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Abstract

Patients with extensive ulcerative colitis (UC) have an increased risk of colorectal cancer.
Although UC patients generally undergo lifelong colonoscopic surveillance to detect dysplasia or
cancer in the colon, detection of cancer in this manner is expensive and invasive. An objective
biomarker of dysplasia would vastly improve the clinical management of cancer risk in UC
patients. In the current study, accurate mass and time methods with ion intensity-based label-free
proteomics are applied to profile individual rectal and colon samples from UC patients with
dysplasia or cancer (UC progressors) compared to rectal samples from patients that are dysplasia/
cancer free (UC non-progressors) in order to identify a set of proteins in the rectum mucosa that
differentiate the two groups. In addition to the identification of proteins in UC dysplastic colon
tissue, we for the first time identified differentially expressed proteins in non-dysplastic rectal
tissue from UC progressors. This provides a candidate pool of biomarkers for dysplasia/cancer
that could be detected in a random non-dysplastic rectal biopsy. Mitochondrial proteins,
cytoskeletal proteins, RAS superfamily, proteins relating to apoptosis, and metabolism were
important protein clusters differentially expressed in the non-dysplastic and dysplastic tissues of
UC progressors, suggesting their importance in the early stages of UC neoplastic progression.
Among the differentially expressed proteins, immunohistochemistry analysis confirmed that
TRAP1 displayed increased IHC staining in UC progressors, in both dysplastic and non-dysplastic
tissue, and CPS1 showed a statistically significant difference in IHC staining between the non-
progressor and progressor groups. Furthermore, rectal CPS1 staining could be used to predict
dysplasia or cancer in the colon with 87% sensitivity and 45% specificity, demonstrating the
feasibility of using surrogate biomarkers in rectal biopsies to predict dysplasia and/or cancer in the
colon.
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Introduction

Ulcerative colitis (UC) is an inflammatory bowel disease affecting approximately half a
million patients in the United States. Patients with extensive UC of more than eight years
duration have an increased risk of colorectal cancer, approximating 0.5-1% per year of
colitisl:2. For example, a patient with 20 years of UC will have a neoplastic risk of
approximately 10-20%. These patients are usually advised to undergo lifelong colonoscopic
surveillance to detect the presence of dysplasia (pre-cancer) or cancer in the colon. There are
major challenges with UC cancer surveillance. Unlike sporadic colon cancer, dysplasia or
cancer frequently occurs in benign-appearing colonic mucosa of UC patients without
evidence of a polyp. Moreover, the large surface area of the colon, which ranges up to one
square meter, makes it difficult to find endoscopically-invisible focal cancer or pre-cancer,
and therefore numerous random biopsies are usually taken throughout the colon for
evaluation by a pathologist3. Dysplasia is graded and ranges from indefinite for dysplasia to
low-grade dysplasia (LGD) to high-grade dysplasia (HGD) to cancer. Colectomy is
recommended for all patients with HGD or cancer. The histologic diagnosis of dysplasia,
however, is highly subjective and requires an experienced pathologist for optimum
accuracy®. An objective biomarker of dysplasia would vastly improve the clinical
management of cancer risk in UC patients. Of even greater utility would be biomarkers
present in the normal-appearing (i.e., non-dysplastic) rectum for prediction of dysplasia in
the colon, since a random rectal biopsy could be performed in a short clinic visit and would
not need prior colon preparation or sedation as is required in colonoscopy surveillance.
Patients who have a positive biomarker detected in the rectal mucosa could then be
scheduled for the full colonoscopy with biopsy. Because the biomarker test would be used
for decision analysis for colonoscopic surveillance, the sensitivity must be close to 100%,
i.e., no dysplasia or cancer should be missed. However, the requirement for specificity of the
biomarker would not need to be as high since the patients who are false positive for the
biomarker would need to undergo full colonoscopy to confirm the presence of dysplasia.
Cost savings will increase with specificity, but even if only one third of true negative
patients were spared colonoscopy (specificity 33%) the health care cost reduction would be
substantial.

To identify dysregulated proteins in the rectum, the current study uses a comparative label-
free proteomics approach to investigate the non-dysplastic and normal-appearing rectal
tissue from UC patients who have dysplasia or cancer (progressors) versus UC patients who
are dysplasia/cancer-free (non-progressors). As noted above, a cancer biomarker that could
be found in the rectum would be ideal for testing, as the colonoscopic procedure could be
avoided. The label-free approach allows us to perform global quantitative proteome
comparison using individual samples, thus allowing assessment of the variation between
samples within the same experimental group. By analyzing protein abundance differences
between samples in the same experimental group and between groups, we can estimate not
only the magnitude of any differential abundance of proteins, but also the probability that
the differential observation is due to random experimental variation. A label-free
methodology based on LC-MS ion intensity was chosen over the more popular MS/MS
spectral counting approach®8:7 because an approach that is based on high-resolution ion
abundance data has the potential for higher sensitivity and precise quantitation for less-
abundant proteins®:9:5. The proteomics data analysis described here was performed using the
freely available, open-source msinspect software platform. In our related work, we
investigated dysregulated proteins in the non-dysplastic colon tissue immediately
surrounding the dysplasia as well as the dysplastic colon tissuel0. Our current work is highly
complementary to our previous work, and, more importantly, the current work focuses on
discovering dysregulated proteins in the rectal tissue, which has not been investigated
previously.
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We present ranked lists of differential proteins identified by label-free comparative
proteomics in non-dysplastic rectal tissue and dysplastic colon tissue from UC progressors
as compared with non-progressors. The list is restricted both by effect size (i.e., fold change)
and by approximate statistical significance (i.e., p-value). This discovery work was followed
by a confirmation study, selecting two of the top-ranked differential proteins for validation
by immunohistochemistry (IHC). These ranked lists are utilized in functional analysis and
pathway analysis to explore the mechanisms that may underlie UC neoplastic progression.
Our results have identified protein markers that may prove useful in segregating dysplasia
and cancer in the colon, and, after suitable validation studies are conducted, might be used in
a variety of clinical applications, including predictive risk assessment and/or early detection
diagnostics.

Methods and Materials

Patients and Tissue Specimens

Tissue specimens from patients with ulcerative colitis were collected in accordance with
approved Human Subjects guidelines at the University of Washington and the Cleveland
Clinic via institutional internal tissue banks. Once procured, all specimens were assigned
study IDs and specimen IDs. These specimens, obtained at the time of colonoscopy or from
surgical resections, were placed in frozen media containing Minimal Essential Medium with
10% DMSO and kept frozen at —70°C until use. For proteomic analysis, colonic epithelial
samples from 5 subjects (patients) from each of the following three categories were used: 1)
Non-dysplastic rectal tissue from non-progressors (NP); 2) Non-dysplastic rectal tissue from
progressors (P-NEG); 3) Tissue with high-grade dysplasia from UC progressors: (P-HGD).
The P-NEG specimens were from UC patients who had high-grade dysplasia or colon
cancer, but the particular specimens chosen were histologically negative for dysplasia in the
rectum. The histological grades for each specimen were assigned by co-author (MPB) who
has extensive experience in evaluating the pathology of IBD (inflammatory bowel disease)
samples. The clinical characteristics of these patients are listed in supplemental Table 1.
Progressor and non-progressor specimens were matched on gender, patient age, duration of
disease, and degree of inflammation. The degree of inflammation was assessed by
pathologist and scored from 0 to 4, with 4 indicating the most severe inflammation: 0 =
inactive disease, 1 = mild activity with cryptitis; 2 = crypt abscess; 3 = 3 or more crypt
abscesses per high power field; and 4 = ulceration and granulation tissue.

Sample Preparation

Colonic epithelial cells were isolated from specimens by EDTA shake-off, which provides
over 90% purity of epithelial cells, as previously described®. Protein lysates were obtained
by lysing the epithelial cells in T-Per (Pierce, Rockford, IL) or CHAPS (Millipore, Billerica,
MA\) with 1x Protease Inhibitor Cocktail (Pierce, Rockford, IL)10. Protein lysates (20ug)
were reduced with 20 mM DTT and blocked with 25 mM iodoacetamide. The proteins were
then digested with trypsin (trypsin to protein ratio: 1/50) overnight (16-18 hours) and
purified by C18 desalting column. 1 pg of each purified peptide sample was injected into the
mass spectrometer for analysis.

Mass Spectrometry

An LTQ-Orbitrap hybrid mass spectrometer (Thermo Fisher Scientific, Waltham, MA)
coupled with nano-flow HPLC was used in this study. The liquid chromatography/mass
spectrometry setup consisted of a trap column (100um x 1.5cm) made from an IntegraFrit
(New Objective, Woburn, MA) packed with Magic C18AQ resin (5um, 200A particles;
Michrom Bioresources, Auburn CA), followed by an analytical column (75um x 27cm)
made from a PicoFrit (New Objective) packed with Magic C18AQ resin (5um, 100A
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particles; Michrom Bioresources). The columns were connected in-line to an Eksigent 2D
nano-HPLC (Eksigent Technologies, Dublin, CA) in a vented column configuration to allow
fast sample loading at 3uL/min12. The peptide samples were analyzed by LC-MS/MS using
a 90-minute non-linear gradient as follows: start at 5% acetonitrile with 0.1% formic acid
(against water with 0.1% formic acid), change to 7% over 2 minutes, then to 35% over 90
minutes, then to 50% over 1 minute, hold at 50% for 9 minutes, change to 95% over 1
minute, hold at 95% for 5 minutes, drop to 5% over 1 minute and recondition at 5%. The
flow rate for the peptide separation was 300 nL/min. A spray voltage of 2.25 kV was applied
to the nanospray tip. The mass spectrometry experiment consisted of a full MS scan in the
Orbitrap (AGC target value 1e6, resolution 60K, and one microscan, FT preview scan on)
followed by up to 5 MS/MS spectra acquisitions in the linear ion trap. The five most intense
ions from the Orbitrap scan were selected for MS/MS using collision induced dissociation
(isolation width 2 m/z, target value 1e4, collision energy 35%, max injection time 100 ms).
Lower abundance peptide ions were interrogated using dynamic exclusion (repeat count 1,
repeat duration 30 sec., exclusion list size 100, exclusion time 45 sec., exclusion mass width
—0.55 m/z low to 1.55 m/z high). Charge state screen was used, allowing for MS/MS of any
ions with identifiable charge states +2, +3, and +4 and higher.

Peptide and Protein Identification from Tandem MS Data

Raw machine output files from all MS runs were converted to mzXML files and searched
with X!Tandem?3 configured with the k-score scoring algorithm?4, against version 3.65 of
the human International Protein Index (IPI) database. The search parameters were as
follows: enzyme, trypsin; maximum missed cleavages, 1; fixed modification,
carboxamidomethylation on cysteine; potential modification, oxidization on methionine;
parent monositopic mass error, 2.5Da. Peptide identifications were assigned probability by
PeptideProphet!®, and all identifications assigned probability <0.95 (estimated false
discovery rate varied per experimental run in the range 0.006-0.007) were discarded. The
msInspect/ AMT tools!® were used to create an Accurate Mass and Time (AMT) database
containing all passing peptide identifications from all sample runs that were observed in at
least two runs independently. These stringent filtration steps ensured that AMT matching
occurs with a minimum of background noise due to false identifications.

Proteomics Data Analysis Pipeline

In brief, 5 samples were analyzed from each of the P-HGD, P-NEG and NP experimental
groups. For each sample, LC-MS peptide ions were located and assigned peptide
identifications using AMT database matching, and this information was combined across
replicate sample runs. Peptide identification and intensity information from all samples was
assembled into a single “peptide array”, and peptide abundance ratios between the P-HGD
and NP groups and between the P-NEG and NP groups were calculated using the geometric
mean peptide intensity value from all samples in each group. Protein inference was
performed using ProteinProphet, and abundance ratios for each protein identified were
obtained by combining peptide information. Where possible, g-values were calculated for
each protein describing the probability of observing the observed peptide information for
that protein under the null hypothesis that the protein was not differentially expressed. This
pipeline is described in further detail below and visualized in Figure 1.

1. LC-MS Feature Detection, Identification and Peptide Array Creation—
mslInspect!? version 2.3 located LC-MS peptide features in each run using the default
settings. AMT matching assigned peptide identifications to LC-MS features. Match
probabilities were calculated based on mass and RT errorl8, and only matches with
probability > 0.95 were retained. LC-MS data from the two replicate runs of each sample
were combined into a single dataset per sample. The replicates were combined by creating a
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“peptide array” from the two replicate datasets as previously describedl’. Briefly, a “peptide
array” associates features across multiple machine runs by mass and retention time; each
row of the array represents a feature associated across one or more runs, and the array
contains columns describing peptide intensity within each run. Feature intensities are
normalized based on ion intensity distribution as previously described!’: 19 to eliminate the
effect of differences between machine runs. In the replicate peptide array dataset for each
sample, features observed in only one replicate were retained as-is; features observed in both
replicates were collapsed into a single feature and assigned the geometric mean intensity
(i.e., log intensities were averaged) of the constituent features. The resulting combined
datasets for each sample were, in turn, assembled into a single peptide array containing all
15 samples from all three groups.

2. Peptide Abundance Comparison—Next, we created a dataset describing peptide
abundance ratios between the experimental groups. All peptide identifications across the 5
P-HGD and the 5 NP samples were assembled into a single pepXML file20 with a
quantitative “ratio” (where available) representing the ratio of geometric mean abundance in
the P-HGD samples to the mean abundance of matching peptides in the NP samples. This
process was then repeated comparing the P-NEG and NP samples. This representation
allowed us to use standard tools for further data processing, treating the dataset as though it
were the result of a single LC-MS run using isotopic labeling for quantitation. Peptides
observed in one of the compared groups, but not the other, were assigned a ratio of 0 or
infinity accordingly, but those peptides were removed from the current analysis, which
focuses on quantifiable variation and can thereby use more powerful statistical tests to
compare the two groups.

For each of the two-group comparisons (P-HGD:NP and P-NEG:NP) a t-test compared the
peptide ion intensities observed in the two groups for each peptide that was observed in at
least two patient samples in each group and generated a t-statistic.

3. Protein Abundance Comparison—The peptide-level datasets were processed to
create datasets comparing protein abundance between the two groups. For each of the two
group-comparison pepXML files (P-HGD:NP and P-NEG:NP), ProteinProphet inferred
protein identifications from the identified peptide evidence. Protein probabilities calculated
by ProteinProphet were ignored, except to exclude protein identifications subsumed by other
proteins that were explained by more peptide evidence. Protein ratios were calculated using
the geometric mean of all associated peptide ratios and the results retained in a protXML
file. The two two-group-comparison protXML files were combined into a single dataset by
associating protein identifications across the two comparisons based on peptide
identification information, as described previously?L.

For each protein having two or more peptides with t-scores, we performed an
overrepresentation analysis, comparing the t-statistics from all of the protein’s peptides with
the t-statistics from all other peptide t-statistics observed using a Wilcox test. The p-values
calculated from this analysis represented the probability of observing the observed data if
the protein was not differentially abundant between groups. Finally, to correct for multiple
testing error, g-values (false discovery rates calculated commonly in gene expression array
experiments, i.e., FDR in the sense of Storey et al.22) were calculated from those p-values.
Differential proteins were chosen from this dataset based on both ratio and g-value as
described below.

J Proteome Res. Author manuscript; available in PMC 2012 January 7.
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Immunohistochemistry Analysis

Paraffin-embedded, formalin-fixed tissue blocks were sectioned into 5uM on charge slides.
The deparaffinized sections were processed for antigen retrieval using Heat Induced Epitope
Retrieval (HIER) Techniques in EDTA buffer (PH 8.0) and microwaved for 18 minutes,
followed by cooling to room temperature and then primary antibody incubation. Dilution of
the primary antibody TRAP1 (Abcam Cambridge, MA) was 1:50. Biotinylated rabbit 1gG
made in Goat was used as secondary antibody at 1:500 dilution. IHC staining for CPS1 was
performed as described previouslyl0. CPS1 staining was graded semiquantitatively for
intensity (0-4) and percentage of cells staining (0=no staining, A=approximately 25%,
B=approximately 50%, C=approximately 75%, and D=approximately 100%). Positive
staining was defined as cytoplasmic staining of epithelial cells. A combined numeric score
was calculated as the product of staining intensity and percentage of staining cells.

Statistical analyses of the CPS1 IHC staining were performed using GraphPad Prism (La
Jolla, CA). Differences in the CPS1 level between non-progressors and progressors were
tested for statistical significance using the Mann-Whitney test. Empirical receiver operating
characteristic (ROC) curves were used to determine the sensitivity and specificity of CPS1
in separating non-dysplastic rectal tissues in progressors from non-dysplastic tissues in non-
progressors. Statistical significance was defined as P < 0.05.

Results and Discussion

Proteomics Data Summary

An average of 3,142 unique peptide sequences were identified by MS/MS database search in
each of the original 30 runs from all 15 samples and assigned probability > 0.95 by
PeptideProphet. The AMT database created from these runs contained 9,679 unique peptides
observed independently in at least two different runs. msinspect located an average of
35,562 ions per run, and AMT matching identified an average of 4,461 of these ions per run
with probability > 0.95, representing 4,353 unique peptides per run. Sample replicate runs
were combined; each sample contained an average of 5,028 unique sequences. Peptide
information was combined to infer proteins and compare protein abundances; 1,703 protein
group ratios were calculated between the P-HGD and NP groups and 1,705 protein group
ratios were calculated between the P-NEG and NP groups. The t-statistics comparing P-
HGD and NP groups were calculated for 3,851 peptides observed in at least two samples per
group, and for 3,908 peptides comparing P-NEG and NP groups. Protein group-level g-
values were calculated as described above for 715 protein groups in the P-HGD:NP
comparison and for 708 protein groups in the P-NEG:NP comparison. Figure 2 describes the
distribution of g-values and the relationship between protein ratio and protein g-value.

We compared the current label-free experiment with our previous iTRAQ-based quantitative
proteomics study, which used different samples, instrumentation and experimental
procedures. In the current study, we quantified 761 of the original 1,106 proteins quantified
in the earlier iTRAQ analysis, a 68% overlap based on the total proteins quantified in the
iTRAQ study. In addition, an additional 1,165 proteins that were not identified in the
iTRAQ analysis were also identified and quantified. The pooling of protein identification
data from the analysis of 15 individual samples and the use of AMT database search led to
significantly increased protein identification yield in the current study. The differences
between the iTRAQ study and the current investigation in sample types (pooled colon
specimens vs. individual rectal specimens), quantitative techniques (iTRAQ vs. label-free)
and mass spectrometers used (QTOF vs. OrbiTrap) all contribute to the differences in
protein identification and quantification. Nonetheless, the high degree of overlap between
the very different experiments and the larger number of proteins quantified in the label-free
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experiment are encouraging, and they are consistent with conclusions reached in other
comparisons of labeled and label-free methods?2.

Reproducibility

We evaluated the reliability of our approach in two complementary ways using replicate
experiments; first the reproducibility of ion intensities across technical replicates was
assessed, and second the reproducibility of between group protein-ratios was examined by
comparing results when using only the first of the technical replicates to the results when
using only the second technical replicates. Peptide-level ion intensity was quite reproducible
between the replicates (Figure 3a). The median peptide intensity coefficient of variation
between replicates ranged from 0.076 to 0.152 across all 15 samples, with a mean of 0.099.
The (less informative) correlation coefficient ranged between 0.961 and 0.995 across all 15
samples, with a mean of 0.987.

We evaluated protein-ratio reproducibility in a manner that includes effects from the entire
analytic platform, including instrument variation, peptide intensity assessment variability,
and peptide identification variability. Sample runs were divided into two groups, one
containing only the first replicates of each sample and another with all of the second
replicates; the same automated analysis workflow described above was performed separately
on each replicate group and the protein ratios calculated by the two analyses were compared.
The correlation coefficient of the replicate protein log ratios was 0.75 for the P-HGD:NP
comparison and 0.80 for the P-NEG:NP comparison (see Figure 3b). Note that the
correlations of peptide ion intensity relationship and the protein log-ratio relationship should
not be compared directly since they reflect very different measurement scales: Figure 3a
correlates peptide raw intensities, but the protein-level comparison compares aggregated
differences of those intensities, as well as additional sources of computational variation that
could vary from experiment to experiment (e.g., protein-level inference). Figure 3b shows
that, when all these sources of variation are taken together, the reproducibility of the analytic
platform is adequate to identify systematic changes across experimental conditions.
Moreover, the protein ratios calculated for our study make use of both replicates, and so the
reproducibility of protein ratios should be greater in our experiment than demonstrated here.

Differential Proteins

We chose to limit our attention to proteins with ratio < 0.5 or > 2.0, a threshold based on the
replicate analysis described above. Figure 4 shows the distribution of (log-transformed)
protein ratios calculated between two replicate analyses for each experimental group. In all
three groups only 4% of proteins show a variation greater than twofold between the two
replicate analyses. Many of those apparently differential proteins in the replicate comparison
were identified with few peptides, potentially resulting in poor quantification. Therefore, our
list of candidate proteins was further restricted to those proteins with at least two unique
peptides observed. Proteins without g-values were considered, as these could be proteins
with very low abundance in one experimental group but not another (and therefore
insufficient in-common peptide identifications for a g-value calculation); these proteins were
evaluated on a case-by-case basis. For proteins with g-values, however, only proteins with
g-value < 0.1 were considered. This combination of large effect size of observed
dysregulation with low probability of observation by chance provided a list of candidates
whose effects are likely to be observable and reproducible in subsequent experiments.

In the P-HGD vs. NP comparison, 1,249 proteins had at least 2 unique peptides; 1,178 of
these had quantitative ratios, of which 294 showed a twofold or greater change; of those

changing proteins, 147 also had g-values, 126 of which were < 0.1. In the P-NEG vs. NP
comparison, 1,245 proteins had at least 2 unique peptides; 1,160 of these had quantitative
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ratios, of which 310 showed a twofold or greater change; of those changing proteins, 164
also had g-values, 144 of which were < 0.1. Restricting the protein candidate list using the
criteria described above, 303 and 273 differential proteins were identified in P-HGD and P-
NEG, respectively. Of these proteins, 155 were observed as differentially expressed in both
P-HGD and P-NEG, implying a possible correlation of proteome changes in a field effect of
non-dysplasia tissues related to cancer. These findings provide the feasibility of detecting
colon dysplasia or cancer using a surrogate biomarker in non-dysplasia rectal biopsies.
When compared with the differential proteins identified in the colon tissues from our
previous study19, the differential proteins identified in the rectal tissue from the current
study using label-free proteomics provide a complementary pool of candidates for UC
cancer biomarker development, especially rectal biomarker development. The differential
proteins identified in this study are listed in supplemental Table 2.

Functional annotation of differential proteins in UC progressors

To identify and interpret the potential biological groups and pathways associated with UC
neoplastic progression, the genes associated with the two lists of differential proteins in
progressor groups (P-NEG and P-HGD) were uploaded separately to the DAVID online
database for functional enrichment analysis?4:25. These enrichment analyses were based on
both up-regulated and down-regulated proteins. Selected enriched groups are presented in
Figure 5 and discussed below. The top 10 clusters of the DAVID enrichment analysis are
presented in supplemental Tables 3 and 4.

Mitochondrial proteins—One of the groups most enriched for differentially expressed
proteins was the mitochondrion. This group was highly enriched by 14.22 fold and 8.8 fold,
and accounted for 24% and 28% of the entire list of differential proteins, for progressors P-
NEG and P-HGD respectively. The majority of these mitochondrial proteins were
mitochondrial inner membrane proteins (36 and 38 for P-NEG and P-HGD respectively),
mitochondrial matrix proteins (23 and 19 for P-NEG and P-HGD respectively) and
oxidoreductase (40 and 47 for P-NEG and P-HGD respectively). Proteins in the oxidative
phosphorylation pathway, especially in Complexes I, 111 and VI were particularly enriched
(15 and 17 for P-NEG and P-HGD respectively). In our previous iTRAQ-based quantitative
proteomics study, we also discovered that mitochondrial proteins were enriched among the
differentially expressed proteinsi®. The results from our current study consistently suggest
the possible involvement of mitochondrial dysregulation in UC tumorigenesis, i.e.,
alterations in mitochondrial proteome may be associated with precursor lesions during UC
neoplastic progression to cancer.

Cytoskeletal proteins—Cytoskeletal proteins are also enriched in UC progressors. There
are 44 and 40 cytoskeletal proteins dysregulated in UC P-NEG and P-HGD respectively, or
9.29 fold and 3.6 fold enrichment respectively. Sixteen of these were actin cytoskeleton or/
and actin binding proteins. The pathways involved regulation of actin cytoskeleton (8
proteins), tight junction pathway (6 proteins), and vascular smooth muscle contraction (5
proteins). The cytoskeleton is not simply a structural framework playing a role in cell shape
and motile events. Recent studies show that the cytoskeleton also plays critical roles in the
regulation of various cellular processes relating to proliferation, contact inhibition,
anchorage-independent cell growth, and apoptosisZ®. Identification of cytoskeletal proteins
associated with UC progressors suggests that alterations in the cytoskeleton might be
important in UC neoplastic progression. Moreover, the observation of such cytoskeleton
changes in non-dysplastic regions implies that cytoskeletal changes may be occurring at a
very early stage of UC neoplastic progression, i.e., before cells become dysplastic.
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RAS superfamily—Several members of RAS oncogene family were differentially
expressed in UC progressors: 14 and 9 in P-NEG and P-HGD, enriched by 5.08 fold and
2.48 fold, respectively. The pathways included the MAPK signaling pathway, chemokine
signaling pathway, focal adhesion pathway, VEGF signaling, and RAS signaling pathway.
The RAS superfamily of GTPases has been implicated in the regulation of proliferation, cell
migration, adhesion, apoptosis, and differentiation?’. RAS signaling pathways are well
known for their involvement in tumor initiation and cellular transformation. Alterations in
the pathways of RAS superfamily in the non-dysplastic epithelium of UC progressors
indicate that these epithelial cells are undergoing molecular events required for tumor
progression even when they are still morphologically normal.

Apoptosis and regulation of apoptosis—Proteins relating to apoptosis and regulation
of apoptosis were also enriched for differentially expressed proteins. Nineteen proteins
involved in apoptosis and 32 proteins involved in regulation of apoptosis were differentially
expressed in P-NEG, with 2.49-fold enrichment (p<0.05). In progressor P-HGD, 16 proteins
involved in apoptosis and 22 proteins involved in regulation of apoptosis were differentially
expressed, although the enrichment did not reach statistical significance (p=0.2). Apoptosis
is a critical mechanism that allows multicellular organisms to maintain tissue integrity and
function and to eliminate damaged or unwanted cells?8. Alterations in proteins relating to
and regulate apoptosis enable UC epithelial cells to eventually to evade programmed cell
death, a trait that is critical in cancer development and progression.

Canonical pathway analysis of differential proteins in UC progressors

Ingenuity Pathways Analysis (Ingenuity® Systems, www.ingenuity.com) was used to
further explore the well-defined canonical pathways involved in UC progressors. The whole
datasets were imported into Ingenuity and 2-fold change was used as cut-off value for focus
genes. The top five canonical pathways for UC P-NEG were: Mitochondrial Dysfunction
(p=6.11E-11), Valine, Leucine and Isoleucine Degradation (p=1.4E-8), Fatty Acid
Metabolism (p=2.14E-8), Fatty Acid Elongation in Mitochondria (p=9.38E-8), and Inositol
Metabolism (p=2.15E-7). Among the 169 proteins (genes) in mitochondrial dysfunction
pathway, 20 proteins (genes) were differentially expressed in UC P-NEG. Moreover, 19 of
these 20 proteins (genes) were under-expressed. The top five canonical pathways for UC P-
HGD were: Mitochondrial Dysfunction (p=3.93E-14), Oxidative Phosphorylation
(p=9.36E-12), Valine, Leucine and Isoleucine Degradation (p=2.38E-8), Arginine and
Proline Metabolism (p=1.14E-7), and Fatty Acid Metabolism (p=6.62E-7). Twenty-two
proteins (genes) of the total 169 proteins (genes) in the mitochondrial dysfunction pathway
were differentially expressed in P-HGD. All expect one protein were under-expressed. The
canonical pathway analysis confirms that mitochondrial dysfunction is involved in UC
neoplastic progression. In addition, metabolism (including energy, carbohydrate, lipid and
amino acid metabolism) is also important in UC neoplastic progression. The pathway
analysis results are available in supplemental Tables 5 and 6.

IHC analysis of selected differential proteins

Two mitochondrial proteins CPS1 and TRAP1 were chosen for IHC analysis based on their
abundance in the analysis, as well as potential functional relevance to UC neoplastic
progression. The current study and our previous study? both suggest that mitochondrial
dysfunction is involved in UC neoplastic progression. CPS1 is a mitochondrial enzyme
involved in the urea cycle, and we have previously identified its overexpression in the
random colon tissue from progressors. The current study again reveals its overexpression in
the rectal tissue. TRAP1 has previously been showed to have a protective role for oxidative
stress. Thus TRAP1 might have a functionally relevant role in ulcerative colitis.
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CPS1 (carbamoyl-phosphate synthase 1)—We have previously found up-regulation
of CPS1 in the UC dysplasia and its surrounding non-dysplastic colon mucosal®. In the
current study, CPS1 was found to be up-regulated in the non-dysplastic rectal tissues from
progressors as well as in the dysplastic colon tissues. In individual samples, CPS1 was not
observed by MS/MS in any of the five non-progressors, but it was observed in 7 out of the
10 progressors (5 P-NEG and 5 P-HGD). To evaluate the utility of CPS1 as a potential tissue
marker for UC progression, IHC analysis was performed on a tissue microarray containing
multiple tissues from 15 progressors and 30 non-progressors. As shown in Figure 6A, CPS1
staining in the progressors is significantly increased in the non-dysplastic rectal tissue
(p=0.0069), as well as the dysplastic colon tissue (p=0.0031). Further ROC analysis
suggested that CPS1 can distinguish non-dysplastic rectal tissues of progressors from rectal
tissue from UC non-progressors with statistical significance (AUC=0.75, p=0.008, see
Figure 6B). Rectal CPS1 staining could achieve 87% sensitivity and 45% specificity in
predicting current dysplasia or cancer in the colon, demonstrating the feasibility of using
surrogate biomarkers in rectal biopsies to identify dysplasia and/cancer in UC.

TRAP1 (TNF receptor-associated protein 1)—TRAP1 is a mitochondrial heat shock
protein involved in protection against oxidative stress and apoptosis. In our label-free
proteomic profiling study, it was increased by 2.41-fold in progressor P-NEG (gq=0.02) and
1.74-fold in progressor P-HGD (g=0.03). In our MS/MS analysis, TRAP1 was observed in
all 15 samples. It was observed in all 10 progressor samples with high spectral count, and in
four of the five non-progressor samples with much lower counts. IHC analysis was then
performed on tissue sections from 15 independent samples. Only one of five NP samples
had moderate staining; the other four NP samples had no TRAPL1 signal (Figure 7). In
contrast, all 10 progressors (including 5 non-dysplastic tissues and 5 dysplastic tissues)
exhibited moderate to strong TRAP1 staining. IHC data thus confirmed the proteomics
finding that increased expression of TRAPL1 is associated with UC neoplastic progression.
UC mucosa constantly undergoes cycles of inflammation, resulting in extensive reactive
oxygen species and causing oxidative stress in UC mucosa. The increased expression of
TRAPL in UC progressors detected in the current study is consistent with its protective role
in cells under oxidative stress. TRAP1 might play a role in UC tumorigenesis. Other studies
have also showed increased expression of TRAP1 in colorectal carcinomas??, in cisplatin-
resistant ovarian tumors and ovarian carcinoma cell lines®0, and in localized and metastatic
prostate cancer3L.

Patients with ulcerative colitis would benefit immensely from objective molecular
biomarkers of the development of colon cancer. In this study, we use label-free comparative
proteomics to expand our earlier isotopically-labeled proteomics biomarker discovery work
to develop biomarkers for UC dysplasia detection. A list of differential proteins associated
with dysplasia in UC progressors was identified. Moreover, for the first time, a group of
differential proteins in non-dysplastic rectal tissue from UC progressors was identified,
providing important candidates for developing surrogate rectal biomarkers for predicting
dysplasia or cancer in colon. Mitochondrial proteins, cytoskeletal proteins, RAS
superfamily, proteins relating to apoptosis, and metabolism were the important protein
pathways differentially expressed in the non-dysplastic and dysplastic tissues of UC
progressors, suggesting their importance in UC neoplastic progression. One of the
differential proteins, TRAP1, displayed increased IHC staining in both dysplastic and non-
dysplastic tissues from UC progressors compared to UC non-progressors. Another
differential protein, CPS1, also showed a statistically significant difference in IHC staining
between the non-progressor and progressor groups. More interestingly, rectal CPS1 staining
detected dysplasia or cancer in the colon with 87% sensitivity and 45% specificity,

J Proteome Res. Author manuscript; available in PMC 2012 January 7.



1duasnuey Joyiny vd-HIN 1duasnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

May et al. Page 11

demonstrating the feasibility of using surrogate biomarkers in rectal biopsies to predict
dysplasia and cancer in colon.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

Experimental workflow. 5 samples from each experimental group were processed. Samples
were run in replicate on LTQ-Orbitrap. All runs were searched with X!Tandem against a
human IPI database; LC-MS feature-finding was performed. AMT database matching
assigned peptide 1Ds to LC-MS features. Replicate run information was combined for each
sample (not shown). LC-MS features were aligned across all samples by mass and RT.
Peptide intensity ratios were calculated between the P-NEG (yellow) and NP (blue) groups,
and between the P-HGD (red) and NP groups; these ratios were combined for each protein
(PNEG:NP in green, PHGD:NP in purple). Peptide t-scores were calculated to assess group
differences; t-scores were summarized for each protein (purple) and compared with the t-
scores from all other peptides (gray). p-values and g-values were calculated for each protein.
Candidate proteins chosen based on g-value missing or < 0.1, and ratio < 0.5 or > 2.
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Figure 2.

Figures 2A and 2B contain separate charts comparing the P-HGD group with the NP group
and the P-NEG group with the NP group. A. Histogram of g-values for quantitated proteins
with sufficient peptide evidence. B. A scatter plot relating the log of the protein ratio
(horizontal axis) to the protein g-value (vertical axis). Blue dots indicate proteins with g-
value <0.1.
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Figure 3.

A. A scatter plot of peptide log-intensity values for LC-MS features with the same peptide
identification and charge state, for one sample. Horizontal axis: log-intensity in replicate run
1. Vertical axis: log-intensity in replicate run 2. B. A scatter plot of protein log-ratios
calculated between the P-HGD and NP groups using only the data from the first replicate
run from each sample (horizontal axis) vs. the second replicate run (vertical axis). C. As B,
but with data from the comparison between P-NEG and NP.
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Log-ratio distributions comparing abundance calculated using only replicate 1 vs. abundance
calculated using only replicate 2 of each sample, for each of the three experimental groups.
For all three sets of replicate experiments, 96% of the proteins display less than 2-fold
change between the replicates.
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Selected enriched clusters of the differential proteins in UC progressors. Functional
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p value
2.4E-19
7.0E-19
8.1E-3
1.5E-2
49E-4
1.1E-1
2.9E-7
1.5E-3

enrichments were analyzed by the DAVID online database. A full list of enrichment clusters

is presented in supplemental Tables 3 and 4.
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IHC analysis of CPS1. A. CPS1 IHC scores in non-progressor non-dysplastic rectal tissues
(NP-neg-R), progressor non-dysplastic rectal tissues (P neg-R), and progressor dysplastic or
cancerous tissues (P dysplasia/CA). The IHC scores are available in supplemental Table 7.
B. ROC analysis of CPS1 staining in rectal tissues of progressors and non-progressors.
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Figure 7.

IHC analysis of TRAP1 in UC non-progressors and progressors. Moderate to strong staining
of TRAP1 was observed in non-dysplastic tissues (B and E) and dysplastic tissues (C and F)
from progressors compared to the minimal staining in the non-dysplastic tissues from non-
progressors (A and D).
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