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ABSTRACT

Developments in quantitative proteomics and data-independent acquisition (DIA) methodology is
enabling quantification of proteins in biological samples. Currently, there are a few reports on DIA mass
spectrometry (MS) approaches for proteome analysis of formalin-fixed paraffin-embedded (FFPE) tissues.
Therefore, to facilitate detection and quantification of immune- and glioblastoma (GBM)-relevant pro-
teins from FFPE patient materials, we established a simple and precise DIA-MS workflow. We first
evaluated different lysis buffers for their efficiency in protein extractions from FFPE GBM tissues. Our
results showed that more than 1700 proteins were detected and over 1400 proteins were quantified from
GBM FFPE tissue microdissections. GBM-relevant proteins (e.g., GFAP, FN1, VIM, and MBP) were quan-
tified with high precision (median coefficient of variation <12%). In addition, immune-related proteins
(e.g., ILF2, MIF, and CD38) were consistently detected and quantified. The strategy holds great potential

for routinizing protein quantification in FFPE tissue samples.
© 2022 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Mass spectrometry (MS)-based proteomics is currently the last
frontier for comprehensive characterization of proteins and their
functional changes. The data-dependent acquisition (DDA) strategy
has been primarily used to detect and quantify proteins for a long
time. However, due to insufficient proteome coverage and repro-
ducibility occasioned by the stochastic sampling of the most
intense peptide ions, the quantitative proteomics field is now
shifting to data-independent acquisition (DIA) methodology [1—4].
DIA-MS is based on a full scan of all precursors that are subse-
quently isolated and fragmented within a defined mass to charge
(m/z) window until the scanning covers the entire m/z range of the
initial full scan [5—7]. DIA-MS has demonstrated high reproduc-
ibility and precision in protein quantification [8]. It has been suc-
cessfully applied so far on freshly frozen (FF) and formalin-fixed
paraffin-embedded (FFPE) tissue samples (Table 1). Thus, DIA-MS is
increasingly becoming popular in quantifying proteins in clinical
samples [9—13].

However, the application of DIA-MS on FFPE is still limited
compared to DDA-MS. FFPE samples from diagnostic laboratories
are of particular interest for retrospective studies since they have
considerable follow-up data useful for correlating observed clinical
outcomes with patient-specific proteome. In addition, formalin
fixation and paraffin embedding is a routine method for tissue
preservation, and their regular collection, long-term stability make
them easily accessible for large cohort studies [14]. Therefore,
effective proteomics analysis of FFPE is critical to the study of
clinically-relevant proteins and the discovery of novel protein
biomarkers for early disease detection and prediction of clinical
outcomes. Recently, the use of DIA-MS on clinical FFPE samples
facilitated tumor stratification and enabled the discovery of po-
tential biomarkers for prostate cancer [15]. While FFPE specimens
remain more appealing for retrospective investigations than FF
tissues, they present a challenge for proteomics analysis due to
introduced protein crosslinks during the fixation process. Thus,
effective protein extraction from the FFPE tissues is crucial for
successful analysis.

Effective extraction of proteins from FFPE samples requires
reversing the formaldehyde-induced crosslinks. Some of the
methods described used heat-induced antigen retrieval (HAIR)
[16,17] to achieve this. Numerous protocols have been published for
protein extraction from human tissues for subsequent LC-MS
analysis. Extraction buffers are used with the main goal to suc-
cessfully solubilize and denature proteins. Some of the buffers as

Table 1
A brief highlight of tissue proteomics studies using DIA-MS or DDA-MS.
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primary amine-containing buffer such as ammonium bicarbonate
(ABC) are often supplemented with chaotropes (e.g., urea or gua-
nidine hydrochloride), organic solvents (e.g., acetonitrile (ACN) or
trifluoroethanol), and/or detergents (e.g., RapiGest, sodium dodecyl
sulfate or sodium deoxycholate) all to achieve good protein
extraction [18—23]. In Table 1, we have briefly highlighted several
protein extractions and digestion protocols, including in-solution
digestion (ISD) [24,25], direct trypsinization (DT) [19,20,26], filter-
aided sample preparation (FASP) [22,27], and single-pot, solid
phase-enhanced sample preparation (SP3) [28] for FFPE tissue
proteomics. To date, protein retrieval with ISD protocols and opti-
mized chemical buffers is a typical workflow in tissue proteomics.
Therefore, a critical assessment of chemical buffers is crucial prior
to establishing the most effective workflow for MS-based proteome
analysis of FFPE tissue samples.

Herein we present a study focused on establishing a simple DIA-
MS workflow for detecting and quantifying immune- and GBM-
relevant proteins in patient-derived FFPE microdissected tissue
samples. GBM is a cancer of unmet clinical needs with a median
survival rate of less than two years [29]. In addition, it exhibits high
molecular heterogeneity [30,31], which complicates its biology.
Therefore, to ramp up studies on complex tumors such as GBM,
simple, highly precise, and easily implementable proteomics
methods are necessary. Here, we compared the efficiency in protein
extraction of three different buffers to find the best conditions for
protein isolation and digestion. Consequently, we determined if
single-shot DIA-MS using ~10 mm? (15 pm thick) GBM FFPE tissue
sections would precisely quantify the expression levels of relevant
proteins. As a result, we detected and quantified GBM-relevant
proteins such as fibronectin 1 (FN1), vimentin (VIM), and myelin
basic protein (MBP) from the DIA-MS data. Additionally, immune-
relevant proteins such as C3, CD47, CD38, interleukin enhancer-
binding factor 2 (ILF2), macrophage migration inhibitory factor
(MIF) were also quantified. Thus, this approach offers novel op-
portunities for accelerating biomarker discovery using patient-
derived FFPE samples.

2. Materials and methods
2.1. FFPE tissue samples

Tissue samples used in this study were acquired from human
GBM patients (n = 5) according to local ethical approvals (Univer-
sity of Edinburgh, Edinburgh Cancer Research Centre, reference
number 06/S1101/16). All ethical requirements regarding using

References Tissue origin and amount Buffer components Column type  Mass spectrometer # of identified
proteins
Marchione et al. human FFPE liver, 1 mm thick 5% SDS 100 mM Tris pH 8.5 20 cm X 75 um Q Exactive HF-X, (DIA-MS) 3,297
[13] id
Hou et al. [4] human FF esophageal squamous cell 2% SDS, 7 M urea, 10 mM EDTA, 0.1 M Tris-HCl, 50 cm x 75 um TripleTOF 5600+, (SWATH- 1,758
carcinoma pH 7.6 id MS)
Kim et al. [10] human FF colorectal cancer tissue, 1 Liquid Tissue buffer 10 cm x TSQ Quantiva, (DIA-MS) 3,713
ug 100 pm i.d
Gaoetal.[12] human hepatocellular carcinoma 50 mM Hepes, 6 M urea, 2 M thiourea, 1 X 15 cm x 75 pm TripleTOF 5600+, (SWATH- 4,216
tissue, 0.2 g protease inhibitor id MS)
Pirog et al. [21] human GBM, 15 um thick 100 mM ABC, 30% ACN (PCT) 21 cm x 75 pm TripleTOF 5600+, (DDA-MS) 998
id
1% SDS, 0.1 M Tris pH 7.6 (FASP) 700
8 M urea, 30% ACN, 100 mM ABC (ISD) 1,233
Foll et al. [20]  mouse kidney, 10 pm thick 0.1% RapiGest, 0.1 M HEPES pH 8,1 mM DTT (DT) 15 cm x 50 um Orbitrap Q-Exactive plus, 1,841
id (DDA-MS)
4% SDS, 0.1 M HEPES pH 7.5, 0.05 M DTT (FASP) 1,857

HEPES - 4-(2-Hydroxyethyl)piperazine-1-ethanesulfonic acid.
Tris - Tris(hydroxymethyl)aminomethane.
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human specimens for research were taken into account. Informed
consent was obtained from patients, and the Royal Edinburgh
Hospital Ethics Review Committee approved the study.

2.2. Sample collection

GBM FFPE tissue samples were frozen in liquid nitrogen within
60 min of surgical removal and stored at —80 °C. Each FFPE sample
was evaluated by a neuropathologist to confirm GBM diagnosis. A
set of five GBM tissues were further processed. Three 4 um, 10 pum,
and 15 pum thick FFPE tissue sections were retrieved from each
block of GBM tissue.

2.3. Sample processing

Glass-mounted FFPE tissue sections were initially deparaffi-
nized and rehydrated prior to applying the various extraction
protocols used in the study. FFPE tissue was deparaffinized by using
two xylene washes for 2 min each. ACN, ethanol, and water were
acquired from VWR-Avantor (PA, USA). Other chemicals, unless
otherwise stated, were obtained from Sigma (MO, USA). Tissue
rehydration was performed in ethanol series from 100% to 85% and
a final 70%, each for 2 min, and followed by placing the glass slide in
LC-MS grade water twice for 2 min each. The deparaffinized and
rehydrated tissues sections were then scratched off from the glass
slide using a clean razor and put into a clean LoBind Eppendorf tube
(Merck, Darmstadt, Germany).

Method 1 - (ACN-containing buffer with ISD). Here, the
extraction buffer consisting of 50 pL of 30% ACN and 100 mM ABC
was added to the samples. The sample-extraction buffer mixture
was incubated at 95 °C for 90 min followed by a cooling to 37 °C.
Disulfide bonds were reduced by adding 2.8 uL of 700 mM dithio-
threitol (DTT) to the sample-buffer mixture and then incubated at
37 °C for 30 min. Alkylation was performed by adding 9.2 pL of
700 mM iodoacetamide (IAA) to the mixture and incubating for a
further 30 min at 37 °C in the dark. After incubation, samples were
diluted by adding 120 pL of 100 mM ABC and 880 pL of LC-MS grade
water. Protein digestion was carried out by adding trypsin (Prom-
ega, MA, USA) to each tissue section in a ratio of 5 ng/mm?, and
incubated at 37 °C for 17 h. Digestion was quenched by adding 50 pL
of 5% trifluoroacetic acid and vortexed for 30 s.

Method 2 - (ACN-urea-containing buffer with ISD). For this
protocol, 50 pL of 30% ACN, 100 mM ABC were added to the samples
and the mixture was incubated for 90 min at 95 °C. Subsequently,
the sample-buffer mixture was cooled down to 37 °C after which,
50 pL of 8 M urea was added. Next, 5.6 pL of 700 mM DTT was added
to the mixture, followed by a 30-min incubation at 37 °C. For
alkylation, 18.4 uL of 700 mM IAA was added and the sample was
incubated for 30 min at 37 °C in the dark. Samples were diluted by
adding 120 of 100 mM ABC and 880 pL of LC-MS grade water.
Protein digestion was conducted as previously mentioned.

Method 3 - (ACN-urea-RapiGest-containing buffer with ISD).
Here, 50 puL of 30% ACN, 100 mM ABC, 45 uL of 8 M urea, and 5 pL of
1% RapiGest were added into the samples, and the mixture was
incubated for 90 min at 95 °C. Reduction of disulfide bonds was
achieved by adding 5.6 pL of 700 mM DTT to the samples and
subsequently incubated for 30 min at 37 °C. Alkylation was
accomplished by adding 18.4 uL of 700 mM IAA followed by a 30-
min incubation at 37 °C in the dark. Samples were diluted by
adding 120 of 100 mM ABC and 880 pL of LC-MS grade water.
Trypsinization was carried out as already mentioned.

The resulting peptides were desalted on Waters Sep-Pak C18
cartridges (Fisher Scientific, NH, USA). Peptides were desalted using
5% methanol with 0.1% TFA and were subsequently eluted using
50% ACN with 0.1% TFA. Peptide eluates were vacuum dried using a
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SpeedVac concentrator (Thermo Scientific, MA, USA) and were then
stored at —80 °C until LC-MS/MS analysis.

2.4. Liquid chromatography-mass spectrometry (LC-MS/MS)
analysis

LC-MS/MS analysis was performed using Ultimate 3000
RSLCnano (ThermoFisher Scientific, MA, USA) coupled to Orbitrap
Exploris 480 mass spectrometer (ThermoFisher Scientific, MA,
USA). The dried peptides were reconstituted in 30 pL of loading
buffer (0.08% TFA in 2.5% ACN). Afterward, the peptide concentra-
tion was measured using NanoDrop 2000 (Thermo Scientific, MA,
USA) absorbance at 280 nm. About 800 ng of peptides for each
sample were injected into the LC system and analyzed in 3 technical
replicates. First, peptides were trapped and concentrated on an
Acclaim™ PepMap™ 100C18 trap column (ThermoFisher Scientific,
MA, USA) of 300 pm id x 5 mm, and packed with 5 um, 100 A
particles. Subsequently, 75 um i.d x 15 cm Acclaim™ PepMap™
RSLC 100 reverse phase C18 analytical column packed with 2 pm
particles having 100 A pore size, was used to separate peptides at a
flow rate of 300 nL/min. Analytical column was first equilibrated for
10 min at 2.5% solvent B (0.1% (v/v) TFA in acetonitrile) and 97.5% of
solvent A (0.1% (v/v) TFA in water). Following, to separate the
peptides, solvent B was increased in a 90-min gradient between
2.5% and 40%. A post-gradient cycle of 99% B was followed by a
post-run equilibration at 2.5% B. The analytical column was coupled
to the Nanospray Flex Ion Source. Recording of all MS measure-
ments and spectra was done in resolution positive ion mode with a
high voltage of 2500 V. For DDA mode, the ion transfer tube was
heated to a temperature of 250 °C. MS1 data was acquired by
setting the Orbitrap resolution to 120000, an MS scan range of
350—1200 m/z, an AGC (automatic gain control) level to custom
mode, and a maximum injection time mode to auto. Precursor ions
with charges between +2 and +6 and intensity values over 5.0e3
were selected for subsequent higher-energy C-trap dissociation
(HCD) fragmentation and MS2 scanning. Precursors were isolated
with an m/z window of 2 and fragmented by HCD set at 30%. The
product/fragment ions were channeled to the Orbitrap for the MS2
acquisition at a scan resolution of 15000 and a maximum injection
time mode set to 60 ms. Repeated sampling was avoided by setting
the dynamic exclusion mode to custom, exclusion after n times to 1,
exclusion duration to 20, mass tolerance to 10 parts per million
(ppm). For data-independent acquisition (DIA) mode, precursor
mass range was 400—1100, isolation window (m/z) of 8, window
overlap (m/z) of 1, number of scan events set 87, collision energy of
30% and in a fixed mode, orbitrap resolution of 15000, and the scan
range mode was set to auto. In addition, the AGC target was set to
custom mode, the maximum injection time set to 25 ms, and
microscan was set to 1.

2.5. MS data analysis

Mass spectrometer DDA data were processed with MaxQuant
[32](v1.6.17.0). A reviewed UniProt human proteome database with
20381 protein entries (download on March 4, 2021) was used.
MaxQuant data processing was done as previously described [33],
with a few modifications. The fixed modification was set to car-
bamidomethylation of cysteines and the false discovery rate (FDR)
for both protein and peptide-to-spectrum matches (PSM) levels set
at 0.01. A spectral library was generated from DDA-MS data using
the FragPipe (v14.0) workflow that comprises MSFragger [34]
(v3.1.1), Philosopher (v3.4.13), and Python (3.8.5). The generated
library consisted of 2058 protein isoforms, 2058 protein groups,
and 17001 precursors in 14702 elution groups. DIA-MS RAW files
were processed with Data-Independent Acquisition by Neural
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Networks (DIA-NN) software (v1.7.15) [35]. DIA-NN was operated in
both library and library-free modes. The gene-centric output matrix
was used for further analysis in an R statistical environment
(v4.1.0). Protein intensities values for the processed DDA and DIA
data were normalized by the median method followed by loga-
rithmic (base 10) transformation. Custom R scripts were used for
creating visualizations of the processed data.

2.6. Data availability
The mass spectrometry proteomics data have been deposited to

the ProteomeXchange Consortium via the PRIDE [36] partner re-
pository with the data set identifier PXD029497.

a, Deparaffinization and rehydration ~10 minutes
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3. Results
3.1. Comparative evaluation of different lysis buffer compositions

To establish a robust, simple, and precise FFPE tissue DIA-MS
proteomics workflow, we first evaluated the efficiency of three
ISD-based protocols (Method 1, Method 2, and Method 3) for pro-
tein extraction and digestion. Firstly, lysis buffers were used to
analyze the samples of GBM FFPE tissue sections of varying thick-
nesses (4 um, 10 um, and 15 pm) using DDA-MS (Fig. 1).

The number of identified proteins was compared between the
methods and the results are shown in Supplementary Fig. 1a. All the
methods showed to be sensitive enough to detect more than 1000
proteins from 4 pm tissue microdissection. More specifically, with
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Fig. 1. Method evaluation and DIA-MS analysis of GBM FFPE tissues workflow. a, Deparaffinization and rehydration of FFPE tissue sections. The 4 um, 10 pm, or 15 pm thick GBM
tissue sections were first deparaffinized by two xylene washes followed by rehydration using a gradient of ethanol washes (100%, 85%, and 70%) and a final wash with LC-MS grade
water. b, Protein extraction, digestion, and peptides clean-up. Tissues were scrapped into the Eppendorf tubes and three methods were each applied to process the deparaffinized
and rehydrated tissue sections. ¢, LC-MS analysis of the resulting peptides were analyzed by Ultimate 3000 RSLCnano coupled to Orbitrap Exploris 480 mass spectrometer. d, DIA-

MS data analysis using DIA-NN with MSFragger-generated spectral library.
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Method 1, Method 2, and Method 3, we have detected 1274 + 159,
1405 + 15, and 1311 + 171 proteins, respectively (results are shown
as mean + standard deviation [SD]). Moreover, we observed a trend
showing urea-containing buffers had higher numbers of protein
identifications than the ACN only buffer, which agrees with our
previous study on FF uterus tissue [37]. For 10 pm thick sections,
1356 + 38, 1303 + 75 and 1347 + 6 proteins were identified by
Method 1, Method 2, and Method 3, respectively. A similar trend
was witnessed with 15 pm thick sections. The average number of
detected proteins by all methods for 4 um (1330 + 68) thick tissue
was comparable to 10 um (1335 + 28) or 15 um (1337 + 10) thick
sections implying that small tissue thickness as 4 um can be used.
However, a somewhat higher SD value for 4 pm tissue compared to
10 um and 15 pm tissue microdissections might be related to the
decreasing amounts of input material for ISD proteomic analysis
[37]. In our further work, we focused on protein quantification from
DDA measurements, and results showed that slightly less than
1000 proteins on average in any of the measurement groups were
quantified (Supplementary Fig. 1b).

Next, we overlapped proteins identified by individual methods
for all tissue thicknesses to determine the proportion of common
proteins. Results from 3 technical replicates were first combined

a
Method-1
R=0.97

Method-2
R=0.98

4 um
(o)) ~ <o o
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and unique IDs in each group were overlapped. A high percentage
(>90%) overlap was observed with 4 pm, 10 um, and 15 pm
reporting, 91%, 95%, and 95% of shared proteins, respectively
(Supplementary Fig. 1c). This demonstrates that almost all the
detected proteins in each case were similar, indicating a similarity
in the performance of tested methods. Consequently, the high
percentage of shared proteins among the methods has shown a
similar distribution pattern for gene ontology (GO) terms and
physicochemical characteristics of the identified proteins
(Supplementary Fig. 1d). Further, we selected a few (20) GO terms
previously shown to have differential regulation in GBM [38,39].
The highest percentage of the top five cellular components are
cytosolic, followed by the extracellular exosome, cytoplasmic, nu-
clear, and plasma membrane. As illustrated in the inset in
Supplementary Fig. 1d, a median molecular weight (MW) of
~42 kDa was observed across the comparison groups. Further, in the
evaluation of misscleaved sites, methods showed similarity in the
number of missed cleavages, and over 60% of cleavage sites were
fully cleaved in all the comparison groups (Supplementary Fig. 2).
Overall, Method 3 (25.1%) showed a slightly smaller proportion of
missed cleavages relative to Method 1 (25.3%) and Method 2 (27.5%)
— indicating a beneficial effect of including RapiGest.

b
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Fig. 2. Quantitative reproducibility assessment. a, Scatter plots illustrating the correlation between technical replicates processed by each of the three methods. The LFQ values were
normalized using the quantile method, and then log (base 10) transformed. Each dot in the plot represents a protein, and the red line indicates the regression line. The Pearson's
correlation coefficient value is indicated by R. Each column displays the scatter plot for the individual method e.g., from left-to-right: Method 1, Method 2, and Method 3. Each row
displays the scatter plot for different sizes of tissue sections e.g., from top-to-bottom: 4 um, 10 pm, and 15 pm. b, Violin plots showing CV for each method using different tissue sizes.
(For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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3.2. Quantitative analysis and evaluation of precision

Quantitative analysis is an important aspect of biomarker dis-
covery and presents a particular analytical challenge in DDA stra-
tegies due to missing intensities values. Thus, we focused on
evaluating the precision of quantification methods in each tissue
thickness category. The data was quantile-normalized before per-
forming logarithmic transformation (base 10). We correlated
technical replicates using a pairwise Pearson's correlation coeffi-
cient to determine quantitative reproducibility between sections
processed with the same method. We observed a high Pearson's
correlation (R > 0.90) between technical replicates in all the
methods (Fig. 2a). We subsequently carried out a coefficient of
variation (CV) analysis to discern methods that allowed minimal
fluctuations in protein quantification. CV analysis was applied to
the log-transformed data and the resulting values were expressed
as percentages. From this, we noticed less variability in protein
quantification in almost all the methods as we could observe CV
values of <20% (Fig. 2b). For 4 um thick sections, we could observe
17.3%, 16.2%, and 23.8% CV values in Method 1, Method 2, and
Method 3, respectively. In 10 um thick sections, 11.5%, 14.0% and
10.5% CVs corresponded to Method 1, Method 2 and Method 3. As
for the 15 um thick sections, we found 17.5%, 12.0%, and 15.3% with
Method 1, Method 2, and Method 3, respectively. High precision
was witnessed with Method 2 and 3 where 10 um or 15 um thick
sections were used. We then calculated the mean CVs in each
thickness category by summing up CVs for the three methods and
averaging. Overall, the 4 um thick sections comparatively reported
the highest variation with a mean CV of 19.1%, which is likely to be
related to the low input material. Mean CV values of 12% and 14.9%
were recorded for 10 um and 15 pm thick sections, respectively.

3.3. Comparison of sequence coverage

Sequence coverage represents the average percentage of amino
acids covered in the identified protein. The type of strategy applied
to prepare samples for mass spectrometric proteomic analysis can
influence the sequence coverage of the identified proteins [40]. We
compared the sequence coverage as a function of protein abundance
for the covered proteome by each method (Fig. 3a). The sequence
coverage and intensity values for technical replicates analyzed by
the same method were averaged to obtain mean values. In 4 pm
sections, all methods performed similarly in terms of sequence
coverage of the proteins (Method 1 = 14.3%, Method 2 = 14.1% and
Method 3 = 14.8%). We, however, observed an increasing trend in the
percentage sequence coverage in the case of 10 pm and 15 pm thick
tissue compared to 4 um thick sections. For 10 pm thick sections, the
coverage values were 18.4%,16.5%, and 17.5% for Method 1, Method 2,
and Method 3, respectively. On the other hand, the 15 um thick tissue
sections reported the following coverage values; 17.5%, 18.4%, and
17.9% for Method 1, Method 2, and Method 3, respectively. The dif-
ference in the sequence coverage between relatively smaller sec-
tions (4 um) and larger (10 um or 15 um) is likely attributable to the
amounts of the input material. Interestingly, this suggestion was
perfectly demonstrated with the urea-RapiGest-containing buffer
(Method 3) as we could see an increase in the percentage of
sequence coverage with 14.8%,17.5%, 17.9% reported for 4 um, 10 pm
and 15 um thick sections, respectively. Next, we were interested in
comparing the number of proteins having percentage sequence
coverage greater than 20%. From this comparison, we could observe
that Method 2 and Method 3 showed the number of proteins having
a sequence coverage greater than 20% increase with increasing tis-
sue size from 4 um to 15 pm.

For the three thickness categories, we examined them based on
proteins relevant to GBM that were covered. At first, we cataloged
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most proteins that have been reported as clinically relevant or
candidate biomarkers for GBM (Supplementary Table 1). The raw (LFQ
intensities) protein abundance values were quantile-normalized and
subsequently, log (base 10) transformed, and the outputs were
ranked. Finally, the ranked lists were intersected with the list con-
taining GBM-relevant proteins. We noticed an increase in the number
of GBM-relevant proteins with increasing tissue thickness, e.g., 72, 86,
and 91 for 4 pm, 10 um, and 15 pm, respectively (Fig. 3b).

Having performed a comparative evaluation of the three
methods, we selected Method 3 (ACN-urea-RapiGest-containing
buffer) and applied it to analyze five patient samples. Even though
all the methods demonstrated comparable performance we could
witness some consistency in protein identification and quantifica-
tion with Method 3, which informed the decision to select it for the
next step in our DIA-MS analysis workflow.

3.4. DIA-MS reliably detects and quantifies putative GBM
biomarkers in FFPE tumor tissues

We optimized a DIA-MS workflow with an 8 Da window to
perform an in-depth analysis of FFPE tissues to capture and quan-
tify GBM-relevant proteins. Patient-derived GBM tissue samples
(n=5)with 15 pm thick sections were processed in three biological
replicates using Method 3 (ACN-urea-RapiGest-containing buffer).
With our single-shot DIA-MS workflow, we were able to identify
>1700 proteins across the samples. This was a huge improvement
in proteome coverage compared to what we observed with the DDA
analysis workflow (Fig. 4a). We compared different functionalities
of DIA-NN by analyzing the data in either library-free or spectral
library mode (Supplementary Fig. 3a and b; Supplementary Fig. 4a,
b, ¢, d). We also compared DDA-MS and DIA-MS based on the
sequence coverage. DIA-MS achieved a higher mean sequence
coverage of 28.6% than 24.7% by DDA-MS (Supplementary Fig. 5a, b,
). DIA-MS has been demonstrated in several studies [10,41—43] to
outperform DDA-MS in terms of sensitivity and proteome coverage.
Therefore, this result corroborates such earlier findings. To inter-
rogate the protein expression profile, we proceeded with the gene-
centric matrix output of DIA-NN. Using protein intensities, we
performed Pearson's cross-correlations of all LC-MS runs (n = 15)
and technical replicate values were first averaged before correlating
the samples. The global correlation matrix revealed strong agree-
ment among replicates of the sample with a high Pearson's corre-
lation coefficient of R > 0.8 (Supplementary Fig. 6). Further, we
explored the CV for all quantified proteins in each patient sample.
All the samples recorded low median CV values of <20%, with an
average of 16.2% and a median of 11.9% (Fig. 4b). The low CV values
indicate the high precision of our DIA-MS workflow for in-depth
protein quantification. To explore the differences in the patient
proteome profiles, we performed a principal component analysis
(PCA) of quantified proteins (n = 1498) in all samples.

The PCA clearly classified the samples according to the patient
where they were derived (Fig. 4c). This finding demonstrates that
the separation is driven by patient-specific proteome signatures.
We further examined the expression values of proteins across
samples. First, a mean intensity value was calculated and then
ranked from highest to lowest. A screen of the top twenty proteins
in terms of intensity values revealed the presence of GBM-relevant
markers such as glial fibrillary acidic protein (GFAP) [44—46]
(Fig. 4d). Similarly, VIM and MBP, which showed high-intensity
values relative to other proteins, have been reported as valuable
biomarkers in GBM [47,48]. The confirmation of the presence of the
proteins unique to glioma- and specifically GBM in the analyzed
data demonstrates our DIA-MS workflow's high sensitivity and
robustness in detecting and quantifying disease-relevant proteins
(e.g., FN1 and BASP1). Next, we set out to explore the variation in
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quantifying top twenty proteins based on intensity values by
calculating their CVs using mean expression intensities. The CV
analysis recorded low values of 11.4% and 10.5% for mean and
median, respectively (Supplementary Fig. 7). This result further
supports the robustness of our pipeline for protein quantification.

In order to investigate the observed proteome differences in the
PCA (Fig. 4c) further, we performed an unsupervised hierarchical
clustering on the relative expression levels of 78 proteins with
promising clinical utility (Supplementary Table 1) in the context of
GBM. As illustrated in Fig. 5a, each patient displayed a distinct
gradient on the heatmap, concordance with the PCA result. Next,
we selected a few clusters of proteins focusing on those having high
relative expression levels and determined the variation in quanti-
fication. CV was calculated for replicates of the proteins for each
cluster. We observed a lower CV at the cluster level (Fig. 5a)
compared to the global CV witnessed in Supplementary Fig. 7.
Again, all this data supports the robustness of the pipeline that we
used in this analysis. Next, we leveraged STRING software to query
the nature of the interaction of the 78 GBM-relevant proteins
(Fig. 5b). The network reported significant interactions with

protein-protein interaction (PPI) enrichment p-value of <1.0e-16
and an average local clustering coefficient of 0.527. This result
demonstrates the ability of the DIA-MS workflow in this study to
capture the PPI of interest that could be interrogated further to get
some exciting biological insights concerning GBM tumor evolution
and progression.

3.5. Screening of immune-related genes in a DIA-MS dataset

With the intensified interest in developing novel immunother-
apeutics, a comprehensive understanding of how immune cells
infiltrate GBM is necessary. We screened our DIA-MS dataset to
identify the detected immune-related genes. Out of the 1498
quantified proteins, 348 were associated with the immune system
(Supplementary Data 1, Supplementary Table 2). Next, we lever-
aged the recently published CPTAC (Clinical Proteomic Tumor
Analysis Consortium) mRNA data [49] to correlate with the protein
expression levels in our dataset. When we intersected the CPTAC
mRNA dataset with the cataloged 348 genes, we found 320 com-
mon immune-related genes. A low positive Pearson's correlation
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coefficient of R = 0.37 (Fig. 6a) was reported when we compared
the DIA readouts to CPTAC's mRNA expression levels (FPKM values).
A low correlation between transcriptome and proteome has been
reported in previous studies [50,51], and this is consistent in our
study. The transcripts expression levels do not completely reflect
the protein abundance since proteins undergo various post-
transcriptional modifications. This phenomenon possibly contrib-
utes to the low positive correlation between transcriptome and
proteome. A pairwise protein-level correlation between data in this
study and CPTAC reported a positive Pearson's correlation coeffi-
cient value of R = 0.42 (Supplementary Fig. 8). Some of the proteins
e.g. MIF, which are currently being pursued as novel drug targets,
showed elevated relative expression levels (Fig. 6b).

4. Discussion

FFPE tissue samples have shown superiority over other sample
types since they are stable over long storage; hence, providing more

opportunities for researchers to discover clinically-relevant pro-
teins [15]. Thus, efficient protein extraction from FFPE samples is
crucial for targeted and discovery-based proteomics research.
Presently, several methods applying DDA-MS for FFPE tissue sam-
ple proteomics analysis have been reported [52—54]. DIA-MS is
increasingly being applied in tissue proteomics. However, there are
currently few studies on GBM where DIA-MS has been performed.
Therefore, we aimed to establish a simple and highly precise DIA-
MS workflow able to detect and quantify both GBM-relevant and
immune-related proteins in the GBM tumor.

The analytical superiority of DIA-MS over DDA-MS has been
demonstrated in several studies [3,43]. Besides, it was recently
shown that DIA-MS could yield results comparable to those
generated using selected reaction monitoring (SRM) [10]. Our
study's observed increment in the number of detected proteins
with DIA-MS relative to DDA-MS was consistent with earlier works
[55]. The random sampling of the most abundant ion species in the
DDA-MS has been cited as one of the contributing factors in lower
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protein identification in comparison to DIA-MS. Moreover, the
stochastic sampling nature in DDA-MS often generates a high
number of missing protein intensity values [3]. We achieved high
precision in protein quantification, indicated by the low CV values.

The DIA-MS detected most of the proteins relevant to GBM

pathology, including FN1, VIM, MBP, and GFAP [56—60]. VIM and
GFAP are co-expressed in human glioma [61], and overexpression
of VIM has been associated with poor survival outcomes for GBM
patients [62]. The co-expression of these two proteins is evident in
our DIA-MS data, as depicted by their relatively elevated expression
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intensity values (Fig. 4d). Taken together, this evidence is a
demonstration of how sensitive and precise this DIA-MS workflow
is for the quantification of proteins in FFPE tissue samples. The
detection of these proteins in glioma samples has been performed
mainly by using relatively less sensitive techniques. A recent study
using a Q-Exactive mass spectrometer reported a significant
elevation of VIM in GBM patient specimens [56].

Overexpression of brain acid soluble protein 1 (BASP1) has been
shown to promote the proliferation of cancer cells [63]. In
pancreatic cancer tissue, quantitative proteomics analysis using Q
Exactive Plus Hybrid Quadrupole-Orbitrap mass spectrometer
identified BASP1 as a candidate prognostic biomarker [64]. BASP1
plays a role in the organization of the cytoskeleton elements. FN1, a
glycoprotein with cell adhesive features, has been implicated in
tumor cell migration and invasion by interacting with integrin
proteins [65]. Additionally, its overexpression in glial tumors has
been associated with an increased migration rate of tumor cells
[66]. Some of the immune-related proteins (e.g., MIF, CD47, and
TTYH1) that we detected and quantified with high precision are
currently being interrogated as potential targets for immune-based
therapy. MIF has been found differentially expressed in a subpop-
ulation of GBM myeloid-derived suppressor cells and could be
potentially targeted to repress immunosuppression in tumor
microenvironment [67]. Elevated expression of MIF with poor
survival was recently reported in GBM samples in patients with O-
6-Methylguanine-DNA Methyltransferase (MGMT) methylation
[68].

To conclude, the quantitative MS proteomics field is quickly
gravitating towards simple and highly sensitive workflows that
enable in-depth coverage and precise quantification of proteome-
wide expression. In this regard, DIA-MS has emerged top and is
increasingly being applied to quantify proteins in tissues. Therefore,
accurate and precise quantification of proteins in patient-derived
FFPE samples is expected to provide new leads to discover novel
therapeutic targets. In this study, a simple DIA-MS workflow was
established and was successfully applied to patient-derived GBM
tissue samples (n = 5). This DIA-MS approach enabled precise
detection and quantification of proteins, and over 1400 proteins
were quantified. Importantly, immune-related (e.g. MIF) and GBM-
relevant proteins (e.g., GFAP) were detected and quantified. Finally,
we anticipate that our approach would be useful for researchers
interested in quantitative MS proteomic analysis of FFPE tissue
specimens. Notably, it facilitates the detection and quantification of
protein candidates for new therapeutic strategies for glioma and
other malignant tumors.
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