International Journal of Mass Spectrometry 456 (2020) 116396

Contents lists available at ScienceDirect

International Journal of Mass Spectrometry

journal homepage: www.elsevier.com/locate/ijms

Gold nanostructures - assisted laser desorption/ionization mass N
spectrometry for kidney cancer blood serum biomarker screening e

Adrian Arendowski * *, Krzysztof Ossoliniski °, Joanna Niziot ¢, Tomasz Ruman °

2 Faculty of Chemistry, Rzeszéw University of Technology, 6 Powstancow Warszawy Ave, 35-959, Rzeszow, Poland
b Department of Urology, John Paul II Hospital, Grunwaldzka 4 St, 36-100, Kolbuszowa, Poland

ARTICLE INFO ABSTRACT

Article history:

Received 20 June 2020
Received in revised form

13 July 2020

Accepted 20 July 2020
Available online 27 July 2020

Kidney cancer is a disease diagnosed annually in 400,000 people for which there are no specific bio-
markers found to date. It is therefore important to search for new chemical compounds to detect cancer
state. Laser desorption/ionization mass spectrometry on gold nanoparticle-enhanced target (AuNPET)
method was used in this work for rapid metabolic analysis of blood serum of fifty patients with renal
cancer. Comparison with data from sera of fifty healthy volunteers allowed discovering potential bio-
markers of renal cell carcinoma (RCC). Statistical analysis of m/z values that had the greatest impact on
group differentiation allowed. Database search allowed providing assignment of signals for the most
promising eleven features among them: dihydrouracil, creatinine, glutamine, tyrosine, 2,3-
diaminosalicylic acid, 3-hydroxykynurenine, 2-hydroxylauroylcarnitine, melatonin glucuronide, palmi-
toyl glucuronide, triglyceride(52:4) or phosphatidylcholine(42:0). This work demonstrate that the dif-
ferences in metabolite profiles in serum of kidney cancer patients and that of healthy subjects could be
identified by gold nanostructures LDI MS — based metabolomics and exploited as metabolic serum
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markers for the early detection of kidney cancer.
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1. Introduction

According to GLOBOCAN, in 2018, there were approximately
400000 new cases of kidney cancer and more than 175000 deaths
due to this disease [1]. More than 80% of adult kidney cancers are
renal cell carcinomas (RCCs) [2], which are a heterogeneous group
of tumors classified by WHO into several subtypes: clear cell
(ccRCC), chromophobe RCC (cRCC) and papillary RCC (pRCC),
medullary and collecting duct, and other unclassified subtypes [3].
RCC can develop for a long time without clinical symptoms,
whereby more than half of the cases are diagnosed incidentally,
usually by medical imaging methods, and up to 20% of patients
have metastases at the time of diagnosis [4]. Thus early detection of
renal cell carcinoma is crucial for its treatment and it is important

Abbreviations: AUC, area under the curve; AuNPET, gold nanoparticle-enhanced
target; LDI, laser desorptionfionization; MS, mass spectrometry; OPLS-DA,
orthogonal projections to latent structures discriminant analysis; PCA, principal
component analysis; PLS-DA, partial least squares; discriminant analysis, RCC; renal
cell carcinoma, ROC; receiver operating characteristic, SALDI; surface-assisted laser
desorption/ionization, sPLS-DA; sparse partial least squares, discriminant analysis.
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to develop new procedures for early detection of renal cell carci-
noma, among them the most important are based on specific
chemical compounds called biomarkers that might indicate a
development of tumor.

Proteomic approach predominates in current strategies of can-
cer biomarker search and although several RCC protein biomarkers
have been proposed, but they suffer from low sensitivity and
specificity [5]. Cancer is a disease that alters cell metabolism, so it
seems that the appropriate approach will be the metabolic profiling
of kidney tissue and bioliquids such as serum and urine [6].

The most frequently used techniques for metabolomic profiling
of kidney cancer have been: LC-MS (liquid chromatography mass
spectrometry) [7,8], GC-MS (gas chromatography mass spectrom-
etry) often used with pre-column derivatization [9] and 'H NMR
(proton nuclear magnetic resonance) [10—12]. It should be
mentioned that mass spectrometry (MS) is the most commonly
used family of methods in cancer biomarker research mainly due to
its high resolution and sensitivity compared to other methods.
Kidney cancer is considered a metabolomic disease, therefore a
growing number of studies focus on profiling of biofluids such as
plasma [12] and serum [13,14] can be found in literature.

Among the various MS techniques of ionization, matrix-assisted
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laser desorption/ionization (MALDI) technique deserves special
attention. Due to the soft ionization process, high mass determi-
nation accuracy and very high sensitivity over a wide mass range,
this method is among the best choices for biological material
analysis. MALDI MS method has already been used as a tool for
tumor marker research [15,16] including peptide and protein
profiling for renal cell carcinoma [17].

However, MALDI spectra contain a high chemical background
below m/z 1000 due to the use of organic matrices. For small
molecules, surface-assisted laser desorption/ionization (SALDI) [18]
solutions are generally better suited. As literature search prove,
gold nanostructures are among the most frequently used for laser
MS. Some of the recent applications of gold nanostructures in LDI
MS include nanoflowers of Au@MnO previously applied for analysis
of small and also large molecules of cancer cell lysates [19,20]. Kuo
group has used multilayer thin films of gold nanoparticles with a
thickness of 2.7 um for the quantitative determination of bone
biomarker - hydroxyproline in blood of patients suffering from
osteoporosis [21]. AuNPs assisted LDI-MS imaging was reported for
metabolites, including neurotransmitters, fatty acids and nucleo-
bases, detected from mouse brain tissue [22,23]. Our group pre-
sented the advantages of gold-nanoparticle enhanced target
(AuNPET) for laser desorption/ionization mass spectrometry anal-
ysis and imaging of low molecular weight compounds of different
polarity in complex biological mixtures [24—28], also in kidney
tissue [29]. Compared to commonly used MALDI MS our method
has been proven to produce much lower chemical background,
allows much more precise internal calibration and is better for
medium and low polar compounds.

This work demonstrate the capabilities of AuNPET LDI MS
method for rapid metabolic screening of fifty serum samples of
patients with diagnosed renal cell carcinoma and statistical com-
parison with control group of fifty serum samples of healthy vol-
unteers in order to discovering of new candidates for biomarkers.

2. Experimental
2.1. Participants

Serum samples were obtained from fifty patients with diag-
nosed kidney cancer. Control was fifty serum samples from healthy
volunteers, for which the presence of renal tumors had been
excluded by abdominal ultrasound. Specimens and clinical data
from patients involved in the study were collected with written
consent. Patient who agreed to participate in the study donated
10 ml of blood according to standard medical procedure. All ex-
periments were performed in compliance with the local laws and
institutional guidelines (Rzeszéw University of Technology bio-
logical material guidelines). Research protocol was approved by the
local bioethics committee at the University of Rzeszéw (Poland).
Patient characteristics are provided in Table 1.

2.2. Materials & methods

Chloro(trimethylphosphite)gold(I) of 97+% purity (Aldrich) was
used for nanoparticle synthesis. The pyridine—borane complex
(BH3:py) used was at ~8 M borane concentration (Aldrich). All
solvents was of HPLC quality and were purchased from Sigma-
Aldrich (Poland), except for 18 MQ water which was produced
locally. Magnetic stainless steel plate of H17 grade was made locally
and used with Bruker NALDI adapter.

2.3. Preparation of AuNPET target

The gold nanoparticle-covered target was prepared similarly to

the one described in our recent publication [30]. Stainless steel
plate of 35x45 mm size was inserted into a large Petri dish con-
taining acetonitrile (50 mL) and dissolved chloro(-
trimethylphosphite)gold(I) (25 mg). To this solution, 8M BHs:py
complex in pyridine (173 pL) was added. After 48 h of reaction,
target plate was washed several times with acetonitrile, wiped with
cotton wool ball and washed three times with acetonitrile and
deionized water.

2.4. Sample preparation

Serum samples obtained from patients were immediately
frozen and stored at —60 °C. Prior to measurements, an unfreezing
step was performed in room temperature, followed by 500-times
dilution with ultrapure water. Volumes of 0.5 uL of urine solu-
tions were placed directly on target plate, air dried and inserted
into MS apparatus for measurements.

2.5. LDI MS experiment

Laser desorption/ionization mass spectrometry experiments
were performed using Bruker Autoflex Speed Time-of-Flight mass
spectrometer equipped with a SmartBeam II laser (355 nm) in
positive-ion reflectron mode. Measurement range was m/z
80—2000, suppression was turned on for m/z lower than 79. Laser
impulse energy was approximately 100—190 pJ and laser repetition
rate 1000 Hz. Number of laser shots was 20 000 (4x5000 shots) for
each sample spot. The first accelerating voltage was held at 19 kV
and the second ion source voltage at 16.7 kV. Reflector voltages
used were 21 kV (the first) and 9.55 kV (the second). The data was
calibrated with FlexAnalysis (version 3.3) using enhanced cubic
calibration model and analyzed with mMass 5.5.0-open source
program [31]. Mass calibration was performed using internal
standards (gold ions and clusters from Au™ to Au ). Reproducibility
was tested by measuring triplicates and comparing signals in-
tensities for my/z values for ions: Au™ to Aud for ten cancer and ten
normal samples. All intensities were within 20% of mean value.

2.6. Data analysis

Database search of chemical compounds were carried out using
a custom made program for Human Metabolome Database (HMDB)
[32] and LipidMaps [33] search. Theoretical m/z values were
confirmed by using ChemCalc program available online [34]. Sta-
tistical analysis of results was performed with the use of Metab-
oAnalyst 4.0 service [35]. Data was normalized by sum, cube root
transformed and default Pareto scaling was used. For creating
receiver operating characteristic (ROC) curve random forests has
been chosen as classification method and RandomForest was
selected as feature ranking method.

3. Results and discussion

The aim of the research was to find metabolites present in
serum that could be biomarkers for kidney cancer. For this purpose,
serum from fifty people with diagnosed kidney cancer and fifty
healthy volunteers was analyzed using laser desorption/ionization
mass spectrometry method based on gold nanoparticles surface
target (AuNPET). Spectra for randomly chosen five cancer and five
control samples are shown in Fig. 1. Obtained spectra from patients
and controls were compared with the aid of MetaboAnalyst 4.0
[35].

In order to estimate the degree of influence of method-related
spectral data over sample-related data statistical analysis was
performed. Principal component analysis (PCA), Orthogonal-
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Table 1
Clinical characteristics of patients.
Patients
Total 50
Age (years) 35—-89
Mean 62
Sex Male 30
Female 20
Stage (T) T1 33
T2 3
T3 10
T4 1
undefined 3
Nodes (N) NO 46
N1 1
undefined 3
Metastases (M) MO 42
M1 5
undefined 3
Grade (Fuhrman) I 7
11 17
111 13
v 2
undefined 11

Orthogonal Projections to Latent Structures Discriminant Analysis
(OPLS-DA), Partial Least Squares - Discriminant Analysis (PLS-DA)
and Sparse Partial Least Squares - Discriminant Analysis (SPLS-DA)
statistical methods implemented in MetaboAnalyst web service
were used. In case of domination of method-related data or signals,
statistical analysis could not provide clear enough separation of
studied samples.

Analyzing Fig. 2, containing results of statistical analysis of blood
serum mass spectrometry data, can be concluded that only OPLS-
DA score plot (Fig. 2C) presents completely separated groups. The
other three of used statistical methods: PCA (Fig. 2A and B), PLS-DA
(Fig. 2D—F) and sPLS-DA (Fig. 2G and H), did not allow for complete

3

separation of cancer patients and control group. These results are
not unexpected as cancer and control samples are very similar from
molecular point of view and usually complete separation in PCA is
not visible. Furthermore, studied cancer group originates from
patients with cancer of various stages and grades.

Based on PLS-DA, fold-change, t-tests and random forest clas-
sification statistical methods, m/z values that had the greatest
impact on group separation were obtained. Mass features were
assigned with the aid of HMDB [32] which allowed listing of 11
potential biomarkers shown in Table 2, which also includes a VIP
score, p-value and fold change between healthy controls and kid-
ney cancer for each of them. Random Forest classification method
allowed the Out-of-bag (OOB) error to be determined at the 0.18
level, correctly classifying healthy people to the control group in
80%, and people with diagnosed kidney cancer as patients in 84%,
based on all signals present in mass spectra.

Fig. 3 presents box plots and ROC curves for each of eleven m/z
values. The largest area under the curve (AUC) was recorded for m/z
398.23015 and is 0.728, while the smallest for m/z 457.2586 is 0.588.
Ten of the metabolites (creatinine, glutamine, tyrosine, 2,3-
diaminosalicylic acid, 3-hydroxykynurenine, 2-hydroxylauroyl
carnitine, melatonin glucuronide, palmitoyl glucuronide, triglycer-
ide(52:4) and phosphatidylcholine(42:0)) shown in Table 2 show up-
regulation in serum samples from patients with kidney cancer, only
one has higher intensities in the control samples.

Dihydrouracil was the only compound showing down-
regulation in patients’ serum (Fig. 3A). It is an intermediate in the
reaction of uracil degradation catalyzed by dihydropyrimidine de-
hydrogenase. Studies on the activity of dihydropyrimidine dehy-
drogenase in patients with RCC showed its reduced activity of this
enzyme in the study group compared to the control [36], which
may explain the down-regulation in our samples.

The first m/z value for which up-regulation in cancer (Fig. 3B)
was observed - 152.0213 - was assigned to potassium adduct of
creatinine, a breakdown product of creatine phosphate in muscle.
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Fig. 1. Examples of AuNPET LDI MS spectra for five randomly chosen cancer (A) and control (B) sera. Asterisks marks gold ions used for calibration. (For interpretation of the
references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 2. Graphical representation of statistical analysis of MS data: PCA — component 1 vs 2 (A) and vs 3 (B), OPLS-DA (C), PLS-DA — component 1 vs 2 (D), vs 3 (E), vs 4 (F) and sPLS-
DA component 1 vs 2 (G), vs 3 (H) and vs 4 (I). Red area represents data for controls while green for cancer patients.

Increased blood creatinine levels are observed with chronic renal
failure [37]. This is due to damage to the functioning nephrons,
which can also occur with the development of a kidney tumor.
Higher creatinine levels were also seen in pancreatic cancer [38].
Two metabolites with higher intensities in cancer samples are
amino acids — glutamine and tyrosine. Up-regulation of serum
glutamine can be explained by the fact that some cancers, such as
renal cell carcinoma require exogenous glutamine for growth and
have reprogrammed glutamine metabolism [39]. Glutamine has
already been previously described as a potential biomarker for RCC

[40]. Tyrosine was detected in the serum of patients with kidney
cancer but either its level measured by NMR did not show a dif-
ference from the control [11] or decreased as during LC-MS analysis
[8]. Another compound putatively identified as 2,3-diamino
salicylic acid is a metabolite normally found in human blood and
urine [32] but has not yet been described as a biomarker of renal
cell carcinoma.

Hydroxykynurenine for which the observed area under the curve
is 0.645 (Fig. 3F) is a metabolite in the kynurenine pathway, the
major route of tryptophan degradation in mammals. Researchers
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Table 2
List of ions and compounds found by statistical analysis of mass spectra.
Metabolite Ion formula Experimental m/z  Calculated m/z  Am/z [ppm]  Controls  Patients  VIP P-Value  FC* Figure
Dihydrouracil [C4HEN202+H]* 115.0518 115.0502 139 + — 139 53E-3 123  3A
Creatinine [C4H7N30 + K]* 152.0213 152.0221 -53 — + 138  1.4E-3 0.69 3B
Glutamine [CsH1oN203+K]* 185.0312 185.0323 -5.9 - + 0.70 1.5E-4 082 3C
Tyrosine [CoH11NO3+Na]*™ 204.0615 204.0631 -7.8 — + 140 6.0E-5 053 3D
2,3-Diaminosalicylic acid [C7HgN,03+K]™ 207.0192 207.0167 121 - + 163  2.6E-6 0.51 3E
3-Hydroxykynurenine [C10H12N204+Na] ™ 247.0705 247.0689 6.5 — + 0.78 1.7E-2 0.51 3F
2-Hydroxylauroylcarnitine  [C;9H37NO5+K]* 398.2302 398.2303 -0.3 — + 0.98 1.4E-3 048 3G
Melatonin glucuronide [C19H24N20g-+H]™ 409.1582 409.1605 -5.6 — + 1.03  3.3E-3 042 3H
Palmitoyl glucuronide [C22H42074+K] ™ 457.2586 457.2562 5.2 — + 0.82 1.1E-2 0.55 31
TG(52:4) [CssH1000s5+K]* 879.7081 879.7202 -13.8 - + 188 14E-4 008 3]
PC(42:0) [CsoH102NO,P + Na]*  882.7269 882.7286 -19 - + 185 2.1E-4 007 3K
¢ Fold change between controls and cancer samples.
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have observed a high incidence of abnormal excretion of tryptophan
metabolites in kidney cancer, indicating changes in renal function
due to the presence of a tumor [41], but so far no changes in the level
of 3-hydroxykynurenine in the blood of RCC patients have been
observed.

Metabolite whose potassium adduct has been attributed m/z
398.2302 is 2-hydroxylauroylcarnitine. This potential biomarker for
RCC with up-regulation has largest area under the curve equal
0.728 (Fig. 3G). The presence of acyl carnitines in higher concen-
trations than in the control group was previously found in the
tissues and urine of patients with kidney cancer [40,42]. A possible
explanation for these changes is that cancer cells require more
energy from fatty acid p-oxidation, which acyl carnitines are in-
termediates [43]. Another two metabolites are compounds
belonging to the group glucuronides — melatonin glucuronide and
palmitoyl glucuronide with AUC 0.669 (Figs. 3H) and 0.588 (Fig. 3I)
respectively, and showing higher intensities among cancer samples
compared to controls. Melatonin glucuronide is a metabolite of
melatonin, naturally occurring compound found in animals [32],
but not yet described as a potential RCC biomarker. Palmitoyl
glucuronide is a common liver metabolite of palmitic acid which is
excreted by kidneys [44] found by our group in kidney tissue but
showing down-regulation in the cancerous area [45].

Two lipid compounds were also found to be potential bio-
markers - triglyceride TG(52:4) and phosphatidylcholine PC(42:0).
TG presence in renal cell carcinoma is critical for sustained
tumorigenesis but tumor cell viability is incompletely understood
[46]. Studies have shown kidney tumor tissue contains twice the
amount of phosphatidylcholines compared to normal [47].

For all eleven mass features intensity table was created and then
receiver operating characteristic (ROC) analysis was performed in
MetaboAnalyst. The results of the analysis are presented in Fig. 4.
Area under the curve for the proposed biomarkers was found to be
0.841 (Fig. 4) thus they have high diagnostic accuracy to distinguish
patients with kidney cancer from the healthy people from control
group. Predicted class probabilities for each sample shown in
Fig. 4B were made on the basis of AUC. Cross-validation allowed for
correct classification 37 samples to be qualified as originating from

patients with kidney cancer, which gives 74% efficiency (sensitivity
of test) and 39 samples as derived from healthy volunteers, giving
78% correctness (specificity). Positive predictive value (PPV) of this
test is 77%, negative predictive value (NPV) is 75%, and accuracy is
equal to 76%.

Based on our recent publications [29,40] it can be concluded
that the change of lipid content is an important feature of RCC.
Accuracy of the model based on the two lipids proposed in this
article as potential biomarkers - triglyceride(52:4) and phosphati-
dylcholine(42:0) was tested. The area under the ROC curve plotted
for these two compounds was 0.717 (Supplementary materials S1).
A number of 32 samples were correctly certified as both true pos-
itive and true negative using this model (Supplementary materials
S2) that gives 76% accuracy.

4. Conclusions

Laser desorption/ionization mass spectrometry with gold
nanoparticle-enhanced SALDI-type target was used for rapid anal-
ysis of serum from 50 patients with diagnosed kidney cancer and 50
healthy volunteers. Methodology allowed identification of up- and
downregulated eleven compounds that could potentially serve as
renal cancer biomarkers such as: dihydrouracil, creatinine, gluta-
mine, tyrosine, 2,3-diaminosalicylic acid, L-3-hydroxykynurenine,
2-hydroxylauroylcarnitine, melatonin glucuronide, palmitoyl
glucuronide, triglyceride(52:4) or phosphatidylcholine(42:0).
Multivariate ROC analysis proposed biomarkers gave an area under
the curve equal to 0.841, and correct classification of patients and
healthy people (accuracy) at 76%. Statistical analysis allowed to
distinguish the study group from the control.
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