided into three substages IIIA, IIIB, and IIIC. (1) Stage IIIA, tumour spreads to 

the outer layer of the uterus and/or to the fallopian tubes, ovaries, and ligaments of the uterus. 

(2) Stage IIIB, where tumour spreads to the vagina and/or to the parametrium (connective tissue 

and fat next to the uterus). (3) Stage IIIC, tumour spreads to lymph nodes in the pelvis (IIIC1) 

and/or the aorta (IIIC2). In stage IV, tumour spreads beyond the pelvis into the bladder and/or 

bowel wall (stage IVA) and/or the abdomen and/or lymph nodes in the groin (stage IVB), (refer 

to Figure 2d). 

  

6 
 

http://www.medicinenet.com/image-collection/lymph_nodes_picture/picture.htm


 

 

 

 

 

 

Figure 2: Schematic representation of different stages of endometrial cancer 
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1.3 Genetic Abnormalities in Endometrial Cancer 

Over the past two or three decades, our understanding of the genetic alterations of endometrial 

cancer has increased considerably (reviewed in [14]). The recent development and 

implementation of next generation sequencing to comprehensively search for somatic 

mutations has resulted in a rapid and significant shift in our understanding of the molecular 

events underlying development of EC [15]. Complementary DNA (cDNA) analysis clearly 

demonstrated that the molecular genetic alterations involved in the development of type I differ 

from those of type II EC [16, 17]. The main molecular features of type I EC are microsatellite 

instability (MI) and mutations in the phosphatase and tensin homologue deleted on 

chromosome 10 (PTEN), phosphatidylinositol 3-kinase catalytic subunit (PIK3CA), Kirsten 

rat sarcoma viral oncogene homolog (K-ras) and β-catenin genes. Although the clinical and 

prognostic relevance of each of these alterations has not been fully elucidated, there is evidence 

showing that MI, and mutations in the PTEN and β-catenin genes might be associated with a 

favourable outcome. In contrast the main features of type II EC are p53 mutations, loss of 

heterozygosity (LOH) on several chromosomes, as well as other molecular alterations such as 

inactivation of p16 and E-cadherin, c-erbB2 amplification, cyclins D1 and E amplification, and 

alterations in genes involved in the regulation of the mitotic spindle checkpoint (STK-15) [18, 

19]. Exome sequencing analyses show that the genes most frequently mutated in type I are 

PTEN (77%), PIK3CA (53%), PIK3R1 (37%), CTNNB1 (36%), ARID1A (35%), K-ras 

(24%), CTCF (20%), RPL22 (12%), p53 (11%), FGFR2 (11%), and ARID5B (11%). In 

contrast, the genes most frequently mutated in type II are p53 (90.7%), PIK3CA (41.9%), 

PPP2R1A (36.6%), FBXW7 (30.2%), CHD4 (16.3%), CSMD3 (11.6%), and COLA 11 

(11.6%) [20]. However, it is important to notice that there is some degree of overlapping such 

as p53 which is mutated in > 90% of type II, but also in 11% of type I. A number of molecularly 

targeted therapeutics, assessing the potential clinical utility of these findings are in clinical 

trials. Among these agents are the mTOR inhibitors temsirolimus (CC1-779), everolimus 

(RAD001), and ridaforolimus (AP23573), however, there is currently no FDA-approved 

targeted therapy for EC (reviewed in [14]). 
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1.4 Molecular Classification of Endometrial Cancer 

Genomic analysis of endometrial tumours has shown that approximately one-fifth of tumours 

that were classified as type I by histology are type II at the molecular level, revealing the 

limitations of this approach [21]. However, unambiguously classifying tumours is important 

because different histological subtypes have different clinical behaviours and concurrent 

treatment considerations (reviewed in [22]). Molecular classification of ECs is expanding our 

understanding and appears to correlate well with clinical outcome data, representing an 

important step forward [23]. In 2013, a new system for classification based on the molecular 

categories was identified by The Cancer Genome Atlas (TCGA), providing new insights into 

EC subtypes [20]. TCGA is a publicly funded project aiming to catalogue and discover major 

cancer-causing genome alterations in large cohorts of over 30 human tumours through large-

scale genome sequencing and integrated multi-dimensional analyses [24]. Based on an 

integrated analysis of somatic mutation rates, frequency of copy number alterations, and 

microsatellite instability status in 373 EC patients, TCGA identified four distinct molecular 

subgroups of EC, which are defined as (i) DNA polymerase epsilon (POLE) ultramutated (7%), 

(ii) microsatellite instable hypermutated (28%), (iii) copy-number low (39%), and (iv) copy-

number high (serous-like and mostly p53 mutant) (26%) [25]. TCGA suggested that EC 

patients harbouring POLE mutations had a less aggressive clinical course and improved 

progression-free survival when compared with the three other groups identified [20]. In the 

near future, one could envision that the molecular classification of EC might assist clinicians 

in guiding an optimal treatment for EC patients. However, sensitivity and specificity of the 

identified biomarkers remain to be validated before this can become reality. Additionally, 

future studies are required to identify specific molecular alterations which determine tumour 

behaviour and metastatic potential which can improve risk classification, treatment decisions, 

and identify targetable pathways in EC.  
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1.5 Diagnostic, Prognostic and Predictive Biomarkers  

Biomarkers are indicators of relevant biological conditions and are defined as a “characteristic 

that is objectively measured and evaluated as an indicator of normal biologic processes, 

pathogenic processes, or pharmacologic responses to a therapeutic intervention” [26]. 

Accordingly, clinical and histological features of the cancer as well as the imaging and 

molecular alterations measurable in biological samples can all be regarded as biomarkers. 

Depending on their use, we can distinguish different types of biomarkers: diagnostic, 

prognostic and predictive biomarkers. Diagnostic markers are used to identify disease at early 

stage; prognostic biomarkers will indicate about the disease outcome and the survival of the 

patient independent of treatment; predictive biomarkers are related to the expected response of 

a patient to a treatment. 

1.5.1 Diagnostic Biomarkers  

Post-menopausal bleeding is an early symptom in up to 95% of woman with EC and most 

patients are therefore diagnosed at an early stage [27]. Other symptoms can include: pain or 

discomfort in the lower abdomen, pain during intercourse, loss of appetite and weight, tiredness 

or weakness, feeling or being sick, constipation, passing urine more often than usual, and pain 

in the back or legs. 

The current diagnosis of EC is based on established conventional pathological markers, such 

as clinical stage, grade, depth of myometrium invasion and lymph-vascular space invasion 

(LVSI). To evaluate these markers, several non-invasive clinical imaging techniques such as 

transvaginal ultrasound (TVS), computed tomography (CT), magnetic resonance imaging 

(MRI) and positron emission tomography (PET) scans are usually performed. Although, these 

techniques allow tumour lesion localization, they are unable to be utilized to make a sufficiently 

specific and secure diagnosis. Therefore, a sample of endometrial tissue must be removed from 

the lining of the endometrium (biopsy) and analysed by a pathologist. Upon cancer diagnosis, 

the surgical removal of the uterus is performed. Upon removal, a more thorough analysis can 

be performed and the tumour can be correctly staged and graded. 

The clinical performance of a laboratory test can be described in terms of diagnostic accuracy, 

or the ability to correctly classify subjects into clinically relevant subgroups [28]. Diagnostic 

accuracy establishes how accurately the test discriminates between those with and without the 

disease and is determined by calculating the test’s sensitivity, specificity, likelihood ratio and 
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receiver operating characteristic (ROC) curve [29]. Diagnostic predictability establishes the 

ability of the test to predict the presence or absence of disease for a given test result and is 

determined by calculating the positive and negative predictive values. The former denotes the 

proportion of patients with true positive results (TPR) who have the disease, and the latter 

defines the proportion of patients with a false positive result (FPR) who do not have the disease 

[29]. For example, a test with 100% sensitivity and 95% specificity for EC is still not suitable 

to screen the general population because, if 5000 women were screened, the test would 

correctly identify the one true positive result, but would generate 250 (5% of 5000) false-

positive results in the process. As an optimal standard, laboratory test development should 

strive for a 100% specific and 100% sensitive screening test for EC.  

Imaging techniques, such as TVS, CT scan and MRI are usually used clinically to diagnose 

recurrent endometrial lesions, but they may be limited when used alone or for visualizing small 

disseminated lesions, small lymph node metastasis and postoperative/post radiation changes 

[30]. A study by Kim SH et al. compared the ability of TVS, CT scan and MRI to predict the 

depth of myometrium invasion and they found that the accuracy, sensitivity, and specificity of 

TVS, CT scan, and MRI were 69%/50%/81%, 61%/40%/75%, and 89%/90%/88%, 

respectively [31]. MRI has been shown to be superior to both TVS and CT scanning in 

determining whether EC has spread to the cervix or myometrium, with an overall staging 

accuracy between 85 and 93% [32]. The sensitivity and specificity of MRI in the detection of 

cervical involvement in EC is 72% and 93%, respectively [32]. Savelli et al. examined the 

accuracy of TVS and MRI in preoperative staging of EC. In predicting myometrial invasion, 

TVS had a sensitivity of 84%, a specificity of 83% and an accuracy of 84% [33]. In predicting 

cervical involvement in EC, TVS had a sensitivity of 93%, a specificity of 92% and an accuracy 

of 92% [33]. Accordingly, these tests are generally unreliable in diagnosis of the disease with 

and without metastasis. Despite the availability of the aforementioned tests, there are currently 

no recommended diagnostic tests available for routine screening for EC patients [34].  
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1.5.2 Prognostic and Predictive Biomarkers  

Currently accepted morphology-based prognostic biomarkers in use today for EC patient 

management include the histological subtype, grade, stage of the disease, lymph node 

metastasis (LNM), depth of myometrial invasion, presence of lymph-vascular space invasion 

(LVSI) and cervical involvement [35]. Based on these risk factors, EC can be classified as low 

risk, intermediate risk and high risk for LNM. Low risk EC are FIGO stage IA with grade 1 or 

2 of endometrioid type histology. High risk EC are FIGO stage IB of grade 3 or of non-

endometrioid histology, or stage II or III EC. All other FIGO stage I EC are at intermediate 

risk for LNM. This group can be further divided into low and high intermediate risk subgroups 

[36]. However, it has been shown that up to 20% of the presumed low-risk tumours, will 

eventually recur, and roughly 50% of the patients with presumed high-risk tumours will be 

fully cured of their disease [37, 38]. Accordingly, there are no reliable prognostic biomarkers 

in routine clinical use for EC.  

Histological subtype, according to traditional microscopy parameters, has consistently been 

proven to be an important predictor of survival, but also a determinant for the extent of the 

initial surgical procedure and subsequent use of adjuvant therapy. However, significant inter-

observer variability exists, even amongst expert gynaecological pathologists, when subtyping 

and grading EC. FIGO stage is one of the strongest prognostic factors, with a significant 

reduction in 5-year survival rate correlating with higher stages. The 5-year survival rate for EC 

patients with localised disease is 96%. However, when the disease has spread regionally to 

nearby organs or lymph nodes, the 5-year survival drops to 67%. After the cancer has spread 

to distant organs, 5-year survival is 17%. Nonetheless, it has been reported that the preoperative 

grade is upgraded in 15-20% of cases in the final histopathology and up to 24% of patients 

have been identified to belong to a higher stage group upon pathological examination of the 

removed uterus [39]. Multiple studies have confirmed the positive correlation of LNM and 

LVSI [40]. Patients having LVSI are at greater risk of developing metastasis compared to those 

without and this could be used as a best marker for the prediction of LNM. Unfortunately, the 

information of the LVSI can currently only be gained after surgery. 

Preoperative assessment of lymph node involvement represents a critical step for determining 

the extent of surgery in EC patients. Of patients with clinical stage I disease, lymph node 

metastasis (LNM) is the most important prognostic factor, as metastasis to regional lymph 

nodes changes the FIGO status from stage I to IIIC [41]. Metastasis to the pelvic nodes occur 
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in approximately 10% of EC cases and in 30% of these cases the para-aortic lymph nodes are 

also involved [42]. However, only 10% of EC patients suffer from metastasis, the majority 

undergoes lymphadenectomy (removals of the lymph nodes) that is associated with significant 

complications, such as lymphedema and nerve damage [43, 44]. Two large randomized trials 

demonstrate that lymphadenectomy does not improve survival compared with no 

lymphadenectomy in patients with early-stage EC [45, 46]. Therefore, in order to provide EC 

patients appropriate therapeutic treatment, it is important to identify biomarkers that can 

reliably predict the status of LNM in EC patients before surgery. 

Over the last decade, various models have been proposed and investigated to predict LNM in 

EC patients, but none of these strategies have been widely accepted. Ideally, predictive 

biomarkers that could predict the status of LNM before surgery may allow surgeons to 

accurately select those patients who would benefit from complete surgical staging, protecting 

patients at low risk from possible complications resulting from the procedures.  

Pollom et al. evaluated the pathological records and preoperative parameters of 296 EC patients 

and observed that LVSI, deep myometrial involvement, and cervical stromal invasion were 

significantly associated with LNM, whereas tumour size of ≥ 4 cm was borderline significant 

[47]. Using these factors, authors have constructed a predictive model for LNM, in which the 

absence of all four risk factors implied an irrelevant risk of LNM (< 1%). Out of four, LVSI 

was strongly associated with LNM, and the authors suggested a preoperative evaluation of 

LVSI in all cases. Whilst information about the LVSI is clearly an important predictor of LNM, 

the downside is that such information can only be obtained after hysterectomy which usually 

also includes the removal of adjacent lymph nodes.  

A recent study by Koskas et al. compared 3 preoperative and 7 postoperative models currently 

available to predict LNM in EC. The models were all applied to an independent cohort of 519 

EC patients and the results show that the different models did not perform equally well [48]. 

One preoperative model, the Korean Gynecologic Oncology Group [KGOG] based on CA125 

level and MRI loco-regional extension criteria [49] and three postoperative, a French 

nomogram based on pathological hysterectomy characteristics, age and race [50], Gynecologic 

Oncology Group (GOG), based on uterine pathology characteristics [51], and Mayo clinic 

based on pathological hysterectomy characteristics such as grade, LVSI, tumour diameter, 

myometrial and cervical invasion [52], performed well with AUC values of ≥ 0.75 and false 

negative rates of < 5%. Overall, the above-mentioned studies found that postoperative models 
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based on final pathological characteristics predicted LNM better than the preoperative models 

based on clinical imaging techniques. This finding probably reflects the inaccuracy of currently 

available imaging techniques to assess the LNM status preoperatively. Therefore, a 

preoperative model that can guide the surgeons in deciding the status of LNM in EC is 

warranted.  
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1.6 Current Status of Molecular Biomarkers  

Recent advances in molecular biology have shown that malignant tumours arise from 

alterations in genes controlling proliferation, apoptosis, angiogenesis, invasion, and metastasis 

[53]. Overall, in cancer, about a dozen predictive molecular biomarkers have demonstrated 

robust clinical utility and have already been incorporated into clinical algorithms. They include 

well known examples such as ERBB2 amplification for treatment with HER2-targeted 

therapies in breast cancer [54] and BCRABL gene fusion for treatment with imatinib in chronic 

myeloid and acute lymphoblastic leukaemia [55]. In contrast, EC does not have a molecular 

biomarker to guide treatment decisions [56]. Clinical symptoms and imaging are currently the 

main pillars to detect endometrial carcinoma progression or recurrence. Molecular biomarkers 

such as growth differentiation factor 15, cancer antigen 125 (CA125) and human epididymis 

protein 4 (HE4) have shown promise, but are not routinely applied clinically [57-60]. 

Serum cancer antigen 125 (CA125) is currently the best clinical marker for women with late-

stage ovarian cancer. However, few studies have identified CA125 to be a useful marker in the 

early detection of EC [61-63].  Elevations of CA 125 were first described in EC patients with 

recurrent and advanced disease by Niloff et al. in 1984 [64]. Since then, many studies have 

confirmed serum CA125 concentrations in patients with EC are associated with deep 

myometrial invasion, extra uterine spread, positive peritoneal cytology, LNM, recurrence, 

advanced stages, and poor survival [65-68]. However, the sensitivity and specificity of CA125 

may be too low for it to be used as an accurate diagnostic marker for EC [69]. Elevated serum 

CA125 levels have been detected in 11–43% of EC [70-74]. Hsieh et al. suggested a 

preoperative CA125 level greater than 40 U/ml should be considered as a criterion for full 

pelvic lymphadenectomy in the surgical staging of EC with the sensitivity and specificity of 

77.8 and 81.0%, respectively [67]. Chao et al. determined the best cut-off value of serum 

CA125 level of 30 U/mL with sensitivity and specificity of 84.6% of 84.3% in predicting the 

status of LNM in EC [75]. However, it has been reported that only 10-20% of patients with EC 

and only 25% of patients with recurrent disease have elevated serum CA125 levels [76, 77]. 

For stage I disease, human epididymis protein 4 (HE4) yielded a 17% improvement in 

sensitivity compared with that of CA 125 [78]. In evaluating the relationship between patient 

survival and serum HE4, higher HE4 levels were associated with poor overall survival (p = 

0.02) [79].  
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Other serum tumour markers have been studied for their potential use, both individually and in 

combination, to form a panel of proteins in patients with EC, including cancer antigen 15-3 

(CA15-3), 19-9 (CA19-9), 72-4 (CA72-4), carcinoembryonic antigen (CEA), tumour marker 

OVX1 and macrophage colony-stimulating factor (M-CSF) [71, 80-83] with limited success. 

A study by Lo et al. has shown the increased levels of CA125, CA15.3 and CA19.9 were 

significantly associated with poor prognostic clinical parameters in EC patients [84]. Nagai et 

al. has established a one-step nucleic acid amplification (OSNA) assay using CK19 for 

detecting EC with LNM with a sensitivity of 93.3%, and specificity of 99.5% [85]. Mhawech-

Fauceglia et al. investigated the role of U3 small nucleolar ribonucleoprotein protein (IMP3) 

in EC and found that IMP3 was the best predictor for type II compared with type I (p < 0.001) 

[86]. Voss et al. found that CD151 was an independent marker for survival and recurrence-free 

survival in EC [87]. 

Cocco et al. highlighted the serum amyloid A (SAA) as a biomarker for early detection of 

disease recurrence and the monitoring of EC therapy [88]. They observed that mean 

concentrations of SAA were significantly higher in individuals with grade 3 EC than 

individuals with grade 1 (252.6 vs 39.7 µg/ml; p = 0.02) or grade 2 EC (252.6 vs 47.9 µg/ml; 

p = 0.02) [88]. It was found that higher serum Midkine (MK) was associated with poor 

prognosis of EC patients (p = 0.009) [89]. Moore et al reported HE4 and soluble mesothelin-

related peptides were associated with low sensitivity in the detection of early-stage I and late-

stage II-IV EC with 44.8% and 59.4%, respectively [78]. Recently, Farias-Eisner et al. 

developed a multiple logistic regression model (MLRM) using the values for ApoA-1 

(apolipoprotein A-1), TF (transferrin), and TTR (transthyretin) to better detect EC [90]. This 

panel distinguished normal samples from early-stage EC with a sensitivity of 71% and a 

specificity of 88%. Additionally, the panel distinguished normal samples from late stage EC 

with a sensitivity of 82% and a specificity of 86% [90].  

Hormone receptor status in particular has consistently been shown to be a relevant prognostic 

marker and might also influence the choice of treatment for metastatic disease. The 

overexpression of steroid receptors correlates with low-grade, non-endometrioid histology as 

well as a favourable outcome in many studies. Loss of oestrogen receptors and progesterone 

receptors in curettage specimens has been significantly associated with aggressive phenotypes 

and poor survival in EC patients [91]. Also, DNA ploidy has been shown to be an independent 

prognostic marker for EC. The true clinical value for this method in a routine diagnostic setting 

remains to be further validated [92]. There is evidence suggesting that the presence of 
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microsatellite instability (MI), or mutations of PTEN and CTNNB-1 (β-catenin) could indicate 

a good prognosis for EC, while the presence of p53 abnormalities or PIK3CA mutations could 

suggest aggressive progression of cancer. However, accumulated data regarding the prognostic 

significance of these alterations are still scarce. 
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1.7 Treatments for Endometrial Cancer 

Improvements in histology and diagnostic imaging have simplified EC diagnosis, nonetheless 

it remains difficult to define individual risks accurately, and treatment is still chosen based on 

the conventional FIGO stage [93]. Due to the inconsistency of histotype and grade 

classification, the same women may receive different treatments. In Australia, the standard 

treatment for EC is surgery, including hysterectomy (complete removal of the uterus and 

cervix), bilateral salpingo-oophorectomy (removal of the fallopian tubes and both ovaries), and 

pelvic and para-aortic lymphadenectomy (complete removal of the lymph nodes). Despite only 

10% of EC patients suffering from metastasis, all undergo radical treatment including the 

removal of lymph nodes (lymphadenectomy); a precautionary measure carried out due to our 

current inability to accurately stage the disease. It was observed that the surgical removal of 

the pelvic or para-aortic lymph nodes can be associated with a high morbidity and postoperative 

complications including deep vein thrombosis and lower extremity lymphedema, occurring in 

up to 38% of patients [94]. Lymphedema is the build-up of lymph fluid in the tissues just under 

the skin, resulting in swelling, tightness and discomfort in the affected part of the body. 

Although removals of the lymph nodes is the best way to identify LNM, its clinical importance 

remains controversial [95]. Based on the results shown in several studies, no survival benefit 

for routine lymphadenectomy in EC patients has been established [46]. It is believed that the 

risk of lymphadenectomy outweighs its benefits in low risk EC patients [96]. Therefore, many 

clinicians do not recommend the routine para-aortic lymphadenectomy, when the cancer is 

diagnosed at a very early stage and is found to be slow growing. On the contrary, the prognosis 

of the patients with LNM would be poor if LNM was not identified and these patients received 

only hysterectomy without lymphadenectomy or post-operative radiotherapy [97]. Therefore, 

to determine the optimal treatment for EC patients, use of biomarkers that can predict primary 

tumours of EC with and without LNM is warranted. 
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1.8 Metastasis and its Gene Protein Signature in Solid 

Tumours 

Metastasis is a crucial step of malignant progression and remains the primary cause of death 

from solid cancers. It is a poorly understood process which involves complex angiogenic, 

proteolytic, cell adhesion, and immunologic events. Metastatic cancer cells proliferate, lose 

contact with neighbouring cells, migrate through the interstitial matrix, invade blood and lymph 

vessels, and grow out again in lymph nodes or distant organs. The metastatic cells possess 

specific properties to perform all these actions, which will be reflected in their proteome.  

In 2003, Ramaswamy et al. demonstrated that a gene-expression program of metastasis is 

present in the bulk of a primary tumour, challenging the idea that metastasis originates from 

rare cells within the tumour which have acquired an exclusive ability to metastasize by random 

mutations [98]. Recently, it has also been shown that most metastasis result from 

synchronously disseminating cells from the primary tumour, supporting parallel rather than 

linear evolution [99]. A number of proteomics approaches have identified protein signatures 

from primary tumours to accurately predict LNM, overall survival and/or disease recurrence 

[100-105]. For example, an 11-protein signature for aggressive triple-negative breast cancer 

was developed and validated. Using this protein signature as guidance, more than 60% of 

patients could have avoided adjuvant chemotherapy compared with conventional prognostic 

guidelines [100].  
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1.9 Aims of the Thesis 

The research presented in this thesis aimed to identify molecular discriminators which can 

distinguish between patients with and without metastatic disease based on the profiling of their 

primary endometrial carcinoma. More specifically, the study was designed to achieve the 

following aims: 

Aim 1: To identify molecular tissue markers in primary cancers of the endometrium, which 

correlate with regional lymph node metastasis:  

This research has been summarized, published and presented in Chapter 4. 

Aim 2: To develop a preoperative predictive model for the identification of lymph node 

metastasis in endometrial cancer:  

This research has been summarized, published and presented in Chapter 5. 

Aim 3: To explore the feasibility and relevance of glycan imaging in endometrial cancer:  

This research has been summarized and presented in a publication format in Chapter 6. 
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2.1 Summary 

The review article presented here provides a brief summary of proteomic technology applied 

in EC diagnosis, treatment, and prognosis. The first part of the review article focuses on 

recently identified biomarkers for EC, their importance in clinical use, as well as the proteomic 

methods used in their discovery. The second part highlights some of the cutting edge 

technologies that promise to contribute to a better understanding of EC by quantifying relative 

changes in the protein expression. Moreover as a proof of principle, we have also shown the 

ability of matrix assisted laser desorption and ionisation mass spectrometry imaging (MALDI 

MSI) in discriminating the regions of adjacent normal endometrium from cancerous areas.  
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This review discusses the current status of proteomics technology in endometrial cancer di-
agnosis, treatment and prognosis. The first part of this review focuses on recently identified
biomarkers for endometrial cancer, their importance in clinical use as well as the proteomic
methods used in their discovery. The second part highlights some of the emerging mass spec-
trometry based proteomic technologies that promise to contribute to a better understanding
of endometrial cancer by comparing the abundance of hundreds or thousands of proteins
simultaneously.
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1 Introduction

Endometrial cancer (EC) is the most common malignant
tumor of the female reproductive tract. According to the
American Cancer Society, an estimated 52 630 new EC cases
were diagnosed and 8590 patients died from the disease in
2014 in the United States. From 2006 to 2010, incidence rates
of EC increased by 1.5% per year among women younger
than 50 years and by 2.6% per year among women 50 years
and older [1]. Based on the classification system introduced
by Bokhman in 1983, EC is divided into two histological sub-
types: endometroid adenocarcinomas (Type I) and nonen-
dometroid (Type II) carcinomas [2]. Type I adenocarcinomas
account for 90% of all EC. These cancers are usually low
grade, diagnosed at an early stage and have a good progno-
sis. They are associated with oestrogen excess, obesity, and
atypical hyperplasia. In contrast, type II nonendometroid tu-
mors are high grade tumors with more aggressive biological
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sition; EC, endometrial cancer; FFPE, formalin-fixed paraffin em-
bedded; MSI, microsatellite instability; ROC, receiver operating
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behavior compared to type I disease. Clinically, type II can-
cers are often diagnosed at advanced stage when prognosis
is poor. Type II tumors include serous and clear cell carcino-
mas, as well as carcinosarcomas.

Proteomics, more precisely the comparative quantitation
of protein subsets, holds great promise in improving outcome
of patients with EC as it provides unique tools for discovery
of new biomarkers and therapeutic targets. To date, biomark-
ers have proven tremendous clinical value in early diagnosis
[3, 4], categorizing different subtypes of malignancies [5, 6],
and in monitoring patient’s response to therapy [7,8]. Regard-
less of the numerous proteomic studies that have contributed
to the standardization of experimental protocols for digestion
[9], separation [10], enrichment [11], identification [12], and
quantification [13] of low abundant proteins by highly effi-
cient mass spectrometric techniques, proteomic research is
still restricted by both technology and bioinformatics tools.
Many protein and peptide peaks have been reported to bear
significant diagnostic [14], prognostic [15], or predictive value
[16] for EC; however, the candidate biomarkers have not yet
been validated for use in clinical patient care [17]. Some au-
thors have speculated that this might be due to studies using
a single proteomics approach, which is not sufficient to gain
an in depth understanding of the protein function and does
not eliminate false-negative and false-positive results [18].
Nevertheless, implementing “omics” integration approaches
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and the use of the rapidly emerging MS-based proteomic
technologies will aid in the venture to elucidate protein mark-
ers and their function, ultimately providing more reliable,
sensitive, and specific biomarkers for EC.

In the first part of this review article, we will summarize
the various MS-based proteomic approaches that have been
used in EC studies. In the second part, we will introduce
emerging proteomic technologies that may not only be used
as discovery tools but also allow the implementation of MS
in the diagnosis and prognosis of EC.

2 Clinical considerations of endometrial
cancer

The clinical management of EC remains a challenge with pa-
tients presenting with a full spectrum of disease ranging from
those with excellent prognosis and high curability to aggres-
sive disease with poor outcome [19]. EC is staged according to
the International Federation of Gynaecology and Obstetrics
(FIGO) system (Table 1) [20]. The classification of EC into low
and high risk disease is dependent on a number of parame-
ters, only two of which are assessable pre-operatively [http://
wiki.cancer.org.au/australiawiki/index.php?oldid=86 682] af-
ter a biopsy has been obtained, namely the histological type
and grade. However, Jacques et al. have shown a large per-
centage of cancer will be classified as a higher grade tumor
after definitive surgery [21]. Therefore, the exact type, grade,
and stage of EC can only be determined by surgery and sub-
sequent histopathological assessment.

Table 1. Classification of carcinoma of the endometrium, Interna-
tional Federation of Gynaecology and Obstetrics (FIGO
2010), table modified from Creasman et al. [100]

FIGO stage Tumor localization

Stage I Tumor confined to the corpus uteri
IA No or less than half myometrial invasion
IB Invasion equal or more than half of the

myometrium
Stage II Tumor invades cervical stroma, but does not

extend beyond the uterus
Stage III Local and/or regional spread of the tumor

IIIA Tumor invades the serosa of the corpus uteri
and/or adnexa

IIIB Vaginal and/or parametrial involvement
IIIC Metastasis to pelvic and/or para-aortic lymph

nodes
IIIC1 Positive pelvic nodes
IIIC2 Positive para-aortic lymph nodes with or

without positive pelvic lymph nodes
Stage IV Tumor invades bladder and/or bowel mucosa,

and/or distant metastasis
IVA Tumor invades bladder and/or bowel mucosa
IVB Distant metastasis, including intraabdominal

metastasis and/or inguinal lymph nodes

2.1 Diagnosis

EC is frequently diagnosed at an early stage, as it regularly
presents with symptoms such as postmenopausal bleeding
that usually develops early in the disease process. Neverthe-
less, the discovery of serum biomarkers for early detection
of EC has become a high priority [22]. A number of serum
biomarkers have been identified so far, with the most com-
monly used serum biomarker in gynecological oncology be-
ing Carbohydrate Antigen 125 (CA 125). In EC elevated serum
CA 125 level have been detected in 11–43% of the cases and
is shown to correlate with advanced stage and with the pres-
ence of extrauterine disease [23–25]. However, due to lack of
specificity and sensitivity, CA 125 has limited significance in
the diagnosis of EC. Human Epididymis protein 4 (HE4) has
recently emerged as a promising biomarker for EC [26]. Bren-
nan et al. highlighted the utility of serum HE4 using ELISA
for preoperative risk stratification to identify high-risk pa-
tients within low-grade endometrioid EC patients who might
benefit from lymphadenectomy [27]. For stage I EC, HE4
showed a 17% improvement in sensitivity when compared to
CA 125 [28].

Hareyama et al. investigated the immunohistochemical
CA72-4 expression in EC. The authors reported an elevated
level of serum CA72-4 in 22–32% of the cases, that was associ-
ated with depth of myometrial invasion, adnexal metastasis,
lymphovascular space invasion, and pelvic and para-aortic
lymph node metastasis [29]. Konno et al. demonstrated the
level of serum soluble Fas (sFas) is significantly higher in EC
patients with advanced cancer when compared to localized
cancer (p < 0.0001) [30]. A study by Sawada et al. showed
raised serum levels of immunosuppressive acidic protein in
55–76% of EC cases where the level was found to increase
with the stage of the disease [31]. Hakala et al. reported the
serum level of macrophage colony-stimulating factor 1 (mcsf
1), correlated significantly with tumor grade and poor progno-
sis in 25–73% of EC cases [32,33]. A recent study by Kang-Wai
Mu et al. reported differential levels of zinc alpha-2 glycopro-
tein, alpha 1-acid glycoprotein, and CD59 in the urine of EC
patients when compared to urine from healthy controls using
2DIGE and O-Glycan binging lectin [34].

2.2 Treatment

EC is usually treated by surgery consisting of a hysterectomy,
bilateral salpingo-oophorectomy, and pelvic lymph node dis-
section and has a very good prognosis when tumour mass is
confined to the uterus [28]. In contrast, EC with metastasis
to the lymph nodes has a high mortality rate. Lymph node
metastasis is therefore a crucial factor in the prognosis and
choice of treatment of EC patients. Clinicians presently face
the challenge that conventional surgical-pathological vari-
ables (e.g. tumor size, depth of invasion, and grade of dis-
ease) and radiological imaging are unreliable in determining
if a gynecological cancer has spread. Consequently, although
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only 5% of patients suffer from metastasic disease, the ma-
jority undergo radical treatment including removal of the
lymph nodes. Lymph node dissection, however, is associ-
ated with significant complications such as lower extremity
lymphedema [35]. Predictive tissue markers for lymph node
metastasis are therefore warranted to determine the optimal
treatment strategy and to avoid morbidity in gynecological
cancer.

2.3 Prognosis

The prognosis of EC depends on various factors including the
histological subtype, grade, and stage of the disease (which is
determined by depths of tumor invasion, lymph node metas-
tasis, and spread of the disease to other organs) [36]. The
depth of myometrial invasion and histological grade strongly
correlate with the prevalence of lymph node metastasis and
patient survival [37].

Various protein biomarkers have been described in EC
that could be of benefit for the prediction of disease out-
come. According to Cocco et al. serum amyloid A may repre-
sent a novel biomarker for EC to monitor disease recurrence
and response to therapy [38]. Lo et al. demonstrated that in-
creased levels of CA-125, CA 15-3, and CA 19-9 were signif-
icantly associated with poor prognostic clinical parameters
[39]. Lambropoulou et al. evaluated the prognostic signifi-
cance of survivin, c-erbB2, and cyclooxygenase (COX-2) lev-
els in EC and stated that in a 10-year follow-up, patients with
tumors expressing more of these three antigens had signifi-
cantly lower survival rate that those with smaller expression
score [40]. Yilmaz et al. have also shown higher nuclear ex-
pression of survivin in type I when compared to type II EC (p
= 0.040); but no difference for cytoplasmic survivin and ma-
trix metalloproteinase-2 expressions between type I and type
II EC [41]. Zeimet et al., identified L1 cell adhesion molecule
(L1CAM) as the best variable for predicting recurrence (sen-
sitivity = 0.74; specificity = 0.91) and death (sensitivity =
0.77; specificity = 0.89) [42]. Although, the above-mentioned
biomarkers are able to identify high risk patients with low
grade EC, for clinical application additional biomarkers are
required. New prognostic EC biomarkers will help distin-
guish patients who are at a low-risk of developing metastasis
as compared to those who are at a high risk. Ideally, novel
biomarkers will also be able to distinguish patients who have
already developed metastasis. This would consequently allow
patients to selectively undergo radical surgery while avoiding
those who will not benefit from it and subsequently decreas-
ing the risk of postsurgical morbidity.

3 Molecular genetics of endometrial
cancer

Aside from the morphologic and clinical features, EC can be
further distinguished into type I and type II EC on the basis
of genetic alterations [43]. Type I and type II ECs are associ-

ated with mutations of independent gene sets [44]. Type I
endometrial adenocarcinomas are characterized by muta-
tions in the PTEN, K-ras, and � catenin, as well as DNA
mismatch repair genes [35] while type II nonendometrioid
EC frequently show aneuploidy and p53 mutations [35].

PTEN has been reported to be the most frequent genetic
alteration of type I EC. PTEN, a tumor suppressor gene has
been shown to be altered in up to 83% of endometrial adeno-
carcinomas and 55% in precancerous lesions [45]. Microsatel-
lite instability (MSI) has been demonstrated in 20% of type
I EC [46]. According to Bilbao et al. both PTEN mutations
and MSI represent early events in endometrial carcinogene-
sis [47]. Other genetic alterations that occur in type I EC in-
clude mutations in K-ras [48] and � catenin [49]. PTEN, MSIS,
and K-Ras mutations often coexist with each other, whereas
mutations in �-catenin are usually observed alone [50].

The most common genetic alteration in type II EC is
within p53, the tumor suppressor gene, with an occurrence
of 93% [48, 51]. Other frequent genetic alteration in type II
ECs are inactivation of the tumor suppressor gene p16 and
overexpression of the oncogene, HER-2/neu [52].

4 Metastasis and protein biomarkers

Metastatic cancer cells proliferate, lose contact with neigh-
boring cells, migrate through interstitial matrix, invade blood
and lymph vessels, and colonize lymph nodes or distant or-
gans [53]. Most cancer cells fail to undergo metastasis due
to deficiency in one of the required steps like invasion, de-
tachment or survival [54]. Discovery of EC biomarkers would
significantly aid gynecological oncologists who currently face
the challenge that radiological imaging and conventional
surgical-pathological variables such as tumor size, depth of
invasion, and grade of disease are unreliable in determining
if an EC has metastasized.

The working model of metastasis implies that primary tu-
mor cells acquire genetic alterations over time, which enables
these cells to metastasize and form new solid tumors at dis-
tant sites [55]. It has been proposed that the gene expression
program of metastasis is actually present in the bulk of pri-
mary tumor cells [56]. Ramaswamy et al. showed that some
primary tumors are preconfigured to metastasize, and their
susceptibility is detectable at the time of diagnosis. They de-
fined a 17-gene signature pattern associated with metastasis,
in which eight genes are upregulated, while nine genes are
downregulated. They also concluded that metastasis is not
dependent on only a single gene but on the complete 17 gene
sequence.

Yi et al., have shown the expression of COX-2 to play
an important role in metastasis of EC [57]. They identified
the COX-2 inhibitor NS-398 to inhibit proliferation, viability,
and invasion of the EC cell line RL95–2 [57]. Maxwell et al.
confirmed annexin A2 (ANXA2) and peroxiredoxin were both
being overexpressed in stage 1 EC when compared to normal
endometrium [58].
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5 MS-based proteomic approaches in
endometrial cancer

The use of proteomic technologies are now enabling the iden-
tification and relative quantification of multiple proteins si-
multaneously from a single experiment to identify disease
related and specific biomarkers. Proteomics in general deals
with the large-scale determination of gene and cellular func-
tion directly at the protein level [59]. The proteome has also
been defined as the protein complement expressed by a
genome [60] but in reality, due to PTM and alternative splic-
ing, it is estimated that about 22 000 protein coding genes
[61] code for more than 500 000 proteins [62] in the human
proteome.

In serum it is estimated that cancer derived proteins are
10 million times less abundant than common high abundant
proteins secreted by normal cells. Therefore, it is challeng-
ing to correctly identify and quantify tumor-derived proteins
from the whole serum proteome [63]. Alternatively, it is ob-
vious that cancer derived proteins will be present in higher
concentration in native tissue, organs, and their proximal flu-
ids from where the tumor has originated as compared to the
distant sites in which the tumor derived proteins may be se-
creted or leaked. Therefore, targeting those regional sites will
dramatically increase the possibility of isolating and identify-
ing tumor-specific biomarkers [64].

Proteomic analysis principally relies on MS for protein
identification. The uses of MS-based techniques have made
it possible to build comprehensive profiles of near com-
plete proteomes, comparing the expressions of individual
proteins that may serve as biomarkers. Generally, MS-based
proteomic techniques can be classified as “gel based” and
“gel free” (Fig. 1). In gel-based approaches such as 1D-PAGE,
2D-PAGE, and 2D-DIGE, proteins are separated on polyacry-
lamide gels via electrophoresis in one or two dimensions,

creating unique proteomic patterns based on the mass and/or
charge/pH of the proteins.

Gel-free MS approaches can be either label based or label
free. Label-based proteomic techniques are common for MS
approaches where proteins are tagged either with isotopes
such as ICAT, iTRAQ or labeled chemically such as SILAC.
Labeling facilitates the quantification of proteins during MS
analysis and is especially useful when acquiring data in the
standard form of data-dependent acquisition (DDA), as label-
ing allows for the mixing and analysis of multiple samples
at once. This alleviates the stochastic nature of DDA that can
otherwise lead to sampling biases and poor reproducibility.
Label-free techniques in the form of data-independent acqui-
sition (DIA) help resolve the issue of sampling biases and
eliminates any problems encountered due to artifacts from
labeling that can interfere with the identity of the protein,
leading to false conclusions [65,66]. DIA is addressed in more
depth later in this article.

MS-based proteomics techniques have developed substan-
tially over the past several years. Previously, protein analy-
sis was reliant on 1D and 2D gel electrophoresis followed
by sequencing; finally resulting in the identification of tens
to hundreds of proteins. This limitation has been overcome
with novel mass spectrometric approaches, which can identify
many more proteins at once. Identification and quantification
of proteins/peptides by MS can be done either by “bottom-
up” or “top-down” approaches. The term ”bottom-up” refers
to the reconstruction of the protein sequence after proteolytic
digestion, and thereby, identification and quantification of
the peptide fragments using MS and appropriate databases
[67]. The second approach ”top-down,” refers to the iden-
tification of the whole proteins directly without enzymatic
digestion [68].

To date, the most widely used proteomic technologies
applied to the identification of the EC biomarkers includes

Proteomics

Gel Based proteomics Gel Free proteomics

1D-PAGE 2D-PAGE 2D-DIGE (For 
quan fica on) MALDI-TOF

Mul dimensional HPLC

LC-MS/MS
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MS, MS/MS

Protein iden fica on

Tissue array

Labelled LC-MS (MS/MS)

ICAT,  iTRAQ, SiLAC

Differen al expressed pep de quan fica on

Label-free LC-MS 
(MS/MS)

Differen al expressed protein quan fica on
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Figure 1. Proteomic approaches used in
the EC biomarker discovery: Gel based
and Gel free. In Gel-based proteomic
approaches, proteins are separated on
the basis of their charge/pH or mass
by isoelectric focussing and electrophore-
sis. Gel-free techniques include MS-based
technologies.
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LC-MS. This approach is generally used with ”bottom-up”
methods. LC-MS has been used to identify and quantify dif-
ferential change in protein abundance in healthy versus dis-
ease state. Identification of proteins by LC-MS/MS can be
broken down into a few essential components. First, com-
plex protein samples are digested with an enzyme (protease)
into peptides, which are separated by a high resolution chro-
matographic technique coupled directly to a MS. Following
chromatographic separation samples are sprayed into the MS
while being ionized, a process called ESI. Here, the intact
peptide mass is measured, followed by collision with an in-
ert gas to induce fragmentation, upon which the mass of the
fragment ions are measured, which is commonly referred
as MS/MS or tandem MS. The acquired data is then pro-
cessed to gain peptide sequences and protein identifications,
and examined using mathematical algorithms, functions to
detect and identify differences within the sample and/or be-
tween the samples. In traditional label-free approaches, pep-
tide separation is compared across chromatographic profiles,
and quantitation is determined either by spectral counting or
by peak intensity during MS [69].

A recent study by Alconada et al. has identified and vali-
dated ANXA2 as a reliable biomarker of recurrent disease in
EC by 2D DIGE followed by traditional LC-MS/MS. They
demonstrated in vitro and with an in vivo mouse model
that the increased expression of ANXA2 is associated with
an improved ability of the cells to metastasize [70]. Monge
et al. analyzed the role of the transcription factor ERM/ETV5
in myometrial invasion by 2D-DIGE to evaluate the differ-
ential expression of proteins in EC cell lines overexpress-
ing ERM/ETV5 [71]. The authors have demonstrated that
ERM/ETV5 acts by involving matrix metalloproteinase-2 to
provide the migratory and invasive capabilities associated
with the switch to myometrial infiltration in Hec-1A EC cell
line [71]. They further characterized a role for ETV5 in a
modulated response to oxidative stress associated with the
promotion of invasion in EC [71]. Ihata et al. analyzed the
amino acid concentrations in plasma samples by LC-MS and
reported that the amino acid profile index is a potential new
modality that could eventually play a significant role in the
preoperative evaluation of EC and its screening [72].

The MALDI technique has also been widely used for the
discovery of gynecological cancer biomarkers but in a more
limited context for EC. Qiu et al. have reported that MALDI-
TOF-MS is a high-throughput, sensitive, highly predictive,
and rapid method for the early detection, diagnosis, and prog-
nosis of EC and will be widely used in future clinical screening
work [73]. In this technique, molecules including proteins,
peptides, lipids and metabolites are first co-crystallized with
large excess of suitable matrix (usually a weak organic acid)
and then spotted on to a MALDI target plate. MALDI-TOF-
MS is then performed, a process in which the laser transfers
the energy to the aromatic matrix molecules and the ma-
trix transfer a proton to the analyte, resulting in soft energy
transfer without fragmentation. According to the m/z ratios,
the ionized analytes are then separated in the TOF mass

analyzer and the detector transforms the incoming ions into
an electric current that is proportional to their abundance [74].
In the case of protein analysis, the generated protein/peptide
mass list can then be compared to protein databases that al-
low for the matching of peptide masses and identification of
proteins, a process known as PMF. In addition using tandem
MS, the parent ion can be further fragmented into daughter
ions by the collision with an inert gas and peptide sequence is
inferred by identifying the daughter ions. Casado-Vela et al.
used an integrated approach combining three different but
complementary strategies (in-solution digest followed by re-
verse phase HPLC-MS/MS, protein separation by SDS-PAGE
followed by HPLC-MS/MS analysis, 2D-PAGE followed by
MALDI-TOF/TOF analysis) to describe comprehensive pro-
teomic analysis of EC fluid aspirate that led to the successful
identification of 803 different proteins in the International
Protein Index human database (v3.48) [75]. Therefore, EC
biomarkers can be used for screening, estimating risk of
disease, distinguishing benign from malignant, determin-
ing prognosis, and monitoring status of the disease, either to
detect recurrence or response to therapy. Importantly, some
biomarkers are only used in a specific setting, whereas others
can serve more than one purpose [76].

6 Emerging techniques for the proteomic
analysis of endometrial cancer

Traditional proteomic approaches as described above, con-
tinue to be the most widely applied technologies for protein
identification; nonetheless, a major drawback of these pro-
teomics techniques is that not every peptide from a complex
biological sample can be detected. As a result, the proteomes
will be under sampled. New techniques are emerging that
offer innovative solutions to the analysis of low abundant
proteins from complex biological samples [77]. Those pro-
teomics technologies have the potential for direct clinical ap-
plications including the identification of novel biomarkers
for the monitoring of therapy response, and disease progres-
sion, delivering on the great promise of personalized cancer
medicine [78].

6.1 Data-independent acquisition

Protein identification by LC-MS is a straightforward tech-
nique, as the detection of only two unique peptides from a
protein is considered sufficient. However, relative quantifica-
tion by LC-MS is a more complex process and the failure to
identify or detect a peptide does not necessarily confirm ab-
sence, as the peptides may simply be below the threshold of
detection [79]. Traditional LC-MS or shotgun approaches are
based on data-dependent acquisition (DDA), where peptides
are selected for isolation and fragmentation based on their rel-
ative abundance within the sample. This makes the technique
stochastic and can result in under sampling of the injected
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analyte [80]. Abundance measurements can be inaccurate as
the quantification of a peptide is highly influenced by coelut-
ing peptides and their signal to noise ratios, meaning peptides
of a higher abundance are quantified more accurately and
more often than peptides of low abundance. We do however;
know that many cancer-relevant proteins including signaling
and regulatory proteins are typically expressed in low con-
centrations. As a result, the DDA approach tends to miss
out on acquiring the most-valuable information [81]. Data-
independent acquisition (DIA) aims to solve the problem of
DDA by measuring all precursor ions within a defined mass
range of �25 Da, fragmenting and measuring all of the ions
within that mass range [82]. Typically a 25 Da mass window
is stepped across the entire mass range covered in traditional
LC-MS/MS (�150–2200 Da) in cycle times compatible with
the coupled chromatographic separation [82]. Vowinckel et al.
shown the number of precisely quantifiable peptides can be
increased up to five-fold when using DIA compared to DDA,
with a CV less than 5% [83].

6.2 MALDI imaging

Another innovative technology that can be used for both
biomarker discovery and validation is MALDI imaging
(MALDI-MSI), which facilitates the direct analysis of pro-
tein distribution and abundance in thin tissue sections [84].
This technique has the potential to detect and characterize
tumor margins and their environment in a spatial context
[56]. MALDI-MSI is a valuable method for the identification
of biomarkers and can complement histology, immunohisto-
chemistry [85], and molecular pathology in various fields of
histopathological diagnostics, especially with regard to iden-
tification and grading of tumors [86]. Whereas, MALDI-MSI
is optimally suited to detect a large number of molecular fea-
tures in a given tissue sample, the tissue microarray method
enables expansion of this analysis to hundreds of tissue sam-
ples in a single experiment [87,88]. In MALDI-MSI, proteins
or in situ digested peptides are directly ionized from the sur-
face of the tissue sample and a characteristic histological pat-
tern is derived for hundreds or thousands of individual pro-
teins/peptides simultaneously. The identification of proteins
may be further investigate by PMF, a process of correlating
the acquired mass spectra with the theoretical peptides gen-
erated from a given protein or proteins to find the closest
match or by in situ MS/MS [89]. During in situ MS/MS, a
desired peptide is isolated based on its m/z ratio and frag-
mented (i.e. breaking peptide bonds within the peptides),
producing a series of fragment ions that are detected as a
MS/MS spectrum. The fragmentation pattern is compared
to the theoretical fragmentation pattern for every peptide in
the proteome to find the closest match. In this way the se-
quence of the peptide ion is inferred from its fragmentation
pattern [90]. Realistically in the case of MALDI-MSI, this form
of MS/MS is limited to highly abundant ionizable peptides
whereas the identifications of lower abundance peptides can

be made by matching back to fragmentation spectra acquired
from LC-MS/MS using a tissue extract.

MALDI-MSI has been successfully used to classify HER2
receptor expression in breast cancer [91]. Meding et al. have
shown the power of MALDI-MSI in classification of metasta-
sis for different tumor entities [92]. In addition, their results
indicated that even closely related entities such as primary
tumor of the colon and its liver metastasis could be classified
efficiently [92]. Quaas et al. detected several molecular sig-
nals associated with phenotypic features of oesophageal can-
cer cells, highlighting the potential of MALDI-MSI to identify
new molecular markers with relevance to oesophageal can-
cer [87]. Another strength of MALDI-MSI is that it can be
used in the discovery phase for the identification of tumor-
derived proteins and then the verification of the presence
of those particular proteins can be carried out in body fluid
(blood, urine, or saliva), aiming to develop noninvasive diag-
nostic tests. Addona et al. developed a pipeline integrating
proteomic technologies from the discovery to the verification
stages of plasma biomarker identification and applied it to
identify early biomarkers of cardiac injury [93]. Thus, com-
bining the histopathology reports with MALDI-MSI data will
help surgeons to make informed medical decisions.

In the similar approach, we performed MALDI imaging on
EC formalin-fixed paraffin embedded (FFPE) tissue samples
collected from the Royal Adelaide Hospital (RAH), South
Australia. Ethics approval was granted by RAH Human ethics
committee.

In this study, 6 �m FFPE tissue sections were sliced and
mounted onto indium tin oxide-coated conductive glass slides
(Bruker Daltonics, Bremen, Germany) and samples were pre-
pared as described by Gustafsson et al. [12]. Briefly upon Cit-
ric acid antigen retrieval (CAAR), in situ tryptic digestion was
performed using an Image prep station (Bruker Daltonics,
Bremen, Germany) at 37�C for 2 h. CHCA matrix solution
was prepared at 7 mg/mL in 50% ACN/0.2% TFA and was
overlayed onto the tissue section using an Image Prep sta-
tion. Following matrix deposition, analysis was performed on
an UltrafleXtreme MALDI-TOF/TOF (Bruker Daltonics, Bre-
men, Germany) in positive reflectron mode with FlexControl
V3.0.1 and FlexImaging V4.0.1 (Bruker Daltonics) software
package. The data was acquired at 100 �m lateral resolution
with a laser frequency of 2000 Hz over m/z 800–4500. Fol-
lowing MS acquisition, an overlapped MALDI spectral profile
of tumor and healthy regions was generated by FlexAnalysis
software (V4.0.1, Bruker Daltonics, Bremen, Germany) and
as expected, a number of m/z values have been identified
that are differentially expressed between healthy and tumor
regions (Fig. 2).

In order to determine data-dependent visualization of tis-
sue morphological regions, the raw data was loaded into
SCiLS lab software (V2014b, Bruker Daltonics, Bremen,
Germany). Data were processed by baseline removal and TIC
normalization. Healthy and tumor regions were then grouped
based on annotations done by a pathologist and discrimina-
tory m/z values were calculated by ROC (receiver operating
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Figure 2. In this analysis in situ tryptic digestion was performed on 6 �m thick FFPE tissue. The matrix used was �-cyano-4-hydroxycinnamic
acid and data were collected in positive reflectron mode using an UltrafleXtreme MALDI-TOF/TOF (Bruker Daltonics, Bremen, Germany).
An overlapped MALDI spectral profile of tumor and healthy regions was generated by FlexAnalysis software (V4.0.1, Bruker Daltonics,
Bremen, Germany). (A) The overlapped spectral profile show a multitude of differentially expressed m/z species between healthy and tumor
regions simultaneously that allows a straightforward correlation of the expression pattern within the tissue morphology. (B) Comparative
representative spectra of m/z 1111.553 Da ± 0.250 Da between healthy and tumor regions.
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Figure 3. MALDI-MSI of an EC FFPE sample. The expression pattern of m/z 1111.553 Da ± 0.250 Da is visualized between healthy and tumor
regions (B), when comparison is made with corresponding H&E stained annotated image (A). Visualization of difference in the intensities
was performed in SCiLS lab software (V2014b, Bruker Daltonics, Bremen, Germany) with edge preserving image denoising and automatic
hotspot removal applied. This m/z species is seen to be specifically downregulated in tumor region as compared to healthy region.

characteristic) curve. ROC curve compares sensitivity verses
specificity across a range of m/z values by plotting a curve
called an AUC. The AUC assumes values between 0 and 1
and expresses the discrimination power of the m/z signal. A
perfect discrimination would yield an AUC value equal to 1
(abundant in group 1) or 0 (abundant in group 2) [94]. The
AUC closer to 0.5 indicates that there is no discrimination
between two sample groups. An example of a discriminatory
m/z value (m/z 1111.553 Da ± 0.250 Da) is shown in Fig. 3.
Here the spatial intensity of m/z 1111.553 Da ± 0.250 Da is
clearly higher in the healthy tissue regions as compared to the
tumor tissue region, shown also in the ROC curve (Fig. 4).
The results from this study will provide crucial new tools
to assist in the diagnosis and prognosis of EC, with the ulti-
mate aim to prevent overtreatment of patients whose primary
tumors do not have metastatic potential.

6.3 Targeted approach

Sensitive detection of low abundant proteins in complex sam-
ples has been typically achieved by ELISA that require anti-
bodies specific to the protein(s) of interest. However, this
poses a problem as development of antibodies is associated
with high cost, long development lead times, and high failure

rates [95]. To overcome this problem, for the past few decades
intensive research has been carried out aiming to develop
more targeted strategies that have been designed specifically
to analyze preselected peptides/proteins of interest within
complex samples.

Unlike untargeted approaches, which aim to detect all
proteins within a complex sample in an unbiased manner,
multiple reaction monitoring (MRM) is a targeted approach,
in which the protein(s) of interest are preselected for quantifi-
cation and analyzed using highly sensitive triple quadrupole
MS [96]. MRM-MS provides high sensitivity and accuracy
needed in the discovery phase and offers high reproducibility
necessary for clinical validation [97]. Due to the high speci-
ficity, sensitivity, and throughput of MRM, it can be used for
the validation of a single protein of interest or a subset of
proteins [98]. To ensure good quantification by MRM, three
of the most intense ion transitions (precursor ion fragmen-
tation to product ions) per protein are monitored. DeSouza
et al. demonstrated that the MRM of iTRAQ labeled peptides
enables absolute quantification of pyruvate kinase in can-
cerous and normal endometrial tissues [99]. Elizabeth et al.
pioneered a new technique that couples the ability to per-
form MRM on a triple quadrupole mass spectrometer with a
MALDI source. The authors have shown that this approach
has the feasibility for the precise and accurate quantitation
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Figure 4. The ROC curve of m/z 1111.553 Da ± 0.250 Da (AUC = 0.985) for healthy versus tumor region.

of tissue protein concentrations over two orders of magni-
tude, while maintaining the spatial localization information
for the proteins [100]. The greatest advantage of the MALDI
MRM-based imaging technique is improved sensitivity and
selectivity of the analysis, enabling measurement of the ac-
curate protein concentration with the addition of stable iso-
tope labeled internal standards. This technique combines the
spatial information gained by traditional MALDI MSI with
the accurate quantification achievable by MRM and may de-
veloped as an optimal strategy for the analysis of abundant
peptide biomarkers.

7 Conclusion

Above-mentioned studies have discovered a number of can-
didate EC biomarkers, for example CA-125, CA 19-9, CA 15-3,
HE4 for the diagnosis; and L1CAM, COX-2, Survivin, c-erb
B2 for the prognosis of EC. Unfortunately due to their lack of
sensitivity and specificity, none of those protein biomarkers
are currently used in clinical practice. Recently, the major fo-
cus of biomarker research has shifted from single biomarker
discovery to the multiparametric analysis of proteins, as the

proteomic pattern analysis can obtain exceptional results. As
part of this review, we have introduced two emerging tech-
niques with exceptional sensitivity and dynamic range. These
techniques are refining our capability to identify and quan-
tify relative changes in protein expression and will ultimately
result in the discovery of new EC biomarkers panels.

Moreover, the integration of the data obtained from vari-
ous “omics” approaches such as genomics, transcriptomics,
and proteomics will help to reduce the false positives and
false negatives obtained from single “omic” approaches and
provide us with a number of potential protein targets. Taken
together, this is an exciting time for EC biomarker research
and we are hopeful that novel EC biomarker panels will per-
form well and will be used in the clinic in the future.

The authors have declared no conflict of interest.
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3.1 Novel Approaches for Biomarker Discovery in Tissue  

Over the past decade, major research has been undertaken to find gene alleles or mutations 

whose expression correlates with a given disease. The discovery of the complete sequence of 

the human genome has opened the door for proteomics by providing a sequence-based 

framework for mining proteomes [106, 107]. The proteome is a dynamic reflection of both 

genes and the environment and is thought to hold special promise for biomarker discovery. The 

human genome harbors 26000–31000 protein encoding genes [108]; whereas the total number 

of human protein products, including splice variants and essential post-translational 

modifications (PTMs), has been estimated to be close to one million [109]. Proteome 

alterations in disease may occur in many different ways that are not predictable from genomic 

analysis, and it is clear that a better understanding of these alterations will have a substantial 

impact in medicine [106]. As a matter of fact, most of today's licensed tests are protein-based 

assays and most drug targets are proteins [110, 111]. 

Mass spectrometry (MS) is a versatile and powerful tool for the analysis of proteins and 

peptides as well as other biological compounds such as lipids, metabolites, glycans, and other 

small molecules. The ability of MS to identify ever smaller amounts of protein from 

increasingly complex mixtures is a primary driving force in proteomics [112]. All mass 

spectrometers, regardless of type, ionization mode or performance characteristics, produce 

mass spectra, which plot the mass-to-charge ratio of the ions observed (x-axis) versus detected 

ion abundance (y axis). Subsequent interpretation of spectra, using characteristics such as 

isotope distribution, accurate mass and amino acid sequence information (in tandem MS 

(MS/MS) experiments), may allow portions of the spectrum to be labelled with a protein or 

peptide identity.  

Currently available platforms for MS based proteomic discovery fall roughly under two 

categories: (1) pattern-based methods that focus on production of an MS-derived protein 

pattern such as MALDI and surface-enhanced laser desorption-ionization (SELDI) [113, 114], 

(2) “identity-based” methods that rely on proteolytic digestion of proteins to peptides with 

analysis by liquid chromatography (LC)-MS/MS [115]. The latter method suffers from the 

limitation of losing the structural information of the tissue, which is critical for clinical 

application, especially in heterogeneous carcinomas where different structural elements will 

express a unique proteome with subsequent unique cellular function. To reduce this 

morphological complexity while maintaining the cellular specificity, laser capture 
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microdissection (LMD) can be performed, which can isolate specific cell populations for 

analysis however, this method is time consuming but also might lead to sample loss due to 

incomplete homogenization. When compared, MALDI can be much more easily automated 

than LC-MS/MS and allows direct analysis of tissue sections without tissue homogenization. 

However, a major disadvantage for the analysis of complex samples appears to be the 

pronounced signal suppression in MALDI, which is observed to a lesser degree in LC-MS/MS 

[116]. 
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3.1.1.1 Summary 

Matrix assisted laser desorption/ionisation mass spectrometry imaging (MALDI MSI) has 

received considerable attention in recent years. First described by Caprioli et al., MALDI MSI 

has been developed to create a link between the molecular assessment of numerous molecules 

and morphological information about their spatial distribution [117]. The ability of this 

technique to compare the histology of a tissue to its corresponding spatially resolved mass 

spectrometric information makes it as a valuable tool to understand the molecular mechanism 

behind tumour metastasis.  

The strength of this method compared to immunohistochemistry (a standardized technique 

employed in pathology laboratories globally), is that it is independent of prior knowledge of 

protein composition or availability of antibodies. Previous studies of several different cancers 

have also shown that MALDI MSI can acquire a more comprehensive proteomic picture than 

immunohistochemistry (IHC) [118, 119]. MALDI MSI is a non-biased, non-targeted approach 

which collects molecular and spatial information from fresh frozen or formalin fixed paraffin 

embedded (FFPE) tissue samples, the standard sample preparation procedure used in clinical 

pathology. This method requires very little tissue material; a single tissue section from an 

endoscopic biopsy is enough for analysis whilst retaining morphology, allowing the tissue to 

be stained post MALDI MSI acquisition. For MALDI MSI analysis, matrix is applied 

uniformly or in a discrete grid array across the tissue. A laser irradiates the matrix and ionizes 

the proteins, generating two dimensional data containing both the proteins detected and the 

tissue location. The sampling positions become ‘pixels’ that are compiled to generate a picture 

or image for each molecule detected. Each mass spectrum is measured at a pixel with a pair of 

spatial coordinates (x/y). Any given mass-to-charge (m/z) signal in the spectrum can be 

displayed with its relative intensity over the entire array using either freely or commercially 

available software such as SCiLS lab (GmbH, Bremen, Germany). The generated intensity 

images allow new insights into tumour tissues.  

Multiple cancer research studies using MALDI MSI have demonstrated the strength of this 

technology for uncovering new markers that correlate with disease severity as well as prognosis 

and therapeutic response [105, 120, 121]. The presented book chapter gives a detailed overview 

of how MALDI MSI is used in the field of cancer biomarker discovery, the current 

developments and the challenges faced. This approach represents an exciting opportunity to 
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translate research discoveries from the laboratory to the clinic to improve patient health and 

survival.   
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Abstract

Pathologists play an essential role in the diagnosis and prognosis of benign and can-
cerous tumors. Clinicians provide tissue samples, for example, from a biopsy, which
are then processed and thin sections are placed onto glass slides, followed by staining
of the tissue with visible dyes. Upon processing and microscopic examination, a pathol-
ogy report is provided, which relies on the pathologist’s interpretation of the phenotyp-
ical presentation of the tissue. Targeted analysis of single proteins provide further insight
and together with clinical data these results influence clinical decision making. Recent
developments in mass spectrometry facilitate the collection of molecular information
about such tissue specimens. These relatively new techniques generate label-free mass
spectra across tissue sections providing nonbiased, nontargeted molecular information.
At each pixel with spatial coordinates (x/y) a mass spectrum is acquired. The acquired
mass spectrums can be visualized as intensity maps displaying the distribution of single
m/z values of interest. Based on the sample preparation, proteins, peptides, lipids, small
molecules, or glycans can be analyzed. The generated intensity maps/images allow new
insights into tumor tissues. The technique has the ability to detect and characterize tumor
cells and their environment in a spatial context and combined with histological staining,
can beused to aid pathologists and clinicians in the diagnosis andmanagement of cancer.
Moreover, such data may help classify patients to aid therapy decisions and
predict outcomes. The novel complementary mass spectrometry-based methods
described in this chapter will contribute to the transformation of pathology services
around the world.

ABBREVIATIONS
CHCA α-cycano-4-hydroxycinnamic acid

DESI desorption electrospray ionization

DHB 2,5-dihydroxybenzoic acid

FFPE formalin-fixed paraffin embedded

FT-ICR Fourier transformed ion cyclotron resonance

IHC immunohistochemistry

LNM lymph node metastasis

MALDI matrix-assisted laser desorption/ionization

MSI mass spectrometry imaging

PCA principle component analysis

SIMS secondary ion mass spectrometry

TOF time-of-flight

1. INTRODUCTION

In order to optimize the treatment outcomes for cancer patients and

even provide a cure, several issues regarding the clinical management of dis-

ease need to be addressed. Based on pathological and clinical parameters
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patients are classified to receive the best possible therapy. The accuracy of

this process would be better if a more complete understanding of the molec-

ular events involved in the development and progression of cancer was avail-

able. Currently, mass spectrometry imaging (MSI) is being extensively

applied to the in situ molecular analysis of cancerous cells and tissues with

the aim of identifying tumor margins, classifying primary tumor tissues with

regards to chemoresponse and metastatic status, identifying diagnostic and

prognostic markers, and the analysis of drug response rates and resistance.

Elucidation of the spatial location and abundance of peptides, proteins,

lipids, glycans, and drug metabolites in relation to cancerous tissues and cells

has the potential to significantly improve the diagnosis, staging, and treat-

ment of disease.

1.1 The Advantages of MSI
Interpatient heterogeneity significantly impacts the success of diagnostic

and prognostic tests, because it influences the way patients respond to

the same treatment. Moreover, proteomic analysis is impacted by

intratumor heterogeneity, as tumors are complex structures comprised

of a number of different cell types, such as epithelial or endothelial, stro-

mal, vascular, and inflammatory cells. This is particularly important when

considering concepts such as innate chemoresistance, metastasis, and

stem-cell-like cancer cells, which are believed to consist of a small subset

of cells within the bulk of the tumor tissue. Analysis methods that require

homogenisation of a sample lose important information about the spatial

location of the molecules being studied. Moreover, the information of a

potential difference in protein abundance of a small number of cells might

not be reflected in the average abundance of the tissue. Certain analysis

methods, such as immunohistochemistry (IHC) or fluorescence micros-

copy, allow for the quantification of compounds within a spatial context.

However, these methods are targeted, requiring prior knowledge about

the target and the sample in question, and only a small number of mole-

cules can be analyzed simultaneously.

The rapidly evolving technique of MSI allows for the in situ analysis of

biological samples, combining classical mass spectrometry (MS) with histo-

logical tissue analysis. MSI has the capacity to determine the relative inten-

sity and spatial distribution of several hundreds of compounds from cells and

tissue while retaining important spatial information (Schwamborn &
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Caprioli, 2010). In the context of cancer research this affords the tech-

nique the ability to characterize the molecular features of a sample while

maintaining morphology and requiring no prior knowledge of the molec-

ular expression profile. The type of molecules detected, or ions in the con-

text of MS, is dependent on the sample preparation, instrumentation, and

acquisition protocols used.

1.2 The Basic Principles of MSI
MS analysis includes the processes of analyte ionization, mass analysis,

and detection (de Hoffmann & Stroobant, 2007). During ionization analyte

molecules become electrically charged and liberated into the gas phase.

Once ionized the mass of the charged molecules is determined by analysis

in the mass spectrometer; the analyte ions are separated based on their

mass-to-charge ratio (m/z) and detected, commonly by a microchannel

plate detector. In terms of MSI, there are two basic forms: microprobe mode

imaging and microscope mode imaging (Bodzon-Kulakowska & Suder,

2016; Klerk, Maarten Altelaar, Froesch, McDonnell, & Heeren, 2009;

Luxembourg, Mize, McDonnell, & Heeren, 2004). In microprobe mode

MSI, where information is collected sequentially from each pixel

(pixel sizes typically 5–100 μm), each mass spectrum contains information

about the m/z and relative intensity of the detected ions at each location.

Following data acquisition, the collected information is reconstructed into

a molecular image. In microscope mode MSI, spectral information is col-

lected over a relatively large sample area (100–300 μm) simultaneously; in

this form of MSI, the ions produced over the analyzed area are measured

using a position-sensitive two-dimensional detection system. The informa-

tion collected by both microprobe and microscope mode can be displayed as

ion maps which show the distribution of the detected m/z values and their

intensities, thereby characterizing cancer cells or tissues within their envi-

ronment in a spatial context.

Following MSI the sample morphology is frequently retained and

can be histochemically analyzed postdata acquisition (Crecelius et al.,

2005; Schwamborn et al., 2007), making it feasible to directly compare

MSI results with histological staining. These methods are complementary

and have a high potential for aiding pathologists and clinicians in

their diagnosis and management of disease (Rodrigo et al., 2014). As indi-

cated earlier, MSI usually requires very little material and, for example,
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a single tissue section from an endoscopic biopsy is enough to perform a

successful MSI experiment.

For MSI, the ionization methods matrix-assisted laser desorption/

ionization (MALDI), secondary ion mass spectrometry (SIMS), and desorp-

tion electrospray ionization (DESI) are popular, and are frequently coupled

to time-of-flight (TOF) or Fourier transform type mass analyzers. A very

brief description of the commonly applied techniques and their capabilities

is provided in the following sections.

1.2.1 MALDI-TOF
MALDI-TOF is commonly used for the analysis of proteins, peptides, lipids,

metabolites, and glycans (Cho et al., 2015; Signor & Boeri Erba, 2013). The

application of MALDI-TOF to imaging MS was first introduced in 1997

(Caprioli, Farmer, & Gile, 1997) and the technique has gained significant

popularity over the last two decades. For analysis by MALDI-TOF-MSI,

a sample is placed on a conductive surface such as a stainless steel plate or

an indium tin oxide-coated glass slide. Commonly fresh frozen or

formalin-fixed paraffin-embedded (FFPE) tissue sections 4–10 μm thick

are analyzed by MALDI-TOF-MSI, with FFPE tissues requiring additional

preparation steps of deparaffinization and antigen retrieval (Ronci et al.,

2008). Once the tissue is placed on the slide, depending on the type of anal-

ysis being performed, a digestion step may be carried out. For proteolytic

peptide analysis, the most common enzyme utilized is trypsin, for glycan

analysis a peptide-N-glycosidase F (PNGase F) digestion may be employed

to release N-linked glycan structures from proteins (Gustafsson et al., 2015).

The analysis of lipids, metabolites, endogenous peptides, and intact proteins

directly from tissue does not require enzyme treatment. Prior to analysis a

small organic acid, referred to as the matrix, is suspended in an acidified sol-

vent buffer and deposited over the sample (Goodwin, 2012; Kaletas et al.,

2009). During this process the matrix incorporates the analyte molecules,

forming crystals. A focussed laser beam can then be applied to the surface

in order to induce analyte ionization. The small organic molecules of the

matrix mixture are designed to absorb the energy of the focussed laser beam

resulting in an explosive desorption of the matrix and analyte crystals. The

protons present in the acidified matrix solution also facilitate the analyte ion-

ization. MALDI is a “soft” ionization technique, meaning many analytes

may be analyzed without significant fragmentation.
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Following ionization the ions are rapidly accelerated though a strong

electric field in the ion source, the ions then enter the TOF tube or

“drift” region, allowing separation based on velocity and thus m/z. The

charged analyte molecules strike the detector and the number of events

within a time period are recorded, providing intensity information. By

comparing the measured information to calibration standards, the mass of

the detected analyte ion can be calculated. The spatial resolution of

MALDI-TOF imaging sits at around 20 μm and can accommodate a molec-

ular mass range of over 100 kDa.

1.2.2 MALDI-FT-ICR
MALDI-FT-ICR is routinely applied to the imaging analysis of lipids,

drugs, and metabolites. MALDI is carried out as described earlier with

the Fourier transform ion cyclotron resonance (FT-ICR) acting as the mass

analyser, where the m/z of analyte ions is determined by the cyclotron fre-

quency of the ions within the fixed magnetic field of the instrument

(Scigelova, Hornshaw, Giannakopulos, & Makarov, 2011).

Following ionization the charged molecules are trapped in a Penning

trap, which consists of a series of electrodes that use a homogeneous axial

magnetic field to capture the molecules radially, and an inhomogeneous

quadrupole electric field to confine the molecules axially. Within the Pen-

ning trap, a RF electric field is applied in the plane of ion cyclotron motion

which excites the ions to move in a larger, synchronous, cyclotron radius.

Once the excitation field is removed, the ions are left rotating at their cyclo-

tron frequencies in phase. The ions induce a charge which is detected as an

image current by electrode detectors in close proximity. The recorded signal

consists of a superposition of sine waves; this information can be used to cal-

culate the masses of the detected ions using a Fourier transform equation. In

FT-ICR a superconducting magnet is used to generate a highly stable mag-

netic field resulting in very high levels of resolution.

1.2.3 SIMS-TOF
SIMS utilizes beams of primary monoatomic (e.g., Bi+, Au+) or poly-

atomic (C+60, Bi+3, Cs+n) ions in a vacuum for ionization (Fletcher,

Vickerman, & Winograd, 2011). During SIMS the sample surface is

bombarded with a beam of primary ions, causing molecules on the surface

of the sample to be released, a process referred to as sputtering. During

sputtering energy from the primary ions is transferred to the analyte mole-

cules. Around 1% of the sputtered analyte molecules possess an electric
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charge; these ions can be detected by a mass analyzer, such as a TOF

(as described earlier). The energy of the primary ion beam is typically high

compared to the covalent bond energies of the analyte molecules, resulting

in their fragmentation. This makes SIMS a “hard” ionization technique,

although polyatomic ion beams offer softer ionization than monoatomic

ion beams (Bodzon-Kulakowska & Suder, 2016). SIMS requires no matrix

and offers higher depth and spatial resolution (<10 μm) as compared to

MALDI. However, MALDI is more sensitive as it has access to higher yields

of analyte and is able to detect larger molecules (Fletcher, Lockyer, &

Vickerman, 2011), with the highest detectable mass range of SIMS sitting

at around 1 kDa.

1.2.4 DESI
DESI uses an electrospray source of highly charged aqueous spray droplets

under ambient conditions to gently desorb and ionize analyte molecules

from the sample surface (Takáts, Wiseman, Gologan, & Cooks, 2004).

An advantage of DESI is that it allows for the analysis of a sample in its native

state. In the ion source an electrospray emitter is used to generate charged

microdroplets from a solvent, which create a thin film on the sample surface

that dissolves the analyte molecules. Secondary microdroplets are formed

from the kinetic impact of the primary droplets, which contain the highly

charged solvent and dissolved analyte. These secondary microdroplets are

ionized from the sample surface to the mass spectrometer inlet. A DESI

source can be coupled to most standard electrospray mass spectrometers

(Hsu & Dorrestein, 2015) where following ionization, the analytes are sent

via an ion transfer tube to the mass analyser for detection. During ionization

little analyte fragmentation occurs, hence DESI is considered a “soft” ion-

ization technique with a spatial resolution of around 50–100 μm and an

upper mass range detection limit of around 2 kDa.

2. PROTEIN MSI IN CANCER RESEARCH

Changes in protein function play a crucial role in the development of

cancer. Such alterations can be caused by number of events including altered

localization, posttranslational modifications (PTMs), and/or abundance

levels. Furthermore, the biology of a tumor depends not only on the can-

cerous cells but also on their interaction with surrounding stroma, blood

vessels, and the immune system (Kriegsmann, Kriegsmann, & Casadonte,

2015). The ability to spatially resolve different proteins while simultaneously
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acquiring information concerning their relative abundance is particularly

important in heterogeneous diseases such as cancer. Therefore, an approach

combining high-resolution MS with in situ spatial analysis of the diseased

area has the potential to directly identify and quantify proteins and peptides.

When MSI first entered the field of tissue-based research, it was used to

analyze the spatial distribution of proteins (Stoeckli, Chaurand, Hallahan, &

Caprioli, 2001). Following this ground-breaking research, different imaging

methods have been established and applied to a wide range of biological

problems. Among the several MSI techniques, MALDI-MSI is one of the

most commonly used. MALDI-MSI has the capability of detecting a broad

range of compounds present in a tissue section, provided the compound can

be ionized and desorbed into gaseous phase during the MALDI process.

High-resolution MS, such as MALDI-FT-ICR, has greater strength in

the field of low-molecular weight compounds, while MALDI-TOF is used

for the analysis of peptides and small proteins up to 25 kDa (Aichler &

Walch, 2015).MALDI-MSI of thin tissue sections can result in the detection

of over 500 individual protein signals within the mass range of 2–70 kDa that

can be directly correlated with specific morphological regions of the tissue

(Chaurand, Schwartz, & Caprioli, 2004).

Protocols have been developed for the preparation of tissue sections and

matrix application that provide a high level of reproducibility (Gustafsson

et al., 2013). The methodology behind protein MSI, via the analysis of their

proteolytic peptides, is straightforward; a digestion enzyme is uniformly

applied over the entire tissue surface either by a spotting or spray deposition

method. Thereafter, using the same application method, internal calibrants

and matrix are applied. Data acquisition is then carried out by a MS

(Gustafsson et al., 2013), where analyte ionization, mass analysis, and detec-

tion occur. This results in the subsequent generation of mass spectrums at

regular series of points across the tissue section. The mass spectra produced

are then visualized as ion intensity maps; generating two-dimensional distri-

bution maps of the detected mass spectra containing information about the

location and the relative intensity of the detected peptides. This visualization

is similar in nature to images generated by histological or IHC analysis, but

with the advantage that multiple molecules can be examined within a single

measurement (Aichler & Walch, 2015) (Fig. 1).

Three-dimensional MALDI-MS images can also be generated by

analyzing a number of consecutively cut tissue sections, and following data

acquisition, combining the results to generate three-dimensional maps

(Andersson, Groseclose, Deutch, & Caprioli, 2008; Sinha et al., 2008).

34 G. Arentz et al.



Recently, methods were developed for the integration of three-dimensional

volume reconstructions of spatially resolved MALDI-MSI ion intensity

images taken of whole mouse heads with corresponding in vivo data pro-

vided by magnetic resonance imaging (MRI) (Sinha et al., 2008). The added

spatial dimension provides contextual information to the MALDI-MSI data

that allow the interrogation of proteomic relationships within a tissue vol-

ume. The work displayed a correlation between the in vivo MRI and pro-

teomic profiles obtained by MALDI-MSI, with both techniques able to

distinguish tumor from healthy tissues (Sinha et al., 2008).

Until recently, MALDI-MSI had been carried out almost exclusively on

fresh frozen samples as it was believed proteins were inaccessible from FFPE

tissue due to the cross-linking caused by the formalin fixation. However, this

limitation has been overcome and equal number of proteins can be identified

from both fresh frozen and FFPE tissues (Diehl et al., 2015). The use of

FFPE tissues in cancer research is a huge advantage, given that the samples

are well preserved by the formalin fixation process and can be stored for long

periods of time at room temperature. Another attractive feature is that the

samples are often well documented as they have been processed by clinical

pathology departments, meaning information on patient treatment response,

disease progression, and other relevant clinical data have been cataloged

(Gorzolka & Walch, 2014). Additionally, FFPE tissues are well suited for

the construction of tissue microarrays (TMAs), where needle core biopsies

from multiple tissue samples are assembled into a paraffin block. However,

Fig. 1 Work flow of MALDI mass spectrometry imaging.
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fresh frozen TMAs have also been studied in a limited context (Fejzo &

Slamon, 2010).

One of the main advantages of MALDI-MSI is the technique’s ability to

detect changes in disease-associated protein expression prior to histological

transformation, making it a useful tool in the identification of early stage

disease biomarkers (McDonnell et al., 2010). There have been number of

cancer studies that have successfully applied peptide imaging to the discovery

of potential biomarkers with the capacity to differentiate tumors of various

subtypes, stages, and/or degree of metastasis.

2.1 Distinguishing Tissue Types by Peptide MSI
The ability of peptide MSI to distinguish specific types of tissue, such as

regions of healthy, cancer, stroma, and vasculature, has been shownmultiple

times (Mittal, Klingler-Hoffmann, Arentz, Zhang, et al., 2016).

Schwamborn et al. performed MSI on prostate cancer specimens and was

able to classify the cancerous tissue from normal tissue with 85% sensitivity

and 90% specificity, with an overall cross validation accuracy of 88%

(Schwamborn et al., 2007). Moreover, MSI of prostate cancer TMAs on

a large scale allowed for the immediate prioritization of MSI signals based

on associations with clinic-pathological and molecular data (Steurer et al.,

2013). A comparison of these signals with clinic-pathological features

revealed statistical association with a favorable phenotype such as grade,

stage, and relationship with prolonged time to prostate-specific antigen

recurrence (Steurer et al., 2013). Peptide MSI experiments have been able

to discriminate normal, preinvasive, and invasive lung tumor tissues with an

accuracy of 90% (Rahman et al., 2011), to differentiate normal tissue from

oral squamous cell carcinoma (Patel et al., 2009), to discriminate normal tis-

sue from gastric cancer tissues (Kim et al., 2010), and have identified

mitogen-activated protein kinase/extracellular signal-regulated kinase

kinase 2 (MEKK2) as a marker with the capacity to accurately discern can-

cerous prostate from normal tissue (Cazares et al., 2009).

One of the most challenging aspects of neurochemistry is the detection

of endogenous neuropeptides due to their low in vivo concentrations

ranging from pico- to femto-molar levels, which makes it difficult to

obtain enough material for quantitative analysis (Andersson, Andren, &

Caprioli, 2010; Strand, 2003). MALDI-MSI helps overcome this issue as

it allows the direct detection of neuropeptides in discrete regions of a brain

sections, enabling the study of the physiological and disease-related
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metabolic processing of neuropeptides (Andersson et al., 2010). Recently,

Andersson et al. has been able to sequence and identify neuropeptides by in

situ tandem mass spectrometry (MS/MS) directly off rat brain sections

using a MALDI-QTOF mass spectrometer (Andersson et al., 2008).

Furthermore, peptide MALDI-MSI has been employed to differentiate

benign regions from malignant in ovarian cancer (Lemaire, Ait Menguellet,

et al., 2007) and in thyroid cancer (Pagni et al., 2015). Likewise, biomarkers

have been identified that could distinguish Hodgkin’s lymphoma from

lymphadenitis (Schwamborn et al., 2010).

2.2 Determining Tumor Margins by Peptide MSI
One of the major aims of clinical oncology is to ensure a tumor has been

completely removed during surgery to minimize the possibility of disease

recurrence (Han et al., 2011). Defining tumor margins also plays a pivotal

role in cancer staging, which subsequently influences the administration

of treatment. Moreover, the molecular characterization of tumor margins

will assist in understanding the process of invasion into surrounding tissues

and may help in the clinical management of disease (Agar et al., 2010).

MALDI-MSI has been proposed as a valuable tool for gaining information

with regards to tumor margins and heterogeneity (Chaurand, Sanders,

Jensen, & Caprioli, 2004). Peptide MSI has interestingly revealed histolog-

ically normal tissue adjacent to renal cell carcinoma regions, share many

molecular characteristics with that of the tumor tissue, providing unprece-

dented insight into cancer development (Oppenheimer, Mi, Sanders, &

Caprioli, 2010). The technique has also been used to identify protein bio-

markers for the differentiation of delineated hepatocellular carcinoma from

adjacent cirrhotic tissue (Le Faouder et al., 2011). Analysis of ovarian cancer

interface zones, the regions between tumor and normal tissues, by MSI rev-

ealed a unique peptide profile from both the tumor and normal tissue, and

detected plastin 2 and peroxiredoxin 1 as interface markers specific to ovar-

ian cancer (Kang et al., 2010).

2.3 Prediction of Metastasis by Peptide MSI
Metastatic status is often the defining feature in determining if a patient will

receive chemotherapy and is currently resolved by the removal and analysis

of local lymph nodes, which frequently results in noncancer-related health

complications. Identification of primary tumor markers of metastasis
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would prevent the unnecessary removal of lymph nodes, thereby reducing

patient suffering and associated treatment costs, and allow the introduction

of more personalized cancer therapies (Casadonte et al., 2014). However,

identification of metastasis based on analysis of the primary tumor tissues is

challenging, especially when the primary carcinoma site is unknown

(Pavlidis & Pentheroudakis, 2016). A statistical classification model based

on peptide MSI data has been developed for determining the metastatic

status of primary cancers of pancreatic origin and their metastasis to sec-

ondary breast cancer with an overall accuracy of 83% (Casadonte et al.,

2014). In another study the HER2 status of gastric cancers could be

predicted with 90% accuracy using peptide expression patterns originating

from breast cancers (Balluff et al., 2010). These studies display the potential

of peptide MSI in the profiling of cancers, independent of their site of

origin.

The likelihood of lymph node metastasis (LNM) is one of the most

important factors to consider while determining the appropriate treatment

for a cancer patient. Several studies have applied MALDI-MSI to the pre-

diction of LNM status. Yanagisawa et al. was able to classify primary lung

tumors with and without LNM with an accuracy of 85% (Yanagisawa

et al., 2003). Different peptide signatures have been identified with the abil-

ity to distinguish melanoma (LNM) from control lymph nodes (Hardesty,

Kelley, Mi, Low, & Caprioli, 2011). Similarly, the overexpression of

S100A10, thioredoxin, and S100A6, have been shown to be highly associ-

ated with LNM in papillary thyroid carcinoma (PTC) (Nipp et al., 2011),

and it was suggested the three proteins may be used for risk stratification

regarding metastatic potential in PTC. Other protein biomarkers have been

suggested for the prediction of LNM in several cancers from peptide MSI

experiments, such as S100A8 and S100A9 for gastric adenocarcinoma

(Choi et al., 2012), COX7A2, TAGLN2, and S100-A10 for monitoring

the Barrett’s adenocarcinoma development as well as for predicting regional

(LNM) and disease outcome (Elsner et al., 2012).

Recently, it has been shown that the LNM status of primary endometrial

tumors could be predicted with an accuracy of 88% using a classification sys-

tem based on tissue peptide markers detected by MALDI-MSI (Mittal,

Klingler-Hoffmann, Arentz, Winderbaum, et al., 2016; Winderbaum,

Koch, Mittal, & Hoffmann, 2016). In the study FFPE-TMAs comprised

of duplicate tumor tissue cores from endometrial cancer patients diagnosed

with and without LNM were analyzed by MALDI-TOF-MSI. An over-

view of the sample preparation and approach used for the proteomic marker
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identification by MALDI-MSI-(top panel) and LC-MS/MS (bottom panel)

is outlined in Fig. 2.

2.4 Analysing Chemoresponse by Peptide MSI
Innate and acquired chemoresistance significantly impact the survival rates of

late stage cancer patients. Administration of chemotherapy to patients with

specific cancer types has traditionally been standardized, despite the knowl-

edge that response can differ significantly among a cohort of patients due to

genetic diversity and tumor heterogeneity. Identification of markers or tests

that predict resistance to standard chemotherapy regimens would help save

patients from damaging, ineffective treatments, andmay help determine if an

alternative treatment course may be more beneficial.

IHC is one of the most widely applied proteomic techniques in clinical

practice. However, IHC is often unable to distinguish the different isoforms

of the same protein that may play different role in the disease development.

Recent studies using MSI have been able to distinguish two isoforms of the

protein defensin. This is of particular interest given the 2 defensin protein

isoforms respond differently in breast cancer tumors when exposed to che-

motherapy (Bauer et al., 2010). The finding was discovered during the anal-

ysis of a breast cancer patient receiving neoadjuvant paclitaxel and radiation

therapy, and was one of the first biomarker discovery studies to utilize

MALDI-MSI (Bauer et al., 2010). Mitochondrial defects have also been

found and linked to chemotherapy response in oesophageal adenocarcinoma

patients using peptide MSI (Aichler et al., 2013), displaying the techniques

potential to change classifications of tumors and chemoresponse.

2.5 Identification of Diagnostic and Prognostic Markers
by Peptide MSI

A high proportion of cancer patients are diagnosed in the later stages of dis-

ease, when the cancer has already metastasized to distant lymph nodes or

organs. Detecting cancer in the earlier stages of disease, prior to metastasis,

would help increase survival rates and reduce the treatment burden for

patients. In a genetically engineered mouse model, peptide MSI was used

to detected several discriminative peptide masses that could distinguish

between intraepithelial neoplasia, intraductal papillary mucinous neoplasm,

and normal pancreatic tissue (Gr€uner et al., 2012). Using MALDI-MSI to

analyze TMAs, significant differences between papillary and clear cell renal

cell cancer were found (Steurer, Seddiqi, et al., 2014). Analysis of bladder
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Fig. 2 Work flow for proteomic marker identification by peptide MALDI-MSI and label-free quantification.



cancer TMAs byMSI lead to the identification of multiple signals in the mass

spectra associated with unfavorable tumor phenotype and clinical character-

istics, such as tumor recurrence, progression, and patient survival time

(Steurer, Singer, et al., 2014).

MALDI-MSI has also been used to identify a protein signature that can

accurately determine the HER2 status in breast cancer with sensitivity of

83%, for specificity of 92%, and overall accuracy of 89% (Rauser et al.,

2010). A seven-protein signature of novel tissue markers was identified as

an independent indicator of unfavorable overall survival in intestinal type

gastric cancer (Balluff, Rauser, et al., 2011). Other investigators identified

histone 4 expression as specific to poorly differentiated gastric cancer tissues

by peptide MSI (Morita et al., 2010). A comparison of genomically stable

(diploid) and unstable (aneuploid) colon cancer tissues against normal

mucosa by MSI identified thymosin beta 4 as an independent prognostic

marker for colorectal cancer (Gemoll, Strohkamp, Schillo, Thorns, &

Habermann, 2015). Analysis of lung cancer TMAs containing 112 needle

core biopsies were used to generate a support vector machine model utiliz-

ing MSI information on 73 peptides that could classify adenocarcinomas

with an accuracy of 97% and squamous cell carcinomas with an accuracy

of 98% (Groseclose, Massion, Chaurand, & Caprioli, 2008).

2.6 Characterisation of Intra- and Intertumor Variability
by Peptide MSI

Understanding the spatiotemporal patterns and dynamics of intratumor

heterogeneity is crucial for clinical management and designing personalized

targeted regimens for cancer patients (Renovanz & Kim, 2014). Balluff

et al. showed for the first time that MALDI-MSI of tumor tissues can reveal

microscopically indistinct tumor populations that might have adverse

impacts in clinical outcome (Balluff et al., 2015). In the proof-of-principal

study tumor-specific mass spectra were grouped using an advanced statis-

tically clustering algorithm in order to obtain segmentation maps of molec-

ularly distinct regions. The distinct regions were then statistically compared

with patient clinical data to identify phenotypic tumor subpopulations

(Balluff et al., 2015). This approach revealed that several of the detected

tumor subpopulations are associated with different overall survival char-

acteristics of gastric cancer patients (p¼0.025) and the presence of region-

al metastasis in patients with breast cancer (p¼0.036). This approach

enables researchers to gain deeper insights into the underlying biological
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process and changes of tumor subpopulations on a genetic, metabolic, and

proteomic level, which may result in novel targeted therapies (Balluff

et al., 2015).

The ability of MALDI-MSI to reveal inter- and intratumoral biomolec-

ular heterogeneity of histologically contiguous tumors has been shown, spe-

cifically in the capacity to distinguish different types and grades of myxoid

sarcomas (Willems et al., 2010). By applying hierarchical clustering to a gas-

tric cancer MALDI-MSI dataset, it has been demonstrated the different his-

tological regions could be distinguished solely on the basis of their protein

and peptide expression profiles (Deininger, Ebert, F€utterer, Gerhard, &
R€ocken, 2008). Ion mobility separation combined with MALDI-MSI has

been used to classify prostate cancer TMAs and has identified a number

of proteins, including type I collagen and tumor necrosis factor receptor,

directly from the tissue that could discriminate different tumor classes

(Djidja et al., 2010). Low grade urothelial neoplasia could be separated from

high grade urothelial neoplasia with an overall cross validation rate of

97.18% upon analysis of peptideMSI data (Oezdemir et al., 2012). Likewise,

based on protein profiling, a grading system for meningioma was developed

(Agar et al., 2010). Proteomic signatures associated with breast

cancer-activated stromal tissues have been identified by MSI, and hierarchi-

cal clustering of the proteomic signals could be used to distinguish the acti-

vated intratumoral stroma from the quiescent extratumoral stroma (Dekker

et al., 2014). High grade and low grade glioma can also be distinguished by

MALDI-MSI (Chaurand et al., 2004).

2.7 Practical Considerations for Proteolytic Peptide MSI:
Sample Preparation

MSI of proteolytic peptides in cancer is frequently performed on fresh frozen

or FFPE tissues; each sample type has unique advantages and limitations with

regards to MSI. The protein component of fresh tissues is easily accessible,

especially when compared to FFPE tissues, due to a lack of chemical fixa-

tion. Hence, no retrieval steps are required prior to the proteolyic digestion

of fresh frozen samples. A disadvantage of fresh frozen tissues, however, is

that they require rapid freezing upon collection and storage at extremely

low temperatures to inhibit endogenous enzymatic degradation (Fentz,

Zornig, Juhl, & David, 2004). Fresh tissues also require solvent washing

to remove lipids and other biomolecules that may compete for ionization

and interrupt the detection of peptides. Washing steps must be performed

carefully, as extensive washing may cause the loss of soluble proteins
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(McDonnell et al., 2010; Seeley, Oppenheimer, Mi, Chaurand, & Caprioli,

2008). Two significant advantages of FFPE samples are that they are widely

used inmodern clinical practice, meaning very large sample banks have often

been developed, and that the fixation process allows for storage of the

samples at room temperature for indefinite periods of time without loss

of morphological information (Wisztorski et al., 2007). The downfall is that

formalin fixation results in the formation of methylene bridges between

amino residues that causes protein cross-linking (Metz et al., 2004). This

cross-linking makes the proteins inaccessible to proteolysis and must be

reversed prior to any further preparation steps. Heat-induced antigen

retrieval prior to in situ proteolytic digestion is a widely used method for

reversing protein cross-links, which allows for the peptide profiling of FFPE

tissues that is comparable to fresh frozen tissue analysis (Casadonte &

Caprioli, 2011).

2.8 Practical Considerations for Peptide MSI: Spatial Resolution
Currently, MALDI is the most popular ionization method applied in the

field of MSI. The success of analyte ionization in a MALDI experiment

relies significantly on the matrix used; the type of matrix applied will

impact on the mass range of the detectable ions, the intensity of detection,

and the minimum spatial resolution achievable (Lemaire et al., 2006).

For peptide MALDI-MSI commonly used matrices include α-cycano-4-
hydroxycinnamic acid (CHCA) and 2,5-dihydroxybenzoic acid (DHB)

(van Hove, Erika, Smith, & Heeren, 2010). The homogeneity of matrix

crystallization is a major limiting factor with regard to the spatial resolution

that can be achieved byMALDI-MSI, as larger and nonuniformmatrix crys-

tals result in lower resolutions. DHB matrix is prone to producing large,

needle-like crystals, making CHCA a more suitable matrix as it commonly

forms small, homogeneous crystals resulting in higher image resolution

(Schwartz, Reyzer, & Caprioli, 2003). The way in which the matrix is

applied also has a significant impact on the spatial resolution, with the appli-

cation of larger size droplets increasing the likely hood of analyte displace-

ment. Instrumentation has been developed that allows matrix solutions to be

sprayed or spotted onto the sample surface in a more homogeneous manner

compared to manual application (Aerni, Cornett, & Caprioli, 2006). For

example, using a matrix spray device CHCA can be applied to form uniform

crystals that allow for spatial resolution peptide imaging of <25 μm
(McDonnell et al., 2010; Schuerenberg & Deininger, 2010).
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Laser specifications also have a significant impact on the spatial resolution

achievable. As opposed to the limitations of matrix crystallization, laser beam

resolutions can easily reach less than 10 μm, theoretically allowing for pep-

tide imaging at the single cell level (Balluff, Sch€one, H€ofler, &Walch, 2011).

However, reducing the size of the laser beam concurrently reduces the yield

of ionized analytes. Higher frequency lasers and overlapping laser shots can

counteract the issue of lower ion yields during detection (Jurchen,

Rubakhin, & Sweedler, 2005). Thus, currently matrix is the limiting factor

for the spatial resolution achievable in MALDI-MSI.

2.9 Practical Considerations for Peptide MSI: Mass Analysers
The type of mass analyser used for MSI will largely determine the mass res-

olution and mass range of the detectable ions. TOF mass analysers are com-

monly coupled to MALDI sources and have high acquisition speeds but

typically lower mass resolution (Caprioli et al., 1997). Higher mass accuracy

can be achieved through the use of internal or external calibrants. Other

commonly used mass analysers include FT-ICR and Orbitraps; these instru-

ments have significantly higher mass accuracy and resolution (Taban

et al., 2007).

Internal or external calibrants can be used to improve the mass accuracy

of acquired spectra during or after data acquisition (Gobom et al., 2002).

Calibrants are often comprised of a small number of specific analytes with

known masses that span a specific mass range. Within this mass range, the

use of calibrants can significantly increase the mass accuracy of the detected

analytes. However, the mass error of any analyte molecules that fall outside

the mass range of the calibrants cannot be corrected (Coombes, Koomen,

Baggerly, Morris, & Kobayashi, 2005).

2.10 Practical Considerations for Peptide MSI: Identification
Currently, MALDI-MSI enables the discrimination of heterogeneous tis-

sue types, but does not allow for the direct identification of the peptide

sequences. During data acquisition the intact mass, or the m/z, of the

detected peptides is recorded. This allows peptide mass fingerprinting

(PMF) to be performed, a process where the intact peptide masses are mat-

ched back to a database containing the in silico digested proteome or

proteomes of specific species (Pappin, Hojrup, & Bleasby, 1993). Due

to a lack of peptide sequence information, often PMF can provide a list

of potential peptide identifications but is not able to provide definitive
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identifications for those peptides with similar masses. However, the higher

the mass accuracy of the instrument used the more likely it is a definitive

identification will be gained (Horn, Peters, Klock, Meyers, & Brock,

2004). The use of complementary MS techniques, such as matching data

to peptides sequenced by traditional liquid chromatography electrospray

ionization tandem mass spectrometry (LC-ESI-MS/MS) or by in situ

tandem mass spectrometry (MALDI-MS/MS), can help clarify peptide

sequence identifications (Lemaire, Desmons, et al., 2007). However,

there can be significant difficulties associated with these options also.

Multiple sequence matches are often encountered when matching MSI

m/z values back to LC-ESI-MS/MS data obtained from the same sample.

Generating high quality in situ MS/MS spectrums is often challenging

due to the issue that acquisition of very complex peptide mass spectra

directly off tissue results in poor fragmentation and highMS/MS complex-

ity, both of which limit direct peptide sequencing from tissues (Gustafsson

et al., 2012).

3. LIPID MSI IN CANCER RESEARCH

3.1 Profiling Lipids in Cancer by DESI-MSI
The soft ionization technique of DESI has been developed for the MSI of

small molecules and lipids. DESI uses highly charged solvent droplets trav-

eling at high velocities for analyte ionization in an ambient atmosphere. An

advantage of DESI for the analysis of lipids and small molecules is that no

sample preparation steps are required, unlike MALDI where matrix depo-

sition is a necessity. A further advantage is that a DESI source can be coupled

to most standard mass analysers, such as a FT-ICR, Orbitrap, Ion Trap, or

a TOF.

In practice, DESI-MSI has been applied to the study of human cancers

for the discrimination of tumor subtypes and grades, as well as for the iden-

tification of tumor margins (Calligaris et al., 2014; Eberlin et al., 2014). One

particular application used DESI-MSI to generate lipid profiles for the clas-

sification of human brain tumors (Eberlin et al., 2012). This study was able to

classify the subtype, grade, and tumor concentration of 36 human glioma

samples via lipidomics imaging in agreement with the histopathology diag-

noses (Eberlin et al., 2012). Lipidomic analysis by DESI-MSI has identified

the phospholipids phosphatidylserine (PS), phosphatidylinositol (PI), and

phosphatidylethanolamine as biomarkers for distinguishing healthy tissue
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from benign and malignant tumor tissues (Abbassi-Ghadi et al., 2014; Dill

et al., 2011, 2009; Eberlin et al., 2012).

Discriminatory lipid signatures between cancerous and normal breast

tissue have been detected by DESI-MSI (Calligaris et al., 2014), with the

delineation of tumor margins possible through the analysis of PI

(18:0/20:4). PI (18:0/20:4) has been shown to be abundant at the tumor

center and tumor edge, whereas it was absent or weak in normal tissues. This

lipid sharply stratifies the tumor margin in agreement the histopathological

staining. Using DESI-MSI, another study found PS (20:4/18:0) and PI

(18:0/20:4) are significantly lower in concentration in primary tumor tissues

and LNMs when compared to normal lymph node tissues (Abbassi-Ghadi

et al., 2014). The same lipid, PI (18:0/20:4), was found to be a biomarker

for distinguishing benign and malignant breast tumors (Yang et al., 2015).

Collectively, the discussed research shows MSI lipid profiling of cancer

tissues can be used for classifying tumor types, with high specificity in

differentiating histopathologic grade, and in the mapping of tumor margins.

3.2 Profiling Lipids in Cancer by SIMS-MSI
A less popular ionization method for MSI in the lipidomics field is static

SIMS. Generally, a static SIMS source is coupled to a TOF (or QTOF)

instrument, and is particularly suitable for the analysis of intact molecules

such as lipids and metabolites. It uses a beam of energetic primary ions with

either monatomic source, such as Cs+ and Ga+ for limited mass range of

low hundreds Daltons, or cluster ions such as SF5
+, Bi3

+, and Au3
+ that have

extended the mass range to a couple of thousands Daltons (Lanni,

Rubakhin, & Sweedler, 2012). The potential of SIMS-TOF imaging for

lipidomics has been shown in rat brain sections, a well-established model

system for MSI (Benabdellah et al., 2010; Passarelli & Winograd, 2011;

Sjovall, Lausmaa, & Johansson, 2004; Sjovall, Lausmaa, Nygren,

Carlsson, & Malmberg, 2003). In the field of cancer lipidomics, it is fre-

quently used in cellular imaging, where single cells or a population of cells

are isolated after drug treatment for the characterisation of molecules on the

cell surface. For example, lipid composition analysis of individual human

breast cancer stem cells (CSCs) reported significantly lower expression levels

of palmitoleic acids FA (16:1) as compared to nonstem cancer cells (NSCCs),

and is thought to have been successfully characterized from complex clinical

specimens using TOF-SIMS (Waki et al., 2014).
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4. GLYCAN MSI IN CANCER RESEARCH

Glycosylation is the enzymatic process where oligosaccharides, poly-

saccharides, and carbohydrates (i.e., glycans) are attached to proteins, lipids,

or other organic molecules (Ohtsubo & Marth, 2006). In recent years, the

word “glycomics” has emerged to describe the study of glycan structures

from an organism’s “glycome.” The mammalian glycome repertoire is com-

prised of 10 knownmonosaccharides. Thesemonosaccharides include xylose

(Xyl), glucose (Glc), galactose (Gal), mannose (Man), N-acetylglucosamine

(GlcNAc), N-acetylgalactosamine (GalNAc), fucose (Fuc), glucuronic acid

(GlcA), iduronic acid (IdoA), and N-acetylneuraminic acid (NeuAc or

Neu5Ac), a sialic acid (Wuhrer, Deelder, & van der Burgt, 2011). Glycan

complexity arises from variation in expression of specific glycosyltransferases,

resulting in a diversity of monosaccharide arrangements. Furthermore,

modifications such as sulfation, acetylation, or phosphorylation increase

the complexity of glycosylation.

The major type of glycosylation is protein glycosylation, where glycans

are attached to asparagine residues by their amine group (N-linked) or at

serine/threonine residues by their hydroxyl group (O-linked) (North,

Hitchen, Haslam, & Dell, 2009). Protein glycosylation is an important

PTMwhich has relevance in many biological processes such as cell signaling,

immune responses, extracellular interaction, and cell adhesion (Varki, 1993).

In the tumor microenvironment, aberrant protein glycosylation such as the

expression of truncated glycans have been well described in various cancers

(Dube & Bertozzi, 2005). These structures may resemble glycomic

“fingerprints” which discriminate between healthy and cancerous tissues

or potentially discriminate between various cancer subtypes (Abbott

et al., 2010).

One of the most common glycosylation changes in various cancers is an

increase in branching of N-glycans, where large tetra-antennary structures are

formed by the expression of N-acetylglucosaminyltransferase V (GnT-V)

(Lau &Dennis, 2008). The presence of increased branching antennas creates

additional sites for the addition of NeuAc by sialyltransferases in various

cancers (Bull et al., 2013). Likewise, terminal modifications on glycan struc-

tures such as fucosylation on the cancer cell surface can also give rise to the

presence of Lewis and sialyl Lewis antigens (sialyl Lea; [Neu5Acα2-3Galβ1-
3(Fucα1-4)GlcNAcβ] and sialyl Lex; [Neu5Acα2-3Galβ1-4(Fucα1-3)
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GlcNAcβ]) which have been shown to correlate with tumor progression and

metastasis (Nakagoe et al., 2000). It is evident that aberrant glycosylation

is indeed a key event in metastasis and therefore the discovery of

cancer-specific protein glycosylation markers would be beneficial in the

staging and treatment of patients (Drake et al., 2010).

As glycomics gains recognition in this postgenomics era, MS-based

methodologies are becoming indispensable and routinely used for the reli-

able profiling of glycans from clinical samples. Glycan MSI is a recent

MS-based development which allows the visualization of the tissue-specific

spatial distribution of glycans. N-glycans have been the most comprehen-

sively studied type of protein glycosylation, as they can be easily released

from proteins by enzymatic cleavage using PNGase F (Jensen, Karlsson,

Kolarich, & Packer, 2012). The majority of these studies have applied opti-

mized N-glycan MALDI-MSI methods to FFPE tissues, with the most

recent focus on various cancer tissues.

One of the first N-glycan MALDI-MSI methods to emerge was

published in 2013 (Powers et al., 2013). This proof-of-principle paper

described the measurement of N-glycans by MALDI-MSI across fresh fro-

zen mouse brain tissue. The m/z values from the sum spectrum were

assigned to N-glycans based on further MS structural analysis, for example,

high-performance liquid chromatography (HPLC)-MS. The authors

concluded that this new approach could lead to novel disease-related targets

for biomarker and therapeutic applications. Subsequently, N-glycan

MALDI-MSI has been successfully applied to the analysis of glioblastoma

tumor xenografts compared to normal brain tissues (Toghi Eshghi et al.,

2014), where it was found specific N-glycans associated with distinct tissue

regions. N-glycan imaging of FFPE pancreatic and prostate cancers, and a

human hepatocellular carcinomas in TMAs found tumor and nontumor

regions could be distinguished in the TMA format, enabling high-

throughput analysis (Powers et al., 2014).

The use of complimentary MS methods, such as liquid chromatography

tandem MS (LC-MS/MS) with MALDI-TOF-MSI, have been developed

to enable the mapping of tissue-specific N-glycans at high resolution

(Gustafsson et al., 2015). The application of these techniques has resulted

in several interesting findings. A panel of over 30N-glycans has been

detected from FFPE human hepatocellular carcinoma tissues (Powers,

Holst, Wuhrer, Mehta, & Drake, 2015), from which the N-glycans were

extracted and the sialylated species were stabilized by an off-tissue ethylation

reaction. N-glycan sialyation linkage-specificity was further found to
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correlate with the different tissue types analyzed. A novel method for the

analysis of N-glycan sialylated species (i.e., α 2–3 and α 2–6) by

MALDI-MSI in colon carcinoma found sialylated N-glycans with α 2–3
linkage were observed in stroma, tumor, and necrotic regions, while

sialylated N-glycans with α 2–6 linkage were observed in necrotic,

collagen-rich, and red blood cell regions (Holst et al., 2016).

The analysis of FFPE stage III ovarian cancer tissues found high mannose

structure (Man5+Man3GlcNAc2) in the tumor regions, while triantennary

complex structures (Hex3HexNAc3Deoxyhexose1+Man3GlcNAc2) were

observed in the stromal regions (Fig. 3). This observation was consistent

between not only the patients investigated, but also between each N-glycan

family. The tissue analyzed in the study had been annotated by a pathologist,

and it was found specific glycan structures were differentially detected in

specific tissue regions, such as tumor, stroma, and adipose tissue.

In summary, N-glycanMALDI-MSI has developed immensely in recent

times, with improvements in areas such as sensitivity and mass accuracy,

Fig. 3 Glycan analysis of ovarian cancer. The formalin-fixed paraffin-embedded stage III
ovarian cancer section was treated with antigen retrieval prior to printing of 15 nL/spot
dialyzed PNGase F with 250 μm spacing. 2,5-DHB (20 mg/mL) was sprayed onto the sec-
tions and MS spectra were acquired by oversampling at 100 μm intervals using a
MALDI-TOF/TOF MS instrument. (A) Haematoxylin and eosin stain of the ovarian cancer
section with tumor (red), stroma (green), and adipose (blue) regions annotated by a
pathologist. (B) An ion intensity map of m/z 1743.7 (red), m/z 2174.9 (green), and m/z
933.3 (blue) on the ovarian cancer section. Yellow circle, galactose (Gal); green circle, man-
nose (Man); blue square, N-acetylglucosamine (GlcNAc); red triangle, fucose (Fuc).
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compositional analysis by complementary techniques (i.e., LC-MS/MS and

lectin histochemistry staining), and identification of linkage-specific

sialylated species by in situ derivatization methods. However, further work

in the field is required to properly answer clinical questions and discover

cancer-specific markers. TMAs have not yet been fully utilized in N-glycan

MSI experiments, but offer promise in providing researchers and clinicians

with high-throughput data for analysis.

5. DRUG IMAGING IN CANCER RESEARCH

Quantification of drugs and their metabolites is crucial in oncology

where drug distribution within the tumor tissue is thought to play a pivotal

role in response to therapy and could partly explain the variable response

rates observed among patients with similar tumor types (Minchinton &

Tannock, 2006). Traditionally, autoradiography has been used to visualize

the localization of a drug. However, this technique suffers from some sig-

nificant limitations. One of them is that the synthesis of the radiolabeled drug

is an expensive and time-consuming process. Second, the technique does

not provide information on the molecular structure. Hence, metabolites

either cannot be distinguished from the parent drug or are not detected if

the radiolabel is lost in a metabolic process (Kertesz et al., 2008). The other

clinically used noninvasive drug imaging techniques are positron emission

tomography and MRI. These techniques can provide information on the

drug distribution but suffers from the limitation of low spatial resolution.

Due to the relatively simple sample preparation steps required for MSI

the technique has rapidly emerged as an alternative to the conventional

methods of analysis. MSI allows detailed distribution analysis of the parent

drug and its metabolites in a single experiment and without any labeling of

the targeted compound in contrast to conventional immunohistochemical

methods. Such drug characterization in situ, by both spatial and temporal

behaviors within tissue compartments, provides a new understanding of

the dynamic processes impacting drug uptake and metabolism at the local

sites targeted by a drug therapy (Kwon et al., 2015). Multiple MSI tech-

niques including MALDI-MSI, SIMS, and nanostructure initiator mass

spectrometry (NIMS) have been used to analyze the distribution of the drug

and metabolites. However, MALDI-MSI is the most frequently used

method for looking at anticancer drug distribution in tumor samples.
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5.1 MALDI-MSI on Tissue Sections
MALDI-MSI was used for the first time in 2003 to directly analyze and

image pharmaceutical compounds in intact tissues (Reyzer, Hsieh, Ng,

Korfmacher, & Caprioli, 2003). From then, the technique has been applied

to the imaging of a number of drugs. Prideaux et al. applied

MALDI-MRM-MSI to visualize the distribution of the second line tuber-

culosis drug moxifloxacin at a range of time points after dosing in

tuberculosis-infected rabbits, which was further validated by quantitative

LC-MS/MS of lung and granuloma extracts from adjacent biopsies taken

from the same animals (Prideaux et al., 2011). Drug distribution within the

granulomas was observed to be inhomogeneous, and very low levels were

observed in the caseum in comparison to the cellular granuloma regions

(Prideaux et al., 2011). Fehniger et al. measured the occurrence of inhaled

bronchodilator, ipratropium, within human bronchial biopsies obtained by

fiber optic bronchoscopy shortly after dosing exposure and showed the

drug is rapidly absorbed into the airway wall (Fehniger et al., 2011). Nilson

et al. provided the first evidence that compounds administrated by inhaled

delivery at standard pharmacological dosage can be quantitatively detected

by MALDI-MSI with accuracy and precision (Nilsson et al., 2010). The

distribution of the inhaled drug tiotropium was tracked and quantified

in the lungs of dosed rats and a concentration gradient (80 fmol–5 pmol)

away from the central airways into the lung parenchyma and pleura was

observed (Nilsson et al., 2010). Hsieh et al. visualized the spatial distribu-

tion of astemizole (withdrawn in most countries due to its side effects)

and its primary metabolite in rat brain tissues and showed that the drug

alone is likely to be responsible for the associated central nervous system

side effects upon elevated exposure (Hsieh, Li, & Korfmacher, 2010).

Using MALDI-MSI the specific distribution of unlabeled chloroquine

was examined in the retinas of rats and was found to be similar to auto-

radiograms results reported previously (Yamada, Hidefumi, Shion,

Oshikata, & Haramaki, 2011).

Atkinson et al. showed the distribution of the bioreductive anticancer

drug AQ4N (banoxatrone), its active metabolite AQ4, and ATP in treated

human tumor xenografts (Atkinson, Loadman, Sutton, Patterson, & Clench,

2007). The distribution of ATP was found similar to that of AQ4N, i.e., in

regions of abundant ATP there was no evidence of conversion of AQ4N

into AQ4, indicating that the cytotoxic metabolite AQ4 is confined to hyp-

oxic regions of the tumor as intended (Atkinson et al., 2007). Using
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MALDI-FT-ICR, Cornett et al. imaged the antitumor drug imatinib and

two of its metabolites from a mouse brain glioma and showed the metab-

olites to be more abundant in tumor region compared to normal, which is

consistent with other imaging studies of the drug (Cornett, Frappier, &

Caprioli, 2008). In order to better understand the penetration of the anti-

cancer drug oxaliplatin, MALDI-MSI of tissue sections from treated rat kid-

neys was performed and it was observed that the drug and its metabolites

were localized exclusively in the kidney cortex, suggesting the drug did

not penetrate deeply into the organ (Bouslimani, Bec, Glueckmann,

Hirtz, & Larroque, 2010). Sugihara et al. demonstrated the first data on

the localization of personalized medicine (vemurafenib) within tumor com-

partments of malignant melanoma (MM). In a proof-of-concept in vitro

study the overexpression and localization of the drug in the MM was shown

using MS fragment ion signatures (Sugihara et al., 2014). Using

MALDI-MSI, it has been shown the drug irinotecan reaches tumors mainly

through microvessels whereas the conversion of the drug into its active form

SN-38 in tumors of colorectal cancer was poor compared to normal tissue

(Buck et al., 2015). The distribution of tamoxifen in both ER-positive and

ER-negative breast cancer tumor tissues as analyzed by MALDI-MSI

detected the drug at significantly lower intensities in tumor cells compared

with stroma in ER-negative samples (V�egvári et al., 2016). Aikawa et al.

employed a quantitative MSI method (a combination of MALDI-MSI

and LC-MS/MS) in a preclinical mouse model to evaluate the intrabrain

distribution of an anticancer drug (Aikawa et al., 2016). While no differ-

ences were observed between the mice for the drug concentration, diffuse

drug distribution was found in the brain of the knockout mice vs wild mice

(Aikawa et al., 2016).

To remove the background signals from matrix degradation observed in

MALDI-MSI, the method nanoparticle-assisted laser desorption ionization

(n-PALDI) was developed which utilises nanoparticles as matrixes. It was

found the protocol could be used to investigate the distribution of anticancer

agents in primary tumors and in metastasis, to ascertain whether resistance is

related to inadequate drug penetration in poorly vascularized parts of the

tumor (Morosi et al., 2013). Using the n-PALDI protocol, the different dis-

tribution of paclitaxel in tumor and normal tissues was visualized and related

to the dosage-schedules and pathological features of the tumors (Morosi

et al., 2013).
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5.2 MALDI-MSI on Whole Body Sections
Rohner et al. first demonstrated the MALDI-MSI of drugs in whole body

animal sections in 2005 (Rohner, Staab, & Stoeckli, 2005). Since then, a

wide range of drugs have been imaged in whole body animal sections, all-

owing the label-free tracking of both endogenous and exogenous com-

pounds with spatial resolution and molecular specificity (Khatib-Shahidi,

Andersson, Herman, Gillespie, & Caprioli, 2006). MALDI-MSI has

been used to simultaneously detect drugs and their individual metabolite dis-

tributions at various time points across whold body tissue sections

(Khatib-Shahidi et al., 2006). Stoeckli et al. measured the distribution of

a 14C labeled compound (dosed intratracheally) in whole rat tissue sections

using MALDI-MSI and whole body autoradiography (WBA) which dis-

played good quantitative agreement between both techniques (Stoeckli,

Staab, & Schweitzer, 2007). Trim et al. compared the distribution of vinblas-

tine within whole body sections using MALDI-MSI and WBA which dis-

played MALDI-MSI to be advantageous by separating the drug from an

endogenous isobaric lipid (Trim et al., 2008).

5.3 MALDI-MSI on 3D Tissue Cultures
Liu et al. applied MALDI-MSI to the analysis of 3D spheroids in order to

assess the distribution of pharmaceuticals and their metabolites. As a

proof-of-concept study, MALDI-MSI was applied to in HCT 116 colon

carcinoma multicellular spheroids to analyze the distribution of irinotecan,

showing the time-dependent penetration of the drug and three metabolites

(Liu, Weaver, & Hummon, 2013).

6. DATA ANALYSIS

6.1 Spatial Information
The main advantage of MSI over other methods is the access it provides to

spatial information. Possibly the most common approach to leveraging the

spatial information in MSI data is simply in displaying results as spatial plots.

Fig. 4 shows the results of several analyses of such data. These analyses are

blind to the spatial information in the data but their results have spatial pat-

terns that can be easily seen when plotted. Plotting such results next to a sta-

ined image of the tissue allows for the molecular information in theMSI data
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Fig. 4 Results of various analyses of tryptic peptide MALDI-MSI data collected from the same section of tissue. (A) H&E stained section of
several primary serous ovarian tumors embedded in surrounding stromal tissue. (B) Intensity of a single peptide peak at m/z¼1628.8 con-
firmed as belong to heterogeneous nuclear ribonucleoprotein A1 which has been shown to be of interest in the past (Chen, Zhang, & Manley,
2010; Lee et al., 2010). (C) Results of 4-means clustering on the log-intensities including all measured m/z values. (D) Results of the first prin-
ciple component including all measured m/z values on the log-intensities.



to be correlated to the histology of the tissue, thereby allowing biologically

relevant use of the spatial information. Such results can even be overlayed

directly with stained images (Walch, Rauser, Deininger, & H€ofler, 2008),
and used to partially automate and aid in histological annotations in an unbi-

ased manner (Cornett et al., 2006). A popular alternative to the k-means

clustering shown in Fig. 4 is the so-called semisupervised hierarchical clus-

tering approach applied by Deininger et al. (2008). These semisupervised

methods allow the user to manipulate the clustering results until they agree

with the observed histology. Jones et al. (2011) demonstrated how multiple

approaches to multivariate analysis, such as k-means and principle compo-

nent analysis (PCA) (Fig. 4), could be combined in an automated manner to

produce more reliable partitioning of spatial regions based on the multivar-

iate MSI data.

Spatial information can also be applied to the partitioning of data in a

histology driven fashion. To use Fig. 4 as an example, one could use the his-

tology shown in the H&E stain to distinguish different tissue types such as

tumor and surrounding stroma, and then by matching the image to the

acquired region, partition the spectra into groups representing specific tissue.

These groups of spectra could then be compared in an attempt to detect

molecular differences between tissue types—this is also a very common

approach used in the analysis of MSI data. Using this technique

Oppenheimer et al. (2010) demonstrated that histologically healthy tissues

within a margin of tumor tissues share molecular characteristics, and hypoth-

esized that this phenomena could be involved in tumor recurrence

postresection. Such information could be used by surgeons to identify an

appropriate margin to excise the tissue surrounding a tumor.

6.2 Preprocessing: Peak Detection
MSI data have a uniquely complicated structure due to the spatial informa-

tion it contains, and additionally can be computationally challenging due

to the shear amount of information recorded during acquisition. The data

therefore require novel approaches to analysis when compared to other,

more traditional forms of mass spectrometry (Jones, Deininger,

Hogendoorn, Deelder, & McDonnell, 2012). Furthermore, the appropri-

ate approach will vary depending on the application. One approach to

addressing the quantity of data is to perform some, preferably computation-

ally fast, data reduction early in the data analysis workflow and then work
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with the reduced data. This allows for analyses to be performed quickly, but

also means that all further analyses will be affected by the choices made in the

data reduction step. The most simplistic approach to data reduction is

centroiding—essentially reducing spectra to their local maxima.

Centroiding is perhaps the most simplistic approach to peak detection.

Essentially centroiding involves reducing the acquired spectra to their local

maxima, allowing peaks in the spectra to be identified, information relevant

to these peaks to be stored and the remainder of the “noise” to be removed.

Yang, He, and Yu (2009) provide a good overview of peak detection in the

context of MALDI-MS. Wavelet approaches to peak detection, such as

those suggested by Du, Kibbe, and Lin (2006), Lange, Gropl, Reinert,

Kohlbacher, and Hildebrandt (2006), show some promise but have not

yet made it into mainstream software packages, and so do not currently

see much use. Regardless, peak detection prior to further analysis is a useful

tool as it can reduce the volume of data by as much as three orders of mag-

nitude. However, care must be taken when interpreting final results; it is

important to be aware that all analyses will be affected by any peak detection

steps and that a quality control analysis of the data following peak detection

should be implemented to ensure its performance.

6.3 Classification of FFPE-TMAs and the Importance of
Dimension Reduction

The application of MSI to FFPE-TMAs for classification of various diagnos-

tic and prognostic clinical factors is a particularly promising field of research.

The ability to use FFPE tissue allows access to large archives including tissue

samples and associated patient meta data (Hood et al., 2005). The use of

TMAs with MSI facilitates the collection of label-free and untargeted mass

data from large numbers of patients (Groseclose et al., 2008), which in turn

allows for classification problems to be considered. One of the key obstacles

to the classification of such data is that, due to the untargeted nature of MSI,

the resulting data are of high-dimensionality. The natural approach to

address the dimensionality of such data is to perform some dimension reduc-

tion prior to classification. Mascini et al. (2015) proposed the use PCA for

dimension reduction prior to classification. PCA is a classical multivariate

approach that preserves the maximum amount of variability in the

dimension-reduced data. Winderbaum et al. (2016) proposed using a cross

correlation analysis (CCA) to rankMSI variables based on their contribution

to the highest multivariate correlation to the clinical variable and to reduce

the dimension of the data by restricting to only the most highly ranked MSI
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variables. Either way, dimension reduction prior to classification is crucial.

In order to apply these ideas in clinical practice, large cohort studies and/or

clinical trials would need to be carried out to validate the performance of

theseMS-based classifiers. To date most studies have been exploratory, using

small samples of patients as a proof of principle, with a study by Steurer et al.

(2013) being a notable exception. Dependent on large scale validation stud-

ies, classification of MSI data could potentially be used in the

individualisation of treatments, predicting factors such as LNM or poten-

tially even chemotherapy response.

7. CONCLUDING REMARKS

7.1 The Future of MSI: Molecular Pathology
For over 100 years clinical pathology has relied upon a description of mor-

phology by trained specialists for tumor classification and grading. The infor-

mation that can be gained from such an analyses is limited, however, and is

often purely descriptive. During the last decade mass spectrometers have

found their way from physics and biochemistry research laboratories into

clinical pathology laboratories, bringing together researchers from a wide

spectrum of disciplines, such as physics, biochemistry, medicine, pathology,

and mathematics. A key feature of MSI is the ability to discern molecular

signatures of disease with the additional bonus that the features can be

directly related back to the tissue morphology. In the context of clinical

oncology, the application of MSI has the potential to shift traditional pathol-

ogy from descriptive morphological analyses to detailed molecular analyses.

As such, the introduction ofMSI equipment into pathology laboratories will

extend their capabilities and revolutionize management and treatment of

cancer.
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Takáts, Z., Wiseman, J. M., Gologan, B., & Cooks, R. G. (2004). Mass spectrometry sam-
pling under ambient conditions with desorption electrospray ionization. Science,
306(5695), 471–473.

Toghi Eshghi, S., Yang, S., Wang, X., Shah, P., Li, X., & Zhang, H. (2014). Imaging of
N-linked glycans from formalin-fixed paraffin-embedded tissue sections using MALDI
mass spectrometry. ACS Chemical Biology, 9(9), 2149–2156.

Trim, P. J., Henson, C. M., Avery, J. L., McEwen, A., Snel, M. F., Claude, E., et al. (2008).
Matrix-assisted laser desorption/ionization-ion mobility separation-mass spectrometry
imagingofvinblastine inwholebody tissue sections.AnalyticalChemistry,80(22),8628–8634.

van Hove, A., Erika, R., Smith, D. F., & Heeren, R. M. A. (2010). A concise review of mass
spectrometry imaging. Journal of Chromatography. A, 1217(25), 3946–3954.

Varki, A. (1993). Biological roles of oligosaccharides: All of the theories are correct.
Glycobiology, 3(2), 97–130.
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3.1.2 Data Dependent Acquisition/ Data Independent Acquisition 

Even though MALDI MSI is highly sensitive and allows researchers to map the spatial 

distribution of a large number of analytes simultaneously, several challenges still remain. One 

major limitation of this technique is the lack of direct protein identification and therefore an 

additional step is required to overcome this issue [122]. Three strategies based on mass 

spectrometry methods allow protein identification: top-down and bottom-up experiments 

directly on the tissue sections (in situ) by MALDI-MS/MS, and indirect identification using 

tissue lysate by liquid chromatography-tandem mass spectrometry (LC-MS/MS). Bottom-up 

experiments on tissue sections consist of the tryptic digestion of the proteins followed by 

MALDI MSI with MS/MS analysis. While top-down is used to identify the intact proteins 

using a mass spectrometer, without performing any enzymatic digestion. However, the protein 

identifications directly from tissues using MS/MS experiments for peptides or proteins is 

hampered by the low sensitivity caused by ion-suppression effects due to the complex 

molecular composition of tissues [122]. Secondly, each protein analysed by MALDI MSI 

results in a singly charged state ion, and ion activation by MALDI fails to produce 

fragmentation and identification [123]. To overcome this limitation, the protein identification 

can be completed by matching MALDI MSI data with data generated from LC-MS/MS.  

For proteomics, two main LC-MS/MS methods have been developed: data dependent 

acquisition (DDA) and data independent acquisition (DIA). They have in common that the 

proteins are digested into peptides by an enzyme and are then separated using high-

performance liquid chromatography (HPLC). They differ in the mass spectrometric method 

used. The events occurring in both DDA and DIA: (a) ionization: peptides elute into the mass 

spectrometer from the HPLC and are ionized; (b) MS1 scan: the abundance and mass-to-charge 

ratios (m/z) of all ions eluting at a given time are measured; and (c) MS2 scan: some or all 

detected ions are fragmented, and the abundances and m/z’s of the fragments are measured and 

recorded [124]. The methods vary in how ions are selected and measured in the MS2 scan. 

For the last 15 years, the most widely accepted method for biomarker discovery is shotgun 

proteomics, where the instrument is operated in data dependent acquisition (DDA) mode. In 

DDA, a subset of the most abundant ions reaching the mass spectrometer detector during an 

MS1 scan are individually isolated and fragmented in sequential MS2 scans, and each MS2 

scan can be analysed with a database search algorithm [125, 126]. DDA typically yields 

thousands of protein identifications. Although extremely powerful, DDA suffers from several 

93 
 



fundamental limitations. If in a single MS1 scan, too many peptide species co-elute and appear, 

then DDA stochastically samples only the most abundant peptides and misses the rest [127]. 

Thus, it remains a challenge to reproducibly quantify especially low-abundance peptides. To 

overcome this issue, recent improvements in mass spectrometer design and bioinformatics 

algorithms have resulted in the rediscovery and development of another sampling method 

called data independent acquisition (DIA) [128]. 

In DIA MS2 scan mode, the instrument fragments all of the precursors generated from a sample 

that are within a predetermined mass-to-charge ratio (m/z) and retention-time range. Usually, 

the instrument cycles through the precursor ion m/z range in segments of specified width, at 

each cycle producing a highly multiplexed fragment-ion spectrum. However, because of the 

increased complexity of these MS/MS spectra, the link between the fragment ions and the 

precursors from which they originate is lost, complicating the proper interpretation of DIA 

data. One approach to solve this issue is to compare the DIA spectra to sets of annotated and 

refined peptide-MS2 spectrum matches from DDA experiments called spectral libraries that 

show accurate, empirically determined fragmentation patterns for each peptide in the library 

[129]. This can be performed using a free, open-source Skyline software tool [130], which can 

be downloaded at http://skyline.maccosslab.org/. Here, the spectral library was constructed 

using a DDA experiment from 12 EC patient tissue sections (n=6 with LNM and n=6 without 

LNM). Using this spectral library, DIA was used for label free quantification in a targeted and 

partially untargeted fashion. 
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3.1.3 Immunohistochemistry 

The principle of immunohistochemistry (IHC) has existed since the 1930s, but it was not until 

1941 that the first IHC study was reported [131]. From then, IHC has become a crucial 

technique that serves as a diagnostic and prognostic method for identification of disease 

markers in tissue samples [132]. Staining of various marker proteins located either in the cell 

nuclei, cytoplasm or membrane are often considered as pathological determinants for 

classifying and grading diseases. For identifying the presence and the extent of expression of 

such proteins, qualitative assessments using IHC is commonly performed. 

The basic principle of IHC is studying the abundance of a protein of interest based on the 

differential staining intensity of the biopsy tissue samples with antibodies specific to the protein 

of interest. In the IHC method, visualization of the antibody-antigen reaction is accomplished 

by the use of a secondary antibody conjugated to an enzyme, such as peroxidase. The processed 

sample slides are generally observed under a light microscope by a trained pathologist to assign 

a score based on the visual parameters set. One major issue in determining the standard by this 

approach is the amount of variability due to visual perception on a haematoxylin counter-

stained tissue section. To overcome this, we have used an open source plugin named IHC 

Profiler [132], which is compatible with ImageJ software to quantify staining of IHC images. 

IHC Profiler, an automated quantitation tool requires minimal supervision for analysis of both 

cytoplasmic and nuclear protein markers. IHC Profiler provides automated scoring along with 

a detailed histogram profile of the image on the basis of the overall DAB (3, 3’-

diaminobenzidine) stain intensity obtained through colour deconvolution. Similar to the 

standard clinical grading procedure, the histogram profile obtained by the IHC Profiler is 

divided into 4 intensities: high positive, positive, low positive and negative. These four 

intensities were equally divided on the pixel colour intensity bar. Further statistical analysis 

can be performed using Graph Pad Prism 6 software (Graph Pad Software, La Jolla California 

USA). 
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3.2 Tissue Microarray Design and Construction 

In order to detect robust cancer biomarkers, a high number of patient samples has to be 

investigated. The large collection of archived formalin fixed paraffin embedded (FFPE) tissue 

samples provides an excellent source for these studies. However, collecting individual tissue 

samples for each patient in a cohort and analysing them one at a time is not only slow and time 

consuming, but increases the likelihood of introducing discrepancies from tissue to tissue 

because of the technical variability. To address this issue, tissue micro arrays (TMAs) have 

been constructed in-house. Furthermore, the MALDI MSI measurement of a whole single 

tissue section, shown in Figure 3 of the published review article took 12 hours to finish and 

generated ~8900 spectra from the tumour region and the surrounding tissue at 100 µM 

resolution, from which only a limited number of spectra are selected from the tumour region 

for processing; meaning much of the acquired data is not utilized. The MALDI MSI analysis 

of TMAs, shown in Figure 1 of the published Chapter 4 took 16 hours to finish and ~34,000 

spectra were generated from 29 patient samples at 60 µM resolution, analysed in duplicate and 

thereby significantly improving throughput. Using MALDI MSI, Steurer et al. performed the 

largest investigation of peptide patterns on TMAs on bladder cancer (n = 697) [133], renal cell 

cancer (n = 789) [134], and prostate cancer (n = 1044) [135]. This high throughput MALDI 

MSI analysis on TMAs was also used to detect peptide patterns in several cancers including 

pancreatic and breast cancer [136], gastric [137], non-small-cell lung cancer [138], ovarian 

[139], and oesophageal cancer [140]. 

The tissue microarray array (TMA) of Kononen et al. [141] is an extension of an idea originally 

developed by Battifora [142] and consists of an array of cylindrical cores of paraffin-embedded 

tissue that are removed from donor paraffin blocks (obtained from surgical pathology, autopsy, 

or research material) and transferred into a recipient paraffin block. For the TMA assembly in 

the present study, 1.5 mm tissue cores were excised from regions of primary tumour and 

arranged vertically in an empty paraffin block using a tissue arrayer (3DHistech TMA Master, 

SciTech, Victoria, Australia). Two tissue cores from tumour-dense areas were taken from each 

patient. The layouts of both TMAs were randomized to avoid any unforeseen bias that could 

be introduced by core location within the TMAs. Initially 57 tumour samples were used in the 

construction of the TMAs, however following careful review of the patient cohort, 14 mixed 

carcinomas were excluded from the study, resulting in a final cohort of 43 patients with only 

type I endometrioid adenocarcinomas (n=16 with LNM and n=27 without LNM). Tissue 
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sections 6 µm thick were cut from both TMA’s and mounted onto indium tin oxide (ITO) 

(Bruker Daltonics, Bremen, Germany) conductive glass slides for MALDI MSI analysis. 

Sections were also placed on plain glass slides and polyethylene naphthalate (PEN) membrane 

slides, and H&E stained for pathology annotation, IHC and laser capture microdissection 

(LMD) respectively. Upon construction of the TMA, each tissue core was annotated again by 

a pathologist. The tumour cores with LNM are circled in red, without LNM are circled in green, 

control in yellow and the cores excluded from the study are circled in blue. Annotated H&E 

stained images of TMA1 and TMA2 are shown in Figure 3.  

 

Figure 3: Haematoxylin and eosin stained annotated tumour cores (a) TMA1 (b) TMA2. 

Tumour cores with LNM are circled red; tumours without LNM are circled green, yellow 

circles indicate controls and blue circles indicate cores which have been excluded from the 

analysis. All tumour regions within the tumour cores are annotated in black. 

  

(a) (b)
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4.1 Summary 

In spite of the high and increasing incidence of endometrial cancer, our current models for 

prediction of lymph node metastasis in EC are suboptimal. Therefore, to determine the optimal 

treatment strategy and to reduce morbidity in EC, molecular biomarkers are needed. Such 

markers may immediately serve as diagnostic markers to guide surgeons. In the current study, 

a novel classification model was used to predict the lymph node status in primary tumours of 

EC. 

For this, MALDI MSI was carried out on two TMA (TMA1 and TMA2), containing a total of 

86 primary endometrial carcinoma tissue cores from 43 patients with (n=16) and without 

(n=27) LNM. MALDI MSI data has a high number of dimensions, making it difficult to process 

and interpret. Therefore, a Canonical Correlation Analysis (CCA) based method was applied 

to rank the intensities of the acquired m/z values based on their power to discriminate the 

primary carcinomas with metastatic potential from those without. In doing so, the most 

“important” m/z values were identified and only these were used during classification, thus 

reducing the dimensions of the data. By doing this, a classification accuracy of 38 out of 43 

patients (88.4%) was achieved (statistical analysis of this chapter is a part of Lyron 

Winderbaum’s thesis and partially published as a technical note [143], for details see appendix 

1). 

The top 20 m/z values considered to have the highest level of classification potential as 

determined by the CCA were identified using a combination of in situ MALDI MS/MS and LC 

-MS/MS. The spatial distribution of the discriminative m/z values were visualized in the form 

of ion intensity maps using SCiLS lab software. The intensity maps represent the intensity of 

the particular m/z values within the tissue section and it ranges from blue (lowest) to red 

(highest). The comparisons between the intensities were plotted as receiver operating 

characteristic (ROC) curves. ROC curves compare sensitivity (i.e. the true-positive rate) verses 

specificity (i.e. the false-positive rate) across a range of m/z values by plotting a curve called 

an AUC (area under the ROC curve). The AUC assumes values between 0 and 1 and expresses 

the discrimination power of the m/z signal. A perfect discrimination would yield an AUC value 

equal to 1 (abundant in group 1) or 0 (abundant in group 2) [144]. The AUC closer to 0.5 

indicates that there is no discrimination between two sample groups. 

The ion intensity maps displaying the spatial localization and relative intensity for m/z 967.42 

(peptide belongs to protein plectin) and 976.42 (peptide belongs to protein α-Actin-2) across 
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the TMA1 are provided in Section 4.3, Figure 1 and 2. Although m/z 967.42 was included in 

the list of the top 20 list, SCiLS analysis only revealed a slight difference between the ion 

intensity between tumours with and without LNM with AUC of 0.396. However, the SCiLS 

analysis of m/z 976.42 revealed a difference between the ion intensity map between tumours 

with and without LNM with AUC of 0.313. 

In order to verify the MALDI MSI results, DIA LC-MS/MS was carried out on laser capture 

micro dissected (LCM) digested healthy and primary tumour tissue (n=4 with LNM and n=4 

without LNM), which had not been included in the TMA analysis. Prior to the comparison of 

primary tumours with and without LNM, the expression of each peptide in tumour tissue was 

normalised in comparison to the expression of the same peptide in corresponding normal tissue 

for each patient. A trend of decreased abundance in the primary tumours with LNM was 

observed for both plectin and α-Actin-2 (Section 4.3, Figure 3). 

The differential abundance of plectin and α-Actin-2 was further validated across the TMAs by 

immunohistochemistry. As indicated from SCiLS analysis described above, IHC staining of 

plectin does not distinguishes EC patients with and without LNM (Section 4.3, Figure 4). 

However, significant difference in the staining intensity of α-Actin-2 was observed. The 

staining intensity of α-Actin-2 was reduced in primary tumours with LNM compared to those 

without (Section 4.3, Figure 5).  

In summary, we were able to predict the LNM status of EC patients from primary tumour cores 

with an accuracy of 88.4% [143]. Additionally, we were able to identify and validate α-Actin-

2 and plectin as potential discriminators for LNM in EC [145]. Our results show that lymph 

node status can be predicted with a relatively high accuracy in women within the patient cohort 

used.  
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Metastasis is a crucial step of malignant progression and is the primary cause of death from
endometrial cancer. However, clinicians presently face the challenge that conventional surgical-
pathological variables, such as tumour size, depth of myometrial invasion, histological grade,
lymphovascular space invasion or radiological imaging are unable to predict with accuracy if
the primary tumour has metastasized. In the current retrospective study, we have used primary
tumour samples of endometrial cancer patients diagnosed with (n = 16) and without (n = 27)
lymph node metastasis to identify potential discriminators. Using peptide matrix assisted laser
desorption/ionisation mass spectrometry imaging (MALDI-MSI), we have identified m/z values
which can classify 88% of all tumours correctly. The top discriminative m/z values were identi-
fied using a combination of in situ sequencing and LC-MS/MS from digested tumour samples.
Two of the proteins identified, plectin and �-Actin-2, were used for validation studies using LC-
MS/MS data independent analysis (DIA) and immunohistochemistry. In summary, MALDI-
MSI has the potential to identify discriminators of metastasis using primary tumour samples.
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1 Introduction

Endometrial cancer (EC) is the most frequent malignant tu-
mour occurring in the female reproductive system. Based
on the histology and clinical practice EC is divided into

metastasis; LOO, leave one out; MALDI-MSI, matrix assisted laser
desorption/ionisation mass spectrometry imaging
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addressed.
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Significance of the study

Endometrial cancer is the most common gynaecological ma-
lignancy in Australia with 2256 diagnosed cases in 2010 and
381 associated deaths in 2011. The presence or absence of
lymph node metastasis is the most important prognostic
factor in early stage I endometrial cancer. Of the patients
diagnosed with stage I disease, around 10% will have pelvic
lymph node metastases (LNM). Despite the small percentage
of patients who suffer from metastasis the majority undergo
radical treatment including the removal of lymph nodes; a
precautionary measure carried out due to our current inabil-
ity to accurately stage the disease. Lymph node removal is

associated with significant complications including lower ex-
tremity lymphoedema, occurring in up to 38% of patients. A
classification system based around predictive tissue markers
of metastasis is therefore essential to determine the optimal
treatment strategy for endometrial cancer patients and to
reduce disease morbidity. In this study we show that data
acquired from the MALDI imaging of primary endometrial
carcinomas can be used to successfully predict the presence
or absence of LNM with an overall accuracy of 88.4%. The
development of such a classification method shows the di-
agnostic potential of MALDI imaging in determining the
metastatic potential of primary carcinomas.

two subgroups: low-grade endometroid adenocarcinomas
(Type I) and high-grade endometrioid and non-endometroid
(Type II) carcinomas [1]. Type I EC accounts for 65% of all EC
cases. These cancers are usually low grade, associated with
oestrogen excess, obesity and atypical endometrial hyperpla-
sia. Due to presence of early symptoms, the vast majority of
type I carcinomas are diagnosed when the tumour is still con-
fined to the uterus and these are cured by surgery in most
cases resulting in a 5-year survival rate above 70% [2]. How-
ever, patients with recurrent EC have a 5 year survival rate
below 40% despite intervention with chemotherapy and/or
radiotherapy [2].

Currently accepted prognostic [prognostic = survival] fac-
tors for EC include the histological subtype, grade and In-
ternational Federation of Gynecology and Obstetrics (FIGO)
stage of the disease [3]. Deep (>50%) myometrial invasion
and high histological grade are associated with the presence
of lymph node metastasis (LNM) and adverse prognosis in EC
[4]. Based on pathology findings, Milam et al. categorised EC
patients as low risk for LNM if the tumour size was � 2cm,
well or moderately differentiated, and depth of myometrial
invasion was � 50%. Tumours that did not meet all three
criteria were considered at high risk for LNM [5]. A study by
Jacques et al. showed that a large percentage of EC will be mis-
classified before surgery [6]. Although only 15% of EC patients
have or develop metastasis, the majority undergo radical treat-
ment including removal of lymph nodes. This procedure is
associated with significant complications including lower ex-
tremity lymphoedema, deep vein thrombosis and vascular or
nerve injury [7].

Metastasis is a complex process in which tumour cells from
the primary neoplasm acquire the ability to survive detach-
ment, intravascular circulation, and implant and proliferate at
a secondary site [8]. Recent studies in a variety of cancers have
shown that metastatic potential of a primary tumour can be
determined by genomic and proteomic analysis [9–12]. More-
over, in recent years a number of proteomic approaches have
identified primary tumour signatures that accurately predict
the presence of LNM, overall survival or disease recurrence

[13–18]. Therefore, we hypothesised that the metastatic po-
tential of a primary EC could be reflected at the proteome
level and could be determined through the identification of
molecular discriminators using MALDI mass spectrometry
imaging (MALDI-MSI).

MALDI-MSI allows for the in situ characterisation of tis-
sue sections, enabling the relative quantification and spatial
expression profiling of thousands of peptides within and be-
tween tissues [19]. This technique allows a comparison of
tissue histology with corresponding spatially resolved mass
spectrometric information. The identification of differentially
expressed m/z values cannot be achieved from a standard
MALDI-MSI experiment alone [20] and moreover, single m/z
values can match several peptide masses from the corre-
sponding LC-MS/MS data of the tissue extract, even when
using relative high mass accuracy in the MALDI-MSI experi-
ment using internal calibrants. Although, in situ MS/MS data
are often poor and don’t reveal direct identification; combin-
ing the two methods and matching m/z values of the intact
peptides and y and b ions from both fragmentation patterns
provides identification in most cases.

Recently, we have shown the capacity of MALDI-MSI to
discriminate regions of healthy endometrial tissue from tu-
mour [21]. Here we present an analysis of primary EC spec-
imens with (n = 16) and without LNM (n = 27) by MALDI-
MSI. Upon data acquisition, a Canonical Correlation Analysis
(CCA) based method was applied to rank the intensities of the
acquired MALDI m/z values based upon their power to dis-
criminate the primary carcinomas with metastasis from those
without. This ranking was used to reduce the dimension of
the data to the top ranked m/z values prior to classification
by linear discriminant analysis (LDA), and the performance
of this classification was judged by leave one out (LOO) cross
validation (for details see Winderbaum et al. [22]).

The top m/z values were targeted for identification us-
ing the complementary techniques of in situ MALDI MS/MS
and matching to peptide sequences obtained from tradi-
tional nano-flow liquid chromatography electrospray ionisa-
tion tandem mass spectrometry (nanoLC-ESI-MS/MS). The
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differential expression of plectin and �-Actin-2 between the
primary carcinomas with and without LNM was further vali-
dated using label-free quantitative LC-MS/MS and immuno-
histochemistry. In summary we have identified �-Actin-2 as
a potential discriminator of increased risk of LNM in EC.

2 Materials and methods

2.1 Sample collection and tissue specimens

Formalin-fixed paraffin-embedded (FFPE) tissue samples
were retrieved from the archives of the Institute of Medi-
cal and Veterinary Science, Adelaide, South Australia, Royal
Prince Alfred Hospital, Sydney, New South Wales, John
Hunter Hospital, Newcastle, New South Wales and King Ed-
ward Memorial Hospital, Perth, Western Australia. The study
was approved by the ethics committees of the different insti-
tutions. The histo-morphological and clinical information for
the patients is provided in Supporting Information Table 1.

2.2 Tissue microarray construction

TMAs were constructed as previously described [23]. Primary
tumour sections were annotated by a pathologist and two
cores representing tumour centre were used to construct two
TMA’s. However, after TMA construction, all medical records
were carefully reviewed by a clinician again and samples with
mixed carcinoma were excluded from the study. This led to
overall exclusion of 14 samples from 57 patient samples and
the final cohort was comprised of a total of 43 patients (n =
16 with LNM and n = 27 without LNM), which were assem-
bled in two TMAs (named TMA1 and TMA2). Serial 6�m
sections were mounted onto indium titanium oxide (ITO)
conductive glass slides for MALDI-MSI analysis (Bruker Dal-
tonics, Bremen, Germany). Sections were also placed on plain
glass slides and Polyethylene Naphthalate (PEN) membrane
slides (MicroDissect, Herborn, Germany), and haematoxylin
and eosin (H&E) stained for pathology annotation and laser
microdissection (LMD), respectively.

2.3 Sample preparation for FFPE MALDI-MSI

MALDI-MSI was carried out as previously described [24] in
duplicate on consecutively cut TMA sections. Briefly, the
tissues were deparaffinised, subjected to heat induced cit-
ric acid antigen retrieval (HIAR) (10 mM citric acid, pH =
6), followed by digestion with trypsin gold (Promega, Madi-
son, WI) at 37�C for 2 h. Internal calibrants and �-cyano-4-
hydroxycinnamic acid (CHCA) matrix were overlayed using
an ImagePrep station [25].

2.4 TMA analysis by MALDI-MSI

MALDI imaging of the TMAs was carried out using an ultra-
fleXtreme MALDI-TOF/TOF MS (Bruker Daltonics, Bremen,
Germany) with flexControl v3.0.1 and flexImaging v4.0.1 soft-

ware (Bruker Daltonics) in positive reflectron mode over a de-
tection range of m/z 800–4000 Da. MS spectra was acquired in
a raster based grid with a centre to centre resolution of 60 �m.
Technical replicates of each TMA were measured. After data
acquisition, the matrix was removed with 70% ethanol, the
TMA cores were H&E stained, and digitally scanned using a
Nanozoomer (Hamamatsu Photonics, Shimadzu, Japan) and
images were obtained using imaging software (NDP scan
software v2.2, Hamamatsu Photonics). To align the MS data
with the tissue histology, the H&E scanned cores were co-
registered with the MALDI-MSI results and annotated using
the flexImaging software. Tissue regions containing only ar-
eas of primary tumour were selected and the spectra lists for
these regions were exported as .XML files.

2.5 MALDI-MSI canonical correlation analysis (CCA)

A detailed description of the CCA method can be found in
Winderbaum et al. [22]. Briefly, arbitrarily located bins with a
width of 0.25 Da were used to discretise m/z domains in or-
der to group peaks. The intensity values of the peaks in each
of these defined peak groups (m/z bin) were log-transformed
and averaged across the annotated tumour areas for each
patient. These averages were assembled into a data matrix
with columns representing each analysed patient and rows
corresponding to the m/z bins. The rows of this matrix were
then ranked using the developed CCA based method for their
ability to distinguish between primary carcinomas with and
without LNM. A dimension reduced submatrix consisting of
the top ranked rows was then analysed using linear discrimi-
nant analysis (LDA) in order to predict the LNM status of the
43 patients. All analyses were replicated in parallel using two
alternate (shifted) bin locations, resulting in three analyses in
total. A majority rule was used to combine the data.

2.6 Data analysis using SCiLS lab

For data dependent visualisation of tissue morphological re-
gions, raw data was uploaded into the SCiLS lab software
(v2015a, GmbH, Bremen, Germany). Here the data was pre-
processed including top hat baseline removal and total ion
count (TIC) normalisation, and peak alignment and picking
was performed [26]. The spatial expression profiles of the m/z
values found to have discriminative power in the CCA were
visualised in the form of ion intensity maps, and receiver
operating characteristic (ROC) curves of these m/z values
comparing the intensities of the tumours with and without
LNM was generated.

2.7 Identification of m/z values by in-situ MALDI

MS/MS and nanoLC-ESI-MS/MS

In order to gain peptide identifications for the m/z values of
interest, in situ MS/MS was performed directly from the tis-
sue used in the MALDI-MSI analysis and searched using
Mascot (Version 2.3.02) as previously described [24]. For
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matching back to peptide sequences obtained by data de-
pendent acquisition, nanoLC-ESI-MS/MS, primary tumour
regions of interest were collected from the TMA cores us-
ing LMD, subjected to HIAR, and digested with trypsin [23].
NanoLC-ESI-MS/MS was performed using an Ultimate 3000
RSLC system (Thermo-Fisher Scientific) coupled to an Im-
pact IITM QTOF mass spectrometer (Bruker Daltonics) via
an Advance CaptiveSpray source (Bruker Daltonics). Peptide
samples were pre-concentrated onto a C18 trapping column
(Acclaim PepMap100 C18 75 �m × 20 mm, Thermo-Fisher
Scientific) at a flow rate of 5 �L/min in 2% ACN 0.1% TFA
for 10 min. Peptide separation was performed using a 75 �m
ID C18 column (Acclaim PepMap100 C18 75 �m × 50 cm,
Thermo-Fisher Scientific) at a flow rate of 0.2 �L/min using
a linear gradient from 5 to 45% B (A: 5% ACN 0.1% FA,
B: 80% ACN 0.1% FA) over 130 min, followed by a 20 min
wash with 90% B, and a 20 min equilibration with 5% A. MS
scans were acquired in the mass range of 300 to 2200 m/z
in a data-dependent fashion using Bruker’s Shotgun Instant
ExpertiseTM method. Singly charged precursor ions were ex-
cluded from acquisition. Collision energy ranged from 23 to
65% as determined by the m/z of the precursor ion.

Acquired spectra were subjected to peak detection, de-
convolution, and re-calibration according to a lock mass us-
ing Compass DataAnalysis for OTOF (Version 1.7, Bruker
Daltonics). Processed spectra were then exported to Mascot
generic format and submitted to Mascot (Version 2.3.02) for
identification. Search parameters were as follows; SwissProt
Homo sapiens database search, trypsin digestion with up to
two missed cleavages, variable modification of oxidation of
methionine, MS mass tolerance of 40 ppm and a MS/MS
mass tolerance of 0.2 Da. In Mascot an ion score cut off of
20 with a peptide significance threshold of �0.05 was used,
which corresponds to a false discovery rate (peptide level) of
<2%. Matching between the MALDI-MSI and nanoLC-ESI-
MS/MS was done by comparing the experimental m/z values
of the nanoLC-ESI-MS/MS sequenced peptides to the m/z
values from the compiled peak bins.

2.8 Quantification of peptides by data independent

acquisition (DIA) nano LC-ESI-MS/MS results

DIA nano LC-ESI-MS/MS was performed on LMD normal
and cancer tissues from four patients with, and four patients
without LNM. Nano LC was performed as described above us-
ing an Ultimate 3000 RSLC system coupled to an Impact IITM

QTOF mass spectrometer. The Impact IITM QTOF acquired
data using Bruker’s Middle Band CIDTM method where a
mass range of m/z 375 to 1206 is scanned in 26 Da incre-
ments with increasing collision energies of 20 to 36. Data were
analysed in the Skyline software against a spectral library gen-
erated from the previous nano LC-ESI-MS/MS experiments
[27]. The peptide and transition settings during analysis were
as follows; trypsin was specified as the cleavage enzyme with
a maximum of one missed cleavage, precursor charge states
2 and 3, ion charges 1 and 2, ion types y and b from ion 3 to 6,

ion match tolerance 0.1 m/z, a MS/MS filtering DIA isolation
scheme from m/z 400–1206 (26 Da windows), a resolution
10 000, and only scans within 5 min retention time window
of spectral library MS/MS identification used. Summed area
intensities for the analysed peptides were calculated from y
and b ions 3 to 6 (starting from ion 3). For each peptide
analysed, the relative intensity in the tumour tissue was nor-
malised to the relative intensity of the normal tissue from
each patient.

2.9 Immunohistochemistry (IHC)

For the analysis of plectin and �-Actin-2 by IHC, 6 �m
TMA sections were analysed as previously described [28].
Briefly, the tissue sections were dewaxed, rehydrated with
xylene and ethanol and subjected to microwave antigen re-
trieval for 10 min at 100�C (Sixth Sense, Whirlpool, VIC,
Australia) in 10 mM citric acid buffer pH = 6. TMA sec-
tions were incubated overnight at 4�C with either �-Actin-
2 (1/500, rabbit polyclonal, ProteinTech, Chicago, USA) or
plectin (1/250, rabbit monoclonal, Abcam, MA, USA) in
blocking buffer (5% goat serum), followed by incubation with
biotinylated anti-rabbit immunoglobulin (1/400, Dako, NSW,
Australia) and streptavidin-HRP (1/500, Dako). Immunore-
activity was detected using diaminobenzidine (DAB)/H2O2

(Sigma Aldrich) substrate and counterstaining with haema-
toxylin (Sigma Aldrich). TMA slides were digitally scanned us-
ing a Nanozoomer and images were obtained using NDP view
imaging software. Analysis was carried out in IHC Profiler-
Image J [29]. For each tissue core, three representative photo-
micrographic images at 40x magnification were analysed.

3 Results and discussion

3.1 MALDI-MSI

MALDI-MSI was carried out on two TMA (TMA1 and TMA2),
two replicates per patient were used resulting in a total of 86
primary endometrial carcinoma tissue cores from 43 patients
with (n = 16) and without (n = 27) LNM. Peak groups were
generated from the MALDI-MSI data and then ranked using a
CCA based method for their ability to distinguish between the
primary carcinomas with and without LNM. A list of the top
m/z bins (peak groups) with the capacity to differentiate the
primary cancer types is shown in Supporting Information
Table 2. Reducing the data to these m/z values, and using
LDA to discriminate between primary carcinomas with and
without LNM, a classification accuracy of 38 out of 43 patients
(88.4%) was achieved by LOO cross validation (for details see
Winderbaum et al. [22]).

3.2 Identification of discriminative m/z values

The top discriminating m/z bins of 0.25 Da were centred
at: 802.42, 857.42, 915.42, 941.42, 944.42, 967.42, 975.42,
976.42, 1027.67, 1032.67, 1115.42, 1138.67, 1157.67, 1161.67,
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Figure 1. Representative MALDI-MSI im-
ages for m/z 967.42 ± 0.125 Da. (A)
Overview of one TMA slide, MALDI-MSI
image of (intensity range from blue (low-
est) to red (highest)). The samples belong-
ing to different groups are indicated by
different coloured circles: control (yellow),
with LNM (red), without LNM (green) and
mixed carcinoma/not included in the study
(blue). The tumour regions (red) within
the samples have been annotated by a
pathologist. (B) Magnification of two can-
cer tissue spots with LNM showing H&E
stain and the ion intensity images of m/z
967.42. (C) Magnification of two cancer
tissue spots without LNM showing H&E
stain and the ion intensity images of m/z
967.42. (D) MALDI-MSI spectra display-
ing the mean spectrum from regions with
LNM (red) and without LNM (green). (E)
ROC curve with AUC of 0.396.

1167.67, 1198.67, 1242.67, 1406.67and 1612.92 (in order of
size). Potential peptide identifications for the top m/z bins,
as ranked by the CCA, were compiled by matching back to
sequences obtained by data dependent acquisition nanoLC-
ESI-MS/MS (Supporting Information Table 2). Of the 20 m/z
bins, 3 had no matches back to the tandem MS data, with the
remaining 17 having 2 or more sequence matches. In order
to confirm peptide identifications, the m/z values were tar-
geted for in situ MS/MS directly off the tissue, from which
2 peptides could be verified; m/z 1198.67 AVFPSIVGRPR
(�-Actin-2), and m/z 976.42 AGFAGDDAPR (�-Actin-2).

�-Actin-2 was targeted for further analysis given 3 of the
top m/z bins matched to �-Actin-2 peptides. Moreover, the
m/z value of 1501.42 was proteotypic for �-Actin-2 (data
not shown). The m/z 967.42 matching to plectin was se-
lected given only two possible nano LC-ESI-MS/MS sequence
matches were obtained for this m/z value, and of these two
matches the relative abundance of the plectin related peptide
was significantly greater in the nano LC-ESI-MS/MS data
than the alternative candidate and matched the high abun-
dance in the MALDI-MSI data (data not shown).

Figures 1 and 2 show the ion intensity images for m/z
967.42 and 976.42 across the TMA. Tumour cores with LNM
are circled red; tumours without LNM are circled green, yel-
low circles indicate controls and blue circles indicate cores

which have been excluded from the analysis. All tumour re-
gions within the tumour cores are annotated in the corre-
sponding colour. Magnification of two replicate cores from
one representative patient with LNM (Figs. 1B, 2B) and with-
out LNM (Figs. 1C, 2C) reveals the expression of the m/z value
within the tissue cores (H&E stain top panel, ion intensity im-
ages bottom panel). Although m/z 967.42 was included in the
list of the top 20 list, SCiLS analysis only revealed a slight dif-
ference between the ion intensity between tumours with and
without LNM (Fig. 1). However, the SCiLS analysis of m/z
976.42 revealed a difference between the ion intensity map
between tumours with and without LNM (Fig. 2).

3.3 Validation by DIA

The MALDI-MSI results for the �-Actin-2 and plectin pep-
tides were verified by DIA nano LC-ESI-MS/MS. Analysis
was carried out on LMD on normal and primary tumour
tissue from 4 patients with LNM and 4 without LNM, who
had not been included in the TMA analysis. DIA allows the
differential quantification of the isobaric peaks by matching
the retention time, as the unique fragment ions of the two
species generate two different MS/MS chromatograms [30].
Therefore, retention time was used when matching back the
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Figure 2. Representative MALDI-MSI im-
ages for m/z 976.42 ± 0.125 Da. (A)
Overview of one TMA slide, MALDI-MSI
image of (intensity range from blue (low-
est) to red (highest)). The samples belong-
ing to different groups are indicated by
different coloured circles: control (yellow),
with LNM (red), without LNM (green) and
mixed carcinoma/not included in the study
(blue). The tumour regions (red) within
the samples have been annotated by a
pathologist. (B) Magnification of two can-
cer tissue spots with LNM showing H&E
stain and the ion intensity images of m/z
976.42. (C) Magnification of two cancer
tissue spots without LNM showing H&E
stain and the ion intensity images m/z
976.42. (D) MALDI-MSI spectra display-
ing the mean spectrum from regions with
LNM (red) and without LNM (green). (E)
ROC curve with AUC of 0.313.

data to the spectral library for DIA. The area intensities of
the peptides matching back to the �-Actin-2 and plectin were
summed for both tumour and normal tissues. The summed
area intensity of the tumour was then normalised to that
of the paired normal tissues. The normalised tumours were
then compared with and without LNM using an unpaired
T-Test in GrahPad Prism. A trend of increased expression

in the primary tumours without LNM was observed for both
plectin and �-Actin-2 peptides (Fig. 3).

3.4 Validation by immunohistochemistry

The spatial expression profile of plectin was verified across
the patient cohort by immunohistochemistry (Fig. 4A).

Figure 3. DIA analysis of tumour sections with (n = 4) and without (n = 4) LNM. (A) The relative abundance of plectin was analysed in
comparison to normal tissue set to 1.0. (B) The relative abundance of �-Actin-2 was analysed in comparison to normal tissue set to 1.0.
The error bar indicates the standard deviation.

C© 2016 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.proteomics-journal.com
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Figure 4. Immunohistochemical staining
of plectin (A) 6 �m serial section of TMA 1
was used for immunohistochemistry (IHC).
The different tissue types are encircled
control (yellow), with LNM (red), without
LNM (green) and mixed carcinoma/not in-
cluded in the study (blue). (B) Quantitative
analysis was performed using IHC profiler-
Image J. For each tissue section, three rep-
resentative photo-micrographic images at
40x magnification were used and each im-
age was assigned a score of high posi-
tive, positive, low positive and negative
staining. Shown is the average staining in-
tensity distribution of all analysed images
Representative image of plectin immunos-
taining of normal tissue (C) tumour with
LNM (D) without LNM (E).

Quantitative analysis of immunostaining was performed us-
ing IHC Profiler-Image J [29] and as expected this indicated no
difference between tumours with and without LNM; shown
is the average staining intensity across all tumour cores
(Fig. 4B). Plectin scarcely stained normal tissue including
stroma (Fig. 4C); the staining of tumours cells was strong
(Figs. 4D–E). In summary plectin IHC can highlight tumour
cells, but staining intensity does not distinguish cases with
and without LNM.

This is in contrast to data presented in the human
proteome atlas (Version 14, updated 2015-10-16), where a
medium intensity stain of plectin was detected in healthy en-
dometrium and absent or low staining was usually detected
in EC with one of three antibodies. However, the other anti-
bodies showed different staining patterns, making a precise
interpretation of the data difficult.

It is known that tumour cell motility is required for inva-
sion and metastasis [31,32]. Plectin, has been found to be im-
portant in cytoskeletal network organisation [33]. A number
of studies have shown that increased levels of plectin correlate
with migration and invasion [33–36]. However, our data show
an increase in plectin staining in EC tumour cells unrelated
of their metastatic potential. Furthermore, we have identified
a number of peptides from the protein plectin which showed
potential to discriminate between tumours with and without
LNM. One representative m/z 967.4 (amino acid 1045–1052)
is shown in Fig. 1 and has been confirmed by DIA (Fig. 3).
However, the immunohistochemistry analysis failed to iden-
tify a difference in staining intensity of tumours with LNM
when compared to tumours without LNM. A recent study
has identified S1047 in plectin as a potential phosphorylation

site offering one possible explanation of the discrepancy of
results [37].

The spatial expression profile and differential expression of
�-Actin-2 was verified across the patient cohort by immuno-
histochemistry (Fig. 5A). Quantitative analysis of staining was
performed using IHC Profiler-ImageJ and a significant dif-
ference in the negative staining (1.8 fold, p<0.05) between
tumours without and with LNM was observed; shown is the
average staining intensity across all tumour cores (Fig. 5B).
�-Actin-2 stained normal tissue (Fig. 5C),while the staining of
tumours with LNM was reduced (Fig. 5D) when compared to
tumour without LNM (Fig. 5E). In summary �-Actin-2 IHC
staining intensity has the potential to distinguish between
tumours with and without LNM.

This is in agreement with the data presented in the human
proteome atlas (Version 14, updated 2015-10-16), where a
medium intensity stain of �-Actin-2 was detected in healthy
endometrium and absent or low staining was detected in EC
with four different antibodies.

Cytoskeletal proteins facilitate the biological modes of cells:
migration, cell division, differentiation and cell death. It is
therefore not surprising that these proteins are frequently
identified in comparative proteomic studies. �-Actin-2, the
human aortic smooth muscle actin gene, is one of six differ-
ent actin isoforms which have been identified and has been
described to facilitate migration of cells. A number of stud-
ies have shown that increased expression of �-Actin-2 leads
prevents cellular motility [38, 39]. Accordingly, decreased ex-
pression of �-Actin-2 has been shown to contribute to the
metastatic potential of basal cell carcinoma [40]. Our data in-
dicate a down-regulation of �-Actin-2 in tumours with LNM

C© 2016 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.proteomics-journal.com
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Figure 5. Immunohistochemical staining
of �-Actin-2 (A) 6 �m serial section of
TMA 1 was used for immunohistochem-
istry (IHC). The different tissue types are
encircled control (yellow), with LNM (red),
without LNM (green) and mixed carci-
noma/not included in the study (blue).
(B) Quantitative analysis was performed
using IHC profiler-Image J. For each tis-
sue section, three representative photo-
micrographic images at 40x magnification
were used and each image was assigned
a score of high positive, positive, low pos-
itive and negative staining. Shown is the
average staining intensity distribution of
all analysed images. Representative image
of �-Actin-2 immunostaining of normal tis-
sue (C), tumour with LNM (D) and without
LNM (E).

and therefore �-Actin-2 may have potential as a biomarker
for EC metastasis.

4 Concluding remarks

In summary, MALDI-MSI has the potential to identify the
markers of tumour metastasis by providing spatial intensity
of proteins/peptides that might be associated with different
tissue types and facilitate developing disease. Using MALDI-
MSI data, we found a number of m/z values that could pre-
dict the status of LNM with an overall accuracy of 88.4%.
Additionally, the m/z values were identified as �-Actin-2 and
plectin via in situ MS/MS (Supporting Information Fig. 1)
and label free quantification (Supporting Information Table
2). Furthermore, DIA (Supporting Information Figs. 2–6) and
immunohistochemistry was used for relative quantification
and validation. The role of �-Actin-2 and plectin in metastasis
has already been described previously and could be useful as
potential biomarkers for distinguishing EC with and without
LNM.
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4.4 Supplementary File 

 

Supplementary Figure 1 

A

B

m/z 1198.66 Da 

m/z 976.4 Da 

Supplementary Figure 1: Tryptic peptide identified by in situ MS/MS as α-Actin-2, Aortic smooth muscle

(ACTA_Human). 6µm FFPE EC TMA was analysed by tryptic peptide MALDI-MSI followed by in situ MS/MS

on an ultrafleXtreme MALDI-TOF/TOF instrument. Selected m/z values from Supplementary Table 2 were

fragmented in situ to generate a list of daughter ions to identify the peptide sequence (A) m/z 1198.66 Da

AVFPSIVGRPR (B) m/z 976.4 Da AGFAGDDAPR
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Supplementary Figure 2: DIA analysis confirmed proteins associated with LNM. The relative abundance of plectin

peptide ALQALEELR was analysed by DIA of with (n=4) and without (n=4) LNM tumour sections in comparison to

their paired normal tissue.(A) Peak area intensity (B) Peptide transition (C) SpectralLibrary
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Supplementary Figure 3 
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Supplementary Figure 3: DIA analysis confirmed proteins associated with LNM. The relative abundance of plectin

peptide SWSLATFR was analysed by DIA of with (n=4) and without (n=4) LNM tumour sections in comparison to

their paired normal tissue.(A) Peak area intensity (B) Peptide transition (C) SpectralLibrary
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α-Actin-2 - AVFPSIVGRPR aa 31-41

Supplementary Figure 4 

A

B C

Supplementary Figure 4: DIA analysis confirmed proteins associated with LNM. The relative abundance of α-Actin-

2 peptide AVFPSIVGRPR was analysed by DIA of with (n=4) and without (n=4) LNM tumour sections in

comparison to their paired normal tissue.(A) Peak area intensity (B) Peptide transition (C) SpectralLibrary
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α-Actin-2 – AVFPSIVGRPR - aa 31-41 

Supplementary Figure 5 

A

B C

Supplementary Figure 5: DIA analysis confirmed proteins associated with LNM. The relative abundance of α-Actin-

2 peptide AVFPSIVGRPR was analysed by DIA of with (n=4) and without (n=4) LNM tumour sections in

comparison to their paired normal tissue.(A) Peak area intensity (B) Peptide transition (C) SpectralLibrary
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α-Actin-2 - AGFAGDDAPR- aa 21-30 
Supplementary Figure 6 

A
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Supplementary Figure 6: DIA analysis confirmed proteins associated with LNM. The relative abundance of α-Actin-

2 peptide AGFAGDDAPR was analysed by DIA of with (n=4) and without (n=4) LNM tumour sections in

comparison to their paired normal tissue.(A) Peak area intensity (B) Peptide transition (C) SpectralLibrary
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Supplementary Table 1: Clinicopathological characteristics of endometrial cancer patient 
samples used in the study 
 

Histology No. of patients 

Histological stage (FIGO 2009) 

Stage I 27 

Stage II 0 

Stage III 16 

Histological grade 

G1 20 

G2 14 

G3 9 

Distance to Serosa 

≤ 5mm 16 

> 5mm 26 

Information not available 1 

Myometrium invasion (MI) 

MI ≤ 5mm 16 

MI > 5mm 25 

Information not available 2 

Lymph Vascular Space Invasion (LVSI) 

Present 21 

Absent 22 

Lymph node metastasis 

Present 16 

Absent 27 
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Supplementary Table 2: All possible nano-LC-ESI-MS/MS peptide matches to the top m/z 

peak groups as ranked by the CCA 

 

Ranked 
m/z 

values by 
CCA 1 

Protein Accession 
Name 

Peptide 
experimental 

m/z 

Peptide 
experimental 

charge 

Peptide 
experimental 

MR 

Peptide 
calculated 

MR 

Peptide 
score, 

Mascot 

Peptide 
expected 

score,  
Mascot 

Peptide sequence 

967.417 PLEC_HUMAN 484.256 2 966.4974 966.4923 29.76 0.05 SWSLATFR 
  NXN_HUMAN 484.3001 2 966.5856 966.5862 33.38 0.0067 EVIAGPLLR 

1157.667 RS3_HUMAN 579.309 2 1156.6034 1156.5951 51.77 0.00014 IMLPWDPTGK 
 SPTN1_HUMAN 386.5497 3 1156.6272 1156.6029 33 0.011 LAQFVEHWK 
 CPNE1_HUMAN 579.2889 2 1156.5632 1156.5553 30.4 0.014 SDPFLEFFR 
  PABP1_HUMAN 579.3409 2 1156.6673 1156.6604 29.37 0.017 FSPAGPILSIR 

1198.667 ACTB_HUMAN 599.8602 2 1197.7058 1197.6982 77.62 1.70E-07 AVFPSIVGRPR 
 ACTC_HUMAN 599.8602 2 1197.7058 1197.6982 77.62 1.70E-07 AVFPSIVGRPR 
 ACTA_HUMAN 599.8602 2 1197.7058 1197.6982 77.62 1.70E-07 AVFPSIVGRPR 
 RO60_HUMAN 599.8472 2 1197.6799 1197.6717 75.09 4.60E-07 LGLENAEALIR 
  H14_HUMAN 599.8398 2 1197.665 1197.6605 62.3 9.50E-06 ASGPPVSELITK 

802.417 no match no match no match no match no match no match no match no match 
975.417 EF1A1_HUMAN 488.2835 2 974.5524 974.5437 47.72 0.00028 LPLQDVYK 

 ERF3A_HUMAN 488.2838 2 974.5531 974.58 46.91 0.00034 LPIVDKYK 
 ATPB_HUMAN 488.2882 2 974.5618 974.5549 36.87 0.0029 IGLFGGAGVGK 
  RL11_HUMAN 488.283 2 974.5515 974.5437 26.46 0.038 YDGIILPGK 

1242.667 HS90B_HUMAN 621.8602 2 1241.7059 1241.6979 81.32 1.20E-07 ADLINNLGTIAK 
 HS90A_HUMAN 621.8602 2 1241.7059 1241.6979 81.32 1.20E-07 ADLINNLGTIAK 
 H90B2_HUMAN 621.8602 2 1241.7059 1241.6979 81.32 1.20E-07 ADLINNLGTIAK 
 RL22_HUMAN 621.846 2 1241.6774 1241.6728 73.35 9.70E-07 AGNLGGGVVTIER 
 GRP75_HUMAN 621.8458 2 1241.677 1241.6728 65.65 5.70E-06 DAGQISGLNVLR 
 K2C7_HUMAN 621.8281 2 1241.6416 1241.6364 57.4 3.90E-05 GQLEALQVDGGR 
 TERA_HUMAN 621.8246 2 1241.6346 1241.6252 51.76 0.00013 EVDIGIPDATGR 
 2AAA_HUMAN 621.8785 2 1241.7424 1241.7343 50.48 6.40E-05 LSTIALALGVER 
 SRP14_HUMAN 621.8211 2 1241.6277 1241.6227 50.45 0.00018 FQMAYSNLLR 
  TLN1_HUMAN 414.8787 3 1241.6142 1241.604 28.44 0.027 FLPSELRDEH 

1161.667 ACTB_HUMAN 581.3166 2 1160.6187 1160.6111 70.28 2.40E-06 EITALAPSTMK 
 ACTC_HUMAN 581.3166 2 1160.6187 1160.6111 70.28 2.40E-06 EITALAPSTMK 
 ACTA_HUMAN 581.3166 2 1160.6187 1160.6111 70.28 2.40E-06 EITALAPSTMK 
 CUL5_HUMAN 581.3374 2 1160.6602 1160.6594 40.75 0.0026 TLWSLVAFPK 
  RET4_HUMAN 581.28 2 1160.5455 1160.5325 35.46 0.0051 FSGTWYAMAK 

1167.667 BCLF1_HUMAN 389.9103 3 1166.7092 1166.7023 66.54 8.00E-07 LLASTLVHSVK 
 ASNS_HUMAN 584.3244 2 1166.6342 1166.6335 46.38 0.00078 ELYLFDVLR 
 RS4X_HUMAN 389.8951 3 1166.6636 1166.656 44.25 0.00041 GNKPWISLPR 
 HNRPM_HUMAN 584.299 2 1166.5834 1166.576 34.1 0.0086 NLPFDFTWK 
  SBP1_HUMAN 584.3419 2 1166.6691 1166.6659 33.34 0.01 HEIVQTLSLK 

1612.917 LV302_HUMAN 806.9034 2 1611.7923 1611.7853 127.92 3.40E-12 FSGSNSGNTATLTISR 
 APOA1_HUMAN 806.9034 2 1611.7922 1611.7781 110.2 2.00E-10 LLDNWDSVTSTFSK 
 NMT1_HUMAN 806.8977 2 1611.7808 1611.7603 74.14 7.70E-07 GFDVFNALDLMENK 
  CLH1_HUMAN 806.9307 2 1611.8468 1611.8396 53.3 8.80E-05 ESYVETELIFALAK 

1032.667 RS9_HUMAN 516.7995 2 1031.5845 1031.5764 59.12 2.50E-05 LFEGNALLR 
 SYFB_HUMAN 516.8008 2 1031.5871 1031.5764 30.18 0.018 DLLFQALGR 
  H31T_HUMAN 344.8695 3 1031.5868 1031.5876 26.64 0.04 YRPGTVALR 

1027.667 HXK1_HUMAN 514.3199 2 1026.6253 1026.6186 44.56 0.00061 GAALITAVGVR 
 PGM1_HUMAN 514.2806 2 1026.5466 1026.5386 39.81 0.0018 SIFDFSALK 
  KAIN_HUMAN 514.2785 2 1026.5424 1026.5386 34 0.017 LGFTDLFSK 

941.417 UBP2L_HUMAN 471.3083 2 940.6021 940.5957 59.13 1.30E-05 IDLAVLLGK 
 CH60_HUMAN 314.5459 3 940.6159 940.6069 36.71 0.00051 IGIEIIKR 
 TXD17_HUMAN 471.3096 2 940.6046 940.5957 35.48 0.0012 VTAVPTLLK 
 ACOC_HUMAN 471.2506 2 940.4867 940.4807 32.82 0.019 LFFWNSK 
 GSHB_HUMAN 471.2964 2 940.5782 940.5705 31.12 0.0055 ALAEGVLLR 
 SCMC1_HUMAN 471.2448 2 940.475 940.4589 30.66 0.031 MNIFGGFR 
  CPNE3_HUMAN 471.2799 2 940.5453 940.5342 25.92 0.03 SPLGEVAIR 

976.417 In situ identified In situ 
identified 

In situ 
identified 

In situ 
identified 

In situ 
identified 

In situ 
identified 

In situ 
identified AGFAGDDAPR 

1406.667 HXK1_HUMAN 703.8682 2 1405.7218 1405.7123 100.28 2.20E-09 LSDETLIDIMTR 
 ENOA_HUMAN 703.8667 2 1405.7188 1405.7089 80.57 2.00E-07 GNPTVEVDLFTSK 
 SRPR_HUMAN 469.5788 3 1405.7145 1405.7023 71.03 1.90E-06 DAAGIAMEAIAFAR 
 ENOG_HUMAN 703.8667 2 1405.7188 1405.7089 62.59 1.30E-05 GNPTVEVDLYTAK 
  SAMP_HUMAN 703.8407 2 1405.6669 1405.6626 53.79 7.90E-05 AYSLFSYNTQGR 

1138.667 CO6A3_HUMAN 569.8042 2 1137.5938 1137.5852 62.12 1.40E-05 SSIMAFAIGNK 
 G6PD_HUMAN 380.2176 3 1137.6309 1137.6182 61.92 3.50E-05 LKLEDFFAR 
  EF2_HUMAN 569.7671 2 1137.5197 1137.5091 32.49 0.0077 YEWDVAEAR 
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1 m/z value in the middle of the 0.25 Da wide bins 
 

 

  

1115.417 AL1A1_HUMAN 372.564 3 1114.6701 1114.6597 63.25 3.10E-06 ILDLIESGKK 
 PGS2_HUMAN 558.3289 2 1114.6432 1114.6387 62.77 7.50E-06 VSPGAFTPLVK 
 TMED4_HUMAN 372.5551 3 1114.6435 1114.6346 52.94 7.20E-05 DKLTELQLR 
 TOP2B_HUMAN 558.3203 2 1114.626 1114.6169 50.68 0.00038 DLIQMLVQR 
 AK1A1_HUMAN 558.3176 2 1114.6207 1114.6209 50.34 0.0002 MPLIGLGTWK 
 ALDR_HUMAN 558.3176 2 1114.6207 1114.6209 50.34 0.0002 MPILGLGTWK 
 EIF3E_HUMAN 558.2876 2 1114.5606 1114.5369 43.46 0.0022 MLFDYLADK 
  TENX_HUMAN 558.3062 2 1114.5979 1114.5983 30.26 0.041 SVTVTPLDAGR 

944.417 H2A1B_HUMAN 472.7713 2 943.5279 943.524 60.32 2.50E-05 AGLQFPVGR 
 H2A1D_HUMAN 472.7713 2 943.5279 943.524 60.32 2.50E-05 AGLQFPVGR 
 H2A1A_HUMAN 472.7713 2 943.5279 943.524 60.32 2.50E-05 AGLQFPVGR 
 RBMX_HUMAN 472.8001 2 943.5856 943.5776 50.79 4.50E-05 IVEVLLMK 
 H2AV_HUMAN 472.7736 2 943.5326 943.524 47.17 0.00053 AGLQFPVGR 
  WFS1_HUMAN 472.7905 2 943.5665 943.5702 26.76 0.022 TLTDLLLR 

857.417 no match no match no match no match no match no match no match no match 
1905.917 HSPB1_HUMAN 953.5054 2 1904.9963 1904.9843 129.4 1.70E-12 LATQSNEITIPVTFESR 

 IGHG2_HUMAN 635.9761 3 1904.9064 1904.8866 79.15 2.00E-07 TTPPMLDSDGSFFLYSK 
  SBP1_HUMAN 953.4614 2 1904.9082 1904.9004 69.19 2.00E-06 NTGTEAPDYLATVDVDPK 

915.417 H2AY_HUMAN 458.2781 2 914.5416 914.5338 61.18 1.80E-05 AGVIFPVGR 
 H2AW_HUMAN 458.2781 2 914.5416 914.5338 61.18 1.80E-05 AGVIFPVGR 
 ZO1_HUMAN 458.2778 2 914.541 914.5338 44.67 0.0011 LGSWLAIR 
  COCA1_HUMAN 458.279 2 914.5435 914.5437 37.8 0.0054 IGVLITDGK 
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5.1 Summary 

Multiple studies have been performed over the past few decades with the aim to identify protein 

biomarkers for lymph node metastasis in EC, preoperatively. However, none of these 

biomarkers are currently in clinical use. The only FDA approved EC biomarker is CA125, 

which has low sensitivity and selectivity. For the current study we compiled a list of previously 

proposed biomarkers, derived from both genomics and proteomics studies, in order to validate 

their differential abundance at the protein level. We also aimed to develop a predictive model 

using IHC of suggested biomarkers for comparison to a predictive model generated from 

MALDI MSI data in Chapter 4. 

To assemble a list of potential markers for EC metastasis, we analysed data from The Cancer 

Genome Atlas (TCGA), which was established in 2005 to catalogue data for high throughput 

genome analysis and more recently proteomics analysis. At the time of analyses, the databank 

contained 514 EC patients, with RNA sequencing data available for 333 patients (n=54 with 

LNM and n=279 without LNM). From the analysis, we have chosen eleven differentially 

expressed genes: six most significant up- and five down-regulated genes to add to our target 

list. Following an extensive literature review the list has grown to 60 target proteins, which 

might be differentially expressed in primary tumours with and without LNM (Section 5.4, 

Supplementary Table 1). Using DDA LC-MS/MS and whole tissue sections from 10 patients 

(n=5 with LNM and n=5 without LNM), we were able to detect 23/60 proteins (Section 5.3, 

Table 1) and confirmed a significant difference in abundance of four proteins by DIA LC- 

MS/MS: annexin A2 (ANXA2), receptor tyrosine protein kinase erb-2 (ERBB2), epidermal 

growth factor receptor (EGFR), and α actinin 4 (ACTN4) (Section 5.3, Figure 1). Annexin A1 

(ANXA1) was also chosen because of its previously defined role in cancer metastasis [146]. 

The differential abundance of EGFR and Erb2 in EC has been described before [147] and we 

therefore did not include those proteins in our validation approach. 

Following relative quantification analysis, the spatial distribution of ANXA1, ANXA2 and 

ACTN4 peptides was visualised using peptide MALDI MSI in whole tissue sections (n=5 with 

LNM and n=5 without LNM) (Section 5.3, Figure 2) as well as tissue microarrays containing 

samples from a total of 43 patients (with LNM n=16 and without LNM n=27) (Section 5.4, 

Supplementary Figure 1-3). The intensity of the ANXA2 peptide (m/z 1542.83 Da) appears to 

be higher in tumours with LNM as compared to those without (Section 5.3, Figure 2b). In 

contrast, the intensity of ACTN4 peptide (m/z 1429.76 Da) and ANXA1 peptide (m/z 1099.29 
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Da) appears to be lower in with LNM compared to those without LNM (Section 5.3, Figure 

2c-d). The three ROC curves display a reasonable capacity to discriminate between patients 

with and without LNM (Section 5.3, Figure 2b-d). 

The proteins identified were further validated across TMAs by IHC. This allowed the 

simultaneous analysis of 43 patients, of which 39 had not been analysed by relative 

quantification DIA LC-MS/MS. An increase in immunostaining intensity of ANXA2 (p = 

0.0875; Section 5.3, Figure 3a) and significant decrease in immunostaining intensity of ACTN4 

(p = 0.0019; Section 5.3, Figure 3b) and ANXA1 (p = 0.0026; Section 5.3, Figure 3c) were 

observed in tumours with LNM versus those without LNM. These results correlated strongly 

with the results obtained from the DIA LC-MS/MS and MALDI MSI. In summary, our data 

indicate that ANXA2 is upregulated, whereas ANXA1 and ACTN4 are downregulated in 

primary tumours with LNM compared to those without. 

Additionally, a predictive model for EC metastasis was generated using the clinicopathologic 

features, MALDI MSI data acquired in Chapter 4 and IHC data obtained above. From the 43 

patients analysed, we have 35 patients for which all the following clinical variables have been 

recorded: age, tumour grade, tumour size, tumour extent, and LVSI. Fitting a logistic regression 

model for LNM based on all these clinical variables and iteratively removing the least 

significant of them resulted in only one clinical variable remaining in the model as significant: 

LVSI (AUC 0.69) (Section 5.3, Figure 4a), and this agrees with a recently published result 

[40]. Given the apparent importance of LVSI in the prediction of LNM status, we include it in 

all the other models considered.  

Models using the IHC data for annexin A2, annexin A1, and α actinin 4 were also considered. 

The percentage of the staining scores, low positive, positive, and high positive immunostaining, 

were combined for a total positive percentage staining for each antibody and was included with 

LVSI. The same model was repeated and involved iteratively removing the least significant 

until a model with only LVSI and ACTN4 in which both are significant at the 5% level was 

reached (Section 5.3, Figure 4b). Similarly, the same process was repeated but without LVSI 

to see how the IHC data perform on their own, and these results differed (shown in Figure 4). 

The IHC data indicated that adding the data to LVSI slightly improved the predictive accuracy. 

However, IHC data alone did not outperform LVSI.  
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Figure 4: Receiver operating characteristic (ROC) analysis of the different logistic regression 

models. ROC analysis of the true positive rate (sensitivity) and false positive rate (specificity) 

for the prediction of lymph node metastasis of the immunohistochemistry analysis alone. 

The prediction performance could be improved by adding highly ranked MALDI MSI 

variables. Given this, a model with LVSI and the top 10 MALDI MSI variables as ranked by 

CCA was considered, resulting in a model with LVSI and three of the top 10 MALDI MSI 

variables, ranked third, fifth and tenth by CCA as significant (AUC 0.86). The same process 

was repeated but without LVSI to see how the MALDI MSI variables performed on their own, 

and these results differed. The highly ranked MALDI MSI variables alone performed better 

than LVSI, shown in Figure 5. 
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Figure 5: Receiver operating characteristic (ROC) curves for the prediction of LNM by several 

logistic regression models. ROC analysis of the true positive rate (sensitivity) and false positive 

rate (specificity) for the prediction of lymph node metastasis of the m/z values from the highly 

ranked MALDI MSI variables alone. 

In summary, logistic regression analysis of our patient cohort indicated a correlation between 

LVSI and LNM, which has been shown previously [40]. A comparison of ROC curves from 

different multivariate regression models indicate that the multivariate logistic regression model 

of MALDI MSI data alone has the potential to predict LNM from primary tumours, and 

moreover potentially perform better than models containing immunohistochemistry data. Our 

study indicates that the molecular classification of EC can be achieved using MALDI MSI data, 

and provides independent prognostic information beyond the established risk factors. 

Furthermore a combination of LVSI and MALDI MSI data outperforms LVSI alone (Section 

5.3, Figure 4b) and other predictive models in the literature [48]. The developed molecular 

classification tool has the potential to be used routinely in guiding treatment for individuals 

with EC. 
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The prediction of lymph nodemetastasis using clinic-pathological data andmolecular information from endome-
trial cancers lacks accuracy and is therefore currently not routinely used in patient management. Consequently,
although only a small percentage of patients with endometrial cancers suffer from metastasis, the majority
undergo radical surgery including removal of pelvic lymph nodes. Upon analysis of publically available data
and published research, we compiled a list of 60 proteins having the potential to display differential abundance
between primary endometrial cancers with versus those without lymph node metastasis. Using data dependent
acquisition LC-ESI-MS/MS we were able to detect 23 of these proteins in endometrial cancers, and using data
independent LC-ESI-MS/MS the differential abundance of five of those proteins was observed. The localization
of the differentially expressed proteins, was visualized using peptide MALDI MSI in whole tissue sections as
well as tissue microarrays of 43 patients. The proteins identified were further validated by immunohistochemis-
try. Our data indicate that annexin A2 protein level is upregulated, whereas annexin A1 and α actinin 4
expression are downregulated in tumours with lymph node metastasis compared to those without lymphatic
spread. Moreover, our analysis confirmed the potential of these markers, to be included in a statistical model
for prediction of lymph node metastasis. The predictive model using highly ranked m/z values identified by
MALDI MSI showed significantly higher predictive accuracy than the model using immunohistochemistry data.
In summary, using publicly available data and complementary proteomics approaches, we were able to improve
the prediction model for lymph node metastasis in EC.

© 2016 Elsevier B.V. All rights reserved.
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1. Introduction

Endometrial cancer (EC) is the secondmost common gynaecological
cancer and a significant contributor to gynaecological related mortality
in the world [1]. Despite the disease being diagnosed at an early stage,

clinicians are faced with the challenge of predicting the stage of the
disease so that the best surgical approach can be selected. Consequently,
although only a small percentage of patients with EC suffer frommetas-
tasis themajority will undergo pelvic lymphadenectomy for diagnostic,
prognostic and therapeutic reasons. This procedure is associated with
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significant morbidity including lower extremity lymphoedema [2]. Pre-
dictive tissue markers for LNM could prevent unnecessary surgery,
thereby directly reducing ECmorbidity. Primary pathological character-
istics such as histological type, myometrial invasion, cervical stromal in-
vasion, lympho-vascular space invasion (LVSI), tumour size, and
tumour grade have been investigated for their association with LNM
[3]. However, only lympho-vascular space invasion has been shown to
correlate with LNM, but is unable to reliably predict metastatic lymph
node spread [4].

Various models aiming to predict lymph node metastasis in EC have
been presented. A recent study combined 10 individually published
models for predicting LNM in EC to an independent cohort of 519
patients in order to evaluate and compare the predictive capacity of
each model [5]. Of the models analysed, one preoperative model [6]
and three postoperative models [7–9] performed well with AUC values
of ≥0.75 and false negative rates of b5%. In general, the study found
postoperative models based on pathological characteristics out-
performed preoperative models based on clinical imaging techniques
such as MRI. Advances in technology are also starting to result in the
identification of biomarkers with better sensitivity and specificity.
Recently, we used a MALDI MSI approach to analyse primary endome-
trial tumours and were able to correctly classify 88% of 43 patients [10].

Besides pathological characteristics, other parameters can be used as
part of a predictive model, for example a model combing serum CA125
levels with the analysis of progesterone receptor (PR) and proliferation
marker Ki67 by immunohistochemistry achieved an AUC of 0.82 [11].

Moreover, genetic markers of LNM, including p53, oestrogen and
progesterone receptors, and DNA ploidy, show potential to form part
of a prediction model [12]. Biomarkers identified by analysis of mRNA
abundance either by microarray or RNA sequencing show great
promise, but do not necessarily correlate with protein expression levels
[13]. This discrepancy is relevant given many common pathology
procedures such as immunohistochemistry (IHC) rely on antibodies
which specifically measure the abundance of a protein within a sample.
Mass spectrometry (MS) based proteomic profiling is therefore a
promising alternative for biomarker discovery. Complementary MS
techniques, such as liquid chromatography coupled electrospray
ionisationMS/MS (LC-ESI-MS/MS) usedwithMALDImass spectrometry
imaging (MALDI MSI), can not only identify and quantify relative
changes in protein abundance, they can also determine the spatial
distribution of proteins and peptides of interest, which may correlate
with disease severity.

MALDI MSI is a label free MS technique which can visualize the
spatial intensity distribution of hundreds of peptides in a single tissue
section whilst maintaining the sample morphology. Previously, we
have shown the capacity of this technique in discriminating regions of
normal endometrium from cancer [14] and moreover were able to
predict the LNM status of EC patients from primary tumour cores with
an accuracy of 88% [15]. Additionally, we were able to identify and
validate α-Actin-2 and plectin as potential discriminators for LNM in
EC [10].

For over 100 years clinical pathology has relied upon the description
of tissuemorphology by trained specialists for tumour classification and
grading. The use of specific antibodies and immunohistochemistry
(IHC) has provided targeted molecular information of the primary tu-
mour, such as ErbB2 status for breast cancer treatment. In contrast,
MALDI MSI provides non-targeted molecular information of any tissue.
Previous studies in several different cancers have shown that MALDI
MSI can acquire a more comprehensive proteomic picture than immu-
nohistochemistry [16–18], and as such, MALDI MSI is slowly being in-
troduced into commercial pathology laboratories around the world.
The images generated by the technique allow new insights into tumour
tissues asMALDIMSI allows for the detection and characterisation of tu-
mour cells and their environment in a spatial context. The introduction
of MALDI MSI equipment into pathology laboratories has the potential
to extend current diagnostic and prognostic capabilities, revolutionising

clinical pathology. However, the full extent of this potential is yet to be
demonstrated.

Given the multitude of studies that have identified potential
biomarkers of ECmetastasis, the aim of this studywas to generate a pre-
dictive model of EC metastasis using previously identified biomarkers
following their validation at the protein level, and compare the perfor-
mance of the biomarker model to a predictive model generated from
MALDI MSI data. To achieve this, a list of target proteins was compiled
from a combination of literature searches and analysis of EC data
extracted from The Cancer Genome Atlas (TCGA). Overall, a list of 60
potential biomarkers was compiled for comparison in EC withmetasta-
sis compared to thosewithoutmetastasis. From this list, the biomarkers
detectable at the protein level were characterised using the techniques
of data dependent acquisition (DDA) LC-ESI-MS/MS, data independent
acquisition (DIA) LC-ESI-MS, and MALDI MSI. Following this analysis 3
proteins were selected for validation by IHC: annexin A2, annexin A1,
and α actinin 4. The results of this IHC analysis were used to generate
a predictive model of EC metastasis. IHC was chosen as the method
for validation and model generation given its routine use in clinical
pathology laboratories. Separately, a predictive model of metastasis
was generated from the MALDI MSI analysis of tissue microarrays
containing tumours from patients with or without metastasis. When
compared the MALDI MSI model showed a higher prognostic accuracy
than the IHC model.

2. Material and Methods

2.1. Sample collection and Tissue specimens

Fifty-three tissue EC samples were retrieved from the archives of the
Institute of Medical and Veterinary Science, Adelaide, South Australia,
Royal Prince Alfred Hospital, Sydney, New South Wales, John Hunter
Hospital, Newcastle, New South Wales and King Edward Memorial
Hospital, Perth, Western Australia. All specimens were formalin fixed
and paraffin embedded (FFPE), and tumours were classified according
to the World Health Organisation, and staged according to the
International Federation of Gynaecology and Obstetrics (FIGO). The
study was approved by the ethics committees of the respective
hospitals. None of the patients had received pre-operative chemo-
therapy and/or hormone therapy. The detailed histo-morphological
and clinical characteristics were described in our previous study
[10]. Haematoxylin and Eosin (H&E) stained tissue sections were
annotated by a pathologist. EC patient samples in which tumour
metastasized to pelvic lymph nodes were categorized as “with
LNM” and the primary tumours which did not metastasize to lymph
nodes were categorized as “without LNM”. Of the 53 patient samples
used in the study, 43 were used in the construction and analysis of the
Tissue Microarrays (TMAs), and 10 were used for LC-ESI-MS/MS and
in whole tissue MALDI MSI analysis.

2.2. Tissue microarray design and construction

Forty-three EC samples were randomly divided into two equal
groups for assembly of tissue microarrays (TMAs); a training set used
to identify molecular discriminators (referred to as TMA1), and a test
set for validation (referred to as TMA2). Of the 43 samples, 16 were
positive, with the remaining 27 negative for LNM, respectively.

For TMA assembly, 1.5 mm tumour tissue cores were excised and
arranged vertically in an empty paraffin block using a tissue arrayer
(3DHistech TMA Master, SciTech, Victoria, Australia). Two tissue cores
from tumour dense areas were taken from each patient. The layouts of
both TMAs were randomized to avoid bias caused by core location
within the TMAs (data not shown). Six μm thick tissue sections
were cut from both TMA's and mounted onto indium tin oxide (ITO)
(Bruker Daltonics, Bremen, Germany) conductive glass slides for
MALDI MSI analysis. Sections were also placed on plain glass slides
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and polyethylene naphthalate (PEN)membrane slides, andH&E stained
for pathology annotation and laser capture microdissection (LMD).

2.3. TCGA analysis

RNA sequencing data was extracted from The Cancer Genome Atlas
(TCGA) EC database (http://cancergenome.nih.gov/) and analysed
using edgeR [19]. Out of 514 EC patients, RNA sequencing data was
available for 333 patients (n = 54 with LNM and n = 279 without
LNM). Using the exact test proposed by Robinson et al. [20] for a mean
difference between negative-binomial distributions, 627 of the 20,532
genesmeasured had P-values b2.5e-6 (0.05with Bonferroni correction)
for a mean difference between the RNA sequencing counts of with LNM
and without LNM groups. Many of these significant P-values were
caused by single outlying values and some had extremely small total
counts, so a series of heuristics and bootstrap samples [21] were used
to acquire a more stringent list of genes. Specifically, 100 bootstrap
samples where generated and both the exact test P-value and log fold
change where calculated for each bootstrap sample. Nineteen genes
had log fold change in the same direction in all 100 bootstrap samples
with P-values b2.5e-6 in at least 75 bootstrap samples, aswell as having
an original P-value b2.5e-10, and a median count of at least 10 (to filter
out extremely low count measurements). Of these 19, 11 differentially
expressed genes were selected to be included in the target list:
six up regulated genes: C4BPB|725, OVGP1|5016, RNF183|138,065,
C16orf89|146,556, SLC25A35|399,512, MUC6|4588 and 5 down regu-
lated genes ALPK2|115,701, FBXO17|115,290, DLX4|1748, ADRA1B|
147,and DNER|92,737. Notably, similar expression for RNF183|
138,065, MUC6|4588 and DNER|92,737 was identified in recently
published work [22]. Upon further literature research, we compiled a
list of 60 target proteins with the potential to discriminate primary EC
with or without metastasis (Supplementary table 1).

2.4. Peptide identifications by DDA nano-LC-ESI-MS/MS

The FFPE tissue blocks (n=5with LNM and n=5without LNM) for
DDA nano-LC-ESI-MS/MS, not included in the TMAs were sectioned at
6 μm thickness, water bath mounted onto PEN membrane slides,
deparaffinised and digested as previously described [10]. Briefly, the
tissue sections were deparaffinised by heating at 60 °C for 1 h, stripped
of paraffin wax using xylene, and rinsed in 100% ethanol, followed
by haematoxylin staining. The regions of interest were excised by
laser capture micro-dissection (LMD) (Leica Microsystems, Wetzlar,
Germany) into 20 μL of 10mMcitric acid buffer (pH=6) and incubated
for 45min at 98 °C. Sampleswere bufferedwith 10mMofNH4HCO3 and
digested as previously described [96] with 100 ng of trypsin gold
(Promega, Madison, WI) for 2 h at 37 °C. Nano-LC-ESI-MS/MS was
performed using an Ultimate 3000 RSLC system (Thermo-Fisher
Scientific) coupled to an Impact II™ QTOF mass spectrometer (Bruker
Daltonics) via an Advance CaptiveSpray source (Bruker Daltonics).
Peptide samples were pre-concentrated onto a C18 trapping column
(Acclaim PepMap100 C18 75 μm × 20 mm, Thermo-Fisher Scientific)
at a flow rate of 5 μL/ min in 2% ACN 0.1% TFA for 10 min. Peptide
separation was performed using a 75 μm ID C18 column (Acclaim
PepMap100 C18 75 μm × 50 cm, Thermo-Fisher Scientific) at a flow
rate of 0.2 μL/ min using a linear gradient from 5 to 45% B (A: 5% ACN
0.1% FA, B: 80% ACN 0.1% FA) over 130 min, followed by a 20 min
wash with 90% B, and a 20 min equilibration with 5% A. MS scans
were acquired in the mass range of 300 to 2200 m/z in a data-
dependent fashion using Bruker's Shotgun Instant Expertise™ method.
This method uses IDAS (intensity dependent acquisition speed) to
adapt the speed of acquisition depending on the intensity of precursor
ions (fixed cycle time), and RT2 (RealTime Re-Think) to exclude
previously selected precursor ions from undergoing re-fragmentation
unless the chromatographic peak intensity of the ion has increased by
a factor of 5. Singly charged precursor ions were excluded from

acquisition. Collision energy ranged from 23% to 65% as determined by
them/z of the precursor ion.

Acquired spectra were subjected to peak detection, de-convolution,
and re-calibration according to a lockmass using Compass DataAnalysis
for OTOF (Version 1.7, Bruker Daltonics). Processed spectra were then
exported to Mascot generic format and submitted to Mascot (Version
2.3.02) for identification. Search parameters were as follows; SwissProt
Homo sapiens database search, trypsin digestion with up to 2 missed
cleavages, variable modification of oxidation of methionine, MS mass
tolerance of 40 ppm, MS/MS mass tolerance of 0.2 Da, ion score cut off
of 20, peptide expected score cut off ≤0.05. In order to avoid false
identifications only proteins with a minimum of 2 unique peptides
were selected for further analysis.

2.5. Relative Quantification by DIA nano-LC-ESI-MS/MS

The FFPE tissue blocks (n= 5with LNM and n= 5without LNM)
for DIA nano-LC-ESI-MS were prepared as described above. Nano-LC
was performed as previously described using an Ultimate 3000 RSLC
system coupled to an Impact HD™ QTOF mass spectrometer set to
acquire data using Bruker's Middle Band CID™method. This data in-
dependent acquisition (DIA) method scans a mass range of m/z 375
to 1206 in 26 Da increments and CID is performed with increasing
collision energies of 20 to 36. The acquired data was analysed using
Skyline (Version 3.1.0.7382) [97] against a spectral library generated
from the search results of the data dependent acquisition experi-
ment. Relative quantification analysis of the differentially expressed
proteins was carried out using the spectral library peptides listed in
Table 1 and Supplementary Table 2. The Skyline peptide and transi-
tion settings were as follows: Trypsin was specified as the cleavage
enzyme with a maximum of 1 missed cleavage, precursor charge
states 2 and 3, ion charges 1 and 2, ion types y and b from ion 2 to
ion 6, an ion match tolerance 0.1m/z, a MS/MS filtering DIA isolation
scheme fromm/z 375 to 1206 (26 Da windows), retention time win-
dow of 6 min, and a resolution of 10,000. For each protein, the area
intensities for the analysed peptides was summed for each sample.
The summed area intensities for each protein was then compared be-
tween the primary EC with or without LNM. For all results the stan-
dard error of the mean and P- values using un-paired t-tests were
calculated using GraphPad Prism 6 v008.

2.6. Sample preparation for FFPE MALDI MSI

FFPE tissue sections for MALDI MSI, whole tissue sections (n = 5
with and n = 5 without LNM) as well as tissue microarrays containing
a total of 43 patients, were prepared using the same protocol as previ-
ously described [98]. Briefly, the tissue sections were deparaffinised by
heating at 60 °C for 1 h, stripped of paraffinwaxusing xylene, and rinsed
in 100% ethanol. The tissue sections were subjected to heat induced
citric acid antigen retrieval (HAIR) (10mMcitric acid, pH=6) followed
by digestion with trypsin gold (Promega, Madison, WI) using an
ImagePrep station (Bruker Daltonics, Bremen, Germany) followed by
incubation in a humidity chamber at 37 °C for 2 h. Internal calibrants
[Angiotensin I (0.4 pmol/μL), [Glu1]-Fibrinopeptide B (0.4 pmol/μL),
Dynorphin A (1.8 pmol/μL) and ACTH clip1–24 (1.6 pmol/μL)] and
α-cyano-4-hydroxycinnamic acid (CHCA) (7 mg/mL in 50% ACN/ 0.2%
TFA) matrix was overlayed onto the tissue using an ImagePrep station
[99]. Data was acquired using an ultrafleXtreme MALDI-TOF/TOF MS
(Bruker Daltonics) with flexControl v3.0.1 and flexImaging v4.0.1
software in positive reflectron mode with detection range of
m/z 800–4000 Da. MS spectra were acquired in a grid with a centre to
centre resolution of 60 μm for TMAs and 100 μm for whole tissue
sections. Two sections of each TMA were analysed.

Following data acquisition, the ITO slides were incubated in 70%
ethanol to remove the matrix, H&E stained, and scanned using
Nanozoomer (Hamamatsu, Shimadzu). To align the MS data with
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the histological features the H&E scanned images were co-registered
to the MALDI MSI results via the flexImaging software.

2.7. Data analysis using SCiLS lab

To determine the spatial expression profiles of the differentially
expressed proteins, the raw data was loaded into SCiLS lab software
(SCiLS GmbH, Bremen, Germany). Here, the raw data was pre-
processed using the pre-processing pipeline including TopHat baseline
removal, normalization to the total ion count (TIC), and peak alignment
and peak picking was performed. Tissue specific regions of interest
(ROI) (i.e. normal epithelium, region of primary EC with and without
LNM) were created based on annotations completed by a pathologist.
m/z values [M-H] of the differentially expressed proteins, as determined
by the DIA nano-LC-ESI-MS analysis, were targeted for analysis using
the SCiLS lab software. The spatial distribution of the peptides were
visualised in the form of ion intensity maps. In all data sets, interval
width was set to ±0.125 Da.

2.8. Immunohistochemistry (IHC)

Six μm consecutive TMA sections were used for immunohistochem-
istry (IHC). Tissue sections were dewaxed and rehydrated with xylene
and ethanol. The endogenous peroxidase activity was quenched with
1% hydrogen peroxidase in PBS, followed by antigen retrieval using
10 mM citric acid (pH 6), at 100 °C for 10 min in a microwave (Sixth
Sense, Whirlpool). To avoid nonspecific binding, tissue sections were
blocked in 5% goat serum (Sigma Aldrich) for 30 min and incubated
overnight at 4 °C withmousemonoclonal antibody annexin A2 (diluted
1:500, BD Biosciences), annexin A1 (diluted 1:5000, BD Biosciences)
and α actinin 4 (diluted 1:1000, Sigma Aldrich) in blocking
buffer (5% Goat serum). The tissues sections were subsequently
incubated at room temperature for 1 h with biotinylated anti-
mouse immunoglobulins (1/400, Dako, Australia) for annexin A2 and
annexin A1 and anti-rabbit immunoglobulins for α actinin 4, followed
by streptavidin horseradish peroxidase (1/500, Dako, Australia). Before
counterstaining with haematoxylin, immunoreactivity was visualised
using diaminobenzidine (DAB)/H2O2 substrate (Sigma Aldrich). The

slides were scanned using Nanozoomer. Appropriate positive and
negative controls were included in the study. Quantitative analysis of
protein expression was performed using the digital image analysis
software ‘ImageJ’, coupled with a colour de-convolution plugin
‘IHC profiler’. For each tissue section three representative photo-
micrographic images at 40× magnification were obtained from the
primary tumours with or without LNM. The colour de-convolution
leads to the formation of three images resulting in the separation of
DAB colour from haematoxylin in an automated manner [100].
From the IHC analysis of the TMAs, data from a total of 40 patients
was obtained; initially tissue cores from 43 patients were present on
the slides, however 3 cores were lost during sample processing.

2.9. Data analysis of MALDI-Imaging TMA data

Acquired spectra were recalibrated using the internal calibrants
and pre-processed using flexAnalysis and flexImaging software
(V4.0.1 Bruker Daltonics). During the pre-processing the Snap
Algorithm with a signal to noise ratio of 2 was used for peak detec-
tion after Gaussian smoothing and a baseline subtraction using the
TopHat method. Resulting peaks where grouped by m/z using the
density based clustering algorithm DBSCAN* as described in
Section 3 of [101], with a grouping tolerance ε=0.025 and a
minimum number of points of 150, generating 1254 groups. These
peak groups then formed the variables in the following analysis, with
patients representing the observations. Canonical Correlation Analysis
(CCA) was used to rank the variables (peak groups) according to their
contribution towards the highest multivariate correlation with LNM,
as described in [15].

2.10. Logistic Regression Models

A number of logistic regression models for LNM were considered in
three main contexts using clinical information (age, tumour grade,
tumour size, percent invasion, and lympho-vascular space invasion
(LVSI)), IHC results, and MALDI MSI results. In the first two contexts,
model fit was approached by first fitting the largest possible additive
model and then iteratively removing the least significant independent

Table 1
Relative abundance of the differentially expressed proteins.

Protein Accession
no

Tryptic peptides observed Peptide mass
(Da)

P-value Expression observed in the
current study (Fold change)

Expression observed
as a metastatic protein

Reference

ANXA2_human P07355 LSLEGDHSTPPSAYGSVK 1844.996 0.0002 2.0 Up Up [34–36]
GVDEVTIVNILTNR 1542.753
DIISDTSGDFR 1225.277

ERBB2_human P04626 LPASPETHLDMLR 1479.714 0.0003 2.7 Down Down [55]
VLGSGAFGTVYK 1198.384
EIPDLLEK 956.104

RBM5_human P52756 QQLIPELVR 1095.307 0.0004 4.1 Down Down [37]
YBOX_human P67809 SVGDGETVEFDVVEGEK 1795.875 0.0008 2.2 Down Independently associated [22,94,95]
EGFR_human P00533 NYDLSFLK 999.131 0.0025 1.8 Down Independently associated [22,49–51]

NLQEILHGAVR 1249.435
ACTN4_human O43707 ALDFIASK 864.009 0.0074 2.9 Down Up [25–27]

DGLAFNALIHR 1226.401
GYEEWLLNEIR 1421.572
DYETATLSDIK 1255.344
QFASQANVVGPWIQTK 1774.009
VGWEQLLTTIAR 1386.614
TINEVENQILTR 1429.593
GISQEQMQEFR 1352.485
NFITAEELR 1092.217

HPT_human P00738 VTSIQDWVQK 1203.360 0.0625 1.7 Up Up [70–73]
ANXA1_human P04083 GGPGSAVSPYPTFNPSSDVAALHK 2356.577 0.0928 2.2 Down Down [30–33]

GVDEATIIDILTK 1387.593
TPAQFDADELR 1262.342
DITSDTSGDFR 1213.223
NNAQRQQIK 1099.594
GTDVNVFNTILTTR 1550.732

ENPL_human P14625 EEEAIQLDGLNASQIR 0.1579 1.7 Down Up [52–54]

849P. Mittal et al. / Biochimica et Biophysica Acta 1865 (2017) 846–857



variables from themodel until all remaining independent variables had
coefficients that were significantly non-zero at the 5% level as deter-
mined by individual t-tests. In the third context, MALDI MSI results,
the full additive model could not be fit as it was highly over
parameterised by the number of peakgroups in the data. As such, itera-
tive addition of independent variables to the model, starting from the
smallest model, was considered. In order to measure the predictive ca-
pabilities of these models, two-fold cross-validation was used with a
stratified re-sampling scheme – patients with and without LNM were
each randomly partitioned into two groups, and two subsets of the
data therebyproducedwith equal ratio ofwith towithout LNMpatients.
The models where then fit to one subset of the data and used to predict
the LNM status of the other subset. This process was then repeated in
the reverse direction – fitting the model to the second subset and
predicting for the first. The random partitioning was then repeated 50
times and the results combined to produce a single smooth ROC curve
for eachmodel. The two directions for each of the 50 resamples resulted
in 100 individual versions of each classificationmodel being trained and
tested. ROC curves for each of these individual 100 variations are
also shown in order to provide a measure of the variability in the
resampling step.

3. Results

3.1. DIA MS

Traditional shotgun proteomics (also known as data dependent
acquisition) has been the standard approach in research to profile
protein content in biological samples with the aim to identify protein
candidates with potential diagnostic, prognostic, and/or therapeutic
value. In practice, this approach requires significant resources and
time and has limited reproducibility due to the stochastic nature
of the acquisition protocol [102]. In contrast, targeted proteomic
approaches such as data independent acquisition might offer higher
sensitivity but require a predefined list of potential target proteins to
analyse. To assemble a list of potential markers for EC metastasis, we
combined potential biomarker candidates identified by literature
review with 11 additional genes found to be differentially expressed
in the TCGA data as described in Section 2.3, resulting in a list of
60 target proteins in total (Supplementary Table 1).

FASTA files for the proteins of interest were downloaded from
UniProt (http://www.uniprot.org/) and imported into the Skyline
software (Version 3.1.0.7382). Out of 60 target proteins, 23 were
identified using DDA nano-LC-ESI-MS/MS analysis from ten EC tissue
samples as summarized in Supplementary Table 2. The relative abun-
dance of these 23 proteins was further analysed in EC with (n = 5)
and without (n = 5) LNM by DIA nano-LC-ESI-MS/MS. Of the 23
proteins analysed, 4 had both at least 2 unique peptides identified and
a significant difference in abundance between the EC tissues with or
without metastasis: annexin A2 (ANXA2), receptor tyrosine protein
kinase erb-2 (ERBB2), epidermal growth factor receptor (EGFR), and α
actinin 4 (ACTN4) (Fig. 1). A fifth protein, annexin A1 (ANXA1), was se-
lected from the list for further analysis despite not being significantly
different between ECs with or without LNM (P= 0.093). This selection
was made due to the well-known role of ANXA1 in the metastasis of
other cancers.

3.2. MALDI MSI

The DIA analysis revealed the relative abundance of the proteins
of interest in the homogenised tumour tissues. To reveal the spatial
intensity distribution of the differentially expressed peptides, we
performed MALDI MSI using single sections from 10 patients as
well as tissue microarrays containing samples from 43 patients.
Upon imaging the data of a randomly chosen EC patient sample
with LNM and one randomly chosen EC patient sample without

LNM were imported together into the SCiLS lab software. Fig. 2a
shows the H&E stain of one representative pair of tumour sections
with annotated tumour and normal tissues. Fig. 2b-d shows repre-
sentative ion intensity maps for the m/z values [M-H] with the
highest capacity to discriminate between the tumours with and
without LNM, that match back to peptides from the proteins of inter-
est as identified by nano-LC-ESI-MS/MS. All identified peptides from
the proteins of interest were analysed in single sections and TMAs
using the SCiLS software, and the majority of peptides detected in
the MSI data for each of the proteins of interest correlated in terms
of trend abundance trend differences between the with and without
LNM groups (Supplementary Figs. 1-2). The intensity of the ANXA2
peptide (m/z 1542.83 Da) appears to be higher in tumours with
LNM as compared to those without (Fig. 2b). In contrast, the
intensity of ACTN4 peptide (m/z 1429.76 Da) and ANXA1peptide
(m/z 1099.29 Da) appears to be lower in with LNM compared to
those without LNM (Fig. 2c-d). The MALDI MSI data correlated well
with the DIA data and moreover allowed for a visual inspection of
the distribution of the peptides of interest within the single sections,
containing normal tissue and tumour. The three ROC curves display
a reasonable capacity to discriminate patients with and without
LNM(Fig. 2b-d).

3.3. Validation by immunohistochemistry

The expression of EGFR and Erb2 in EC was described before [103]
and we therefore did not include those proteins in our validation
approach. The differential abundance of ANXA2, ACTN4 and ANXA1
within the EC patient cohort was verified by the IHC analysis of the
TMAs. In total, tumour cores from 40 EC patients were analysed as
some tissue cores were lost during tissue processing. Quantitative anal-
ysis was performed using ImageJ software coupled with IHC profiler
[100]. Three representative images fromeach tissue corewere captured,
and the staining was assessed by calculating the percentage of the high
positive, positive, low positive and negative staining. The staining
intensities were summed for both groups and statistical analysis was
performed using an unpaired T-Test in Graphpad prism. An increase in
immunostaining intensity of ANXA2 (P = 0.0875; Fig. 3a) and signifi-
cant decrease in immunostaining intensity of ACTN4 (P = 0.0019;
Fig. 3b) and ANXA1 (P = 0.0026; Fig. 3c) were observed in tumours
with LNM versus those without LNM. These results correlated strongly
with the results obtained from the DIA and MALDI MSI.

3.4. Logistic Regression Models

The clinical parameters of age, tumour grade, tumour grade, tumour
size, percent invasion, and LVSI were considered in building logistic
regression model for LNM in the EC patients where data for all of the
above clinic-pathological variables was available (n = 35). Fitting a
logistic regression model for LNM based on all the clinic-pathological
variables and iteratively removing the least significant of them resulted
in only one clinical variable remaining: LVSI, and this is in accordance
with recently published results [4]. Fig. 4a shows ROC curves produced
by the two-fold cross validation and stratified resampling described in
Section 2.10 for each of the models involved in this iterative reduction
process. Given the apparent importance of LVSI in the prediction of
LNM status, we include it as a covariate in all the other models we
considered.

The IHC data for ANXA1, ANXA2 and ACTN4where then considered.
The percentage of the staining scores, low positive, positive, and high
positive were combined for a total positive percentage for each protein,
and the same iterative reduction scheme for model selection was used,
beginning with the largest additive model including LVSI as well as all
three IHC variables, with the resulting parsimonious model being that
with only LVSI and ACTN4. For considering the MALDI MSI a similar
iterative model selection schemewas used, however instead of starting
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with the full additive model (which is impossible due to over
parameterisation), the data was iterated in the opposite direction -
beginning with the model that includes only LVSI and iteratively
adding the most significant of the top 10 MALDI MSI variables as
ranked by CCA. This resulted in a model including LVSI and three of
the top 10 MALDI MSI variables – the 3rd, 5th, and 10th highest
ranked variables, specifically. The CCA ranking of theMALDI MSI var-
iables is described in Section 2.9 [15] and the top 10 MSI variables
(peak groups) are shown in Table 2. Fig. 4b shows ROC curves
produced by the two-fold cross validation and stratified resampling
described in Section 2.10 for each of the resulting models: LVSI and
ACTN4, and LVSI with added MALDI MSI variables, as well as the
model with LVSI alone for a comparative reference.

4. Discussion

The identification of sensitive and specific tumour biomarkers for
prediction of LNM would improve treatment related morbidity of EC
treatment. A significant body of work has been completed in this area,
hence the first aim of this study was to compile a list of previously

proposed biomarkers, derived from both genomics and proteomics
data, in order to validate the differential abundance of those biomarkers
at the protein level in a single cohort of metastatic positive and negative
primary EC samples. The second aim of the study was to generate a
predictive model of metastasis using IHC of suggested biomarkers for
comparison to a predictive model generated from MALDI MSI data.

Following a review of the literature and publicly available data a
list of 60 markers was compiled, of which 23 were detected by DDA
LC-MS/MS. A large number of the biomarkers assessed in this study
originated from genomics data and it is well documented that mRNA
and protein abundance levels do not always correlate [13]. This is a
possible explanation as to why not all of the proposed markers were
detectable at the protein level, and of the ones that were, why some
were not found to be differential expressed between LNM positive and
negative cohorts. Despite the large number of potential markers
originating from genomics data, in this studywe chose to look at protein
expression levels and verify our findings using an antibody based
technique given the results could be directly translated into clinical
practice via IHC, a standardised technique employed in pathology
laboratories globally.

Fig. 1. DIA analysis identifiespotential discriminators of lymphnodemetastasis in endometrial cancer: DIA analysiswas performedon sections from tumourswith (n=5) orwithout
(n=5) lymph nodemetastasis. (a) The relative abundance of annexin A2was compared betweenwith andwithout LNM, based on 3 tryptic peptides and their specific fragments. (b) The
relative abundance ofα actinin 4 was compared between with and without LNM, based on 9 tryptic peptides and their specific fragments. (c) The relative abundance of annexin A1 was
compared between with and without LNM, based on 6 tryptic peptides and their specific fragments. (d) The relative abundance of receptor tyrosine protein kinase erb-2 was compared
betweenwith andwithout LNM, based on 3 tryptic peptides and their specific fragments. (e) The relative abundance of epidermal growth factor receptorwas compared betweenwith and
without LNM, based on 2 tryptic peptides and their specific fragments. The data shown as the means ± S.D.
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Of the 23 markers that were detectable at the protein level by mass
spectrometry, 4 were both identified by at least two unique peptides,
and found to be differentially abundant in the primary EC with and
without LNM: ANXA2, ACTN4, ErBb2, and EGFR. All of these proteins
have been previously implicated in metastasis. A fifth protein, ANXA1,
was also chosen for further analysis despite not being significantly
different between the sample cohorts, given the reported role ANXA1
plays in the metastatic process.

ANXA2, ACTN4 and ANXA1were selected for further analysis by IHC
of the TMAs, which revealed ACTN4 and ANXA1 to be significantly
differentially abundant between ECs with or without LNM. When this
IHC data was used to generate a logistic regression model for LNM in
conjunction with LVSI, the iterative model selection scheme described
in Section 2.10 removed ANXA1 and ANXA2 from the model, and
resulting in the model with only ACTN4 and LVSI. A similar iterative
model selection scheme based on the top 10 MALDI MSI variables as

Fig. 2. Representative spatial ion intensitymaps of potential discriminators: Tryptic peptide MALDI-MSI was performed on EC samples of patients diagnosed with (n=5) or without
(n = 5) lymph node metastasis. MALDI-MSI data acquired was used to generate the ion intensity maps using SCiLS lab software. Randomly one patient from each group was chosen
to show the spatial intensity of the significant m/z values. (a) The annotated H&E stained sections are shown. The tumour region within the section was annotated by a
pathologist (in black colour). (b) Representative MALDI-MSI images for 1542.831 m/z ± 0.125 Da, tryptic peptide belongs to annexin A2. (c) Representative MALDI-MSI images for
1429.76 m/z ± 0.125 Da, tryptic peptide belongs to α actinin 4. (d) Representative MALDI-MSI images for 1099.591 m/z ± 0.125 Da, tryptic peptide belongs to annexin A1. Automatic
hotspot removal and weak denoising was applied. Scale bars are 2 cm and intensity scale for each ion are included, intensity ranges from blue (lowest) to red highest. Corresponding
ROC curves indicating the sensitivity and selectivity are included on the right (b-d).
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ranked by the CCA analysis described in Section 2.9 [15] resulted in a
model with 3 MALDI MSI variables and LVSI being selected. Both the
IHC (ACTN4) and MALDI MSI variables, when combined with LVSI,
outperformed LVSI alone. However, the MALDI MSI model outperformed
the ACTN4 IHC model.

The MALDI MSI models for the prediction of LNM as presented
here is an interesting alternative to models based on more traditional
proteomics approaches: here nothing is known about the identity of
the top 10 variables as determined by the CCA, other than information
regarding their mass range. This is in stark contrast to classical proteo-
mics experiments where a large amount of information about each
potential protein candidate must be confirmed before its use in such a
prediction model. Most potential protein biomarkers are subjected

to a number of exclusion or inclusion criteria such as the number of
unique peptides identified, peak intensity thresholds, identifiable mod-
ifications, mass tolerance, and/or enzyme specificity, whichmay results
in a loss of potentially important markers. The MALDI MSI models
described in the present study use data that has not been subjected to
any downstream exclusion or inclusion, thereby avoiding any inherent
bias introduced thereby. Furthermore we have demonstrated that
these ‘naïve’ models can predict LNM from primary tumours, and as
previously indicated [15,104], have the potential to perform better
than comparablemodels using IHC data of validated protein candidates.

When fitting predictionmodels, it is important to considermeasures
of predictive accuracy as well as model-fit, as is demonstrated in Fig. 4a
where a sequence of increasingly complex models based on clinical

Fig. 3. Immunohistochemistry confirmedproteins associatedwith lymphnodemetastasis in endometrial cancer: 6 μmserial sections of TMA1were used for immunohistochemistry.
Quantitative analysiswas performed using IHC profiler-Image J. for each tissue core, three representative photo-micrographic images at 40×magnificationwere used and each imagewas
assigned a score of high positive, positive, low positive and negative staining. Shown is the average staining intensity distribution of all analysed images. (a) Representative image of
immunostaining of annexin A2 on tumour with LNM and without LNM is shown. P = 0.0875 (b) Representative image of immunostaining of α actinin 4 on tumour with LNM and
without LNM is shown. P = 0.0019 (c) Representative image of immunostaining of annexin A1 on tumour with LNM and without LNM is shown. P = 0.0026.
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covariates are considered. The most complex models, including the
most co-variates and naturally achieving the best model fit, also tend
to perform badly in prediction due to overfitting effects. The trend
seen in Fig. 4a reflects this, with the simplest model, containing only
LVSI, performing best. The correlation between LVSI and metastasis
has been previously shown [4], and our results support this. Whilst in-
formation about the LVSI is clearly an important predictor of metastasis
the downside is that such information can only be obtained following
surgical removal of the uterus which usually also includes the removal
of the lymph nodes. Therefore, a preoperative model that can guide
the surgeons in deciding the status of LNM in EC is warranted. The
over-arching aimof this projectwas therefore to develop a preoperative
model for the prediction of LNM EC biopsies taken from patients at
diagnosis and prior to their hysterectomy and staging (lymph node
removal) procedure.

Metastasis is a complex process in which the tumour cells are
characterized by uncontrolled growth, invasion to surrounding tissues,
and metastatic spread to distant sites. A critical step of invasion and
metastasis is the detachment of cancer cells in the primary tumour,
which is mainly controlled by adherent junction proteins such as
α-catenin,β-catenin, vinculin,α-actinin, and actin. ACTN4 is a cytoplas-
mic protein belonging to the family of α-actinin proteins, which are
actin binding proteins that play an important role in the formation of
integrin cell adhesion which bind cells together. Enhanced expression
of ACTN4 has recently been shown to increase cell motility and invasion
[27]. In contrast, a recent study by Slater et al. [60] showed ACTN4
expression was down-regulated in EC compared to healthy tissue. Our
study seems to be the first indicating low expression of ACTN4 in
primary tumours with LNM compared to thosewithout LNM. This high-
lights the complexity of cancer progression which may result in the

Fig. 4. Receiver operating characteristic (ROC) curves for the prediction of LNM status by several logistic regressionmodels. The ROC curves shown are the result of the 2-fold cross
validation and stratified resampling scheme described in Section 2.10. The combined ROC curves are shown as opaque lines, while the 100 ROC curves produced by the two directions of
cross validation in each of the 50 partitions of the data are shown as transparent lines in order to provide a measure of the variability in the resampling. Results from a number of
different models are shown: (a) compares the predictive performance of models using clinical variables: age, tumour grade (Grade), tumour size (Ts), percent invasion (Per. Inv.), and
lympho-vascular space invasion (LVSI) – shown are the models involved in the iterative model selection scheme that resulted in the model with only LVSI being chosen, as described
in Section 2.10, and (b) compares the model with LVSI alone, to the final model selected in each of the two contexts we consider: IHC (LVSI and ACTN4), and MALDI MSI (LVSI and the
fifth, third, and tenth most highly CCA-ranked MALDI MSI variables – the CCA variable ranking is described in Section 2.9 [15].
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same protein having significantly altered abundance during different
stages of cancer development.

Annexin A1 (ANXA1) is a member of the calcium binding annexin
protein family and is known suppressor of cell proliferation and media-
tor of apoptosis [105]. The tumour suppressor role of ANXA1 has been
confirmed inmany cancers including those of the prostate [106], breast
[107], stomach [108,109] and oesophagus [32,110]. In this study the
expression of ANXA1 was decreased in the tumours with LNM com-
pared to those without. This finding is consistent with recent data
from gastric cancer [109,111], where it was shown the expression of
ANXA1 was decreased in LNM compared to primary gastric tumours.

Annexin A2 (ANXA2) is a peripheralmembrane protein also belong-
ing to the annexin family of calcium binding proteins. ANXA2 is known
to mediate cellular process that influence cancer proliferation such as
migration [112,113], invasion [114,115], and adhesion [116] in ovarian
[117], pancreatic [118], breast [119], and prostate [120] cancers.
The observed increased abundance of ANXA2 in ECswith LNM is consis-
tent with previously published studies, implicating ANXA2 as an
independent risk factor of EC [34,35].

ErbB2 (also known as HER2) and EGFR are members of the epider-
mal growth factor receptor (EGFR) family and their overexpression
has been shown to play a critical role in the pathogenesis of breast
[121], prostate [122], bladder [123], ovarian [124] and gastric cancer
[125]. However, neither HER2 overexpression nor HER2 amplification
appeared to be associated with progression free survival or overall
survival of EC patients [126]. Here, we describe low HER2 protein
expression and low EGFR levels in EC with LNM compared to those
without LNM; indicating an additional role for the tyrosine kinase
receptors in cancer metastasis.

To the best of our knowledge this is the first time the performance of
differentmodels using pathological parameters,MALDIMSI data and/or
IHC data haven been directly compared. Our results show that MALDI
MSI has the potential to help improve the clinical management of EC
which will potentially result in better outcomes for patients.
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5.4 Supplementary File 

Supplementary Table 1: List of target proteins with the potential to discriminate EC with or 

without metastasis 

Protein Accession 
no 

Expression observed as a 
metastatic protein Reference 

A4D0S9_human A4D0S9 Up [148, 149] 
ACTN4_human O43707  Up, Down [150-152] 
ADA1B_human P35368 Down TCGA data mining 
ALBU_human P02768  Down [153, 154] 
ALPK2_human Q86TB3 Down TCGA data mining 
ANXA1_human P04083  Down  [146, 155-157] 
ANXA2_human P07355  Up [158-160] 
ARSI_human Q5FYB1 Independently associated [161] 
B2L568_human B2L568 Up [98] 
C4BPB_human P20851 Up TCGA data mining 
CCNB1_human P14635 Down [162-164] 
CCNE1_human P24864 Down [165, 166] 
CD2A1_human P42771 Down [167-169] 
CLD3_human O15551  Up [170, 171] 
CNN1_human P51911 Down [98] 
CO1A1_human P02452  Up [98]  
CO1A2_human P08123  Up [98]  
CP089_human Q6UX73 Up TCGA data mining 
DESP_human P15924 Down [172] 
DHYS_human P49366 Up [98] 
DLX4_human Q92988 Down TCGA data mining 

DNER_human Q8NFT8 Down [161],TCGA data 
mining 

DPB1_human P04440 Up [98] 
DUS9_human Q99956 Independently associated  [161] 

EF2K_human O00418 Independently associated [161] 

EGFR_human P00533  Independently associated  [161, 173-175] 
ENPL_human P14625  Up [176-178] 
ERBB2_human P04626  Down [179]  
ESR1_human P03372 Down [180-182] 
EZRI_human P15311  Up [183-185] 
FBN3_human Q75N90 Independently associated [161] 
FBX17_human Q96EF6 Down TCGA data mining 
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GBRT_human Q9UN88 Independently associated  [161] 
GRP78_human P11021  Up [176, 186-189] 
HMGA2_human P52926 Up [190, 191] 
HNRPM_human P52272  Up [192, 193] 
HPT_human P00738  Up [194-197] 
IF4E2_human O60573 Up [98] 
IMP3_human Q9NV31 Up [198-203] 

KS6A6_human Q9UK32 Independently associated  [161] 

L1CAM_human P32004 Up [204-208] 
LMNB1_human P20700  Up [98, 209] 
MSLN_human Q13421 Up [210, 211] 
MT3_human P25713 Down [98] 

MUC6_human Q6W4X9 Up [161], TCGA data 
mining 

MYH11_human P35749 Down [98] 
MYLK_human Q15746  Down [98] 
NR4A1_human P22736 Down [98] 
OVGP1_human Q12889 Up TCGA data mining 
P53_human P04637 Up [180, 212-214] 
PDPK1_human O15530 Independently associated [161] 

PTEN_human P60484 Down [215, 216] 
PTTG1_human O95997 Up [98] 
RBM5_human P52756 Down [98] 

RN183_human Q96D59 Up [161], TCGA data 
mining 

RUNX1_human Q01196 Down [98, 217] 
RUXF_human P62306 Up [98] 
S2535_human Q3KQZ1 Up TCGA data mining 
TEX19_human Q8NA77 Independently associated [161] 
UPK2_human O00526 Down TCGA data mining 
YBOX_human P67809  Independently associated  [161, 218, 219] 
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Abstract 
The function of the glycoproteins has been found to be strongly correlated with the structure 

of their glycan moieties. Altered glycosylation has been observed in many diseases, 

including cancer. Glycan matrix assisted laser desorption ionisation mass spectrometry 

imaging (MALDI MSI) is an evolving technique in which mass spectrometry techniques 

are applied directly on tissues to characterize the spatial distribution of glycans. Here, we 

applied N-glycan MALDI MSI to an endometrial cancer patient’s formalin fixed paraffin 

embedded (FFPE) tissue section to spatially characterize the N-glycan expression within 

the heterogeneous tissue. Identification of the discriminative m/z values was achieved using 

porous graphitized carbon liquid chromatography (PGC-LC) and collision induced 

electrospray negative mode MS fragmentation analysis (ESI-MS/MS). The high mannose 

glycan structures were predominately detected in the tumour regions, while complex bi and 

tri-antennary structures were observed in the normal regions. In summary, tumour and 

normal regions were clearly distinguished based on their N-glycan distributions.  
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6.2.1 Introduction 
Glycosylation is one of the most common protein post-translational modifications (PTM), and 

its alteration is considered to be a hallmark of cancer [220]. It is estimated that approximately 

one-fifth of all proteins are glycosylated [221]. Glycoproteins play an important role in cell 

differentiation, cell-cell interactions, cell growth, adhesion, immune response and other cancer 

related activities [222]. An increasing number of studies have established that glycosylation 

varies significantly for cancer cells compared to normal cells [223, 224].  

Glycoproteins are mainly classified into two groups: (1) N-linked glycans that are attached to 

asparagine residues by their amine group and (2) O-linked glycans that are attached to 

serine/threonine residues by their hydroxyl group. Changes in the branching of N-glycans, 

truncation of O-glycans, changes in the amount, linkage, acetylation and expression of sialic 

acids have all been suggested to play a vital role in cancer [225]. N-linked glycans have been 

the most comprehensively studied type of protein glycosylation, as they can be easily released 

from proteins by enzymatic cleavage using Peptide-N-glycosidase F (PNGase F) [226]. 

Alterations in the degree of branching and levels of sialylation and fucosylation in N-glycans 

have been reported as a consequence of diseases [227-229]. An understanding of these 

alterations could provide a valuable opportunity to exploit cancer-specific protein 

glycosylation markers for prognosis and diagnosis of endometrial cancer (EC).  

All N-linked glycans share a common core sugar sequence, Manα1–6(Manα1–3)Manβ1–

4GlcNAcβ1–4GlcNAcβ1-Asn-X-Ser/Thr, and are classified into three types: (1) High-

mannose, in which only mannose residues are attached to the core; (2) complex, in which 

“antennae” initiated by N-acetylglucosaminyltransferases (GlcNAcTs) are attached to the core; 

and (3) hybrid, in which only mannose residues are attached to the Manα1–6 arm of the core 

and one or two antennae are on the Manα1–3 arm [230].  

Matrix assisted laser desorption ionisation (MALDI) mass spectrometry imaging (MSI) of 

glycans is a recent MS-based development which allows the visualization of the tissue specific 

spatial distribution of glycans without the need for homogenization, fractionation, or 

application of antibody-based techniques. The proof-of-principle paper describing the 

measurement of N-glycans by MALDI MSI was first published in 2014 [231]. Subsequently, 

N-glycan MALDI MSI has been successfully applied to discriminate specific tissue regions 

based on their glycan structure distributions. Our group has recently developed and optimised 

the protocol for glycan MALDI MSI [232]. In this study, we aimed to identify tissue specific 
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N-linked glycan markers which can discriminate regions of tumour from adjacent normal 

regions. N-glycan MALDI MSI was used to spatially characterize the N-glycan expression 

within the endometrial cancer FFPE tissue section. Identification of the discriminative m/z 

values were achieved using porous graphitized carbon liquid chromatography (PGC-LC) and 

collision induced electrospray negative mode MS fragmentation analysis (ESI-MS/MS). Our 

data indicates that the high mannose glycan structures were predominately detected in the 

tumour regions, while complex bi and tri-antennary structures were observed in the normal 

regions.  

6.2.2 Material and Methods 
 

6.2.2.1 MALDI MSI analysis of N-linked glycans 

The formalin fixed paraffin embedded (FFPE) EC tissue block was collected from the Royal 

Adelaide Hospital (RAH), South Australia. The study was approved by the ethics committee 

of the hospital.  

The tissue section was cut at 6 µm thickness, mounted onto an indium tin oxide (ITO) 

conductive glass slide (Bruker Daltonics), dried overnight in an oven at 37°C and was prepared 

as described previously [232]. Briefly, upon citric acid antigen retrieval (10 mM citric acid, pH 

= 6) and printing of 15 nL Peptide-N-Glycosidase F (PNGase F, New England Biolabs) at 250 

µm spacing using a ChIP-1000 printer (Shimadzu, Japan), the tissue section was incubated 

overnight at 37°C. 2, 5-Dihydroxybenzoic acid (DHB, Sigma-Aldrich, USA) matrix was 

prepared at 20 mg/mL in 0.1% TFA and 1 mM NaCl, and sprayed onto tissue sections using a 

TM-sprayer (HTX Technologies). Mass spectra were acquired with a laser frequency of 2 kHz 

over m/z 800–4500 Da using an ultrafleXtreme MALDI-TOF/TOF (Bruker Daltonics) in 

positive reflectron mode with flexControl (version 3.4, Bruker Daltonics) and flexImaging 

software (version 4.0, Bruker Daltonics). Prior to data acquisition, the instrument was 

externally calibrated using GLY3 standard (Man3GlcNAc2, Man3GlcNAc5, and 

Man3Gal4GlcNAc6, at a final concentration of 1 pmol/µL, Prozyme, USA) [232]. Data was 

acquired by oversampling at 100 μm lateral resolution overlaid onto the 250 μm PNGase F 

array.  Following MS acquisition, DHB matrix was removed using 70% ethanol, the tissue 

section was H&E stained and scanned using a Nanozoomer (Hamamatsu, Shimadzu). To align 

the MS data with the tissue histology, the H&E scanned tissue section was co-registered with 

the MALDI MSI results. 
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6.2.2.2 Data analysis 

The data was analysed using SCiLS lab software (version 2016b, GmbH, Bremen, Germany). 

Here, the raw data was processed by baseline removal and total ion count (TIC) normalization 

and the ion intensity maps were generated. Tumour and adjacent normal regions were grouped 

based on the annotations provided by a pathologist and discriminatory m/z values were 

calculated by receiver operating characteristic (ROC) curve. 

6.2.2.3 Identification of m/z values by PGC-LC-ESI-Ion Trap MS/MS 

To identify the discriminatory m/z values, the FFPE tissue block was sectioned at 6 μm 

thickness, water bath mounted onto polyethylene naphthalate (PEN) membrane slides (Micro-

Dissect, Herborn, Germany), and deparaffinised by heating at 60°C for 5 minutes, stripped of 

paraffin wax using xylene, and rinsed with 100% Ethanol. The tissue section was manually 

micro dissected, treated with antigen retrieval (10 mM citric acid, pH = 6), and incubated 

overnight with PNGase F. The reaction supernatant was reduced, desalted, and purified using 

in-house packed carbon columns prior to porous graphitized carbon liquid chromatography 

(PGC-LC) coupled online to a collision induced electrospray negative mode MS fragmentation 

analysis as described previously [226]. 

6.2.3 Results 
A MALDI MSI experiment was carried out to comprehensively map the tissue specific 

distribution of the characterized N-linked glycans on an EC FFPE tissue section as previously 

described [232]. This was done using an ultrafleXtreme MALDI-TOF/TOF MS with 

flexControl and flexImaging software in positive reflectron mode over a detection range of m/z 

800-4500 Da. All glycans were detected as sodium adducts and m/z values were selected and 

visualized in SCiLS lab software (v2016b, GmbH, Bremen, Germany) with edge-preserving 

image denoising and automatic hotspot removal applied. Statistical analysis by ROC and 

determination of the area under the ROC curve was carried out to determine the specificity and 

sensitivity of the discriminative m/z values. Figure 6 shows the H&E stained annotated EC 

FFPE tissue section. The region annotated in red represents the tumour while the region 

adjacent to it represents normal tissue.  
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Figure 6: Annotated haematoxylin and eosin stained endometrial cancer formalin fixed 

paraffin embedded tissue section 

N-glycan structures were manually assigned to the corresponding glycan masses from 

spatially localized MALDI MSI data using the following steps: a) the monosaccharide 

composition was deduced based on the mass of the released N-glycan masses (using 

GlycoMod, http://web.expasy.org/glycomod/) [233], (b) mass-matching of theoretical 

fragment mass ions produced by tandem MS for each structure, and (c) use of diagnostic 

fragment ions in negative ion mode that have been previously reported for the identification 

of specific glycan structural features [232, 234]. Table 1 provides a combined list of the N-

glycan candidates which were found by MALDI MSI and further identified by PGC-LC-

ESI-MS/MS. In total, 32 N-glycans were identified by LC-MS/MS. Of the 32 N-glycans 

identified by LC-MS/MS, 23 were detectable in the MALDI MSI dataset. Figure 7 shows 

a representative MS/MS fragmentation spectrum derived from the doubly charged negative 

ion of m/z 698.532− corresponding to the (Hex)3 + (Man)3(GlcNAc)2 (Figure 7A) and m/z 

812.552− corresponding to the (Hex)1 (HexNAc)2 (Deoxyhexose)1 + (Man)3(GlcNAc)2 

(Figure 7B). MS/MS spectra were annotated using GlycoWorkbench (version 2.1, Build 

146), based on the nomenclature of Domon and Costello [235] viz., fucose (red triangle), 

mannose (green circle), galactose (yellow circle), N-acetylglucosamine (blue square), and 

N-acetylgalactosamine (yellow square).  

  

Normal

Tumour
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Table 1: N-glycan structures assigned by PGC-LC-ESI-ion trap MS/MS. Proposed N-

glycan structures detected and characterized by negative ion mode LC-ESI-ion trap MS/MS 

in tumour and adjacent normal FFPE tissue regions. The m/z values from MALDI MSI 

corresponds to the sodiated mass [M+Na]+. The singly negatively charged monoisotopic 

masses [M-H]1- were calculated from their observed doubly negatively charged 

monoisotopic masses [M-2H]2-, matching composition and proposed structure. 

Monosaccharide symbols are as defined by the Consortium for Functional Glycomics 

[236]. (ND is not detected) 

 

 
Glycan 

composition 
Glycan structure 

Retention 

Time 

Detected m/z in LC-ESI-

ion trap MS/MS 

Detected m/z 

in MALDI 

MSI Normal Tumour 

1 
(Hex)2 + 

(Man)3(GlcNAc)2  

26.01 617.4 617.4 1257 

2 
(HexNAc)2 + 

(Man)3(GlcNAc)2  

21.06 658.8 ND 1339.6 

3 
(Hex)3 + 

(Man)3(GlcNAc)2 
 

21.72 698.3 698.8 1419.6 

4 

(HexNAc)2 

(Deoxyhexose)1 + 

(Man)3(GlcNAc)2  

29.28 731.3 731.8 1485.8 

5 

(Hex)1 

(HexNAc)2 + 

(Man)3(GlcNAc)2 
 

27.06 739.5 ND 1501.6 

6 
(Hex)4 + 

(Man)3(GlcNAc)2 
 

21.88 779.51 779.8 1581.5 

7 

(Hex)1 

(HexNAc)2 

(Deoxyhexose)1 + 

(Man)3(GlcNAc)2 
 

32.15 812.61 812.8 1647.6 

8 

(Hex)2 

(HexNAc)2 + 

(Man)3(GlcNAc)2 
 

29.99 820.67 820.3 1663.6 
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9 

(HexNAc)3 

(Deoxyhexose)1 + 

(Man)3(GlcNAc)2  

21.93 833.09 833.3 1688.6 

10 

(Hex)1 

(HexNAc)3 + 

(Man)3(GlcNAc)2  

17.84 841.22 840.09 1704.6 

11 
(Hex)5 + 

(Man)3(GlcNAc)2 
 

20.90 860.59 860.8 1743.6 

12 

(Hex)2 

(HexNAc)2 

(Deoxyhexose)1 + 

(Man)3(GlcNAc)2 
 

36.35 893.6 893.2 1809.6 

13 

(Hex)1 

(HexNAc)3 

(Deoxyhexose)1 + 

(Man)3(GlcNAc)2 
 

24.93 914.15 913.8 1850.9 

14 
(Hex)5 + 

(Man)3(GlcNAc)2 
 

26.03 941.22 941.8 1905.6 

15 

(Hex)3 

(GlcNAc)1 

(NeuAc)1+ 

(Man)3(GlcNAc)2 
 

26.59 ND 945.9 ND 

16 

(Hex)1 

(HexNAc)2 

(Deoxyhexose)1 

(NeuAc)1 + 

(Man)3(GlcNAc)2 

 

40.50 958.17 ND ND 

17 

(Hex)2 

(HexNAc)2 

(NeuAc)1 + 

(Man)3(GlcNAc)2 

 

28.75 966.2 966.4 ND 

160 
 



18 

(Hex)1 

(HexNAc)3 

(Deoxyhexose)2 + 

(Man)3(GlcNAc)2 
 

46.86 987.4 987.68 ND 

19 

(Hex)2 

(HexNAc)3 

(Deoxyhexose)1 + 

(Man)3(GlcNAc)2 
 

27.88 995.15 995.4 2012.8 

20 
(Hex)7 + 

(Man)3(GlcNAc)2  
24.69 1022.58 1022.9 2067.8 

21 

(Hex)2 

(HexNAc)2 

(Deoxyhexose)1 

(NeuAc)1 + 

(Man)3(GlcNAc)2 

 

34.79 1039.73 1039.4 2100.8 

22 

(Hex)1 

(HexNAc)3 

(Deoxyhexose)1 

(NeuAc)1 + 

(Man)3(GlcNAc)2 

 

33.38 1059.75 1059.69 2163 

23 

(Hex)2 

(HexNAc)2 

(Sulphate)1 

(NeuAc)1 + 

(Man)3(GlcNAc)2 

 

39.27 1076.27 1076.4 2175.8 

24 

(Hex)2 

(HexNAc)2 

(NeuAc)2 + 

(Man)3(GlcNAc)2 

 

29.69 1111.8 1111.9 2245.8 

25 

(Hex)1 

(HexNAc)3 

(Deoxyhexose)2 

(NeuAc)1 + 

(Man)3(GlcNAc)2 

 

32.02 ND 1132.87 ND 
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26 

(Hex)2 

(HexNAc)3 

(Deoxyhexose)1 

(NeuAc)1 + 

(Man)3(GlcNAc)2 

 
27.61 1140.78 1141 2304 

27 

(Hex)2 

(HexNAc)2 

(Deoxyhexose)1 

(NeuAc)2 + 

(Man)3(GlcNAc)2 

 

46.46 1184.33 1184.9 2391.8 

28 

(Hex)3 

(HexNAc)3 

(Deoxyhexose)1 

(NeuAc)1 + 

(Man)3(GlcNAc)2 

 
35.47 1221.85 1221.9 2465.8 

29 

(Hex)2 

(HexNAc)3 

(Deoxyhexose)1 

(NeuAc)2 + 

(Man)3(GlcNAc)2 

 
27.63 1286.38 1286.4 2594.8 

30 

(Hex)5 

(HexNAc)5 + 

(Man)3(GlcNAc)2  

41 1368.93 1368.3 2759.6 

31 

(Hex)4 

(HexNAc)4 

(Deoxyhexose)1 

(NeuAc)1 + 

(Man)3(GlcNAc)2 

 

41.75 1404.49 1404.7 2831.4 

32 

(Hex)3 

(HexNAc)3 

(NeuAc)3 + 

(Man)3(GlcNAc)2 
 

36.55 1439.50 ND 2902.4 
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Figure 7: Tandem mass spectrometry fragmentation spectra derived from the doubly charged 

negative ion isomers of (A) m/z 698.532− and (B) m/z 812.552−, respectively. The identified 

structures with their key fragments are shown. Monosaccharide symbols are as defined by the 

Consortium for Functional Glycomics [236].  
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The spatial ion intensity maps for four individual [M+Na]+ values which correspond to (Hex)3 

+ (Man)3(GlcNAc)2 (m/z 1419.671 ± 0.125 Da), (Hex)4 + (Man)3(GlcNAc)2 (m/z 1581.726 ± 

0.125 Da), (Hex)5 + (Man)3(GlcNAc)2, (m/z 1743.807 ± 0.125 Da) and (Hex)5 + 

(Man)3(GlcNAc)2 (m/z 1905.871 ± 0.125 Da), as identified by LC-MS/MS are shown in Figure 

8. These N-linked glycans belong to the high-mannose glycan family and were observed to be 

predominantly abundant in the tumour region compared to the adjacent normal region, as 

shown also in the ROC curve (AUC = 0.768-0.907).  

The ion intensity maps for four individual [M+Na]+ values which correspond to (Hex)1 

(HexNAc)2 (Deoxyhexose)1 + (Man)3(GlcNAc)2 (m/z 1647.801 ± 0.125 Da), (Hex)2 

(HexNAc)2 + (Man)3(GlcNAc)2 (m/z 1663.781 ± 0.125 Da), (Hex)2 (HexNAc)2 

(Deoxyhexose)1 + (Man)3(GlcNAc)2 (m/z 1809.853 ± 0.125 Da), and (Hex)1 (HexNAc)3 

(Deoxyhexose)1 + (Man)3(GlcNAc)2 (m/z 1850.923 ± 0.125 Da), are shown in Figure 9. These 

hybrid/complex N-glycans were observed predominately in the adjacent normal region 

compared to the tumour region. The corresponding ROC curves display a fair accuracy in 

discriminating the normal region from the tumour region (AUC = 0.041-0.173). 

 

  

164 
 



 

Figure 8: High-mannose glycans are elevated in endometrial cancer. N-linked glycans were 

released in situ on FFPE tissue sections using PNGase F and analysed by MALDI-TOF/TOF 

MS. Monoisotopic glycan masses were measured in the positive ion reflectron mode as 

[M+Na]+ adducts. The m/z values were selected and visualized in SCiLS lab software (v2016b, 

GmbH, Bremen, Germany) with edge-preserving image denoising and automatic hotspot 

removal applied. Four high-mannose structures 1419.671 (A), 1581.726 (B), 1743.807 (C) and 

1905.871 (D), were observed predominantly in the tumour region compared to the adjacent 

normal region.  
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Figure 9: Hybrid/complex N-glycan structures were predominantly observed in the adjacent 

normal region compared to the tumour region. N-linked glycans were released in situ on FFPE 

tissue sections using PNGase F and analysed by MALDI-TOF/TOF MS. Monoisotopic glycan 

masses were measured in the positive ion reflectron mode as [M+Na]+ adducts. The m/z values 

were selected and visualized in SCiLS lab software (v2016b, GmbH, Bremen, Germany) with 

edge-preserving image denoising and automatic hotspot removal applied. The hybrid/complex 

N-glycan structures 1647.805 (A), 1663.781 (B), 1809.853 (C) and 1851.923 (D), were 

observed predominantly in the adjacent normal region compared to the tumour region. 
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6.2.4 Discussion 
It has long been known that glycans are frequently altered in tumorigenesis and therefore the 

discovery of cancer-specific protein glycosylation markers would be beneficial in the staging 

and treatment of EC patients. Glycan MALDI MSI is a recent MS-based development and has 

been successfully applied to discriminate specific tissue regions based on their glycan structure 

distribution. Our data indicate that the in situ PNGase F released N-linked glycans were easily 

able to discriminate the regions of tumour from adjacent normal regions. High-mannose glycan 

structures (shown in Figure 8) were observed to be significantly more abundant in the tumour 

region compared to the adjacent normal region. The increase in high-mannose structures has 

been previously reported in breast cancer, colorectal cancer, hepatocellular carcinoma and 

ovarian cancer [234, 237-239]. On the other hand, the complex bi-antennary and tri-antennary 

structures (shown in Figure 9) were significantly more abundant in the adjacent normal region. 

The glycan masses showed high AUC values, confirming their potential power as 

discriminators between the tumour and adjacent normal regions. 

The results observed in this study offer a unique advantage in the analysis of endometrial 

cancer. However, future work on larger patient samples will be required to understand the 

biological relevance of this observation and to discover cancer-specific markers. 
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7.1 Main Findings and Other Considerations 

The clinical relevance of lymphadenectomy is currently one of the most discussed topics in the 

management of EC. Since FIGO introduced surgical staging of EC, essential questions have 

remained unanswered including the extent of an optimal lymphadenectomy and which 

subgroup of patients would benefit. In Australia, clinicians routinely perform systematic pelvic 

and para-aortic lymphadenectomy up to the level of the renal vein for EC. However, it has been 

established that patients with a low-risk for recurrence do not benefit from lymphadenectomy 

[45, 240]. 

Primary pathological characteristics such as myometrial invasion, cervical stromal invasion, 

histological type, lympho-vascular space invasion (LVSI), tumour size, and tumour grade have 

been investigated for their association with LNM [241]. However, only LVSI has been shown 

to correlate with LNM [40]. Multiple studies including ours have demonstrated the positive 

association of LVSI and LNM [242]. Unfortunately, the LVSI information can be obtained 

only after surgery. Clinical use of predictive tissue markers before surgery could prevent 

unnecessary surgical treatment, thereby directly reducing EC morbidity and complications 

associated with the removal of lymph nodes.  

For over 100 years clinical pathology has relied upon the description of tissue morphology by 

trained specialists for tumour classification and grading. The information that can be gained 

from such analyses is descriptive, without providing any molecular information. In the past 

decade, MALDI MSI has successfully been applied to the discovery of potential biomarkers 

with the capacity to differentiate tumours of various subtypes, stages, and/or degree of 

metastasis [243]. Using MALDI MSI, Nipp et al. have shown the overexpression of S100A10, 

thioredoxin, and S100A6 to be highly associated with metastatic potential in papillary thyroid 

carcinoma (PTC) [244]. Other protein biomarkers have been suggested for the prediction of 

LNM in several cancers, such as S100A8 and S100A9 for gastric adenocarcinoma [245], and 

COX7A2, TAGLN2 and S100-A10 for predicting LNM in Barrett’s adenocarcinoma [246]. 

Yanagisawa et al. were able to classify primary lung tumours with and without LNM with an 

accuracy of 85% [247]. Using MALDI MSI, our goal is to improve upon the current system of 

clinicopathologic risk group stratification that is based on irreproducible variables of stage and 

grade assignment [248], and is not highly predictive of outcomes [249]. 

MALDI MSI data are always characterized by a large number of variables i.e. the mass peaks 

relative to a small sample size. An important issue in analysing such data is to prevent 
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mistakenly selecting mass peaks whose high discriminatory power is based purely on chance 

because of artefacts in the data. MALDI MSI on TMAs facilitates the collection of label-free 

and high-dimensional data, which are difficult to process and interpret. In order to manage and 

interpret such data, it is necessary to perform some dimension reduction prior to classification. 

Therefore in the present study, after the MALDI MSI data from TMAs containing a total of 43 

patient were acquired, a CCA based classification method proposed by Winderbaum et.al. 

[143] was applied to rank the intensities of the m/z values. This ranking was based on their 

power to discriminate the primary carcinomas with metastatic potential from those without and 

to reduce the dimensions of the data by restricting them to only the most highly ranked MSI 

variables. By doing this, we have identified 20 m/z values which can classify 88% of all 

tumours correctly. Potential peptide identifications for the top 20 m/z values, were compiled 

by matching to sequences obtained by data dependent acquisition LC-MS/MS (Chapter 4, 

Section 4.4, Supplementary Table 2). Of the 20 m/z values, 3 had no matches within the tandem 

MS data, with the remaining 17 having 2 or more possible sequence matches. In order to 

confirm peptide identifications, the m/z values were targeted for in situ MS/MS directly off the 

tissue, from which only 2 peptides could be verified; m/z 1198 AVFPSIVGRPR (α-Actin-2), 

and m/z 976 AGFAGDDAPR (α-Actin-2). Hence, most of the m/z values used in the MALDI 

MSI classification model remained unidentified. The possible explanation for why not all the 

m/z values were identified by tandem MS is because a number of exclusion or inclusion criteria 

were used, such as the number of unique peptides identified, peak intensity thresholds, 

identifiable modifications, mass tolerance, and/or enzyme specificity. For instance, to obtain 

the protein identities, it is generally necessary to enzymatically convert the proteins into their 

constituent peptides and then sequenced by tandem MS experiments, in which parent ions are 

fragmented to produce daughter ions. The resulting product-ion mass spectra contain the 

information about the sequence, molecular mass, and abundance of the ions. Based on the 

degree of correlation between the experimentally observed and the theoretical spectra (in silico 

digests of protein), protein identities are scored and assigned [112]. We believe that in doing 

so, we could be losing important information in each step. In contrast, the MALDI MSI data 

has not been subjected to any downstream exclusion or inclusion criteria, thereby avoiding any 

inherent bias introduction. Future work might consider the clinical evaluation of proteomic 

patterns without necessarily knowing their identity or sequence, as similar pattern recognition 

is currently being employed by the automated analysis of microorganisms using MALDI. 
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The proteins identified as plectin and α-Actin-2, were further validated by 

immunohistochemistry (IHC). This was chosen as the method for validation given its routine 

use in clinical pathology laboratories. However, the IHC analysis of plectin failed to identify a 

difference in staining intensity of tumours with LNM when compared to tumours without 

LNM. Significantly, this is in contrast to the results produced by the MALDI MSI classification 

model and data independent acquisition LC-MS/MS. One possible explanation of the 

discrepancy of results as shown by Bian et al. is that S1047 in plectin is a potential 

phosphorylation site [250]. As a result, it might be difficult to validate the relative abundance 

of a protein of interest by the clinically approved IHC technique.  

In the past two decades, multiple studies have identified potential biomarkers of EC metastasis, 

however none of them are in clinical use. As a targeted approach in the current study, we aimed 

to develop a predictive model using previously identified biomarkers. Following a review of 

the literature and publically available data, we compiled a list of 60 proteins having the 

potential to display differential abundance between the primary tumours with and without 

LNM, of which 23 were detected by DDA LC-MS/MS. The possible explanation as to why not 

all the proposed biomarkers were detectable at the protein level is because a large number of 

the biomarkers assessed in this study originated from the genomics data and it is well 

documented that only about two-thirds of protein abundance can be predicted from mRNA 

measurements [251]. Since 2004, numerous studies have compared correlation between mRNA 

and protein levels and concluded that the correlation is poor [252-255]. A recent study by Lu, 

R et al. on embryonic stem cells revealed that changes in protein levels are not necessarily 

accompanied by changes in corresponding mRNAs [256]. Schwanhausser et al. performed 

stable isotope labelling by amino acids in cell culture (SILAC) followed by mass spectrometry 

to measure protein turnover, and 4-thiouridine to measure mRNA turnover in exponentially 

growing, non-synchronized mammalian cells and found that proteins were, on average 5 times 

more stable (median half-life 46 h) than mRNA (9 h) [252, 257]. Authors have found that 

abundant housekeeping genes coding for ribosomal, glycolytic and TCA cycle proteins tend to 

have stable mRNAs and stable proteins. In contrast, transcription factors, signalling genes, 

chromatin modifying genes, and genes with cell-cycle specific functions tend to have unstable 

mRNA and unstable protein [252]. Thus, the most important and interesting regulators of 

cellular division and differentiation would be expected to have a poor correlation between 

mRNA and protein while housekeeping proteins would probably have relatively good 

correlation [258]. However, Marginantu et al showed that even mitochondrial house-keeping 
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proteins may vary independently of mRNA changes [259]. Stark et al. measured the correlation 

between mRNA and protein levels in breast cancer primary tumours and brain metastasis and 

observed that the mRNA level of p53 was significantly lower in brain metastasis than primary 

tumours but protein levels were only slightly lower (not significant) [260]. Sarro et al. also 

observed that the mRNA level did not correlate with protein levels [261].  

Of the 23 biomarkers that were detectable at the protein level by DDA LC-MS/MS, the 

differential abundance of five of those proteins were observed by DIA LC-MS/MS. The 

proteins identified were further validated by IHC. When this IHC data was used to generate a 

logistic regression model for LNM in conjunction with LVSI, it resulted in a model with only 

ACTN4 and LVSI being significant. Likewise, a predictive model using the clinicopathologic 

features such as age, stage, grade, and LVSI and the top 10 MALDI MSI variables as ranked 

by the CCA analysis, resulted in a model with 3 MALDI MSI variables and LVSI being 

significant. Both the IHC data of ACTN4 and MALDI MSI variables, when combined with 

LVSI, outperformed LVSI alone. However, the MALDI MSI model outperformed the ACTN4 

IHC model. Our data analyses have shown that the predictive model using highly ranked m/z 

values identified by MALDI MSI outperforms the current clinicopathologic approach. 

Therefore, the question arises whether this classification model can be used for new clinical 

studies and guide treatment decisions.  

Clinical mass spectrometric assays generally use internal standards to correct for variable 

ionization and suppression [262]. As an internal standard reference, it would be desirable to 

incorporate either known added components or classic and well-established biomarkers such 

as keratins and vimentins that are found consistently throughout all tissue samples. Spiking this 

internal standard into calibrators, standards, and samples at an equal concentration provides a 

means to normalize for variability in sample preparation and MALDI mass spectrometric 

analysis. Most important, was the observation that randomly selected samples, unknown to the 

person performing MALDI MSI obtained nearly identical spectral patterns after months or 

even a year later. Furthermore, it will be critical to determine the analytical sensitivity of this 

method; especially the reproducibility of MALDI MSI spectra, i.e., mass location and intensity 

from one patient to other patient in a single lab and between labs, which has to be determined 

using the control sample. Dekker et al. reported the first multicentre clinical study and 

demonstrated that protein biomarkers of stromal activation in breast cancer could be 

reproducibly detected in two different biomedical centres, in which different patient collections 

were analysed by different analysts, using slightly different methods and instruments [263]. 
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Differences were observed in the spectra that were recorded in both centres, as would be 

expected considering the different sample preparation strategies employed. Nevertheless, all 

protein ions that were found to be statistically significant in the Munich data set, were also 

detected and found to be statistically significant in the Leiden data set [263].  
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7.2 Clinical Applications of MALDI-TOF  

The ability of matrix-assisted laser desorption ionization-time of flight mass spectrometry 

(MALDI-TOF MS) to register biomarker ions in a broad m/z range, that are unique and 

representative for individual microorganisms, forms the basis of current applications of mass 

spectrometry in microbiology [264]. Even though the first study for microbial identification 

based on species-specific spectra of peptides and protein masses by mass spectrometry was 

first proposed in 1975 by Anhalt & Fenselau [265], MALDI-TOF MS devices designed for use 

under routine conditions have only recently been commercially introduced. For example the 

Biotyper, a MALDI-based identification of microorganisms based on standardized MALDI 

MS analysis of colonies followed by classification, is now an FDA-approved technology and 

has had a large clinical impact [266], primarily through the reduction in health care costs 

associated with faster and less expensive methods for microorganism identification [267]. 

More than 2000 MALDI Biotyper instruments have been installed in hospital laboratories 

worldwide. It provides a straightforward means to differentiate microorganism species based 

on their protein profiles (protein mass pattern).The success of this application is due to the 

performance advantages of the mass spectrometer, which provides data to the clinician faster, 

more cost effectively, and more accurately than the classical microbial approaches [268]. As 

the MALDI Biotyper approach is similar to the use of MALDI imaging in tissue-based 

experiments, we believe that this concept could also be of great interest for classification of EC 

patient samples. For clinical pathology laboratories currently using MALDI MS for microbial 

identifications, it is attractive to extend this technology for the identification of cancer 

biomarkers. 

MALDI mass spectrometry imaging (MSI) is a relatively simple technique that has great 

potential to develop into a valuable diagnostic technique that can complement established 

histological and histochemical methods. Generation of the mass spectra requires only a small 

tissue sample that could be obtained by endometrial biopsy or curettage specimens that are 

routinely obtained during the EC evaluation. If a high degree of accuracy can be achieved 

through a protein profile, identifying the individual proteins that make up the signature 

becomes diagnostically unnecessary [269]. By this approach, the protein profile itself, 

independent of the underlying identities of the proteins or peptides, is the discriminator, and 

has the ability to direct clinical care. In order to continue to move toward being placed in a 

clinical setting, further improvements need to be made towards standardizing production of 

176 
 



libraries of tissue signatures for routine matching to patient samples [267]. MALDI MSI is still 

under development and is a promising tool for discovering clinical biomarkers, strengthening 

the efforts for optimizing both the prevention and treatment of disease.   
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7.3 Role of Extracellular Matrix in Endometrial Cancer 

The ability of tumour cells to invade into surrounding tissues and spread to distant sites is 

characteristic of malignant tumour cells. During metastasis, tumour cells cross the basement 

membrane (BM), the extracellular matrix (ECM) and vessel walls [270]. The ECM is a 

complex three-dimensional network of cross-linked proteins providing architectural support 

necessary to maintain the tissue integrity and sustainability [271]. It has been shown previously 

that the ECM supports proliferation and survival of tumour cells; it contributes to the formation 

of the cancer stem cell niche and thus sustains primary tumour growth; it participates by its 

nature and/or architecture in the formation of a pro-invasive environment; and, finally, it 

contributes to the invasion of distant sites by participating in the formation of a 

microenvironment that will support tumour cell seeding and growth [272-276]. The ECM thus 

appears to be of great interest for discovery of biomarkers for disease progression and 

metastasis.  

Our study focused on primary tumours and we didn’t analyse the ECM from our patient 

samples. However, a group from the University of New South Wales, NSW, Australia, have 

done extensive research on ECM in EC and initiated a collaboration with us. Preliminary results 

show differences in the ECM of healthy individuals versus cancer patients (manuscript under 

preparation) and it is worth considering repeating our study with the focus on ECM. 
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7. 4 Conclusion and Future Perspectives 

Although MALDI MSI has already had a substantial impact in cancer research, it is not yet 

widely adopted. In order to establish MALDI MSI as a robust analytical technology for clinical 

applications, further developments need to be made towards (i) high-throughput methods and 

instrumentation, (ii) the ability to quantitate MALDI MSI results, and (iii) bioinformatics tools 

for analysis of large datasets. However to meet the needs of the researchers, work has been 

done to improve both the instrumentation and the experimental workflow during the past 

several years. Advances in instrumentation including Fourier transform-based methods and the 

incorporation of ion mobility, have been shown to be effective for broadening the application 

of MSI. With the advent of new instruments on the market, resolutions of < 10 µm can be 

achieved that have the capacity to analyse subcellular structures [277]. Laser speed has 

increased from the 200 Hz of 8–10 years ago to 2–10 kHz. Several groups have also introduced 

methods to obtain absolute quantitative information from MALDI MSI data by incorporating 

an internal standard of varying concentrations to correct for signal variability. The intensity of 

the biomarkers is estimated by comparing the ion intensity in the image to the standard curve 

from the dilution range [278, 279]. Groseclose et al. demonstrated that this method is 

comparable to similar analysis by LC MS/MS [278]. Pirman et al. applied an isotopically 

labelled internal standard uniformly beneath the tissue section, and wide-isolation tandem mass 

spectrometry was performed. Normalizing the analyte ion signal by the internal standard ion 

signal resulted in significant improvements in MS images, signal reproducibility, and 

calibration curve linearity. From the improved MS images, the concentration of protein of 

interest was determined and plotted producing a concentration-scaled image of the distribution 

of protein of interest in the piglet brain section [279]. However, data processing and analysis 

are areas within the MALDI MSI workflow that are currently being rigorously pursued for 

effective, cross-platform applications [280]. 

The ongoing technological developments in MALDI MSI have the capability to revolutionize 

pathology. The possibility of measuring hundreds of molecules at the cellular level with direct 

correlation to histological features could overcome a multitude of limitations of other 

approaches in the identification and routine diagnostic measurement of new marker 

molecules/profiles. However, large scale studies proving the technology to be reliable in a 

clinical setting and establishing robust sample preparation and measurement strategies that 

show high agreement between different laboratories are still lacking. In order to take MALDI 
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MSI to the next level and towards implementation in the clinic, close collaborations between 

physicians, especially pathologists, molecular biologists and technology developers are 

needed. We believe that such strategies may allow the replacement in the near future of the 

traditional methods of identification, which are time-consuming and sometimes not reliable. 
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7.5 Overall summary 

The identification of biomarkers that can predict the status of lymph node metastasis in 

endometrial cancer assists with the prognosis and management of the disease. A number of 

potential molecular markers have been identified but their role in clinical decision making still 

needs to be established. The major limitations in delaying translation of the biomarkers to the 

clinic is due to (i) The heterogeneity of protein expression among and in tumours creates a 

challenge since most tissue based assays rely on tissue homogenization (ii) Given the numerous 

molecular pathways that impact tumorigenesis, it is unlikely that a single marker currently 

fulfils all criteria [269]. Therefore, combinations of molecular markers or a proteomic signature 

consisting of multiple differentially expressed peptides are expected to form the most 

promising tool to help guide treatment decisions.  

Using MALDI MSI on formalin-fixed paraffin embedded tissue samples, we have proposed a 

new system for classification based on the molecular features. This provides independent 

prognostic information beyond the established risk factors. The proposed molecular 

classification tool has the potential to be used routinely in guiding treatment for individuals 

with endometrial carcinoma and in stratifying cases in future clinical trials. If we can 

demonstrate equivalence or superiority of a molecular classification system in diagnostic 

endometrial samples and prognostic significance of a classifier, then women and their 

physicians could have valuable information that would help them guide decision making at the 

earliest time point in their cancer journey (e.g., at diagnosis). In future it is envisioned that 

decisions could be made before surgical staging regarding the urgency and extent of surgery, 

anticipated adjuvant therapy and follow-up plans.  

Furthermore, the application of these classification tools to a larger patient’s cohort, will ensure 

the technology’s reliability in a clinical setting. We are working towards the confirmation and 

validation of this molecular classification in an unknown EC patient cohort. It remains to be 

seen whether this molecular classification tool may be able to classify the metastasis patient 

from those without with similar accuracy or possibly to exceed current best practice. However, 

to assure the robustness, the CCA classification algorithm is being verified among a vulvar 

cancer patient cohort and the classification model was able to distinguish vulvar cancer patients 

with LNM from those without LNM (for details refer to Supplementary File of Appendix I). 

We see an opportunity to test this classification model across cancer centres and on 

preoperative endometrial samples, thus influencing management at time of diagnosis.  
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In summary, a molecular classification model proposed in this study may have the potential to 

be used in the clinic. It will likely prove to be more reproducible than histopathological 

assessment, but this needs to be formally evaluated. We suggest combining the pathologic and 

molecular classification model, as an option to improve the clinical management of EC patients 

and this should form the basis for future prospective clinical studies. 
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Applying MALDI-MS imaging to tissue microarrays (TMAs) provides access to proteomics data
from large cohorts of patients in a cost- and time-efficient way, and opens the potential for apply-
ing this technology in clinical diagnosis. The complexity of these TMA data—high-dimensional
low sample size—provides challenges for the statistical analysis, as classical methods typically
require a nonsingular covariance matrix that cannot be satisfied if the dimension is greater
than the sample size. We use TMAs to collect data from endometrial primary carcinomas from
43 patients. Each patient has a lymph node metastasis (LNM) status of positive or negative,
which we predict on the basis of the MALDI-MS imaging TMA data. We propose a variable
selection approach based on canonical correlation analysis that explicitly uses the LNM infor-
mation. We apply LDA to the selected variables only. Our method misclassifies 2.3–20.9% of
patients by leave-one-out cross-validation and strongly outperforms LDA after reduction of the
original data with principle component analysis.
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MALDI-MS imaging enables the relative quantification and
spatial expression profiling of thousands of peptides within
and between tissues . Using tissue microarrays (TMAs) can
facilitate the acquisition of data from large cohorts of pa-
tients [1], but relative to the number of resolvable ion species,
the sample sizes remain small—less than 100 patients rep-
resented in a typical study, although there are some notable
exceptions [2]. Classification at a patient level of such data
is of clinical interest, but classical approaches to classifi-
cation, such as linear discriminant analysis (LDA), do not
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metastasis; LOO, leave-one-out; PCA, principle component anal-
ysis; TMA, tissue microarray

apply without modifications such as prior feature selection or
regularization. In this paper we suggest a method for dimen-
sion reduction via variable selection prior to classification
and demonstrate its effectiveness when applied to the data
of [3], which consist of MALDI-MS imaging data collected
from TMAs of formalin-fixed, paraffin-embedded (FFPE) pri-
mary endometrial carcinoma tissue. For these endometrial
cancer data it is of interest to distinguish between patients
with lymph node metastasis (LNM) and those without.

Endometrial cancer is the most common gynaecological
malignancy in Australia with 2256 diagnosed cases in 2010
and 381 associated deaths in 2011 [4]. The presence or ab-
sence of lymph node metastasis (LNM) is the most important
prognostic factor in endometrial cancer as patients with lo-
calised disease have a 5-year-survival rate of 96%, which drops
to just 17% for patients with metastatic disease [5]. Accurately
staging endometrial cancer is difficult and a large percentage
of patients are misclassified prior to treatment [6]. Although
the presence of LNM is confirmed in only around 15% of

Colour Online: See the article online to view Figures 1 and 2 in
colour.
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cases [7, 8], the majority of endometrial cancer patients un-
dergo radical treatment including the removal of pelvic lymph
nodes as a precautionary measure to compensate for our cur-
rent inability to accurately stage the disease. Lymph node
removal is associated with significant complications includ-
ing lower extremity lymphoedema, which has been described
in up to 38% of patients [9]. A classification system based
around predictive tissue markers of metastasis would greatly
benefit stage I endometrial cancer patients by helping de-
termine optimal treatment strategies that avoid unnecessary,
invasive procedures.

The sample preparation of the endometrial TMAs
included citric acid antigen retrieval [10], trypsin digestion,
addition of internal calibrants [11], and matrix deposition.
Further details on the data acquisition for the endometrial
data are available in [3]. As part of the data acquisition
peak-picking was performed through proprietary software
(flexControl v3.0.1 and flexImaging v4.0.1, Bruker Daltonik,
http://www.bruker.com). All our analyses are carried out
solely on the monoisotopic peaks detected by this method.
These peak-data are about two orders of magnitude smaller
and result in much faster computation times while preserving
important information.

Two sections (technical replicates) of two TMAs were ana-
lyzed and tumour regions annotated by a pathologist. In this
analysis, the only information we use about each spectrum
is which patient it belongs to and whether the pathologist’s
annotations include it as tumor. After consideration of the
patient clinical data it was determined that 43 patients suit-
able for the study are represented across the two TMAs. Of
these 43 patients, 16 are LNM positive, 27 are negative. De-
tails on the endometrial cancer project from which these data
originate are available in [3].

We construct 0.25 Da wide, nonoverlapping bins that
are the variables in our analyses. In addition we repeat the
analyses for shifted bins. Our final prediction combines the
corresponding results from the individual analyses, using a
majority rule. Details regarding the choice of bins, shifted-bin
analyses and majority rule are given in the supplementary in-
formation.

For each patient, spectra were averaged for each m/z bin.
These averages are assembled into data matrices with 43
columns corresponding to the patients represented in the
study, and 4582 rows corresponding to m/z bins with at least
one peak in them in at least one spectrum (4570 and 4584
in the two shifted-bin analyses, respectively). This resulting
data matrix is what will be used in all following analyses.
We center the rows of these data matrices, and refer to these
centered data as X .

As previously mentioned, classical approaches to classi-
fication such as LDA do not apply to high-dimension, low
sample size (HDLSS) data without modifications. Different
solution paths exist in the literature that include replacing
the classical LDA by its Naive Bayes version, see [12, Section
13.2.1]. Other methods that are directly applicable to HDLSS
data include Distance Weighted Discrimination [13], kernel

methods – see [14], and regularization approaches that make
use of generalized inverses, ridge-like estimates of the covari-
ance matrix, or Lasso and elastic net type classification – see
[15, 16] and references therein.

A different solution path consists of reducing the number
of variables or features first, and then applying the chosen
classifier to the reduced data. In MALDI-MS imaging data
principle component analysis (PCA) is a popular feature re-
duction method, see [17, 18] and references therein. More
recently [19] have suggested the use of PCA on MALDI-MS
imaging data from TMAs in a classification context. For a
generic reference to PCA see [20] and [12, Chapter 2 and
Section 4.8].

Other feature reduction approaches used in proteomics
include the application of univariate tests such as Wilcoxon
rank-sum statistics or t-tests – see [21, 22]. For high-
dimensional data [23] ranked the variables by applying
t-tests simultaneously to all variables and analyzed the
performance of this approach. We follow a related path,
based on canonical correlation analysis (CCA), and select
the “best” original variables in a supervised manner prior
to classification. The selected variables do not require any
interpretation, as they are simply the m/z bins. Our ap-
proach contains the approach of [23] as a special case, and
does not require tuning parameters as regularization-type
methods do.

In CCA the data are split into two sets of variables and
the linear combinations of variables in each subset with the
strongest correlation are determined. Typically, this corre-
lation is much stronger than that of any individual pair of
variables from the two subsets. In a regression context the
correlation between a response and the predictor variables
shows the relative strength of the response on the individual
predictors. In a classification framework, we use class labels
of observations as one subset of variables, and all other vari-
ables as the second subset. For our data, the class labels are
the LNM status, and the variables are all m/z bins.

It is beyond the scope of this paper to review the differ-
ent approaches mentioned above or to show detailed com-
parisons. However, because of the repeated use of PCA for
MALDI-MS data, we include a performance comparison of
our proposed method with that based on feature reduction
with PCA. We note that our CCA-based variable selection is
supervised, while PCA does not use the class labels in its fea-
ture reduction. As a consequence PCA may not find features
that are optimal for predicting class membership. In addi-
tion, our suggested CCA-based approach simply ranks the
original variables, here m/z bins, and picks the best, while
PCA transforms the original variables and results in features
that are linear combinations of all m/z bins. While we expect
to relate the “best” CCA masses to biomarkers, no such in-
terpretation is possible for the PCA features. In our results,
shown in Figures 1 and 2, we will see the dramatic improve-
ment in prediction that can be achieved with the supervised
CCA-based variable selection compared to the unsupervised
PCA-based dimension reduction.
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Figure 1. LOO-misclassification for log-intensity data, including
zeroes for absent peaks when averaging and restricting to spectra
from tumor regions. The x-axis shows the number of variables
(m/z bins) 1 – 40 included in the CCA data, or the number of
principle components (linear combinations of m/z bins), 1 – 40
included in the PCA data. For each dimension-reduced data, LDA
is performed and the LOO-misclassification shown on the y-axis
separately for CCA and PCA. The smallest misclassification of
five for CCA-LDA occurs when the best 19 variables are selected.
The smallest misclassification of 15 for PCA-LDA occurs when the
PCA-dimension is 36. A comparison shows that CCA-LDA results
in lower misclassification and a more parsimonious model in this
case.

Figure 2. Best LOO-misclassification for each of the 22 combina-
tions of data type, inclusion/exclusion of empty values (for non-
binary data types), smoothing (for binary data types), and restric-
tion to spectra from tumor annotated tissue. The x-axis shows the
minimum number of variables for the CCA data, or the number of
principle components of the PCA data, that results in the small-
est LOO-misclassification in each scenario. The y-axis shows the
number of misclassified patients for that scenario, with CCA in cir-
cles and PCA in triangles. For example the circle at (x, y) = (23, 1)
indicates that CCA-LDA results in a LOO misclassification of one
when the best 23 CCA-selected variables are used in LDA for
this particular scenario (binary data with a 0.25-smooth and re-
stricting to spectra from regions annotated as tumor only). The
figure clearly shows that CCA-LDA consistently achieves better
LOO misclassification than PCA-LDA on these data.

In the context of MALDI-MS data, CCA has been used in
finding correlations between datasets collected from the same
tissue using different imaging techniques [24]. These authors
use CCA in its standard form: finding correlations between
two subsets of variables that belong to a natural partition —
m/z values collected using one imaging technique, and m/z
values collected using the second imaging technique. CCA
has also been used in a classification context [25], although
in an exploratory manner—plotting the strongest correlation

between their data and their prediction variable to observe a
linear relationship.

In this paper, we also use the first and strongest correla-
tion obtained from CCA, but we deviate from the conventional
approach in that we explicitly use the information inherent
in the first direction vector for variable selection. CCA-based
variable selection as suggested by [26] is further described in
[12, Sections 13.3.1 and 13.3.3], and references therein. We
modify their approach for our data, essentially by using cen-
tered labels. Here, we briefly introduce our variable ranking
approach, but further details, motivation, and comments can
be found in the supporting information. Let X be a d × n
centered data matrix whose columns represent observations
(patients), and whose rows represent variables (m/z bins). Let
y be a 1 × n vector of (centered) class labels −2n+

n and 2n−
n cor-

responding to the same n observations as the columns of X ,
where n+ (n−) is the number of observations in the positive
(negative) class. The key idea is to exploit the relationship
between X and y. Details describing how we use CCA are
included in the supporting information, but essentially we
will be interested in the vector �, which satisfies

X X T � = X yT . (1)

The vector � contains the weights for the linear combination
of variables, or rows of X , which gives rise to the strongest
absolute correlation with y. Variable reduction to k variables is
obtained by selecting variables corresponding to the k highest
entries of � by absolute value.

In what follows, LDA refers to Fisher’s linear classification
as described in [12, Section 4.3]. LDA finds the direction that
maximizes the between-class variance and simultaneously
minimizes the within-class variance of the data. We will use
the term CCA-LDA to refer to the process of first using the
CCA variable selection to perform a dimension reduction
step, and then apply LDA to the selected variables. Similarly,
we will use the term PCA-LDA to refer to the process of first
performing PCA dimension reduction, and then apply LDA
to the selected variables. We measure the performance of
these methods by leave-one-out (LOO) cross-validation. LOO
cross-validation is an iterative process where in each iteration
one observation is left out, the classification rule is trained on
the remaining data, and tested on the left-out observation—
assigning it a class label. This process is repeated until all
observations have been assigned class labels in the “testing”
step. Incorrectly assigned observations are counted as LOO
misclassification. We use LOO cross-validation rather than
a more traditional training/testing design (where separate
datasets are used for the training and testing steps) because
of the relatively small number of observations (n = 43).

We examined the effect of the parameters such as regions
of tissue and data form as variations of the computational
pipeline. In particular we consider the variations listed below
and implement all possible combinations of these choices in
order to determine which parameters are most important for
classification.
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� Data form: using raw intensities (I), log-intensities
(log(I + 1)), peak areas, signal-to-noise ratios, or binary
presence/absence of peaks.

- For nonbinary data forms, absence of peaks: When
averaging spectra in which some m/z bins contains
no peaks, the absence of peaks is included as a zero
value, or ignored and hence not included in the aver-
age.

- For binary data, spatial smoothing: The spatially
smoothed binary data as described in [27] is used
with smoothing parameters 0, 0.15, or 0.25 where 0
corresponds to no smoothing.

� Regions of tissue: all spectra, or spectra from annotated
tumor regions only. Restricting to only annotated tumor
regions represents a reduction in the total number of spec-
tra from 123561 to 45877 (∼ 37%) in the endometrial TMA
data.

Our analyses showed that data form was the only fac-
tor that consistently affected classification performance, with
log-intensity data performing best, and binary data typically
performing second best.

Overall, the CCA-LDA outperformed PCA-LDA. A typical
case can be seen in Figure 1 in which we compare our CCA-
LDA with PCA-LDA using the same parameter settings—
log-intensity data with zeroes included for absent peaks in
the averaging step, and restricting to only annotated tumour
regions. Figure 1 shows the LOO misclassification (out of 43
patients) of CCA-LDA and PCA-LDA on the y-axis against
the number of variables or dimensions on the x-axis (used
in the LDA step). In the case shown in Figure 1, CCA-LDA
strictly outperforms PCA-LDA and it can be seen that CCA-
LDA achieves its most parsimonious minimum misclassifi-
cation of 5 by selecting 19 variables. Figure 2 shows the most
parsimonious minimum misclassifications for each of the
22 combinations listed in the dot points above, when using
PCA-LDA and CCA-LDA. The minimum misclassifications
of CCA-LDA shown in Figure 2 vary between 1 (2.3%) and 9
(20.9%), while the minimum misclassifications of PCA-LDA
vary between 7 (16.3%) and 18 (41.9%).

The improved performance of our CCA-based variable se-
lection over the standard PCA dimension reduction, which
uses linear combinations of variables, is likely due to the fact
that PCA is a purely variance-based method, which ignores
any information about the clinical outcome of interest (LNM).
It is possible that the high-variance components of the data,
which PCA selects, may not include the crucial classification
information necessary in order to predict the clinical outcome
accurately. CCA variable selection in contrast explicitly takes
into account the clinical outcome when selecting the vari-
ables, and this could account for its improved performance
in comparison to PCA.

Another advantage of CCA variable selection over that with
PCA is the interpretability of the variable-reduced data—the

PCA variable-reduced data is produced by projection and
so the new variables are linear combinations of the original
variables, making them difficult to interpret. The variables
selected via our CCA-based approach are a subset of the origi-
nal variables and so preserve their interpretation as m/z bins.
This interpretation is of use in designing follow-up biomarker
studies. Some of the specific m/z bins that are highly ranked
in the CCA-based variable selection are discussed in [3].

In conclusion, we have presented a variable selection
method for MALDI-MS imaging data on TMAs, and demon-
strated that this variable selection method combined with
LDA achieves a LOO misclassification of between 2.3 and
20.9% for lymph node metastasis status in the endometrial
cancer data of [3].

This research was carried out in collaboration with work sup-
ported by the Ovarian Cancer Research Foundation. The authors
would also like to thank Professor Martin Oehler for access to the
samples, and Associate Professor Gurjeet Kaur for her help with
histopathological annotations.
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SUPPORTING INFORMATION FOR

Classification of MALDI-MS imaging data of tissue microarrays
using Canonical Correlation Analysis based variable selection

Lyron Winderbaum, Inge Koch, Parul Mittal and Peter Hoffmann

This supporting information includes three sections, brief summaries of which follow.

• Binning. In this section we give more details about the binning we use, as well as details
describing how and why we use shifted-bin analyses.

• Canonical Correlation Analysis (CCA). In this section we provide more detail, back-
ground, and motivation for CCA.

• Replication of Results. In this section we briefly introduce a different dataset, from a
Tissue Microarray (TMA) study of vulvar cancer. We then reproduce the analyses carried
out in the main paper on this dataset, thereby demonstrating the robustness of these results.

Binning

We construct 0.25Da wide m/z bins centred at integer multiples of 0.25 and use these bins to
identify peaks from different spectra that have similar m/z and so are likely to originate from the
same ion species. These bins will represent variables in our data to follow. We choose to place
the bins at arbitrary locations rather than centred them around peaks in the data as this allows
the binning to remain data-independent. The binning being data-independent means it can be
applied to new data simply and this is important in classification as the interest is to apply the
rule to new data and the new data needs to have the same variables as the training data. The
fact the locations of the bins are arbitrary means that multiple peaks from the same ion species
will sometimes occur in different bins and this is a problem. In order to address this problem, we
replicate all our analyses but with bin locations shifted by − 0.25

3 and + 0.25
3 . Having three parallel

shifted-bin analyses total means that any given ion species will have all the peaks in the same bin
for at least two of these three shifted-bin analyses almost always because the mass error typical
in MALDI-MS imaging is much less than 0.25, particular with internal calibration [1]. We apply
classification methods to each of the three shifted-bin analyses in parallel and assign the class label
reached by majority in each case.

Canonical Correlation Analysis (CCA)

In CCA the data are split into two sets of variables and the linear combinations of variables in
each subset with the strongest correlation are determined. CCA can be of particular interest when
there is a natural partitioning of the variables by context, as has been demonstrated in the context
of genomic data for which multiple sets of measurements from the same samples are available [2].
Typically the strongest correlation between linear combinations of the two subsets of variables is
much stronger than that of any individual pair of variables from the two subsets. In a regression
context the correlation between a response and the predictor variables shows the relative strength
of the response on the individual predictors. In a classification framework, we use class labels of
observations as one subset of variables, and all other variables as the second subset. For our data,
the class labels are the LNM status, and the variables are all m/z bins.

The following is based on [3, Chapter 3], and details can be found there.
Let X and Y be the two sets of variables based on the same n observations, and for convenience

of notation, assume that both X and Y are centred, so each row has mean zero. The crucial

1



information is contained in the cross-covariance matrix SXY of X and Y and the corresponding
correlation matrix C which are given by

SXY =
1

n− 1
XY T and C = S

− 1
2

X SXY S
− 1

2

Y , (1)

where SX and SY are the covariance matrices of X and Y respectively. The matrices SXY and C
are of size dX × dY , where dX and dY are the number of variables in X and Y respectively, and
satisfy

CTqi = λipi for i ≤ min{dX , dY } (2)

see [3, (3.5)]. Here pi and qi are the left and right eigenvectors of C, λi are the singular values,
normally ordered starting from the largest one, λ1. This first value λ1 equals the highest absolute
covariance over linear combinations of the X-variables and the Y -variables. Furthermore, the dX
and dY dimensional vectors φ1 = S

−1/2
X p1 and ψ1 = S

−1/2
Y q1, corresponding to λ1, contain the

weights of the linear combinations applied to the X-variables and Y -variables respectively which
result in the highest covariance λ1. For details see [3, Section 3.4 and specifically Theorem 3.10].
Of particular interest in the variable ranking and selection will be the vector φ1, as it tells us which
X-variables are most important in determining the strongest correlation with the Y -variables.

In our context, X is the matrix whose rows correspond to m/z bins and columns correspond
to patients, as described on page 5 of the manuscript, and Y is the row vector of class labels also
described on page 5 of the manuscript. As Y is a row vector in this context, its covariance is a
positive number, SXY is a d× 1 vector, and thus C in Equation (1) also reduces to a d× 1 vector.
We write |C| for the length of C and the vector φ1 is then given by

φ1 = S
− 1

2

X p1 = S
− 1

2

X

(
1

|C|
C

)
=

1

|C|
S
− 1

2

X

(
S
− 1

2

X SXY S
− 1

2

Y

)
∝ S−1

X SXY = (XXT )−1XY T . (3)

If SX is non-invertible, then we replace its inverse by the Moore-Penrose pseudoinverse, see [4]. We
will use the entries of φ1 to rank the variables of X, or more precisely, the entries of φ = S−1

X SXY

which is proportional to φ1, as the ranking is independent of the length of the vector. We sort
the entries of φ by their decreasing absolute value, and denote this decreasing sequence of d values
ϕ(1) ≥ ϕ(2) ≥ . . . ϕ(d). Using the ordering inherited from φ, we rank the variables of X, so the
highest ranked variable corresponds to ϕ(1), the second highest to ϕ(2) etc.

The number of variables to select, k, can be chosen to optimise classification performance as
described below. For details see [3, Sections 4.3.1 and 4.4.2].

1. Fix the number, k, of variables. Let Xk be the k × n matrix which consist of the first k
ranked variables of X, with the ranking inherited from the ϕ(i)s.

2. Train and test your classification rule on Xk, and record the number of misclassified obser-
vatrions. We do this using LOO-CV.

3. If k < d increase k to k + 1 and repeat Steps 1-3.

Figures 1 and S1 plot this misclassification vs the number of variables selected k. We choose the
‘best’ number of variables k as that which achieves the lowest misclassification, and if multiple
values of k achieve equal-best misclassification, we choose the smallest of them. Figures 2 and S2
show these ‘best’ choices for each combination of processing parameters such as data form and
regions of tissue.

Replication of Results

Here we apply the methods from the paper on a second, independent, dataset relating to vulvar
cancer in order to demonstrate the robustness of our claims. Similarly to the endometrial data,
the sample preparation of the vulvar TMAs included citric acid antigen retrieval [5], trypsin diges-
tion, addition of internal calibrants [1], and matrix deposition. Also similarly to the endometrial
data, peak-picking was performed as part of the data acquisition through proprietary software
(flexControl v3.0.1 and flexImaging v4.0.1, Bruker Daltonik, http://www.bruker.com).
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Figure S1: Analogous to Figure 1, but for the vulvar cancer. LOO-misclassification for log-intensity
data, including zeroes for absent peaks when averaging and restricting to spectra from tumour
regions. The x-axis shows the number of variables (m/z bins) 1 to 25 included in the CCA data,
or the number of principle components (linear combinations of m/z bins), 1 to 25 included in the
PCA data. For each dimension-reduced data, LDA is performed and the LOO-misclassification
shown on the y-axis separately for CCA and PCA. The smallest misclassification of 0 for CCA-LDA
occurs when the best 14 variables are selected. The smallest misclassification of 8 for PCA-LDA
occurs when the PCA-dimension is 23. A comparison shows that CCA-LDA results in lower
misclassification and a more parsimonious model in this case – the same trend as is shown in
Figure 1 for the endometrial data.

The vulvar cancer data represent 28 patients, 16 metastasis positive and 12 metastasis negative.
Figures S1 and S2 mirror the results of Figures 1 and 2 for the vulvar data. These figures show
that the vulvar data reflects the same trends as the endometrial data – CCA variable selection
outperforming PCA dimension reduction. Also similarly to the endometrial data, the log-intensity
data form seems to achieve the best classification results in the vulvar data, with the binary data
also showing some good results. None of the other variations considered seem to show a consistent
effect on classification performance in the vulvar data. Overall, the results on the vulvar data
agree well with the results on the endometrial data as far as which methods seem to achieve the
best classification results.
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Figure S2: Analogous to Figure 2, but for the vulvar cancer. Best LOO-misclassification for
each of the 22 combinations of data type, inclusion/ exclusion of empty values (for non-binary
data types), smoothing (for binary data types), and restriction to spectra from tumour annotated
tissue. The x-axis shows the minimum number of variables for the CCA data, or the number of
principle components of the PCA data, that results in the smallest LOO-misclassification in each
scenario. The y-axis shows the number of misclassified patients for that scenario, with CCA in
circles and PCA in triangles. The figure clearly shows that CCA-LDA consistently achieves better
LOO misclassification than PCA-LDA on these data – the same trend as is shown in Figure 2 for
the endometrial data.

4



Bibliography

[1] Johan O.R. Gustafsson, James S. Eddes, Stephan Meding, Tomas Koudelka, Martin K. Oehler,
Shaun R. McColl, and Peter Hoffmann. Internal calibrants allow high accuracy peptide match-
ing between MALDI imaging MS and LC-MS/MS. Journal of Proteomics, 75(16):5093 – 5105,
2012. Special Issue: Imaging Mass Spectrometry: A Users Guide to a New Technique for
Biological and Biomedical Research.

[2] Daniela M Witten and Robert J Tibshirani. Extensions of sparse canonical correlation analysis
with applications to genomic data. Statistical applications in genetics and molecular biology,
8(1):1–27, 2009.

[3] Inge Koch. Analysis of Multivariate and High-Dimensional Data, volume 32 of Cambridge
Series in Statistical and Probabilistic Mathematics. Cambridge University Press, 2013.

[4] Adi Ben-Israel and Thomas NE Greville. Generalized inverses: theory and applications, vol-
ume 15. Springer Science & Business Media, 2003.

[5] Johan O. R. Gustafsson, Martin K. Oehler, Shaun R. McColl, and Peter Hoffmann. Citric
acid antigen retrieval (CAAR) for tryptic peptide imaging directly on archived formalin-fixed
paraffin-embedded tissue. Journal of Proteome Research, 9(9):4315–4328, July 2010.

5



Appendix II 
 

 

 

 

 

 

MALDI Mass Spectrometry Imaging Reveals 
Decreased CK5 Levels in Vulvar Squamous Cell 
Carcinomas Compared to the Precursor Lesion 
Differentiated Vulvar Intraepithelial Neoplasia 

 

 

 

 

 

 

  

199 
 



 

 

 

 

 

 

 

 

 

 

This page intentionally left blank 

 

 

 

 

 

 

 

 

 

 

200 
 



 International Journal of 

Molecular Sciences

Article

MALDI Mass Spectrometry Imaging Reveals
Decreased CK5 Levels in Vulvar Squamous Cell
Carcinomas Compared to the Precursor Lesion
Differentiated Vulvar Intraepithelial Neoplasia

Chao Zhang 1,2,†, Georgia Arentz 1,2,†, Lyron Winderbaum 1,†, Noor A. Lokman 1,3,
Manuela Klingler-Hoffmann 1,2, Parul Mittal 1,2, Christopher Carter 4, Martin K. Oehler 3,5

and Peter Hoffmann 1,2,*
1 Adelaide Proteomics Centre, School of Biological Sciences, The University of Adelaide, Adelaide 5005,

Australia; chao.zhang01@student.adelaide.edu.au (C.Z.); georgia.arentz@adelaide.edu.au (G.A.);
lyron.winderbaum@student.adelaide.edu.au (L.W.); noor.lokman@adelaide.edu.au (N.A.L.);
manuela.klinglerhoffmann@adelaide.edu.au (M.K.-H.); parul.mittal@adelaide.edu.au (P.M.)

2 Institute for Photonics and Advanced Sensing (IPAS), The University of Adelaide, Adelaide 5005, Australia
3 Discipline of Obstetrics and Gynaecology, School of Medicine, Research Centre for Reproductive Health,

Robinson Institute, Adelaide 5005, Australia; martin.oehler@adelaide.edu.au
4 Department of Cytopathology, SA Pathology, Adelaide 5005, Australia; Christopher.Carter@sa.gov.au
5 Department of Gynaecological Oncology, Royal Adelaide Hospital, Adelaide 5005, Australia
* Correspondence: Peter.hoffmann@adelaide.edu.au; Tel.: +61-08-8313-4903; Fax: +61-08-0-8313-4362
† These authors contributed equally to this work.

Academic Editors: Jamal Zweit and Sundaresan Gobalakrishnan
Received: 10 May 2016; Accepted: 30 June 2016; Published: 8 July 2016

Abstract: Vulvar cancer is the fourth most common gynecological cancer worldwide. However,
limited studies have been completed on the molecular characterization of vulvar squamous cell
carcinoma resulting in a poor understanding of the disease initiation and progression. Analysis and
early detection of the precursor lesion of HPV-independent vulvar squamous cell carcinoma (VSCC),
differentiated vulvar intraepithelial neoplasia (dVIN), is of great importance given dVIN lesions
have a high level of malignant potential. Here we present an examination of adjacent normal vulvar
epithelium, dVIN, and VSCC from six patients by peptide Matrix-assisted laser desorption/ionization
Mass Spectrometry Imaging (MALDI-MSI). The results reveal the differential expression of multiple
peptides from the protein cytokeratin 5 (CK5) across the three vulvar tissue types. The difference
observed in the relative abundance of CK5 by MALDI-MSI between the healthy epithelium, dVIN,
and VSCC was further analyzed by immunohistochemistry (IHC) in tissue from eight VSCC patients.
A decrease in CK5 immunostaining was observed in the VSCC compared to the healthy epithelium
and dVIN. These results provide an insight into the molecular fingerprint of the vulvar intraepithelial
neoplasia that appears to be more closely related to the healthy epithelium than the VSCC.

Keywords: Matrix-assisted laser desorption/ionization (MALDI); imaging mass spectrometry (MSI);
differentiated vulvar intraepithelial neoplasia (dVIN); vulva squamous cell carcinomas (VSCC);
Cytokeratin 5 (CK5)

1. Introduction

Vulvar cancer is the fourth most common gynecological cancer worldwide, constituting 5%
of all gynecological cancers and 0.6% of all cancer cases in women [1]. In 2015, 5150 new cases
were diagnosed in the United States with 1080 recorded deaths [1]. The majority of vulvar cancers
are squamous cell carcinomas (VSCC), of which there are two etiological pathways: one linked to
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human papilloma virus (HPV) infection, and the other HPV-independent with genetic alterations.
The HPV related and non-HPV related forms of vulvar cancer have distinct precursor lesions, known
as usual-type vulvar intraepithelial neoplasia and differentiated vulvar intraepithelial neoplasia,
respectively. Mutations in the tumor suppressor gene TP16 are associated with HPV related VSCC,
while mutations in TP53 have been shown to promote the development of non-HPV related VSCC
from the inflammatory condition lichen sclerosus [2].

Recently, the incidence rates of non-HPV related invasive vulvar cancer and its precursor lesion,
differentiated vulvar intraepithelial neoplasia (dVIN), have significantly increased amongst young
women [3,4]. In Australia, the incidence rates of the disease are extremely high among Aboriginal
women from Arnhem Land in the Northern Territory. Studies conducted within this cohort have
found no relation between the disease and HPV infection or any underlying genomic irregularities
that differentiate this group from other VSCC patients [3,4].

For many years the clinicopathological significance of vulvar intraepithelial neoplasia (VIN) as
a precursor to vulvar squamous cell carcinoma (VSCC) was questioned [5] due to the low detection
rates of dVIN as a solitary lesion [6]. However, in recent times, dVIN has been confirmed as the direct
precursor lesion to HPV-independent vulvar carcinoma, which in the past may have been frequently
misdiagnosed as lichen sclerosus or other forms of dermatoses [7,8]. Such misdiagnoses were in part
due to numerous changes over the last few decades with regards to the terminology and criteria used
to differentiate lichen sclerosus from dVIN and other inflammatory conditions such as squamous cell
hyperplasia and lichen simplex chronicus [7,9,10].

The detection of dVIN as a solitary lesion is of great importance given the lesions have a high
level of malignant potential [6], with studies showing the median time between the diagnoses of dVIN
to VSCC development around 23 to 28 months [6,7]. Mutation of TP53 is a known early event in
the development of dVIN [11] and the detection of dVIN adjacent to VSCC is high at around 80%.
However, the detection of dVIN as a solitary lesion is scarce [6] and can be difficult to diagnose due to
the subtle histological appearance of the lesion [12,13]. Currently the characterization of the dVIN at
the molecular level has been poor due to sample rarity, hence the understanding of VSCC progression
from healthy tissue to the precursor lesion is low compared to other well studied carcinomas.

MALDI-MSI allows the in situ analysis of tissue sections combining classical mass spectrometry
with histological tissue analysis [14]. MALDI-MSI can identify peptides and other molecules from
samples whilst retaining the important spatial information of the tissue. Previous studies in the
gastrointestinal tract, lung, brain and other gynaecological cancers have shown that MALDI-MSI
can acquire a more comprehensive proteomic picture than immunohistochemical testing [14–17].
Here we present an examination of adjacent normal vulvar epithelium, dVIN, and VSCC from six
patients by peptide MALDI-MSI. All patients included in this study were HPV negative and lichen
sclerosus positive. The results revealed the differential detection of multiple peptides from the protein
cytokeratin 5 (CK5) across the three tissue types. The difference observed in the relative abundance
of CK5 by MALDI-MSI between the healthy epithelium, dVIN, and VSCC was further investigated
by IHC in eight tissues from VSCC patients. This revealed a decrease in CK5 immunostaining in the
VSCC as compared to the healthy epithelium and dVIN.

2. Results

2.1. Matrix-Assisted Laser Desorption/Ionization Mass Spectrometry Imaging (MALDI-MSI)

MALDI-MSI was carried out on tissue sections containing regions of healthy vulvar epithelium,
dVIN, and VSCC from six late stage carcinoma patients. Peak groups, representing the imaged peptides
across all of the analyzed tissue sections with the same m/z (assuming a mass accuracy of ˘0.02 Da),
were detected using density-based clustering of peaks (DBSCAN* [18] with an epsilon of 0.02 Da and
a minimum of 100 points) and the stringent criterion of requiring peak groups to contain a minimum
of 10,000 peaks. This stringent criterion of a minimum of 10,000 peaks per peak group was initially



Int. J. Mol. Sci. 2016, 17, 1088 3 of 12

put in place to ensure that the peak groups analyzed could be reproducibly detected across a majority
of spectra. With this criteria in place, 31 peak groups were detected (Table 1). When the minimum
number of peaks per peak group was lowered to 1000, 316 peak groups were detected. For each
peak group the abundance weighted mean (AWM) was calculated, representing the apex of the peak
group and the m/z of the most intense peptide within the group. The widths of the 31 detected peak
groups ranged from ˘0.075 to ˘0.9 Da. The maximum difference, d, in median log intensity between
the three tissue regions was calculated for each of the 31 peak groups of interest across the patient
cohort (Table 1). Of the 31 peak groups, 19 were found to have a difference in fold change intensity of
ě1.4-fold across the three tissue types.

Table 1. Matrix-assisted laser desorption/ionization mass spectrometry imaging peak groups ranked
heuristically by the largest difference in median log intensity between the healthy epithelium,
differentiated vulvar intraepithelial neoplasia, and vulvar squamous cell carcinoma.

Peptide AWM [M + H]
of the Peak Group 1

Da Range of the
Peak Group

No. Spectra in
Peak Group 2

Maximum Difference
Median Log Intensity 3

1198.71 ˘0.62 23,099 0.75
1028.62 ˘0.56 15,354 0.66

1410.72 * ˘0.82 18,784 0.58
1905.95 ˘0.52 10,956 0.56
1095.58 ˘0.82 21,704 0.55
944.54 ˘0.69 19,354 0.53
957.63 ˘0.65 10,464 0.52
857.60 ˘0.68 14,956 0.50
976.51 ˘0.65 15,534 0.49
878.56 ˘0.68 11,213 0.46

810.48 * ˘0.76 17,095 0.45
958.59 ˘0.69 15,432 0.42
943.62 ˘0.82 20,030 0.41

865.42 * ˘0.84 15,617 0.41
1217.66 ˘0.55 10,906 0.39
884.52 * ˘0.66 14,337 0.37
856.67 ˘0.74 15,483 0.36

1143.65 * ˘0.64 17,685 0.36
1045.62 ˘0.65 16,370 0.35
2147.19 ˘0.14 20,418 0.33
1105.59 ˘0.50 11,479 0.30
1296.68 ˘0.10 22,823 0.29
870.64 ˘0.85 22,749 0.29
842.60 ˘0.90 25,210 0.22

1267.65 ˘0.32 11,686 0.20
2932.59 ˘0.07 15,500 0.19
816.50 ˘0.73 10,983 0.19

971.56 * ˘0.65 15,998 0.18
1111.58 ˘0.51 13,473 0.09
1570.70 ˘0.17 12,029 0.05
864.63 ˘0.70 11,114 0.05

1 The abundance weighted means (AWM) m/z was calculated for the overall peak group; 2 Number of Spectra in
each peak group compiled from all acquisition spectra across the patient cohort; 3 Peak groups were heuristically
ranked based on the maximum difference, d, in median log intensity between the tissue regions of interest;
* CK5 peptides.

2.2. Cytokeratin 5 (CK5) Identified as a Protein of Interest

In order to gain peptide identifications for the MALDI-MSI peak groups of interest nanoflow
liquid chromatography tandem mass spectrometry (nano-LC-MS/MS) was performed on laser
microdissected regions of the healthy epithelium, dVIN, and VSCC. Matching between the MALDI-MSI
peak groups and nano-LC-MS/MS data was done by aligning the experimental m/z values of the
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sequenced peptides that fell between the minimum and maximum m/z of each of the MALDI-MSI
peak groups of interest. A table containing all of the matching results for the 31 peak groups of interest
is provided in Table S2. Of the 31 MALDI-MSI peak groups of interest, six matched to sequenced
peptides from Cytokeratin 5 (CK5) (Table 2), hence CK5 was selected for further analysis. One of
the peak groups (AWM [M + H] of 1410.72) matched to two unique CK5 peptides that share the
same mass to within 0.009 Da, SFSTASAITPSVSR (1409.7203) and TTAENEFVMLKK (1409.7295).
A MALDI-MSI annotated ion intensity map for the peak group m/z 1410.67, which matches to the CK5
peptides SFSTASAITPSVSR and TTAENEFVMLKK (both with a m/z 1410.67), is shown in Figure 1.
With regards to the remaining results in Table 1, only three other proteins were detected with more
than one unique peptide match as shown in Table S2. Four peptides were detected from the protein
Neuroblast differentiation-associated protein AHNAK, three peptides were detected from the protein
Annexin A4, and two peptides were detected from the protein Nicotinate phosphoribosyltransferase.

Table 2. CK5 matrix-assisted laser desorption/ionization mass spectrometry imaging peak groups of
interest with matched nanoflow liquid chromatography tandem mass spectrometry results.

Peptide AWM
[M + H] 1 d 2 LC-MS/MS

m/z 3
LC-MS/MS

MR 4
Peptide
Score 5

Peptide
Significance 6 Peptide Sequence 7

810.48 0.45 405.7087 809.4028 21.44 0.0072 QSSVSFR
865.42 0.41 433.1998 864.3851 26 0.0025 SGGGGGGGFGR
884.52 0.37 442.7286 883.4427 24.74 0.0034 TSFTSVSR
971.56 0.18 486.2429 970.4712 25.1 0.0031 FVSTTSSSR

1143.65 0.36 572.3175 1142.6205 39.59 0.00011 LAELEEALQK
1410.72 0.58 705.8674 1409.7203 115.28 3 ˆ 10´12 SFSTASAITPSVSR
1410.72 0.58 705.872 1409.7295 150.55 8.8 ˆ 10´16 TTAENEFVMLKK

1 The peptide abundance weighted mean (AWM) m/z calculated for each peak group; 2 Heuristically ranked
maximum difference, d, between the healthy epithelium, dVIN, and VSCC; 3 Experimental m/z of the CK5
matched nano-LC-MS/MS detected peptide; 4 Experimental mass of the CK5 matched nano-LC-MS/MS
detected peptide; 5 Mascot Ions Score; 6 Mascot Expected Score; 7 CK5 matched peptide sequence.

2.3. Immunohistochemistry (IHC) Analysis of CK5 across the Healthy Epithelium, Differentiated Vulvar
Intraepithelial Neoplasia and Vulvar Squamous Cell Carcinoma

The differential detection of CK5 across the three tissue types as determined by MALDI-MSI
was further investigated by IHC in tissue from eight VSCC patients. Of these eight tissues, three
had been previously analyzed in the MALDI-MSI experiments. IHC analysis of CK5 revealed a
significant difference in the level of staining between the dVIN (mean 91.6 ˘ 6.1) and VSCC (mean
75.4 ˘ 10.7) tissues (p = 1.758 ˆ 10´7). A similar result was observed for the healthy as compared to
VSCC tissue (p = 0.004), with increased staining observed in the healthy epithelium (mean 86.7 ˘ 14.8).
Overall, there was no significant difference in the level of staining between the dVIN and healthy
epithelium (p = 0.14), although the mean staining intensity in the dVIN was slightly higher. Results for
the IHC analysis and CK5 staining from two representative vulvar tissues are provided in Figure 2.
A direct comparison of the CK5 peptides SFSTASAITPSVSR and TTAENEFVMLKK, both m/z 1410.72,
as detected by MALDI-MSI to the detection of CK5 by IHC on consecutive vulvar tissue sections is
shown in Figure 3.
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Figure 1. A MALDI-MSI annotated ion intensity map from a representative vulvar tissue section for the peak group m/z 1410.67. (A) An ion intensity map for m/z 1410.67, 
which matches to the CK5 peptides SFSTASAITPSVSR and TTAENEFVMLKK (both with a [M + H] m/z 1410.67). The regions of healthy epithelium are outlined in green, 
the dVIN is outlined in blue, and the VSCC is outlined in red; (B) H & E stain of Healthy (green), dVIN (blue) and VSCC (red) tissue post MALDI-MSI data acquisition;  
(C) A ROC curve and (D) boxplot analysis of the MALDI-MSI data for m/z 1410.67 comparing the annotated healthy epithelium to the dVIN region, AUC = 0.934;  
(E) A ROC curve and (F) boxplot analysis of the MALDI-MSI data for m/z 1410.67 comparing the annotated dVIN to the VSCC region, AUC = 0.89. Blue dots represent the 
m/z 1410.67 spectra intensity interval between the lower and upper quantiles. Red dots represent the spectra intensities outside of the intervals. 

Figure 1. A MALDI-MSI annotated ion intensity map from a representative vulvar tissue section for the peak group m/z 1410.67. (A) An ion intensity map for
m/z 1410.67, which matches to the CK5 peptides SFSTASAITPSVSR and TTAENEFVMLKK (both with a [M + H] m/z 1410.67). The regions of healthy epithelium
are outlined in green, the dVIN is outlined in blue, and the VSCC is outlined in red; (B) H & E stain of Healthy (green), dVIN (blue) and VSCC (red) tissue post
MALDI-MSI data acquisition; (C) A ROC curve and (D) boxplot analysis of the MALDI-MSI data for m/z 1410.67 comparing the annotated healthy epithelium to the
dVIN region, AUC = 0.934; (E) A ROC curve and (F) boxplot analysis of the MALDI-MSI data for m/z 1410.67 comparing the annotated dVIN to the VSCC region,
AUC = 0.89. Blue dots represent the m/z 1410.67 spectra intensity interval between the lower and upper quartiles. Red dots represent the spectra intensities outside of
the intervals.
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Figure 2. IHC analysis of CK5 on vulvar tissues containing regions of healthy epithelium, dVIN, and 
VSCC, all at 40× magnification. (A) CK5 staining of healthy epithelium; (B) dVIN; (C) VSCC from a 
single section; (D) CK5 staining of healthy epithelium; (E) dVIN; (F) VSCC from a single section of a 
different patient; (G) Quantitative analysis of CK5 staining across the tissue types was performed 
using IHC profiler-Image J. For each tissue section, three representative photo-micrographic images 
at 40× magnification were used and each image was assigned a staining score of negative, low 
positive, positive, and high positive; (H) The percent of negative staining was significantly different 
between the dVIN and the VSCC (p < 0.0001), but not between the dVIN and healthy epithelium  
(p = 0.11); (I) The percent of positive and high positive staining was significantly different between 
the dVIN and the VSCC (p< 0.0001), but not between the dVIN and healthy epithelium (p = 0.59). 

Figure 2. IHC analysis of CK5 on vulvar tissues containing regions of healthy epithelium, dVIN, and
VSCC, all at 40ˆ magnification. (A) CK5 staining of healthy epithelium; (B) dVIN; (C) VSCC from a
single section; (D) CK5 staining of healthy epithelium; (E) dVIN; (F) VSCC from a single section of
a different patient; (G) Quantitative analysis of CK5 staining across the tissue types was performed
using IHC profiler-Image J. For each tissue section, three representative photo-micrographic images at
40ˆ magnification were used and each image was assigned a staining score of negative, low positive,
positive, and high positive; (H) The percent of negative staining was significantly different between
the dVIN and the VSCC (p < 0.0001), but not between the dVIN and healthy epithelium (p = 0.11);
(I) The percent of positive and high positive staining was significantly different between the dVIN and
the VSCC (p< 0.0001), but not between the dVIN and healthy epithelium (p = 0.59).
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and TTAENEFVMLKK, both m/z 1410.72, in the dVIN (blue) and VSCC (red) using: MALDI-MSI ion
intensity map (middle); H & E staining (top); and CK5 IHC staining (bottom) on consecutively cut
vulvar tissue sections.

3. Discussion

Due to the relative rarity of vulvar cancer, characterization of the disease at the molecular level has
been poor. A greater understanding of vulvar cancer progression is required, however, especially with
regards to dVIN as the precursor lesion is known to have a high level of malignant potential [6] and is
difficult to diagnose [12,13]. Generally, dVIN is characterized by thickened parakeratotic epithelium
with elongation and anastomosing rete ridges, little to no atypia above the basal or parabasal layers
of the epidermis, with the basal cell layer containing abnormal squamous cells undergoing atypical
mitosis and high levels of epithelial cell differentiation in the upper epithelium [13,19,20]. The aim
of this study was to in situ characterize the dVIN lesions at the peptide level using MALDI-MSI for
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comparison to healthy vulvar epithelium and VSCC. To the best of our knowledge, this is the first
report performing such an analysis from FFPE vulvar cancer tissues.

MALDI-MSI was carried out on tissue sections containing regions of healthy vulvar epithelium,
dVIN, and VSCC from six late stage carcinoma patients. Thirty-one peak groups, representing the in
situ imaged peptides, could be reproducibly detected across the majority of acquired spectra (Table 1).
The median log intensity for each of the 31 peak groups was calculated for the regions of healthy
epithelium, dVIN, and VSCC, and the maximum difference in intensity between the tissue types was
calculated. This revealed 19 of the peak groups to have a change in intensity of ě1.4-fold across the
three tissue types, of which six matched to unique peptides from the protein CK5 (Table 2).

CK5 is a 58 kDa intermediate filament protein that dimerizes with cytokeratin 14 to form the
cytoskeleton of basal epithelial cells [21]. CK5 is known to have high levels of expression in squamous
cell carcinomas and can be used as a marker of differentiation, with weaker to no expression in
adenocarcinomas [22]. Given squamous cell carcinomas account for over 90% of all vulvar cancers and
that CK5 is a structural protein of basal epithelial cells [23], the detection of CK5 by both MALDI-MSI
was to be expected. A study characterizing the expression of CK5 in serous gynecological carcinomas
of the ovaries, endometrium, fallopian tube, primary peritoneum, and cervix observed the highest
level of CK5 expression in the cervical and ovarian serous carcinomas, with little to no reactivity in the
endometrial, fallopian tube, or primary peritoneum serous carcinomas [24].

In order to determine if there was a genuine difference in CK5 levels across the three tissue types,
IHC staining was performed on vulvar tissue from eight VSCC patients. Of these eight tissues, three
had been previously analyzed in the MALDI-MSI experiments, six were moderately differentiated, one
was well differentiated, and one was poorly differentiated. A degree of keratinization was reported
for all of the VSCC with the exception of the poorly differentiated tumor and one of the moderately
differentiated tumors. Generally, the expression of CK5 appeared to be diffuse and cytosolic across the
three tissue types, with no distinct tissue specific staining patterns observed. IHC analysis revealed a
significant increase in the level of CK5 staining in the dVIN as compared to the VSCC legions, and in
the healthy epithelium as compared to the VSCC legions (Figure 2). There was a slight increase in the
level of CK5 staining detected in the dVIN as compared to the healthy epithelium, but the difference
was not significant.

To verify the spatial expression pattern of the peptides detected by MALDI-MSI, consecutive tissue
sections that had been H&E stained and analysed by CK5 IHC were compared to ion intensity maps
generated for the CK5 peptides from the MSI experiments. A representative example of H&E staining,
CK5 IHC, and an ion intensity map for the CK5 peptides SFSTASAITPSVSR and TTAENEFVMLKK,
both m/z 1410.72, from consecutive vulvar tissue sections is shown in Figure 3. The intensity and
spatial distribution of the CK5 peptides as detected by MALDI-MSI corroborated well with the CK5
immunostaining observed. These results demonstrate the power of MALDI-MSI in the ability to
combine classical mass spectrometry with histological tissue analysis.

This study provides an insight into the molecular fingerprint of the VSCC precursor lesion dVIN,
which appears to more closely resemble healthy epithelium than is does cancerous tissue, even in
later stage patients. To our knowledge, this is the first MALDI imaging mass spectrometry analysis of
vulva cancer.

4. Materials and Methods

4.1. Sample Cohort

Formalin-fixed paraffin-embedded (FFPE) samples diagnosed with advanced VSCC from 2001 to
2013 were retrieved from the archive of SA Pathology at the Royal Adelaide Hospital (RAH). Ethics
approval for the study was granted by the RAH. The age of patients ranged from 37 to 83 years with
median age of 66.5 years, all patients were HPV negative, and each tissue analyzed contained regions
of healthy vulvar epithelium, dVIN, and invasive vulvar squamous carcinoma (VSCC). Nine of the
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vulvar carcinomas analyzed were stage III and three were stage IB. Clinical information for the patients
is provided in Table S1. All tissues analyzed in this study were annotated by a pathologist.

4.2. MALDI-MSI Preparation and Acquisition

MALDI-MSI of FFPE tissue sections was performed on tissue from 6 VSCC patients as previously
described [25]. Briefly, tissues were sectioned 8 µm thick and mounted on the Indium-Tin-Oxide (ITO)
coated glass slides (Bruker Daltonics, Bremen, Germany) by heating at 60 ˝C for 1 h. Tissues were
deparaffinised in xylene for 5 min, following by two 2 min incubations in 100% ethanol, and two 5 min
incubations in 100 mM NH4HCO3. The tissues were then subjected to heat induced citric acid antigen
retrieval (CAAR) (10 mM citric acid, pH = 6) [26] followed by digestion with trypsin gold (Promega,
Madison, WI, USA) using an ImagePrep station (Bruker Daltonics, Bremen, Germany) at 37 ˝C for
2 h. Peptide Internal calibrants (Angiotensin I, [Glu1]-Fibrinopeptide B, Dynorphin A and ACTH
fragment [1–24]) and α-cyano-4-hydroxycinnamic acid (CHCA) matrix was overlaid onto the tissue
sections using an ImagePrep station (Bruker Daltonics, Bremen, Germany) [27]. An ultrafleXtreme
MALDI-TOF/TOF MS system (Bruker Daltonics, Bremen, Germany) was used for data acquisition
in positive reflectron mode as monitored by flexControl (V3.0.1 Bruker Daltonics, Bremen, Germany)
using following settings: 2 kHz, m/z 800–4000, with 100 µm spatial resolution. Following data
acquisition slides were Heamatoxylin and Eosin (H & E) stained and scanned using a NanoZommer
(Hamamatsu, Japan). The H & E stained images were then co-registered with the collected MALDI
MSI spectra using the flexImaging software (V4.0.1 Bruker Daltonics, Bremen, Germany).

4.3. MALDI-MSI Data Analysis

Acquired spectra were recalibrated using the internal calibrants and pre-processed using
flexAnalysis and flexImaging software (V4.0.1 Bruker Daltonics, Bremen, Germany) in order to
produce peak lists. During the pre-processing the Snap Algorithm with a signal to noise ratio of
2 was used for peak detection, a baseline subtraction was performed using the TopHat method, and
baseline smoothing was performed using the Gauss algorithm. Tissue specific regions of interest
(ROI) (i.e., healthy epithelium, dVIN and VSCC) were selected and exported into flexImaging (Bruker,
Germany). Peaklists from all ROI were combined and density based clustering (DBSCAN* [18], with
an epsilon of 0.02 and minimum density of 100 peaks) was used to cluster peaks into peak groups
based on their m/z values. Initially only peak groups containing at least 10,000 peaks were considered
for further analysis. This strict criterion was put in place to ensure that all peak groups analyzed
could be reproducibly detected in many spectra. The median log intensity in each of the 3 tissue types
was calculated for each peak group and for each patient. Peak groups were heuristically ranked by
the largest difference in median log intensity between tissue types. The raw data was also analyzed
using the SCiLS lab software (SCiLS, GmbH, Bremen, Germany, 2015b) where the processing steps
of baseline removal and normalization were carried out [28]. Ion intensity maps for the peptides of
interest were generated using the SCiLS lab software.

4.4. Peptide Identification by Nanoflow Liquid Chromatography Tandem Mass Spectrometry (nano-LC-MS/MS)

Tissue areas of healthy, dVIN, and VSCC were collected using laser capture microdissection
(LCM) for protein digestion and identification by nano-LC-MS/MS. The FFPE tissue was sectioned at
8 µm thickness, water bath mounted onto PEN membrane slides (Micro-Dissect, Herborn, Germany),
and deparaffinised as described above. Areas of healthy epithelium, dVIN, and VSCC were dissected
using a Leica AS LCM microscope (Leica Microsystems, Wetzlar, Germany) into 20 µL of 10 mM citric
acid buffer (pH = 6) and subjected to heat induced antigen retrieval as described above. Samples were
buffered with 10 mM of NH4HCO3 and digested with 100 ng of trypsin gold (Promega, Madison, WI,
USA) overnight at 37 ˝C.

Nano-LC-MS/MS was performed using an Ultimate 3000 RSLC system (Thermo-Fisher Scientific,
MA, USA) coupled to an Impact II™ QTOF mass spectrometer (Bruker Daltonics, Billerica, MA, USA)
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via an Advance CaptiveSpray source (Bruker Daltonics). Peptide samples were pre-concentrated onto
a C18 trapping column (Acclaim PepMap100 C18 75 µm ˆ 20 mm, Thermo-Fisher Scientific) at a flow
rate of 5 µL/min in 2% ACN 0.1% TFA for 10 min. Peptide separation was performed using a 75 µm
ID C18 column (Acclaim PepMap100 C18 75 µm ˆ 50 cm, Thermo-Fisher Scientific) at a flow rate of
0.2 µL/min using a linear gradient from 5% to 45% B (A: 5% ACN 0.1% FA, B: 80% ACN 0.1% FA) over
130 min, followed by a 20 min wash with 90% B, and a 20 min equilibration with 5% A. MS scans were
acquired in the mass range of 300 to 2200 m/z in a data-dependent fashion using Bruker’s Shotgun
Instant Expertise™ method. Singly charged precursor ions were excluded from acquisition. Collision
energy ranged from 23% to 65% as determined by the m/z of the precursor ion.

Acquired spectra were subjected to peak detection, de-convolution, and re-calibration according to
a lock mass using DataAnalysis (Version 4.2, Bruker Daltonics). Processed spectra were then exported
to Mascot generic format and submitted to Mascot (Version 2.3.02) for identification. Search parameters
were as follows; SwissProt Homo sapiens database was searched, the digestion enzyme was specified
as trypsin with up to 2 missed cleavages, variable modification of oxidation of methionine, MS mass
tolerance of 40 ppm, and MS/MS mass tolerance of 0.2 Da. In Mascot, the peptide false discovery rate
was set to <1% using Percolator, the peptide ion score cut off was set to 20, and the peptide significance
score was set to <0.05.

4.5. Matching the MALDI-MSI Peak Groups to the Nanoflow Liquid Chromatography Tandem Mass
Spectrometry (Nano-LC-MS/MS) Results

Matching between the two data sets was completed manually by comparing the experimental
m/z values of the nano-LC-MS/MS sequenced peptides that fell between the minimum and maximum
m/z of each of the MALDI-MSI peak groups.

4.6. Immunohistochemistry

For the analysis of Cytokeratin 5 by IHC, tissue from 8 VSCC patients was analyzed as previously
described [29]. Briefly, 8 µm tissue sections were placed on plain glass slides, de-waxed, rehydrated
and subjected to microwave antigen retrieval in 10 mM citric acid buffer (pH = 6) for 10 min at
100 ˝C in a steam microwave (Sixth Sense, Whirlpool, VIC, Australia). Tissue sections were then
incubated overnight at 4 ˝C with the Cytokeratin 5 antibody (rabbit monoclonal antibody at a
1/200 dilution, Abcam, Cambridge, MA, USA) in 5% goat serum blocking buffer, followed by
incubation with biotinylated anti-rabbit immunoglobulin (1/400, Dako, North Sydney, NSW, Australia)
and streptavidin-HRP (1/500, Dako, Australia). Diaminobenzidine (DAB)/H2O2 (Sigma Aldrich)
substrate was added before counterstaining with haematoxylin (Sigma Aldrich), dehydrating and
mounting in Pertex (Medite Medizintechnik, Germany). The CK5 stained sections were scanned using
a NanoZommer (Hamamatsu, Japan) and viewed in NDP View (Hamamatsu, Japan). For each tissue
section, three representative photo-micrographic images from areas of healthy epithelium, dVIN,
and VSCC were captured at 40ˆ magnification. Analysis was carried out using the IHC Profiler in
ImageJ which determines areas of high positive, positive, low positive, and negative staining [30].
The levels of CK5 positive staining for each tissue type were summed and compared across patients
using GraphPad Prism 6 v008 (GraphPad Software, La Jolla, CA, USA), where the mean, standard
error of the mean, and significance (paired t-test) were calculated.

Supplementary Materials: Supplementary materials can be found at http://www.mdpi.com/1422-0067/17/7/
1088/s1.
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Peptide AWM 
[M+H]  of  the 

peak group 1

± Da Range 
of the peak 

group

No. spectra 
in peak 
group 2

Maximum 
difference 
median log 
intensity 3

LC-MSMS 
m/z 4

LC-MSMS 
MR 5

Peptide 
Score 6

Peptide 
Significance 

7
Peptide Sequence 8 Protein Accession 9 Protein Description 10

1198.71 0.62 23099 0.75 599.8097 1197.6049 53.49 4.50E-06 IVLANDPDADR PGM2_HUMAN Phosphoglucomutase-2 OS=Homo sapiens GN=PGM2 PE=1 SV=4

400.2284 1197.6634 26.48 0.0022 IHNFGLIQEK ACADV_HUMAN Very long-chain specific acyl-CoA dehydrogenase, mitochondrial OS=Homo sapiens GN=ACADVL PE=1 SV=1

599.8406 1197.6667 69.65 1.10E-07 ASGPPVSELITK H12_HUMAN Histone H1.2 OS=Homo sapiens GN=HIST1H1C PE=1 SV=2

599.8406 1197.6667 69.65 1.10E-07 ASGPPVSELITK H14_HUMAN Histone H1.4 OS=Homo sapiens GN=HIST1H1E PE=1 SV=2

599.8597 1197.7048 94.81 3.30E-10 AVFPSIVGRPR ACTC_HUMAN Actin, alpha cardiac muscle 1 OS=Homo sapiens GN=ACTC1 PE=1 SV=1

599.8597 1197.7048 94.81 3.30E-10 AVFPSIVGRPR ACTB_HUMAN Actin, cytoplasmic 1 OS=Homo sapiens GN=ACTB PE=1 SV=1
1028.62 0.56 15354 0.66 514.7932 1027.5719 52.15 6.10E-06 LADALQELR LMNA_HUMAN Prelamin-A/C OS=Homo sapiens GN=LMNA PE=1 SV=1

514.7932 1027.5718 47.29 1.90E-05 AIENELLAR GSHB_HUMAN Glutathione synthetase OS=Homo sapiens GN=GSS PE=1 SV=1

514.8309 1027.6473 37.68 0.00017 VVINVPIFK GSH1_HUMAN Glutamate--cysteine ligase catalytic subunit OS=Homo sapiens GN=GCLC PE=1 SV=2
1410.72* 0.82 18784 0.58 705.8674 1409.7203 115.28 3.00E-12 SFSTASAITPSVSR K2C5_HUMAN Keratin, type II cytoskeletal 5 OS=Homo sapiens GN=KRT5 PE=1 SV=3

705.8725 1409.7304 154.1 3.90E-16 TTAENEFVMLKK K2C5_HUMAN Keratin, type II cytoskeletal 5 OS=Homo sapiens GN=KRT5 PE=1 SV=3

470.925 1409.7531 31.08 0.00078 YGLIFHSTFIGR NOP56_HUMAN Nucleolar protein 56 OS=Homo sapiens GN=NOP56 PE=1 SV=4

705.8915 1409.7684 25.84 0.0026 QLFHPEQLITGK TBA1B_HUMAN Tubulin alpha-1B chain OS=Homo sapiens GN=TUBA1B PE=1 SV=1

705.8915 1409.7684 25.84 0.0026 QLFHPEQLITGK TBA1A_HUMAN Tubulin alpha-1A chain OS=Homo sapiens GN=TUBA1A PE=1 SV=1

705.8915 1409.7684 25.84 0.0026 QLFHPEQLITGK TBA4A_HUMAN Tubulin alpha-4A chain OS=Homo sapiens GN=TUBA4A PE=1 SV=1

705.924 1409.8334 59.93 1.00E-06 LNIIIIAEGAIDR K6PL_HUMAN 6-phosphofructokinase, liver type OS=Homo sapiens GN=PFKL PE=1 SV=6
1905.95 0.52 10956 0.56 953.9953 1905.976 154.1 3.90E-16 ETDLLLDDSLVSIFGNR PRDX5_HUMAN Peroxiredoxin-5, mitochondrial OS=Homo sapiens GN=PRDX5 PE=1 SV=4

636.0074 1905.0004 30.44 0.0009 LATQSNEITIPVTFESR HSPB1_HUMAN Heat shock protein beta-1 OS=Homo sapiens GN=HSPB1 PE=1 SV=2

636.3176 1905.9309 39.08 0.00012 VDEFVTHNLSFDEINK ADHX_HUMAN Alcohol dehydrogenase class-3 OS=Homo sapiens GN=ADH5 PE=1 SV=4
1095.58 0.82 21704 0.55 477.0164 1904.0366 75.9 2.60E-08 AAYLQETGKPLDETLKK ANXA1_HUMAN Annexin A1 OS=Homo sapiens GN=ANXA1 PE=1 SV=2

635.6879 1904.0419 26.34 0.0023 VQLPTETLQELLDLHR GBP1_HUMAN Interferon-induced guanylate-binding protein 1 OS=Homo sapiens GN=GBP1 PE=1 SV=2

953.5051 1904.9956 154.1 3.90E-16 LATQSNEITIPVTFESR HSPB1_HUMAN Heat shock protein beta-1 OS=Homo sapiens GN=HSPB1 PE=1 SV=2
944.54 0.69 19354 0.53 472.7716 943.5286 27.71 0.0017 AGLQFPVGR H2A2A_HUMAN Histone H2A type 2-A OS=Homo sapiens GN=HIST2H2AA3 PE=1 SV=3

472.7716 943.5286 27.71 0.0017 AGLQFPVGR H2A1D_HUMAN Histone H2A type 1-D OS=Homo sapiens GN=HIST1H2AD PE=1 SV=2

472.7716 943.5286 27.71 0.0017 AGLQFPVGR H2A1B_HUMAN Histone H2A type 1-B/E OS=Homo sapiens GN=HIST1H2AB PE=1 SV=2

472.7716 943.5286 27.71 0.0017 AGLQFPVGR H2AX_HUMAN Histone H2AX OS=Homo sapiens GN=H2AFX PE=1 SV=2

472.7716 943.5286 27.71 0.0017 AGLQFPVGR H2AV_HUMAN Histone H2A.V OS=Homo sapiens GN=H2AFV PE=1 SV=3
957.63 0.65 10464 0.52 479.2679 956.5213 37.42 0.00018 LEGPDVSLK AHNK_HUMAN Neuroblast differentiation-associated protein AHNAK OS=Homo sapiens GN=AHNAK PE=1 SV=2

479.286 956.5574 26.09 0.0025 LLDQIVEK FUBP1_HUMAN Far upstream element-binding protein 1 OS=Homo sapiens GN=FUBP1 PE=1 SV=3

479.2892 956.5639 26.21 0.0024 IDLTLLNR PRP8_HUMAN Pre-mRNA-processing-splicing factor 8 OS=Homo sapiens GN=PRPF8 PE=1 SV=2

479.292 956.5694 60.22 9.50E-07 IALVITDGR CO6A1_HUMAN Collagen alpha-1(VI) chain OS=Homo sapiens GN=COL6A1 PE=1 SV=3
857.6 0.68 14956 0.5 429.2439 856.4733 21.9 0.0065 SLYSFIK ANXA4_HUMAN Annexin A4 OS=Homo sapiens GN=ANXA4 PE=1 SV=4

429.279 856.5434 34.25 0.00038 LTELLLR ADRO_HUMAN NADPH:adrenodoxin oxidoreductase, mitochondrial OS=Homo sapiens GN=FDXR PE=1 SV=3
976.51 0.65 15534 0.49 NA NA NA NA NA NA NA
878.56 0.68 11213 0.46 NA NA NA NA NA NA NA

810.48* 0.76 17095 0.45 405.7087 809.4028 21.44 0.0072 QSSVSFR K2C5_HUMAN Keratin, type II cytoskeletal 5 OS=Homo sapiens GN=KRT5 PE=1 SV=3
958.59 0.69 15432 0.42 479.7771 957.5396 45.28 3.00E-05 GFVFITFK ROAA_HUMAN Heterogeneous nuclear ribonucleoprotein A/B OS=Homo sapiens GN=HNRNPAB PE=1 SV=2

479.7899 957.5652 37.91 0.00016 ALAQLSLSR PNCB_HUMAN Nicotinate phosphoribosyltransferase OS=Homo sapiens GN=NAPRT1 PE=1 SV=2

479.7897 957.5649 23.96 0.004 VLVSLSAGGR ANXA4_HUMAN Annexin A4 OS=Homo sapiens GN=ANXA4 PE=1 SV=4

479.8008 957.587 33.68 0.00043 SGVGTALLLK TFR1_HUMAN Transferrin receptor protein 1 OS=Homo sapiens GN=TFRC PE=1 SV=2
943.62 0.82 20030 0.41 472.2913 942.5681 35.37 0.00029 VPPPPPIAR HNRPC_HUMAN Heterogeneous nuclear ribonucleoproteins C1/C2 OS=Homo sapiens GN=HNRNPC PE=1 SV=4

865.42* 0.84 15617 0.41 433.1998 864.3851 26 0.0025 SGGGGGGGFGR K2C5_HUMAN Keratin, type II cytoskeletal 5 OS=Homo sapiens GN=KRT5 PE=1 SV=3
1217.66 0.55 10906 0.39 609.3218 1216.629 22.98 0.005 DAGTIAGLNVMR GRP78_HUMAN 78 kDa glucose-regulated protein OS=Homo sapiens GN=HSPA5 PE=1 SV=2

609.3444 1216.6742 42.57 5.50E-05 IIQLLDDYPK RLA0_HUMAN 60S acidic ribosomal protein P0 OS=Homo sapiens GN=RPLP0 PE=1 SV=1

609.3636 1216.7125 32.6 0.00055 FVSISDLLVPK GDIB_HUMAN Rab GDP dissociation inhibitor beta OS=Homo sapiens GN=GDI2 PE=1 SV=2

406.578 1216.7122 48.29 1.50E-05 KLIYFQLHR TIF1B_HUMAN Transcription intermediary factor 1-beta OS=Homo sapiens GN=TRIM28 PE=1 SV=5
884.52* 0.66 14337 0.37 442.7286 883.4427 24.74 0.0034 TSFTSVSR K2C5_HUMAN Keratin, type II cytoskeletal 5 OS=Homo sapiens GN=KRT5 PE=1 SV=3

442.7835 883.5525 23.85 0.0041 IILLAEGR SAHH_HUMAN Adenosylhomocysteinase OS=Homo sapiens GN=AHCY PE=1 SV=4
856.67 0.74 15483 0.36 NA NA NA NA NA NA NA

1143.65* 0.64 17685 0.36 572.3089 1142.6033 23.56 0.0044 IGAEVYHNLK ENOA_HUMAN Alpha-enolase OS=Homo sapiens GN=ENO1 PE=1 SV=2

572.3183 1142.622 43.56 4.40E-05 LAELEEALQK K2C5_HUMAN Keratin, type II cytoskeletal 5 OS=Homo sapiens GN=KRT5 PE=1 SV=3

572.3231 1142.6317 45.39 2.90E-05 LAVNMVPFPR TBB5_HUMAN Tubulin beta chain OS=Homo sapiens GN=TUBB PE=1 SV=2

572.3231 1142.6317 45.39 2.90E-05 LAVNMVPFPR TBB4B_HUMAN Tubulin beta-4B chain OS=Homo sapiens GN=TUBB4B PE=1 SV=1

572.3231 1142.6317 45.39 2.90E-05 LAVNMVPFPR TBB3_HUMAN Tubulin beta-3 chain OS=Homo sapiens GN=TUBB3 PE=1 SV=2

572.3231 1142.6317 45.39 2.90E-05 LAVNMVPFPR TBB2A_HUMAN Tubulin beta-2A chain OS=Homo sapiens GN=TUBB2A PE=1 SV=1

572.3231 1142.6317 45.39 2.90E-05 LAVNMVPFPR TBB4A_HUMAN Tubulin beta-4A chain OS=Homo sapiens GN=TUBB4A PE=1 SV=2

572.3231 1142.6317 45.39 2.90E-05 LAVNMVPFPR TBB6_HUMAN Tubulin beta-6 chain OS=Homo sapiens GN=TUBB6 PE=1 SV=1

572.3816 1142.7486 45.43 2.90E-05 LLNILGLIFK CND1_HUMAN Condensin complex subunit 1 OS=Homo sapiens GN=NCAPD2 PE=1 SV=3
1045.62 0.65 16370 0.35 523.2619 1044.5092 23.25 0.0047 GFGFVSFER PABP1_HUMAN Polyadenylate-binding protein 1 OS=Homo sapiens GN=PABPC1 PE=1 SV=2

523.2882 1044.5618 57.7 1.70E-06 GIVDSITGQR DESP_HUMAN Desmoplakin OS=Homo sapiens GN=DSP PE=1 SV=3
2147.19 0.14 20418 0.33 716.3459 2146.0159 75.77 2.60E-08 SADESGQALLAAGHYASDEVR SPTN1_HUMAN Spectrin alpha chain, non-erythrocytic 1 OS=Homo sapiens GN=SPTAN1 PE=1 SV=3
1105.59 0.5 11479 0.3 553.799 1105.5835 55.58 2.80E-06 SEIDLFNIR ANXA5_HUMAN Annexin A5 OS=Homo sapiens GN=ANXA5 PE=1 SV=2

553.8077 1105.6009 22.67 0.0054 DFLQLFAPR TGFI1_HUMAN Transforming growth factor beta-1-induced transcript 1 protein OS=Homo sapiens GN=TGFB1I1 PE=1 SV=2

553.8115 1105.6083 46.18 2.40E-05 AIDLFTDAIK F10A1_HUMAN Hsc70-interacting protein OS=Homo sapiens GN=ST13 PE=1 SV=2

553.8536 1105.6926 76.29 2.30E-08 VVLPIEAPIR COX2_HUMAN Cytochrome c oxidase subunit 2 OS=Homo sapiens GN=MT-CO2 PE=1 SV=1
1296.68 0.1 22823 0.29 648.8566 1295.6986 81.56 7.00E-09 AAFVAYALAFPR PNCB_HUMAN Nicotinate phosphoribosyltransferase OS=Homo sapiens GN=NAPRT1 PE=1 SV=2
870.64 0.85 22749 0.29 435.769 869.5234 30.25 0.00094 LLELTGPK A1BG_HUMAN Alpha-1B-glycoprotein OS=Homo sapiens GN=A1BG PE=1 SV=4

435.776 869.5375 25.71 0.0027 LAVEAVLR TCPB_HUMAN T-complex protein 1 subunit beta OS=Homo sapiens GN=CCT2 PE=1 SV=4

435.775 869.5354 24.24 0.0038 LAVEALVR HYAS1_HUMAN Hyaluronan synthase 1 OS=Homo sapiens GN=HAS1 PE=1 SV=2

435.776 869.5375 25.71 0.0027 LAVEALVR HYAS1_HUMAN Hyaluronan synthase 1 OS=Homo sapiens GN=HAS1 PE=1 SV=2

435.7761 869.5377 25.68 0.0027 ALLEVLGR GLO2_HUMAN Hydroxyacylglutathione hydrolase, mitochondrial OS=Homo sapiens GN=HAGH PE=1 SV=2
842.6 0.9 25210 0.22 421.7786 841.5427 20.78 0.0084 VLAVTAIR PUR2_HUMAN Trifunctional purine biosynthetic protein adenosine-3 OS=Homo sapiens GN=GART PE=1 SV=1

1267.65 0.32 11686 0.2 634.3339 1266.6533 111.75 6.70E-12 AEGPEVDVNLPK AHNK_HUMAN Neuroblast differentiation-associated protein AHNAK OS=Homo sapiens GN=AHNAK PE=1 SV=2

634.338 1266.6614 45.24 3.00E-05 MVVESAYEVIK LDHB_HUMAN L-lactate dehydrogenase B chain OS=Homo sapiens GN=LDHB PE=1 SV=2

423.2312 1266.6719 35.87 0.00026 ISMPDVDLHLK AHNK_HUMAN Neuroblast differentiation-associated protein AHNAK OS=Homo sapiens GN=AHNAK PE=1 SV=2

634.3753 1266.7361 94.8 3.30E-10 IAAAILNTPDLR AATM_HUMAN Aspartate aminotransferase, mitochondrial OS=Homo sapiens GN=GOT2 PE=1 SV=3

423.2598 1266.7575 48.53 1.40E-05 ALPAPIEKTISK IGHG1_HUMAN Ig gamma-1 chain C region OS=Homo sapiens GN=IGHG1 PE=1 SV=1
2932.59 0.07 15500 0.19 NA NA NA NA NA NA NA

816.5 0.73 10983 0.19 408.7213 815.4281 25 0.0032 FIDFFK SYAC_HUMAN Alanine--tRNA ligase, cytoplasmic OS=Homo sapiens GN=AARS PE=1 SV=2

408.7416 815.4687 22.38 0.0058 GFIPNIR FBN1_HUMAN Fibrillin-1 OS=Homo sapiens GN=FBN1 PE=1 SV=3
971.56* 0.65 15998 0.18 486.244 970.4735 29.12 0.0012 FVSTTSSSR K2C5_HUMAN Keratin, type II cytoskeletal 5 OS=Homo sapiens GN=KRT5 PE=1 SV=3

486.2931 970.5716 26.86 0.0021 VLAEVEALK EGLN2_HUMAN Egl nine homolog 2 OS=Homo sapiens GN=EGLN2 PE=1 SV=1

486.2995 970.5844 58.97 1.30E-06 VIVVITDGR COEA1_HUMAN Collagen alpha-1(XIV) chain OS=Homo sapiens GN=COL14A1 PE=1 SV=3
1111.58 0.51 13473 0.09 556.2794 1110.5442 28.87 0.0013 IIEDAHNSGR AT2L1_HUMAN Ethanolamine-phosphate phospho-lyase OS=Homo sapiens GN=ETNPPL PE=1 SV=1

556.2841 1110.5536 45.4 2.90E-05 QDIAFAYQR ANXA2_HUMAN Annexin A2 OS=Homo sapiens GN=ANXA2 PE=1 SV=2

556.293 1110.5714 36.07 0.00025 ISISTSGGSFR K2C5_HUMAN Keratin, type II cytoskeletal 5 OS=Homo sapiens GN=KRT5 PE=1 SV=3

556.2955 1110.5764 35.35 0.00029 DLLYFDGLR PKP3_HUMAN Plakophilin-3 OS=Homo sapiens GN=PKP3 PE=1 SV=1

556.2967 1110.5788 47.39 1.80E-05 DLLYFDGLR PKP3_HUMAN Plakophilin-3 OS=Homo sapiens GN=PKP3 PE=1 SV=1

556.3096 1110.6047 22.46 0.0057 DGLGGLPDIVR UBP5_HUMAN Ubiquitin carboxyl-terminal hydrolase 5 OS=Homo sapiens GN=USP5 PE=1 SV=2

371.2152 1110.6239 54.45 3.60E-06 FLLSLPEHR PSMD6_HUMAN 26S proteasome non-ATPase regulatory subunit 6 OS=Homo sapiens GN=PSMD6 PE=1 SV=1

556.3198 1110.6251 21.79 0.0066 TPTAVVAPVEK CLIP1_HUMAN CAP-Gly domain-containing linker protein 1 OS=Homo sapiens GN=CLIP1 PE=1 SV=2

556.3287 1110.6428 66.76 2.10E-07 TGAAPIIDVVR RL27A_HUMAN 60S ribosomal protein L27a OS=Homo sapiens GN=RPL27A PE=1 SV=2
1570.7 0.17 12029 0.05 524.2693 1569.7861 26.02 0.0025 GSEVGFHGAAPDISVK AHNK_HUMAN Neuroblast differentiation-associated protein AHNAK OS=Homo sapiens GN=AHNAK PE=1 SV=2

785.9101 1569.8057 136.03 2.50E-14 GAGTGGLGLAVEGPSEAK FLNA_HUMAN Filamin-A OS=Homo sapiens GN=FLNA PE=1 SV=4

393.4601 1569.8115 46.4 2.30E-05 NHLLHVFDEYKR ANXA4_HUMAN Annexin A4 OS=Homo sapiens GN=ANXA4 PE=1 SV=4

524.283 1569.8271 27.48 0.0018 TDLHAFENLEIIR EGFR_HUMAN Epidermal growth factor receptor OS=Homo sapiens GN=EGFR PE=1 SV=2

785.9281 1569.8416 52.29 5.90E-06 ALEEANADLEVKIR K1C13_HUMAN Keratin, type I cytoskeletal 13 OS=Homo sapiens GN=KRT13 PE=1 SV=4

785.9281 1569.8416 52.29 5.90E-06 ALEEANADLEVKIR K1C14_HUMAN Keratin, type I cytoskeletal 14 OS=Homo sapiens GN=KRT14 PE=1 SV=4

785.9281 1569.8416 52.29 5.90E-06 ALEEANADLEVKIR K1C16_HUMAN Keratin, type I cytoskeletal 16 OS=Homo sapiens GN=KRT16 PE=1 SV=4

785.957 1569.8995 126.71 2.10E-13 ISLPLPNFSSLNLR VIME_HUMAN Vimentin OS=Homo sapiens GN=VIM PE=1 SV=4

785.9841 1569.9536 46.74 2.10E-05 LLLAVFVTPLTDLR MSH2_HUMAN DNA mismatch repair protein Msh2 OS=Homo sapiens GN=MSH2 PE=1 SV=1

864.63 0.7 11114 0.05 432.771 863.5274 46.98 2.00E-05 LSPVPVPR RALY_HUMAN RNA-binding protein Raly OS=Homo sapiens GN=RALY PE=1 SV=1
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NA No LC-MS/MS match 
* Peak groups matched to Cytokeratin 5 peptides  
  Non-unique peptides with matches to multiple proteins 
1 The abundance weighted means (AWM) m/z was calculated for the overall peak group 
2 Number of Spectra in each peak group compiled from all acquisition spectra across the patient cohort 
3 Heuristically ranked maximum difference, d, between the healthy epithelium, dVIN, and VSCC 
4 Experimental m/z of the CK5 matched nanoLC-ESI-MS/MS detected peptide 
5 Experimental mass of the CK5 matched nanoLC-ESI-MS/MS detected peptide 
6 Mascot Ions Score 
7 Mascot Expected Score 
8 Matched LC-MSMS peptide sequence 
9 Uniprot Protein Accession  
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