
A summary of the metabolites in sample groups R/A and AC/A was selected 
based on p-values and fold change (Table 2). 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
These preliminary results are in accordance with previous data reported on 
active CRC patients. Amongst detected biomarkers, aspartic acid3,4,5,6,7, 3-
hydroxybutyric acid2,3,5, phenylalanine2,5,7 and citric acid1,5 were also reported 
by many other studies as metabolites altered in active cancer patients. In 
addition, these metabolites were used as discriminant markers in the models 
constructed. Also affected were threonic acid1,5, N-Acetyl-L-Lysine1, 2-
oxoglutaric3 and mannose5. The main pathways affected in active CRC 
patients were therefore TCA cycle, glycolysis, urea cycle, gut flora metabolism 
and amino acids (most notably tryptophan and glutamine) metabolisms. 

 
 
CONCLUSIONS 
 
• Orbitrap-based high resolution accurate mass GC-MS is a powerful 

technique for metabolomics analysis of serum samples from colorectal 
patients, patients in remission and their corresponding controls . 
 

• Acquiring data using the Q Exactive GC MS operated in full scan at high 
resolving power allows for a large number of compounds to be detected 
increasing the scope of the analysis and easing the ability to discriminate 
between pathological phenotypes. 
 

• Compound Discoverer  software and TraceFinder software streamlines data 
interrogation and increases the confidence in the results. The use of a 
dedicated HRAM metabolomics library significantly adds to the confidence 
in compound identification, as one of the most critical steps in 
metabolomics. 
 

• Additional investigation of larger cohort of patients is needed in order to 
evaluate the repeatability of these results that will eventually enable early 
detection of CRC and better diagnosis by using specific serum biomarkers. 
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ABSTRACT 
 
Globally affecting more than one million new persons each year, and killing more than 
700,000, colorectal cancer (CRC) is the second leading cause of cancer-related deaths in 
women and the third in men. Nevertheless, diagnosis is still largely based on invasive 
tissue sampling, while gaps remain in the understanding of its pathogenesis, with 
complex combinations between lifestyle, genetics, epigenetics, chronic inflammation 
(IBD) and microbiota. Untargeted metabolomics is one way to address these issues. 
Through metabolite profiling, it provides a picture of the outcome of the disease. To do 
so, significant variations between pathological and healthy phenotypes have to be found, 
and the responsible metabolites must be confidently identified. In this study, the ability of 
the Thermo Scientific™ Q Exactive™ GC-MS Orbitrap™ system to detect and identify 
metabolites related to colorectal cancer in an untargeted manner was assessed. The 
workflow uses the advantages of high peak capacity and chromatographic resolution of 
gas chromatography with the high resolution and sub-ppm mass accuracy of the Thermo 
Scientific™ Orbitrap™ mass analyzer. The samples analyzed belonged to two 
populations linked to colorectal adenocarcinoma (active and remission, 12 samples each) 
along with two controls cohorts of the same size matched for possible biases (gender, 
age, BMI, smoking status etc.), and pooled QC samples. Analytical raw data files were 
automatically processed through two software platforms specifically designed for the 
Orbitrap technology (Thermo Scientific™ TraceFinder™ software and Thermo 
Scientific™ Compound Discoverer™ software). Compound identification was made using 
existing commercial libraries as well as an in-house developed high resolution accurate 
mass (HRAM) Orbitrap metabolomics library. 
 

INTRODUCTION 
 
The second highest cause of cancer occurrence in women and third in men, colorectal 
cancer globally affects more than one million new persons each year and kills over 
700.000. However, diagnosis is still invasive (tissue sampling) and limited to late-stage 
detection, while gaps remain in the understanding of the pathogenesis. Metabolic 
profiling, through the global picture of the outcome of the disease, can help address 
these issues. To do so, statistically significant variations between pathological and 
healthy phenotypes have to be found, and the responsible metabolites must be 
confidently identified. The GC-Orbitrap system, by combining the high peak capacity and 
chromatographic resolution of gas chromatography with the sub-ppm mass accuracy of 
an Orbitrap system, meets both requirements. 
 

MATERIALS AND METHODS  
 
Sample Preparation 
Active CRC, remission and matched healthy serum samples matched (12 for each of the 
four cohorts) were collected under classical standardized procedures at the University 
Hospital of Liège, Belgium (approval of the ethical reviewing board of the institution -
#2005-144). 40 µL were extracted with methanol, centrifuged, dried under a stream of 
purified nitrogen and stored at -80°C until use. At that time, they were subjected to a 
two-step derivatization using methoxyamine and MSTFA and finally injected on a Q 
Exactive GC mass spectrometer. Separation was achieved on a Thermo Scientific™ TG-
5SILMS 30m x 0.25mm x 0.25µm column. Data was acquired in full scan at 60k 
resolution (FWHM at m/z 200). A total GC run time of 34 min was used. Additional details 
on the GC-MS experimental conditions are given in Table 1. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Data processing 
Acquired data was subjected to an untargeted metabolite detection and identification 
workflow (Figure 1). The workflow used Compound Discoverer software to compare the 
relative abundances of metabolites in multiple samples without prior identification and to 
discriminate them through statistical analysis (such as PCA, PLS-DA and volcano plots). 
Metabolites isolated from statistical analysis were further assessed with TraceFinder 
software for semi-quantitation (fold change calculation) and putative metabolite 
identification using both NIST 2014 mass spectral library as well as an in-house HRAM 
metabolomics library developed using pure metabolites analysed on the GC-Orbitrap 
system. Compound identification was made using a total confidence score that takes into 
account the NIST spectral match (SI>700) as well as the percentage of fragment ions 
that can be explained from the elemental composition of the molecular ion assigned by 
NIST [8]. 
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RESULTS 
 
PCA analysis following data processing in Compound Discoverer software revealed 
distinct sample grouping with distinct differentiation between A vs. R and A vs. AC. 
No separation was observed for R vs RC samples. QC (pooled) samples clustered 
very closely together after data normalization indicating good reproducibility of the 
acquired metabolomic data (<20 % RSD) (Figure 2).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The compounds responsible for the differences between the groups were highlighted 
through partial least squares-discriminant analysis (PLS-DA) and volcano plots 
(Figure 3). Significant metabolites were automatically selected (checked and 
highlighted in blue), and sent to TraceFinder software for compound identification 
using NIST and a high resolution accurate mass metabolomics library (Figure 4) and 
confirmed with fold-change and p-values. Variables with p-values of <0.05 were 
considered to indicate a significant difference. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Moreover, visual assessment of the data for significant metabolites was made with 
box-and-whisker plots for peak areas (Figure 5).  
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Untargeted serum metabolite profiling of colorectal cancer using GC-Orbitrap 
technology 

Figure 2. PCA score plot of active colorectal cancer patients (A) and patients 
in remission (R) (left) as well as active colorectal cancer (A) and healthy 
controls (AC) (right). QC samples (pooled) are also shown for each plot. 

Table 2. Table of log2 fold change of detected metabolites that 
significantly contributed to group differences in the A/R and A/AC 
groups. Classified by compound type. All comparisons are made 
between A vs R and A vs AC samples. (e.g. 3-hydroxybutyric acid is 
upregulated 6 fold in AC samples as compared to A samples).  

 
Q Exactive GC Mass Spectrometer Parameters  

Transfer line  (°C): 280 

Ionization type: EI 

Ion source(°C): 250 

Electron energy (eV): 70 

Acquisition Mode: Full scan 

Mass range (Da): 50-550 

Mass resolution (FWHM): 60,000 

Lockmass (m/z): 207.03235 

TRACE 1310 GC Parameters 
Injection Volume (mL): 1.0 

Liner 
Single taper (P/N: 
453A1345) 

Inlet (°C): 280 
Inlet Module and Mode: SSL, split 1:40 
Carrier Gas,  (mL/min): He, 1.2 
Oven Temperature  
Program: 
Temperature  1 (°C): 50 
Hold Time  (min): 3 
Temperature  2 (°C): 310 
Rate (°C/min) 10 
Hold Time  (min): 5 

Table 1.  GC-MS experimental conditions 

Statistical analysis 
(trend plot, PCA) 

Figure 3. PLS-DA (left) and volcano plot (right) of active colorectal cancer 
patients (A) versus patients in remission (R) (left). 

Figure 5. Box-whisker plot of peak areas for compounds with significant 
contribution to A vs R group difference. Median values (n=12) are shown for 
citramalic acid (a), 2,3-Dihydroxybutanoic acid (b) and 2-Butanoic acid (c). 

a b 

c 

RT BPI m/z putative ID  Library total score p-value log2(fold change R/A) 
10.38 133.05013 hydroxylamine 95.8 2.30E-03 2.9 
10.68 172.07898 2-Butanoic acid 93 4.70E-04 1.9 
10.78 147.0658 benzohydroxamic acid 91.7 4.70E-02 -6.0 
11.09 147.06578 3-hydroxybutyric acid 95.1 3.70E-02 6.9 
13.75 292.13416 2,3-Dihydroxybutanoic acid 90 1.10E-12 -5.7 
13.84 247.07877 D-(-)-citramalic acid 87 1.10E-12 -4.5 
14.82 160.07889 aspartic acid 96 6.20E-03 -0.9 
15.73 144.12019 atenolol 902 1.50E-02 1.0 
19.81 217.10744 deoxyribose 95.7 3.20E+02 1.1 
16.51 292.13416 L-threonic acid 90 8.30E-04 1.7 
17.66 117.03658 dodecanoic acid 95.2 4.20E-02 1.2 
20.52 147.06557 galactose isomer 2 98.5 3.30E-02 5.8 
20.73 266.10303 4-pyridoxic acid 95.3 3.60E-02 0.3 
21.57 129.03648 petroselinic acid 94.8 2.50E-02 -1.7 
27.50 361.16818 sucrose 95.3 1.30E-03 -1.5 

RT BPI m/z putative ID  Library total score p-value log2(fold change AC/A) 
11.08 147.06566 3-hydroxybutyric acid 97.5 3.50E-02 5.7 
14.82 160.07883 L-aspartic acid 96.3 1.90E-06 -2.8 
16.43 120.08067 DL-phenylalanine 94.1 2.50E-03 -2.1 
16.67 198.05804 2-oxoglutaric acid 89.4 7.00E-04 2.3 
19.44 147.06566 citric acid 97.7 8.90E-03 0.6 
19.84 174.11276 N-alpha-acetyl-L-lysine 94.3 9.70E-03 0.7 
20.32 147.06566 mannose  94.8 4.20E-03 0.8 

HRAM library spectrum  

Measured spectrum  XIC 

Figure 4. TraceFinder software peak deconvolution browser showing ornithine 
identification based on a total (average) score of 97% across the retention time 
aligned samples. 

Figure 1. Untargeted metabolite detection and identification workflow. 

https://tools.thermofisher.com/content/sfs/brochures/AN-10457-GC-MS-Orbitrap-Untargeted-Metabolomics-AN10457-EN.pdf�
https://tools.thermofisher.com/content/sfs/brochures/AN-10457-GC-MS-Orbitrap-Untargeted-Metabolomics-AN10457-EN.pdf�

	Slide Number 1

