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Model-driven	targeting	in	
metabolomics:	closing	the	
nitrogen	sink	in	Bordetella	

pertussis	
	

	
Abstract	 	 	
 
Untargeted metabolomics is applied for the discovery of metabolic 
underpinnings of phenotypes. However, interpreting the results, in 
particular the identification of molecular features during untargeted 
metabolomics analysis remains a major bottleneck. We reasoned that 
comprehensive, genome-scale metabolic reconstructions can provide a 
context for interpretation and allow for prioritization of candidate 
metabolites. Only metabolites predicted to be possibly present by the 
genome-scale model need to be considered. We applied this approach 
to the nitrogen metabolism of Bordetella pertussis, the causative agent 
of Whooping Cough. In industrial fermentations of this bacterium, 
substantial amounts (30-40%) of nitrogen that are taken up cannot be 
accounted for in biomass or secreted byproducts. A quadrupole-based 
LC-MS approach was used, scanning the exometabolome of B. 
pertussis. Although database search of the obtained mass data resulted 
in thousands of identity candidates, due to genome-scale model-
guided filtering process we identified metabolites with more than 50% 
success rate. Eleven new metabolites involved in nitrogen metabolism 
were identified and quantified together with seven amino acids and 
two acids, reducing the nitrogen imbalance from 30% to 23%. 
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Introduction
Qualitative and quantitative analysis of metabolites is a major task of 
metabolomics and can be divided in two complementary approaches: 
targeted and untargeted. The targeted metabolomics approach is often 
hypothesis driven and focuses on quantification of known (groups of) 
metabolites, such as products of particular metabolic pathways or metabolite 
classes (e.g. amino acids) (1, 2). An advantage of targeted metabolomics is 
the prior knowledge of the chemical-physical properties of the analytes, 
which enables analyte-specific purification from the sample matrix and/or 
use of dedicated analytical methods. With targeted metabolomics, however, 
the number of analyzed metabolites is restricted, and hence the approach is 
not capable of providing a comprehensive picture of a system. 
The untargeted metabolomics approach − also known as metabolic profiling 
− aims to analyse a much larger part of the metabolome (up to 1000s of 
metabolites) in a single sample/run to find metabolic differences between 
samples and to generate hypotheses on e.g. metabolic pathways and 
potential biomarkers; these then could be studied and validated using a 
targeted approach. Analysis of the entire metabolome is virtually impossible 
due to the sheer number and a large variety in chemical and structural 
properties of metabolites. In January 2018, the Human Metabolome 
DataBase (HMDB) contained over 114,000 different metabolites, including 
92,000 human endogenous metabolites. It is common practice that specific 
analytical techniques are utilized for studying subsets of metabolite classes 
in untargeted metabolomics. 
Despite the increasing entries in metabolomics databases, a major 
challenge of untargeted metabolomics remains metabolite identification. This 
is due to the complexity of the sample, which on the one hand compromises 
separation of analytes and their further identification, and provides a large 
search space for peak identification. Identification is essential to make the 
link between detected components that discriminate samples, and the 
underlying molecular mechanisms.  
We wondered if we could achieve the reverse: would prior knowledge of the 
metabolite search space be helpful to assign discriminatory metabolites and 
fill the gap between untargeted and targeted metabolomics? Such prior 
knowledge could originate from comprehensive, genome-based metabolic 
reconstructions and from necessary constraints based on mass 
conservation and balancing. Here we describe such an innovative approach 
that identifies metabolites through model-guided mining of untargeted 
metabolomics data, followed by targeted compound identification and 
quantification (Figure 1). Comprehensive genome-scale metabolic models 
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can generate hypotheses about excreted or consumed metabolites, 
providing a confinement to investigate identity of metabolites found during 
untargeted metabolomics analysis. We tested this idea on a relevant test 
case: the production of vaccines for the human pathogen Bordetella 
pertussis, the causative agent of whooping cough. To produce material for 
the vaccines, the bacterium grows in industrial fermentations with glutamate 
as the main carbon source. Since glutamate uptake is high, the organism 
has a high nitrogen uptake, higher than it needs for building biomass. Only 
30.5% of the N uptake is incorporated into the biomass. The organism 
eliminates the nitrogen excess by excreting nitrogen rich metabolites such 
as an ammonia (37%) (3) leaving 32.5% of the nitrogen unaccounted for. In 
our lab, we developed a detailed genome-scale metabolic model, based on 
the genome sequence of Bordetella pertussis Tohama I (for the 
reconstruction process, see e.g. (4)). Such a model provides the full 
stoichiometry of all the reactions that the enzymes encoded by the genome 
can carry out: it is thus a computable inventory of the metabolic capabilities 
of an organism. Model predictions are based on mass balancing, i.e. it 
assumes that intracellular metabolites cannot accumulate, but are in a 
steady state where all producing reaction rates are equal to all consuming 
reaction rates. One can then ask, which (unmeasured) metabolites should 
be produced and excreted by the reconstructed network to close the 
observed nitrogen gap.  
The model–rather unexpectedly–predicted that nitrogen could be excreted 
as nucleobases, the precursors of DNA and RNA. As far as we are aware, 
nucleobases have never been demonstrated to be significant N-sinks. To 
test the model predictions, we used liquid chromatography-mass 
spectrometry (LC-MS) to detect the molecular mass of all low-molecular 
weight compounds in the supernatant of the fermentation broths. Detection 
was carried out by routine triple quadrupole (TQ) MS, the most commonly 
used and rugged MS detector for targeted bioanalysis. As TQ-MS provides a 
limited mass accuracy (0.2 Da mass error), metabolite database searching 
of observed masses generates quite a lengthy list of identity candidates.  
We used the Human Metabolome Database to search identities for recorded 
molecular masses with 0.2 Da margin. Subsequently, suggested compound 
identities were cross-listed with compounds present in model iBP1870. 
Prioritizing on N content and availability of available reference compounds, 
we tested 33 compounds by targeted LC-tandem MS analysis. We identified 
nineteen compounds. Adenine, guanine and riboflavin were excreted in 
millimolar concentrations along with smaller quantities of other vitamins and 
nucleic acid precursors. The excretion of these compounds in vivo provided 
6.5% of the unaccounted nitrogen sink. We thus illustrate the power of 
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modeling for prioritizing candidate species for unidentified peaks in a simple 
untargeted metabolomics analysis performed with TQ-MS. In this way we 
could identify several new excreted N-containing metabolites in the 
exometabolome of B. pertussis. Combination of untargeted metabolomics 
(even if performed using low-resolution MS) with metabolic pathway 
reconstruction models, could be a strategy applicable to different biological 
systems, and a useful compromise between targeted and untargeted 
metabolomics approaches. 

Figure 1A. Common metabolite identification approach. 

Figure 1A. Common approach for metabolite identification. The first step includes 
LC-high resolution MS analysis. Obtained data are processed by XCMS software to 
obtain a list of m/z features. Identity of m/z is searched in human metabolite 
database using molecular weight with 5 ppm variance. Standards of identity 
candidate are analyzed by a targeted metabolomics approach and compared to 
unknown m/z feature. The identity of unknown metabolite is confirmed. 
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  Figure 1B. Alternative metabolite identification approach. 

Figure 1B. Alternative approach for metabolite identification. The first step includes 
LC-MS analysis. Obtained low accuracy data are processed by XCMS software to 
obtain a list of m/z features. Using the molecular weight of the unknowns with a 
variance of 0.2 Da, an identity of m/z feature is searched in the human metabolome 
database is performed. Lists of 13,056 candidate identities generated by HMDB 
search were compared with the list of metabolites present in the organism model 
iBP1870. The intersection between these two lists resulted in 39 candidates 
containing nitrogen in the molecular formula. Analyte standards of candidate 
identities were analyzed by a targeted metabolomics approach and compare to 
unknown features. This way identity of 18 of metabolites was confirmed. 
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Materials and Methods
Materials 
Standard compounds used for identity testing and quantification are listed in 
supplementary Table S1, which provides origin, stock solution concentration 
and solvent. Acetonitrile HPLC grade (ACN) and all other chemicals were 
obtained from Sigma-Aldrich (Schnelldorf, Germany). 

Fermentation Details 
Bordetella pertussis fermentations were performed as described by Santos 
et al. (3). Preculture grew in a shake-flask in a chemically defined medium 
derived from Stainer-Scholte medium (MSS-CDM) at 35 °C under constant 
agitation. After 24 h, preculture was used to inoculate a 20 L fermentation 
vessel containing 10 L MSS-CDM operated in batch mode at 35 °C 
temperature and 0.4 bar head pressure. The culture was sparged with air at 
a constant flow of 20 L/min and pH at 7.2 by automatic addition of acetic 
acid 50% (w/v). The level of dissolved oxygen was regulated at 25% of its 
initial level by increasing the stirring speed (minimum 50 rpm). Sampling was 
performed at the start of fermentation and every 2 h between 18 and 44 h of 
fermentation. Supernatants and cells were separated by centrifugation 
(15,000 x g, 15 min, 4 °C) and stored at -80 °C till preparation for LC-MS 
analysis. 

Sample Preparation 
Ten µL of supernatant of fermentation sample were mixed with 90 µL of ice-
cold ACN-20 mM ammonium acetate (pH 9.4) (95:5, v/v). The mixture was 
incubated at -20 °C for 10 min and pelleted by centrifugation (16,200 × g, 10 
min, 6 °C). After centrifugation the supernatant was transferred to an HPLC 
vial and submitted to LC-MS analysis.  

Sample Preparation for Standard Addition Analysis 
Tenfold diluted unspiked sample was prepared by mixing 10 µL of 
fermentation sample supernatant with 90 µL ACN-water-20 mM ammonium 
acetate (pH 9.3) (50:35:5, v/v/v). The sample was vortexed, and after 
centrifugation (16,200 × g, 10 min, 20 °C) supernatant was transferred to an 
HPLC vial and analysed by LC-MS. Sample dilution was modified per 
analyte to obtain a linear response. For adenine quantification, the sample 
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was diluted up to 10-6 by serial tenfold dilution of sample in ACN-water-20 
mM ammonium acetate (pH 9.3) (50:35:5; v/v/v).  
Spiked samples were prepared by mixing 10 µL of diluted or undiluted 
fermentation sample supernatant with 5 µL standard mix, and 85 µL of 
ambient ACN-water-20 mM ammonium acetate (pH 9.3) (50:30:5; v/v/v). 
The sample was vortexed and after centrifugation (16,200 × g, 10 min, room 
temperature) the supernatant was transferred to an HPLC vial and analysed 
by LC-MS. Each sample was spiked with three different concentration stock 
solutions to obtain 9, 18 and 75 nM final concentration of a compound of 
interest. 

LC-MS Analysis 
LC-MS was carried out using a Shimadzu Nexera LC30 AD LC system, 
equipped with a SIL30AC autosampler and a CTO-20AC column oven 
(Shimadzu, ‘s Hertogenbosch, The Netherlands). A Luna NH2 column (5 µm; 
250 × 2.0 mm) equipped with a Luna NH2 guard column (4 mm × 2.1 mm; 
Phenomenex, Utrecht, The Netherlands) was operated at a flow rate of 200 
µL/min using a mobile phase of 20 mM ammonium acetate (pH 9.4) (solvent 
A) and ACN (solvent B). The following gradient was applied: 0-1 min at 5%
A, 1-15 min to 60% A, 15-30 min to 90% A, 30-33 min at 90% A. The used 
mass spectrometer was a Shimadzu LCMS-8030 triple quadrupole 
instrument using the following settings: drying gas (nitrogen 99.9990%), 15 
L/min; nebulizing gas (nitrogen 99.9990%), 3 L/min; collision gas (argon 
99.9980%), 230 kPa; cone temperature, 500 °C; desolvation line 
temperature, 300 °C. In Q1 scanning mode metabolites were detected in a 
range from 30 to 1000 m/z with event time 1 s and scanning speed 1000u/s.  
Targeted LC-MS analysis was operated in selected reaction monitoring 
(SRM) mode. Two to three distinct MS/MS analyte specific transitions were 
generated during flow injection of standard solution. For specific SRM 
settings see supplementary Table 1. During both targeted and untargeted 
analysis the column oven temperature was 17 °C; sample tray during 
untargeted analysis was at 7 °C and at 20 °C during standard addition 
experiments. The injection volume was 20 µL.  

XCMS Analysis 
All chromatograms were converted to the mzXML format using Proteowizard 
(5) and analyzed using XCMS Online (6). In the first step of the XCMS 
analysis all MS features were detected using the ‘centWave’ function. Minor 
retention-time differences of identical features across samples were 
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corrected using ‘retcor’ function and retention-time correction curves per 
sample were displayed. After time correction, features were grouped 
together across samples using function ‘group’; missing peaks were filled in 
‘fillPeaks’, and in the last step a feature table was generated including 
calculated statistics, and extracted-ion chromatograms (EICs). 

Quantitative Analysis – Standard Addition 
We quantified analytes by LC-MS/MS using standard addition. For each 
identified analyte we generated a standard addition curve consisting of at 
least 3 concentration points within the linear response range. The 
concentration for the analytes under investigation was determined by 
extrapolating the observed standard addition curves using Graphpad Prism 
6. 
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Results and Discussion
Step1: Screen for Unknown, N-Rich Metabolites Excreted 
by B. pertussis. 
For separation and selective detection of N-rich compounds excreted by B. 
pertussis in the fermentation media, we used hydrophilic interaction liquid 
chromatography (HILIC)-MS in an untargeted fashion. An amino propyl 
HILIC column was employed. Bajad and co-authors (7) used this column 
with a similar gradient for separation of a large number of metabolites, 
including purine and pyrimidine-metabolites. Total-ion chromatograms of m/z 
features detected in positive ionization mode and extracted-ion 
chromatograms for positive and negative ionization mode are provided in the 
supplementary section supplementary Figures S1 and S2. Figure 2 shows 
m/z feature elution time during the LC-MS analysis. We see that analytes 
elute in four time clusters and in both ionization modes the majority of 
features elutes between 5 and 15 min. Metabolite detection was carried out 
by TQ MS with a mass accuracy of 0.2 Da.  
HILIC-MS untargeted metabolomics combined with XCMS analysis (see 
Materials and Methods section) led to a list of m/z features detected in the 
fermentation medium. We detected 88 and 20 m/z features using positive 
and negative ionization mode. Using the m/z of the unknown feature with a 
variance of 0.2 Da, we performed an identity search in the Human 
Metabolite Database (HMDB database), which yielded 11,987 candidate 
identities for positive mode, with an additional 1,069 for the negative mode. 

Step 2: Identification of Unknown Metabolites 
In order to identify novel N-containing metabolites excreted into the 
extracellular medium, we determined the overlap between 13,056 HMDB 
proposed identities and 584 metabolites present in the model of B. pertussis. 
The common 327 metabolites contained 18 duplicate identities and 119 
metabolites without nitrogen, leading to a final number of 190 nitrogen-
containing metabolites. Out of 190 metabolite identities, 39 compounds were 
predicted based on the [M+H]+ ion, while the other 151 metabolite identities 
were predominantly based on the m/z values of a variety of ammonium and 
solvent molecule adducts. As adduct formation was not observed previously 
using the same analytical platform, the 39 identities revealed by their [M+H]+ 
ions were considered most reliable and used for further analysis.  
We used targeted metabolomics to confirm the presence of the suggested 
metabolite identities in the endpoint medium. In the first step a standard 
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solution of the compound of interest was prepared, and analyzed by HILIC-
MS/MS, and two or three MS/MS transitions were determined 
(Supplementary section Table S1). In the second step we analyzed endpoint 
media using HILIC-MS/MS with the compound-specific MS/MS transitions. 
Metabolite identity in the media was confirmed when retention time (RT) was 
within 97-103% of the standard compound retention time, and two MS/MS 
standard compound transitions matched the unknown metabolite Figure 3. 
From the 39 assigned identities (Supplementary Table 1), 33 were 
commercially available and tested by the targeted metabolomics approach 
(Figure 3). Identities of seven amino acids were confirmed using an 
orthogonal method, i.e., high performance anion exchange chromatography 
with amperometric detection. From 13 metabolite identities suggested by the 
model (flux variability analysis) as possible N sinks, 7 identities were 
positively identified together with riboflavin, adenine, isopropyl malate, 
phosphoglycerate and citrulline (Supplementary section Table S2). Overall, 
from 33 tested compounds we confirmed the identity of 18 suggested 
metabolites, indicating an identification success rate of over 50%. 
We did not detect one significant [M+H]+ ion of arginine but set of 
background intensity peaks with maximum peak intensity of 78,000 during 
the LC-MS scan analysis of media samples (Figure 4), even though the 
model proposed arginine as a primer candidate for N sink. However, 
arginine could be detected and quantified in the same samples using an 
enzymatic kit (K-LARGE, Megazyme, Ireland). LC-MS allowed detection of 
other amino acids (leucine, isoleucine, aspartate and phenylalanine) as 
[M+H]+ ions. As arginine structurally differs from other amino acids by 
comprising an aliphatic side chain with a guanidino group, it might show 
different ionization behavior. In order to check this possibility, we searched 
the list with 190 metabolite identities for potential arginine adducts. We 
found two coeluting species with the m/z of arginine adducts (Figure 5): 
[2M+ACN+H]+ and [2M+3H2O+2H]2+. As many compounds coelute in this 
part of the chromatogram close to the column dead time, matrix effects 
affect compound ionization and might favor adduct formation above [M+H]+ 
ion. 
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Figure 2. Retention time of m/z features detected during LC-MS 
analysis of the fermentation medium. 

Figure 2. Top panel. Retention time of m/z features detected in the endpoint medium 
of B. pertussis (LC-MS analysis, Q1 scan, positive ionization mode). Bottom panel. 
Elution time of m/z features detected in the endpoint medium of B. pertussis 
(negative ionization mode). 

191



187

Figure 3. Targeted metabolomics approach for metabolite identification 

Figure 3. To confirm identity of unknown metabolite, standard and unknown 
metabolite are analyzed with standard specific SRMs. Metabolite identity is 
confirmed if standard and unknown metabolite are detected using identical SRMs at 
identical retention time. Top panel thymidine targeted analysis (3 SRMs) in the 
endpoint media and as a standard (insert). Bottom panel: adenosine targeted 
analysis (3 SRMs) in the endpoint media and as a standard (insert). 
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Figure 4. Extracted ion chromatogram for m/z of the [M+H]+ ion of 
arginine. 

Figure 4. Extracted-ion chromatogram for m/z of the [M+H]+ ion of arginine obtained 
during LC-MS of the endpoint fermentation medium (positive mode). LC-MS analysis 
of the endpoint fermentation medium (positive scan mode). Arginine was shown to 
be present in the sample by orthogonal methods. 

Figure 5. Arginine extracted ion chromatograms of an adduct m/z. 

Figure 5. LC-MS analysis of the endpoint fermentation medium (positive scan 
mode). Extracted ion chromatograms for m/z 376.2 corresponding with the arginine 
[2M+3H2O+2H]2+ adduct, and for m/z 390.3 corresponding with the arginine 
[2M+ACN+H]+ adduct. Both adducts elute at 4.0 min. 
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Step 3: Metabolite Quantification and New N Sink 
Identification 
Growth on glutamate by B. pertussis results in excess nitrogen uptake 
compared to carbon. The reference fermentations as described by Branco 
dos Santos and co-workers (3) showed that only 30.5% of N accumulated in 
the biomass, 37% of N was excreted as ammonia and 3% was excreted as 
arginine, leaving 29.5% of the N unaccounted for. Six selected nitrogen-
containing compounds (adenine, adenosine, cytidine, thymidine, 
deoxycytidine and deoxyguanosine) were demonstrated to be present, not 
only in the end-point supernatants, but also in all fermentation samples 
collected during the 44 hours of the reference fermentation (Figure 6).  
We quantified metabolites by standard addition as described in the Material 
and methods section. From the quantified metabolites, adenine was the 
most excreted metabolite found during the extracellular media analysis: its 
concentration reached 0.92 mM at 44 hours (Figure 7). Adenosine 
concentration in the fermentation media rose over 44 hours to 0.26 mM, 
cytidine concentration rose to 10.9 µM, thymidine concentration rose to 370 
µM, deoxycytidine concentration rose to 51 µM and deoxyguanosine 
concentration reached 132 µM at 44 hours (all Figure 7). Out of the six 
metabolites quantified, adenine with the highest N/C ratio (1:1) exhibited the 
highest abundance, which in the 44 hours sample accounted on its own for 
6% of the N balance. All other metabolites showed N/C ratio higher than or 
equal to 0.5 and together they accounted for 1% of the N balance. In total 
we closed the missing N balance from 29.5% to 22.5%.  
As described in the section above (Identification of unknown metabolites), 
we did not expect adduct formation during LC-MS and therefore we worked 
only with 39 (i.e. [M+H]+ ions) out of the total of 103 positive m/z features. 
Identifying the missing 22.5% of the nitrogen balance, might be possible by 
identifying the earlier excluded 64 m/z features. If adducts  represent 
majority of ions formed during ionization process, applying product-ion 
scanning would be more suitable for identification than SRM. Another option 
is to improve the chromatographic separation in order to reduce the number 
of co-eluting features and promote [M+H]+ ion formation. 
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Figure 6. Metabolite levels in fermentation media collected over a 
course of 44 hours.	

Figure 6. Quantitative analysis of metabolites identified in fermentation media over a 
course of 44 h using HILIC-MS/MS analysis and standard addition approach.	
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Figure 7. Metabolite release to extracellular media during fermentation 

Figure 7. Quantitative analysis of metabolites identified in fermentation media over a 
course of 44 h using HILIC-MS/MS analysis and standard addition approach. 
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Conclusions
The new approach presented here shows that untargeted metabolomics 
benefits from adding other types of information - in this case from genome-
scale metabolic models - to facilitate the identification of unknown 
metabolites. Models help to constrain the possible candidate list for 
identification in two ways: (i) through the presence of metabolites in a 
pathway or metabolic network, or (ii) more quantitatively, through mass 
balancing. We show that even untargeted metabolomics using low resolution 
MS can be extremely useful when integrated with other data through 
modeling.  
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