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1 Introduction

A high-throughput non-invasive metabolomics approach 
can have many applications across clinical, industrial, and 
academic fields including disease identification (Pereira et 
al., 2022; Wehinger et al., 2007), food spoilage (Fang et al., 
2022; Franke & Beauchamp, 2017), and plant chemistry 
(Xiao et al., 2022). Analysis of gas-phase samples such as 
breath or headspace allows for a non-invasive non-destruc-
tive protocol. Direct mass spectrometry (MS) methods can 
analyse volatile organic compounds (VOCs) in gas-phase 
samples within seconds or continuously monitor a sample 
to identify changes over time, often without any need for 
pre-treatment steps (Perez-Hurtado et al., 2017; Rosenthal 
et al., 2019, 2021; Trefz et al., 2013). Alongside the appro-
priate data processing and statistical methods, direct MS can 
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Abstract
Introduction Untargeted direct mass spectrometric analysis of volatile organic compounds has many potential applications 
across fields such as healthcare and food safety. However, robust data processing protocols must be employed to ensure 
that research is replicable and practical applications can be realised. User-friendly data processing and statistical tools are 
becoming increasingly available; however, the use of these tools have neither been analysed, nor are they necessarily suited 
for every data type.
Objectives This review aims to analyse data processing and analytic workflows currently in use and examine whether meth-
odological reporting is sufficient to enable replication.
Methods Studies identified from Web of Science and Scopus databases were systematically examined against the inclusion 
criteria. The experimental, data processing, and data analysis workflows were reviewed for the relevant studies.
Results From 459 studies identified from the databases, a total of 110 met the inclusion criteria. Very few papers provided 
enough detail to allow all aspects of the methodology to be replicated accurately, with only three meeting previous guide-
lines for reporting experimental methods. A wide range of data processing methods were used, with only eight papers (7.3%) 
employing a largely similar workflow where direct comparability was achievable.
Conclusions Standardised workflows and reporting systems need to be developed to ensure research in this area is repli-
cable, comparable, and held to a high standard. Thus, allowing the wide-ranging potential applications to be realised.
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provide an almost instantaneous metabolic profile which 
can be used to differentiate between sample types (Bregy 
et al., 2018; Hicks et al., 2015). This paper will provide an 
overview of current data processing and statistical methods 
used for direct MS and propose future research to improve 
the repeatability and impact of research aimed at gas-phase 
sample classification.

Comprehensive metabolomic approaches typically 
include chromatographic separation prior to mass analysis 
which requires more time and laboratory space. Gas Chro-
matography-Mass Spectrometry (GC-MS), which is widely 
considered the gold-standard for analysing gas-phase VOCs 
(Alkhalifah et al., 2020), has long run times (> 1 h). This 
means continuous monitoring is not possible using GC-MS 
and sample throughput is severely limited. Additionally, 
GC-MS requires complex preparation steps which may be 
inhibitive for non-expert use (Tait et al., 2014). The main 
advantage of employing chromatographic separation along-
side MS is that there are two axes on which to distinguish 
compounds, and therefore GC-MS allows for accurate iden-
tification of analytes. However, the identity of compounds 
may not be necessary for many practical applications 
which may only require a yes or no answer, such as disease 
diagnostics.

Tandem-MS (commonly referred to as MS/MS or MSn) 
is a multiple stage analysis where smaller fragments are 
analysed at each subsequent stage and is often used to 
obtain structural information about specific molecules (Li 
et al., 2021). While tandem- and GC-MS are useful for 
researchers to identify compounds and explore metabolic 
pathways, a practical diagnostic application can be obtained 
using a metabolic profile consisting of m/z values and inten-
sity counts where the true identity and concentration is 
unknown (Martinez-Lozano Sinues et al., 2015; Rosenthal 
et al., 2021). This profile, with appropriate data processing 
and statistical analysis, can then be used to accurately dif-
ferentiate between sample types. Direct MS methods can 
obtain a metabolic profile in seconds, using cheaper instru-
mentation compared to tandem- or GC-MS, without any 
expert knowledge required to prepare samples and operate 
instrumentation.

Time-of-flight (TOF) or ion trap mass analysers can 
have a mass resolution high enough to enable identifica-
tion through accurate mass-to-charge ratio (m/z) measure-
ment, while maintaining a high throughput if used with 
direct infusion (Weber et al., 2020; Zielinski et al., 2018). 
However, these instruments tend to be large and expensive, 
which may be inhibitive for many practical applications, 
such as clinical diagnostics. Quadrupole mass analysers are 
typically smaller and cheaper; however, generally quad-
rupole mass analysers do not have a high enough resolu-
tion to distinguish between compounds with a similar m/z, 

with many only accurate to unit mass (1 Da), although the 
instruments may provide measurements to multiple decimal 
places (Ouyang & Cooks, 2009). For this reason, research-
ers often bin measurements into windows of 1 m/z width 
(Bunge et al., 2008; Fedrigo et al., 2010; Shestivska et al., 
2011), which should increase the likelihood that measure-
ments of the same compound are grouped together and 
reduce processing time and memory required to analyse the 
data (Finch et al., 2022).

For certain MS methods, such as proton transfer reaction 
(PTR) and selected ion flow tube (SIFT) ionisation, known 
reaction rates can be used to calculate the concentration of a 
compound within a sample (Lechner et al., 2005; Španěl & 
Smith, 1996); however, the compounds must first be iden-
tified, which may not be possible for untargeted analysis. 
When the actual concentrations are unknown, the results can 
be analysed qualitatively—whether or not a m/z window 
records an intensity above baseline—or ‘semi-quantitively’, 
such as using the relative intensities (fold change) to statis-
tically differentiate between sample types. For semi-quan-
titative analysis, the reliability of intensity counts remains 
important to accurately differentiate between samples. This 
requires robust data processing workflows to ensure that 
the metabolic profiles are quantitatively reliable at the fold-
change or other relative level.

Many published data processing workflows for MS 
are focussed on chromatography-coupled methods, such 
as GC-MS or liquid chromatography (LC)-MS (Di Guida 
et al., 2016; Dunn et al., 2011; Mak et al., 2014), as are 
many of the existing software tools designed for metabo-
lomics analysis (Spicer et al., 2017). Kirwan et al. (2014) 
published a benchmark for processing direct infusion MS 
data in 2014 for liquid phase samples. The method includes 
probabilistic quotient normalisation, a technique designed 
to correct for dilution effects, which may not be relevant to 
gas-phase samples. Additionally, representative quality con-
trol samples were created by pooling the all the collected 
samples, which may not be practical or possible for gas-
phase samples such as breath, which is often analysed by the 
participant breathing directly into the instrument.

Recent developments have been made in creating data 
processing tools specifically for PTR-TOF-MS, with the 
open-source PTRwid released in 2015 (Holzinger, 2015), 
the commercial Ionicon Data Analyzer released in 2020, 
and the open-source ptairMS released in 2021 (Roquen-
court et al., 2022). Additionally, Cappellin et al. published a 
recommended data processing workflow for PTR-TOF-MS 
in 2011, with the MATLAB functions available on request. 
This paper has been cited 161 times (according to Google 
Scholar, accessed 14/06/2023) which suggests some uptake 
within the research community; however, without reading 
every paper, the use of the workflow and whether it has been 
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applied to different ionisation and mass analyser method-
ologies cannot be confirmed. Workflows must be used con-
sistently to ensure replicable and comparable research is 
produced.

Some workflows may have been designed for a particular 
type of direct MS but may still be relevant to other methods. 
Soft ionisation methods, such as PTR and SIFT-MS, should 
create similar datasets, as they typically produce ions with 
a mass-to-charge ratio of one higher or one lower than the 
mass of the original compound. However, some methods 
may only be relevant to a subset of ionisation methods or 
mass analysers; for example, TOF analysers have a higher 
mass resolution and therefore processes to obtain an exact 
mass for identification can be performed.

Metabolomics is a fast-growing field and MS meth-
ods can produce large amounts of data. User-friendly data 
processing and statistical tools are becoming increasingly 
available, allowing researchers to perform complex analy-
ses without requiring expertise. However, these tools are 
not necessarily suited for every data type, and it is not yet 
generally clear which data processing methods give the best 
results in which situations. Biological data is intrinsically 
complex and metabolomics research in particular is difficult 
to reproduce among different labs without strict controls and 
standardised methods (Cambiaghi et al., 2017). Although a 
few studies have compared and developed metabolomic 
data processing workflows, the broader applicability and 
use within research has not been confirmed. This paper pro-
vides a systematic review of current use of data processing 
and analysis workflows of direct MS research as a critical 
first step to the development of description of best practice 
workflows for direct MS analysis.

2 Objectives

1) Conduct a systematic review that summarises and char-
acterises the data processing and analytic workflows 
currently in use for untargeted soft ionisation direct MS 
metabolomic research and examine whether there are 
common data processing methods for certain instru-
mentation and sample types.

2) Examine whether methodological reporting in the liter-
ature is sufficient to allow for replication of workflows.

3) Propose further work to ensure untargeted soft ionisa-
tion direct MS metabolomic research is replicable and 
comparable.

3 Methods

3.1 Reporting protocol

This systematic review was conducted using the principles 
of the Preferred Reporting Items for a Systematic Reviews 
and Meta-Analyses (PRISMA) (Page et al., 2021).

3.2 Inclusion criteria

Articles were included in the study if they:

 ● Employed a direct mass spectrometry method.
 ● Performed untargeted metabolomics.
 ● Used a soft ionisation method.
 ● Analysed gas-phase volatile organic compounds.

3.3 Exclusion criteria

Articles were excluded from the study if they:

 ● Did not present original mass spectrometry data.
 ● Performed only tandem mass spectrometry.
 ● Only used mass spectrometry in combination with a 

separation method such as chromatography.
 ● Were not available in English.

3.4 Search methods

Searches were performed in Web of Science and Scopus 
databases. The search was limited to papers published 
after 2014 and up to and including 25th July 2022. The 
terms “mass spec”, “metabo”, and volat” were required 
to appear in either the title, abstract or keywords. Papers 
were excluded if the terms “chromatograph”, “tandem mass 
spec”, “GC-MS”, “LC-MS”, or “review” appeared in the 
title, abstract or keywords. The citations identified were 
imported into Covidence. Duplicates were identified using 
the Covidence online software and removed. The abstracts 
were then screened by searching for the terms ‘GC’ and 
‘LC’, and each appearance manually checked to ensure it 
referred to chromatography before exclusion.

The remaining articles were then read in full and 
included if they met the inclusion/exclusion criteria. Dupli-
cates not identified by the software were removed manually. 
The criteria were designed to ensure the practical methods 
were similar enough as to not require significantly differing 
data processing methods. Each article was screened by one 
author.
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4 Results and discussion

4.1 Study selection

Figure 1 depicts the literature search process and the num-
ber of papers included/excluded at each stage. A total of 110 
studies were included in the review.

4.2 Sample types

Figure 2 shows the distribution of sample types and which 
mass spectrometry methods. Breath was the most com-
mon sample type, with 40 studies (36.4%) which exam-
ined human breath and five (4.5%) murine breath. Nineteen 
studies (42% of all breath studies) measured human breath 
directly and continuously, typically by participants breath-
ing through a mask which directed their exhalations towards 
the instrument through a transfer line. This results in spectra 

3.5 Data extraction

The data was extracted by a single author. Information 
regarding publication (author and publication year), sample 
type, data collection methods, data processing methods, 
statistical analysis, software and packages used to process 
the data, cited data processing workflows, and the data and 
code availability. A separate quality assessment was not 
performed, as the overall objectives include areas typically 
covered by a quality assessment.

Fig. 1 Flow diagram of the litera-
ture selection process. Database 
searches and record screening 
were performed automatically. 
Retrieval was performed auto-
matically, then a manual process 
was performed if the paper had 
not been initially retrieved. 
Reports not retrieved were either 
not available online, or in a 
journal that Loughborough Uni-
versity does not provide access 
to. The final assessment for eli-
gibility was performed manually. 
Some of the papers excluded may 
have not met multiple aspects of 
the criteria; the reason listed is 
simply the first reason for exclu-
sion identified
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4.3 Mass spectrometry methods

Table 1 shows how many papers met the minimum reporting 
guidelines for mass spectrometry analysis, proposed by the 
Chemical Analysis Working Group (Sumner et al., 2007). If 
an aspect was not included in the methods but could be rea-
sonably inferred from elsewhere in the paper (for example, 
a figure showing spectra from m/z 0-300 was considered to 
be providing the mass range), it was deemed to have been 
reported. As different instruments have different adjustable 
parameters, it is difficult to determine whether all necessary 
parameters were reported, so this was considered to have 
been met if multiple pressure, voltage, temperature, and/or 
gas flow values were reported. The guidelines include the 
ionisation method and the acquisition mode (whether full 

with peaks and troughs, corresponding to periods of exha-
lation and inhalation, respectively. Four studies analysed 
single breaths directly, while others collected single or mul-
tiple exhalations, which could be stored and analysed later, 
in bags (n = 12), vials (n = 2), Bio-VOC tubes (n = 2), or 
SPME fibres (n = 1).

Many studies analysed sample headspace, often of food 
(n = 18), bacteria (n = 13), or fungus (n = 8). Samples which 
release VOCs into the air can be analysed non-destructively 
by measuring the atmosphere above the sample, known as 
the headspace (Li et al., 2016). This allows the sample to be 
analysed multiple times, or continuously monitored, taking 
advantage of the ability of direct MS to analyse samples 
very quickly.

Fig. 2 A Sankey network of 
the sample types and analytic 
methods used in the studies in 
this review. Studies which exam-
ined multiple sample types are 
represented separately for each 
sample type. HS = Headspace. 
APCI = Atmospheric Pressure 
Chemical Ionisation. The specific 
details of methods classed as 
‘Other’ are available in the 
supplementary information
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measurement (Li et al., 2021); therefore, to accurately repli-
cate a study, this information is vital.

Twenty-eight studies (25.5%) did not specify whether 
the instrument was operated in positive or negative mode. 
Of the remaining 82, 70 used only positive mode, one only 
negative, and 11 used both positive and negative mode. The 
polarity will change the resultant spectra (whether a particu-
lar analyte is measured at mass + 1 or -1) and can affect the 
ionisation efficiency, which will in turn effect the sensitivity 
and detection limit (Liigand et al., 2017). Therefore, it is 
important that this information is included so studies can be 
accurately replicated.

The mass range was typically low with the lower m/z 
limit ranging between 0 and 100 (median = 20) and the 
upper m/z limit from 100 to 2010 (median = 250), with fif-
teen papers (13.6%) not specifying a m/z range. VOCs typi-
cally have a low molecular weight of around 50–200 m/z 
(Rowan, 2011); therefore, these ranges are expected for 
untargeted VOC analysis.

4.4 Data processing tools

Forty-five different data processing tools were used, with 65 
studies (59.1%) using multiple types of software/program-
ming languages. Nineteen papers (17.3%) did not mention 
any data processing tool. Computational tools which were 
used three or more times are listed in Table 2. All other tools 
used are available in the supplementary information.

Many of the programs named were data acquisition tools 
such as ToF-DAQ (n = 9, 8.2%) and PTR-MS Viewer (n = 5, 
4.5%), which are typically used as an interface between the 
instrument and computer, although they also often contain 
data visualization tools and some aspects of data process-
ing. For example, PTR-MS Viewer can aid compound iden-
tification and create simple statistics such as average and 
maximum/minimum (Ionicon, 2023). PTR-MS Viewer is 
provided by Ionicon with the purchase of an instrument, so 
the choice to use a particular software may be influenced by 
the availability of manufacturer provided software.

The R programming language was the most commonly 
used data processing tool (n = 39, 35.5%), with MATLAB 
also used often (n = 32, 29.1%). Programming languages 
provide a wide range of options for data processing as cus-
tom code can be created to suit the needs of the researcher. 
However, this can make replicating analysis steps difficult 
as some processing steps can be performed in many different 
ways, compared to a piece of software with limited options, 
such as SPSS (n = 17, 15.5%) or SIMCA (n = 4, 3.6%).

To ensure future researchers can copy the method accu-
rately, studies should list the packages used and, where 
necessary, the specific functions. Of the 66 papers (60.0%) 
which used at least one programming language, 34 (51.55%) 

scan or selected ion monitoring was used). As this review 
is only examining soft ionisation methods and untargeted 
data, by default, these have been reported by every paper 
included.

Only three papers included all ten aspects of the mini-
mum reporting standards by Sumner et al. (2007), with 
17 (15.5%) reporting nine and 43 (39.1%) reporting eight. 
These standards were written to facilitate experimental rep-
lication and enable the re-analysis and comparison of data 
by others. This demonstrates that there is an issue with rep-
licability in this area. While the guidelines are 16 years old 
at the time of writing and many methodological develop-
ments have been made in years since, they still cover the 
basic requirements necessary for replication in this area. It 
may be that researchers are simply unaware of the guide-
lines, particularly if they are not primarily working within 
metabolomics. Journals and reviewers could encourage the 
use of the minimum reporting standards by including them 
in submission guidelines and ensure that all the necessary 
details are included during the peer review process.

PTR was the most common ionisation method employed 
(n = 55, 50.0%), with SIFT (n = 18, 16.4%) and secondary 
electrospray ionisation SESI (n = 17, 15.5%) also used by 
a high proportion of papers. All other ionisation methods 
were used in three or fewer papers. Time-of-flight was the 
most common type of mass analyser used (n = 54, 49.1%), 
and 20 studies (18.2%) utilized a Quadrupole instrument. 
Seventeen papers (15.5%) did not specify the type of mass 
analyser. The type of mass analyser will affect the mass 
resolution, quantitative ability, and the sensitivity of the 

Table 1 The number of papers which reported each experimental 
parameter as suggested by the minimum reporting standards by the 
Chemical Analysis Working Group (Sumner et al., 2007)
Specified experimental parameter Number of 

reporting 
papers (out 
of 110)

Per-
cent-
age 
(%)

Sample introduction method 65 59.1
Ionisation method* 110 100.0
Ionisation polarity 82 74.5
Instrument parameters e.g., vacuum pressure, 
capillary charge

73 66.4

Mass analyser type 92 83.6
Acquisition mode* 110 100.0
Scan rate 58 52.7
Scan range 95 86.4
Calibration compounds 34 30.9
Mass resolution 32 29.1
Total number of papers meeting the 
minimum reporting standards for the data 
collection methods:

3 2.7

* Experimental parameters which were required for inclusion/exclu-
sion criteria of review
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information. If a programming language has been used (such 
as R or MATLAB), the code scripts can be saved; therefore, 
researchers can copy the method exactly simply by import-
ing their own data, then running the code. While 66 papers 
reported using a programming language for at least part of 
their analysis, only two had the majority required to perform 
the analysis available online, a further two had a small sec-
tion of their processing available, and two more indicated 
that the code would be available on request. Therefore, 60 
papers (90.9%) which used code made no indication as to 
the availability of the code scripts. While more code may be 
available if requests to the authors were made, this requires 
the authors to be contactable, which may not be possible 
if they no longer work within academia. To ensure longev-
ity, the code scripts should be included in the supporting 
information or accessible via a code repository, with a link 
provided in the paper.

Similarly, raw data should be made available wher-
ever possible. Only two papers had raw MS data readily 
available. Thirteen others indicated that the data would 
be available on request, and one other had some of their 
data available. Therefore, 94 papers (85.5%) did not indi-
cate whether the raw data would be available. While other 
papers had processed data available, this is not adequate to 
allow for the complete re-analysis of the data. Journals and 
grant applications are increasingly requiring data manage-
ment and availability plans, which should help facilitate the 
improved availability of datasets.

4.5 Data pre-processing and pre-treatment

Table 2 lists potential data pre-processing and pre-treatment 
steps for untargeted direct MS and gives a description of 
how they were defined for this study, expanding on the 
terms listed by Goodacre et al. (2007) and only including 
those relevant to untargeted direct soft ionisation MS. Com-
monly used methods and the number of papers which speci-
fied a method for each step has been reported in Table 2. 
Without attempting to perform the method, it is difficult to 
determine equivocally whether enough details of the algo-
rithm and all the required meta parameters have been pro-
vided; however, in most cases it appeared that not enough 
information had been provided, particularly when the spe-
cific software, packages, or functions were not provided, as 
described above.

For every step listed, the majority of papers did not 
describe whether or not it was performed. Only one paper 
specified that a step was not performed; Neyrinck et al. 
(2022) specified that the data was not normalised. Some 
studies mentioned a data processing step but did not specify 
the method. This was a particular issue for centring (n = 4) 
and scaling (n = 3), although it is very likely that the authors 

listed at least one package, with a total of 66 different pack-
ages named, across a wide range of uses (e.g., plotting, scal-
ing, and multivariate analyses). The most times any package 
was mentioned was four (FactoMineR, ggplot2, and gplots), 
with 54 (81.8% of all packages) only mentioned once. Only 
eight of the packages (12.1%) were specifically designed 
for metabolomics data (ChemometricsWithR, MALDI-
QUANT, MetaboAnalystR, MetStaT, mixOmics, Peaks, 
ptairMs, and ToF data plotter), none of which were used 
more than twice. This demonstrates a gap in the available 
analysis tools for a package specifically designed for direct 
MS, which can be used widely across the field.

Open-source packages are a useful tool in increasing rep-
licability of research, as researchers can copy a workflow 
closely by using the same functions included in the package. 
However, currently, researchers are using a wide range of 
packages and processing methods, demonstrating the need 
for a workflow that can be easily replicated, designed spe-
cifically for direct MS.

The easiest way to improve replicability of studies using 
programming languages is to include the code as supporting 

Table 2 Computational tools for direct mass spectrometry data acqui-
sition and analysis
Tool Type Number 

of papers
Per-
cent-
age

R Programming language 39 35.5
Matlab Programming language 32 29.1
SPSS Statistical analysis 

software
17 15.5

ToF-DAQ Data acquisition software 9 8.2
Excel Spreadsheet software 8 7.3
MSConvert File converting software 7 6.4
Xcalibur Data acquisition software 5 4.5
Sigmaplot Data visualisation software 5 4.5
PTR-MS Viewer Data acquisition software 5 4.5
PeakView Data acquisition software 5 4.5
SIMCA Multivariate statistical 

analysis software
4 3.6

Metaboanalyst Web server for metabolo-
mic data analysis

4 3.6

Labsyft Data acquisition software 4 3.6
gplots Package written in R pro-

gramming language
4 3.6

ggplot2 Package written in R pro-
gramming language

4 3.6

FactoMineR Package written in R pro-
gramming language

4 3.6

SAS Programming language 3 2.7
PTR-TOF Data 
Analyzer

Statistical analysis soft-
ware for PTR-TOF

3 2.7

Minitab Statistical analysis 
software

3 2.7

ade4 Package written in R pro-
gramming language

3 2.7
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Some techniques could be considered to cover multiple 
categories of data processing steps; for example, wavelet 
denoising could be deemed a baseline correction method 
as well as noise reduction and averaging over multiple 
scans could be considered a noise reduction and a value 

were referring to mean centring and autoscaling, which are 
the most common methods and the only methods recorded 
in this review. A total of 68 different data processing steps 
were extracted from the studies, most of which can be sum-
marised by the terms listed in Table 3.

Table 3 Potential data pre-processing and pre-treatment steps for untargeted direct mass spectrometry and commonly used methods
Step Description Commonly used 

methods*
Papers which 
specified 
a method† 
(count (%))

Papers which 
did not men-
tion the step†
(count (%))

Data selection Selecting only the parts of a run which contain relevant 
data, often by detecting a change in the intensity of a 
particular ion, or total ion count.

Breath tracker (n = 12) 16 (14.5%) 94 (85.5%)

Baseline correction Correcting for instrumental drifts. Polynomial fit baseline 
subtracted (n = 6)

8 (7.3%) 100 (90.9%)

Deconvolution Resolving overlapping peaks. Modified Gaussian 
functions (n = 8)

8 (7.3%) 102 (92.7%)

Peak picking/alignment Peaks can be defined and assigned exact m/z values, with 
only values which appear above a baseline selected for 
further analysis, or data can be binned into windows.

Centroided (n = 8) · 
Binned into windows 
(n = 4)

19 17.3%) 91 (82.7%)

Value calculation A typical run includes multiple scans. These scans are then 
usually summarised by a single value.

Average over multiple 
scans (n = 32) · Integra-
tion of area under the 
curve (n = 3)

37 (33.6%) 73 (66.4%)

Background subtraction Removing the intensity measurements that are due to the 
background profile, not the sample.

Subtraction of blank 
sample (n = 29)

30 (27.3%) 80 (72.7%)

Noise reduction Data may contain random instrumental noise which can be 
corrected for.

Replicate averaging 
(n = 20) · Resampling 
(n = 7) · Smooth-
ing (n = 6) · Wavelet 
denoising (n = 3)

30 (27.3%) 79 (71.8%)

Methods-based 
normalisation

Correcting for systematic variation by scaling each sample 
to an additional measurement specific to that sample or 
batch which is expected to change proportionally to the 
ion intensity count.

Primary ion (n = 19) · 
Sample quantity (n = 7) 
· Instrument parameter 
(n = 6)

31 (28.2%) 78 (70.9%)

Data-based normalisation Presenting data from each sample as a ratio, to compare 
proportional differences and reduce the impact of system-
atic variation.

Control condition 
(n = 9) · Maximum 
value (n = 4) · Total ion 
count (n = 3)

20 (18.2%) 87 (79.1%)

Transformation Change the distribution of the data, typically to remove 
heteroscedastic noise.

Log transform (n = 22) 23 (20.9%) 87 (79.1%)

Centring Performed on each column, makes the average value the 
same across columns, to reduce the influence of variables 
with high abundance on multivariate modelling

Mean centred (n = 12) 12 (10.9%) 94 (85.5%)

Scaling Performed on each column to make the variance across 
columns similar, to reduce the influence of variables with 
high fold changes on multivariate modelling.

Autoscaling (n = 9)‡ 9 (8.2%) 98 (89.1%)

Missing value 
replacement

Replacing missing values possibly due to detector 
dead time or low concentrations to improve statistical 
performance.

Poisson correction 
(n = 10)

14 (12.7%) 96 (87.3%)

Outliers Data points which deviate from the distribution of the 
majority of the data and can have an undue effect on data 
analysis.

No method was used 
more than once.

2 (1.8%) 108 (98.2%)

* Methods used by three or more papers are listed. Details of other methods are available in the supplementary information
† Studies which specified that a step was not performed were not included in this count. Percentage is out of the total number of papers (110). 
Papers which did specify a method, did not necessarily provide enough information to replicate the method
‡ Autoscaling was assumed to refer only to the scaling method, although it is commonly used to refer to mean centring with unit (standard 
deviation) scaling (Goodacre et al., 2007). Two papers performed autoscaling but did not specify whether they also mean centred
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Eight papers described ‘centroiding’ peaks; however, a 
centroid typically refers to a measure of central tendency 
across multiple dimensions, with mean or median gener-
ally used for a set of real numbers (Deakin et al., 2002). 
For chromatography-coupled MS, the joint measurements 
for retention time and mass-to-charge ratio can be used to 
calculate the centroid. To describe the central tendency of a 
set of mass-to-charge ratios as a centroid is not necessarily 
wrong, it is not the language typically used in this situation 
and lacks specificity. This shows that many of the methods 
are those used more generally for MS and are not adapted 
specifically for direct methods.

Only four papers described binning the data into m/z 
windows; however, 41 reported m/z values to whole units, 
suggesting that more studies had used binning without 
describing it specifically. Binning can be useful for low 
resolution instruments, where more accuracy does permit 
greater precision. Without the additional information pro-
vided by a separation method, it is difficult to determine 
which m/z values should be considered the same ion. Bin-
ning to unit mass can increase the chances that the same ions 
are grouped together and reduce processing time (Finch et 
al., 2022).

Replicate averaging was the most common method 
of noise reduction used (n = 8). This is a commonly used 
method within metabolomics(Broadhurst & Kell, 2006) 
and can be used to reduce the effect of random noise and, 
depending on the research design, instrumental drift. Resa-
mpling can similarly be used to sample across the noise 
within a sample run in cases where the measurement may be 
assumed constant across the run. Note that this is a method 
available in direct sampling that is not available when there 
is chromatographic separation, which introduces a sepa-
ration-related time dependency even when the sample is 
constant. Sampling within runs was used in 7 cases. How-
ever, it appears most of the papers using resampling used 
those methods as part of a smoothing and alignment process 
commonly applied to chromatographic methods (Prince & 
Marcotte, 2006). This again indicates that many of the data 
processing methods are simply copied from chromatogra-
phy-coupled MS methods, rather than specifically designed 
for direct MS.

In most cases, only one method for each data processing 
step was performed; however, some studies used multiple 
methods within the same category, such as correcting by 
primary ion count and an instrument parameter (n = 3). Of 
the 19 papers which normalised by the primary ion (and the 
primary ion water cluster in seven papers), 14 used PTR-
MS, four used SIFT-MS, and one used selective reagent 
ion-MS, which is effectively a combination of the PTR and 
SIFT methods (Jordan et al., 2009). The primary ions (those 
used to ionise the analytes of interest) for these methods 

calculation technique. However, it would be possible for a 
study to perform a separate step for each term listed.

The order they are listed is not necessarily the order in 
which they were performed. Some steps by nature must be 
performed before others; for example, there must be a list 
of peaks or bins before they can be scaled. In some cases, 
the order in which they are performed may affect the out-
come, such as background subtraction and missing value 
replacement, as background subtraction can sometimes 
result in missing values; therefore, if it is performed after 
missing value replacement, those new missing values will 
not be replaced. For some steps, the order in which they are 
performed will not affect the final dataset, such as centring 
and scaling. It was not possible to confirm, but generally, it 
appeared that studies listed the data processing steps in the 
order in which they were performed.

Direct MS allows for continuous breath sampling; how-
ever, the desired section of exhalation must be selected from 
a continuous breath trace which will include inspiration, 
dead-space and mixed exhalation phases. Of the 17 studies 
which measured breath continuously, 12 (70.6%) reported 
using a custom ‘Breath tracker’ algorithm to select the data 
corresponding to exhalations. Of the 12, five used Acetone 
as the tracker ion, a known component of breath (O’Hara 
et al., 2008), three studies did not specify which ion was 
used by the algorithm, while one each reported using the 
total ion count, the sum of 4-hydroxy-2,6-nonadienal (m/z 
155.1067) and 4-hydroxy-2-decenal (m/z 171.1381), and 
CO2. Additionally, one study used a separate CO2 moni-
tor to determine when the participant was breathing out by 
the increase in CO2 readings. Six papers cited Trefz et al. 
(2013) or their subsequent papers (Sukul et al., 2014, 2015) 
regarding their use of the MATLAB-based breath tracker; 
however, the code for this breath tracker does not appear to 
be publicly available.

The majority of studies performed multiple scans per 
measurement, then summarised these scans into a single 
spectrum. For GC-MS, the measurement along the time axis 
provides important information to identify and separate dif-
ferent compounds. However, for direct MS, the measure-
ment in time is only relevant if continuous monitoring is 
being performed; even then, researchers may still choose 
to summarise multiple measurements to reduce the effect of 
instrumental noise. Only 37 studies (33.6%) described how 
these scans were summarised into a single measurement 
and one paper specified that only one mass scan was per-
formed per sample. For most data processing steps, it could 
be assumed that if a study did not mention a step, it probably 
did not perform that step, although it cannot be confirmed. 
However, a value must have been calculated somehow, and 
this information is missing from 72 (65.5%) of the papers 
in this review.
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‘wavelet denoising’ or ‘batch correction’, and without the 
specific method applied, cannot be replicated. Some papers 
described part of a step but not all, such as ‘peaks were cen-
troided’. This generally the last step of peak picking, but 
it does not describe how the peaks were initially defined. 
Additionally, many methods have user-defined parameters 
which may affect the results, such as the order of a poly-
nomial or the number of iterations in a machine learning 
technique. How these are defined is important information 
to ensure accurate replication so must be included in the 
methods, as recommended by Goodacre et al. (2007).

4.6 Data analysis methods

Four papers estimated the required sample size to appropri-
ately power the statistical tests prior to conducting the study, 
and one paper calculated power post-hoc. Sixty-eight papers 
(61.8%) performed either univariate significance tests or 
bivariate correlations but of those only 25 (36.8%) specified 
a multiple comparison p-value correction. For untargeted 
analysis, there are usually hundreds of variables, meaning 
there is a high likelihood of type I error (false-positive) 
because some of the variables will be different by chance. 
Multiple comparison corrections reduce the possibility of 
making a type I error. Thirteen papers used a false discovery 
rate (FDR) correction, and 12 studies used a family-wise 
error rate (FWER) correction.

Seventy-one (64.5%) studies performed at least one 
type of multivariate analyses. Thirty-eight studies (34.5%) 
performed a factor analysis, with Principal Components 
Analysis (PCA; n = 33) the most common method. Seven-
teen papers (15.5%) performed a cluster analysis or simi-
larity network and eight studies (7.3%) created heatmap 
visualisations.

Forty-two studies (38.2%) performed at least one clas-
sification modelling analysis of which twenty-six used 
machine learning techniques such as Partial Least Squares-
Discriminant Analysis (PLS-DA; n = 15), Random Forests 
(n = 8), and Support Vector Machines (SVM; n = 7). Six 
studies used multiple methods of classification modelling. 
Classification modelling is generally a ‘supervised’ method, 
with the algorithm designed to maximise the differences 
between groups. However, this increases the risk of overfit-
ting, as spurious differences can be used to accurately sepa-
rate the groups, but they would not necessarily be present in 
the wider population (Broadhurst & Kell, 2006). This makes 
validating models on a separate dataset very important, 
and generally is considered best practice (Brereton, 2006; 
Broadhurst & Kell, 2006; Goodacre et al., 2007).

Out of the forty-two which performed classification mod-
elling, only 11 studies (26.2%), used a separate validation 
set to ensure that their models were accurate outside of the 

can be measured by the mass analyser and this has a direct 
relationship to the measurement of product ions (Tani et al., 
2004). This is not possible for every type of ionisation, as it 
requires primary ions which can be measured by the mass 
analyser.

Seven papers cited the Cappellin et al. (2011) workflow 
to describe their data processing methods and another cited 
their subsequent paper (Cappellin et al., 2012) which uses 
similar methods; polynomial fit baseline correction, modi-
fied Gaussian functions to define peaks, and Poisson cor-
rection for instrument dead times. All of these papers used 
PTR-TOF-MS, suggesting that the method may be specific 
to that analysis method. Additionally, seven of the eight 
papers had at least one author in common with the cited 
paper, suggesting that there hasn’t been much uptake of 
the method outside of the research group. Forty-two papers 
used PTR-TOF-MS; therefore, only 19% of PTR-TOF-MS 
used this workflow, or parts of it.

Using the same methodological workflow allows for 
results to be directly comparable, making it easier to review 
the literature in a specific area. Wherever possible, stan-
dardised workflows should be used to ensure this. How-
ever, the development of data processing workflows has not 
matched the development of new instrumentation. Addi-
tionally, the workflows must be accessible to new users. 
Cappellin et al. (2011) does not provide detailed instructions 
on how to replicate the workflow, nor any software which 
would be easy for a non-expert to implement, although they 
state that the MATLAB code is available on request.

Apart from the use of the workflow by Cappellin et al. 
(2011) and the use of primary ion normalisation, the data 
collection methods do not appear to have a large influence 
on which data processing methods were chosen. They were 
no clear patterns of data processing methods depending on 
the sample type, ionisation method, or type of mass analy-
ser. Similarly, there were no other obvious groups of data 
processing methods that were consistently used together.

The methods chosen for transformation, centring and 
scaling will depend on whether they are relevant to the sub-
sequent data analysis. Transformations are typically used to 
make the data conform to a normal distribution and reduce 
the impact of heteroscedastic noise. This may not be nec-
essary for non-parametric methods. A log transformation 
can also be used to improve the visualisation of the data. 
Centring and scaling will not affect univariate data analysis 
and only studies which performed multivariate data analy-
sis centred or scaled the data. Of the 72 studies which per-
formed multivariate data analysis, 18 (25%) centred and/or 
scaled the data.

Generally, not enough detail has been provided for 
the data processing and statistical methods to be repli-
cated easily. Many terms used are quite general, such as 
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4.8 Recommendations and implications for future 
research

Standardised methodology and reporting are necessary to 
ensure replicable research and wider use outside of research 
settings. There are many potential applications for direct 
MS in clinical and industrial settings, but these cannot be 
realised without robust methodology and replicable results. 
Currently, a wide range of data processing and analysis 
methods are being used, with no clear consensus within the 
literature. Additionally, many of the methods were devel-
oped specifically for chromatography-coupled MS, and do 
not appear to function the same for direct methods.

Further research should be undertaken to develop easy-
to-follow data processing workflows specifically for direct 
MS. Initially, this should include testing various data pro-
cessing methods to determine which result in the most reli-
able datasets, by reducing the impact of systematic and 
random variation. For example, the relationship between an 
instrument parameter and the ion count must be established 
to calculate an appropriate normalisation factor. Recom-
mendations cannot be made if the methodology has not been 
proven to improve the quality of the data. This is beyond 
the scope of this review. An optimised workflow can then 
be developed, and guides, packages and applications can be 
created to allow ease-of-use for non-experts. It may be fruit-
ful to develop new collaborations with statisticians and data 
scientists to move this work forward.

Researchers may be unaware of best practice for report-
ing, particularly if they are using direct MS to facilitate 
research in a different area. The wide range of available 
methodologies means a non-expert is unlikely to be aware 
of every method, and the required detail to ensure reproduc-
ibility. Tools such as a clear reporting framework with links 
to explanatory material should be developed to facilitate 
standardised reporting; journals could include links to these 
in their submission guidelines to ensure broad uptake.

In the short term, researchers should aim to include more 
details of their processing and analysis methods, including 
when a step has not been performed, to ensure replication is 
possible. Where feasible, datasets and code should be avail-
able as online supplementary information. Additionally, 
the packages and functions used within the code should be 
listed in the methods. Journals and reviewers should take 
steps to ensure the guidelines by Sumner et al. (2007) and 
Goodacre et al. (2007) are followed, until updated guide-
lines and tools are available.

data used to create the model. A further nine used cross-val-
idation (n = 6), bootstrapping (n = 2), or permutation testing 
(n = 1) to validate their models; however, the validation set 
is not truly separate in these methods. 52.4% of the studies 
which implemented classification modelling did not per-
form any validation on their models.

Including every variable in a multivariate model can lead 
to overfitting, so reducing the number of variables included 
is important to ensure models are applicable to the wider 
population. Prior to multivariate analysis, 54 (out of 71, 
76.1%) preformed at least one variable selection step. Forty-
six studies selected variables using a univariate method by 
examining each variable individually against a threshold, 
such as using univariate significance tests (n = 28), or the 
ratio between inhalations and exhalations (n = 11). Multi-
variate methods of variable selection, where the combined 
effect of variables was examined were used by 36 studies. 
Some used correlations to remove closely correlated vari-
ables (n = 7). Stepwise variable selection (n = 5) and Lasso 
penalisation were also used (n = 4). Some multivariate mod-
elling methods include specific output parameters which 
can be used to select variables such as the PLS-DA VIP 
score (n = 9). Eighteen studies used both a univariate and a 
multivariate variable selection method.

Thirteen papers (11.8%) reported a measure of reliability 
(or repeatability) for their methods, with 11 papers reporting 
the coefficient of variation and two using Lin’s concordance 
coefficient. This is particularly important to report for new 
methods to ensure differences detected are true differences, 
not simply random variation.

4.7 Strengths and limitations of this study

To the best of our knowledge, this is the first systematic 
review of data processing and data analysis methods for 
direct MS. This review has identified a lack of standardisa-
tion in the methods applied and the detail of reporting. The 
use of previous workflows appears to be limited, with very 
few papers citing previous work. The methods which are 
used most often could be used to form the basis of future 
workflows.

This review examined 110 studies, which is likely only 
a small subset of the research in this area since 2015. There 
may be many other papers which performed untargeted 
direct soft ionisation MS but which did not include the 
search terms in the title, abstract or keywords, potentially 
focussing on the application rather than the methods. It is 
possible that because of this, the studies included here may 
not be a true representation of the wider research in this area.
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5 Conclusion

This systematic review demonstrates the wide range of data 
processing and analysis methods currently used for untar-
geted direct soft ionisation MS, and the improvements that 
need to be made in order to ensure that studies can be repli-
cated, and results compared. There is a lack of standardised 
workflows and those that do exist do not have a broad 
uptake, and are not generally adapted specifically to direct 
MS. The methods highlighted in this review can be used as 
a starting point in developing new workflows, suitable for a 
range of applications within untargeted direct soft ionisation 
MS metabolomics research.

Many papers do not meet the recommended minimum 
reporting standards set by Sumner et al. (2007) and Good-
acre et al. (2007). The use of a standardised reporting tool, 
recommended by journals, will ensure these standards are 
met and that research in this area is reproducible. This will 
allow for the wide-ranging potential applications of direct 
MS to be realised.

Author contributions Conceptualization, MRL and EH; methodology, 
EH and KR; Data collection and analysis, KR; writing—original draft 
preparation, KR; writing— review and editing, MRL, EH, ER, and 
MT; supervision, MRL, EH, ER, and MT. All authors have read and 
agreed to the published version of the manuscript.

Funding No funding was received for conducting this study.

Data availability The extracted data is available in the supplementary 
information at https://doi.org/10.17028/rd.lboro.25358464.

Declarations

Competing interests The authors declare no competing interests.

Open Access  This article is licensed under a Creative Commons 
Attribution 4.0 International License, which permits use, sharing, 
adaptation, distribution and reproduction in any medium or format, 
as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons licence, and indicate 
if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

References

Alkhalifah, Y., Phillips, I., Soltoggio, A., Darnley, K., Nailon, W. H., 
McLaren, D., Eddleston, M., Thomas, C. L. P., & Salman, D. 
(2020). VOCCluster: Untargeted Metabolomics Feature Clus-
tering Approach for Clinical Breath Gas Chromatography/Mass 

1 3

   42  Page 12 of 14

https://doi.org/10.1021/acs.analchem.9b03084
https://doi.org/10.1016/j.clinms.2018.02.003
https://doi.org/10.1016/j.clinms.2018.02.003
https://doi.org/10.1016/j.trac.2006.10.005
https://doi.org/10.1007/s11306-006-0037-z
https://doi.org/10.1128/AEM.02069-07
https://doi.org/10.1093/bib/bbw031
https://doi.org/10.1016/j.snb.2010.11.044
https://doi.org/10.1016/j.snb.2010.11.044
https://doi.org/10.1007/s11306-012-0405-9
https://doi.org/10.1007/s11306-012-0405-9
https://doi.org/10.1080/00690805.2002.9714213
https://doi.org/10.1007/s11306-016-1030-9
https://doi.org/10.1007/s11306-016-1030-9
https://doi.org/10.1038/nprot.2011.335
https://doi.org/10.1016/j.foodres.2022.111139
https://doi.org/10.1016/j.foodres.2022.111139
https://doi.org/10.1016/j.ijms.2010.06.011
https://doi.org/10.17028/rd.lboro.25358464
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


Current data processing methods and reporting standards for untargeted analysis of volatile organic…

Bischoff, S. C. S. C., Walter, J., Delzenne, N. M. N. M., Walter, 
J., & Delzenne, N. M. N. M. (2022). Breath volatile metabolome 
reveals the impact of dietary fibres on the gut microbiota: Proof 
of concept in healthy volunteers. EBioMedicine, 80, 1–13. https://
doi.org/10.1016/j.ebiom.2022.104051.

O’Hara, M. E., O’Hehir, S., Green, S., & Mayhew, C. A. (2008). 
Development of a protocol to measure volatile organic com-
pounds in human breath: A comparison of rebreathing and on-line 
single exhalations using proton transfer reaction mass spectrom-
etry development of a protocol to measure volatile organic com-
pounds i. Physiological Measurement, 29, 309–330. https://doi.
org/10.1088/0967-3334/29/3/003.

Ouyang, Z., & Cooks, R. G. (2009). Miniature mass spectrometers. 
Annual Review of Analytical Chemistry, 2, 187–214. https://doi.
org/10.1146/annurev-anchem-060908-155229.

Page, M. J., McKenzie, J. E., Bossuyt, P. M., Boutron, I., Hoffmann, 
T. C., Mulrow, C. D., Shamseer, L., Tetzlaff, J. M., Akl, E. A., 
Brennan, S. E., Chou, R., Glanville, J., Grimshaw, J. M., Hrób-
jartsson, A., Lalu, M. M., Li, T., Loder, E. W., Mayo-Wilson, E., 
McDonald, S., & Moher, D. (2021). The PRISMA 2020 state-
ment: An updated guideline for reporting systematic reviews. 
PLoS Medicine, 18(3), 1–15. https://doi.org/10.1371/JOURNAL.
PMED.1003583.

Pereira, P. R., Carrageta, D. F., Oliveira, P. F., Rodrigues, A., Alves, 
M. G., & Monteiro, M. P. (2022). Metabolomics as a tool for the 
early diagnosis and prognosis of diabetic kidney disease. Medici-
nal Research Reviews, 42(4), 1518–1544. https://doi.org/10.1002/
med.21883.

Perez-Hurtado, P., Palmer, E., Owen, T., Aldcroft, C., Allen, M. H., 
Jones, J., Creaser, C. S., Lindley, M. R., Turner, M. A., & Reyn-
olds, J. C. (2017). Direct analysis of volatile organic compounds 
in foods by headspace extraction atmospheric pressure chemi-
cal ionisation mass spectrometry. Rapid Communications in 
Mass Spectrometry, 31(22), 1947–1956. https://doi.org/10.1002/
rcm.7975.

Prince, J. T., & Marcotte, E. M. (2006). Chromatographic alignment 
of ESI-LC-MS proteomics data sets by ordered bijective interpo-
lated warping. Analytical Chemistry, 78(17), 6140–6152. https://
doi.org/10.1021/ac0605344.

Roquencourt, C., Grassin-Delyle, S., & Thevenot, E. A. (2022). 
PtairMS: Real-time processing and analysis of PTR-TOF-MS 
data for biomarker discovery in exhaled breath. Bioinformat-
ics, 38(7), 1930–1937. https://doi.org/10.1093/bioinformatics/
btac031.

Rosenthal, K., Ruszkiewicz, D. M., Allen, H., Lindley, M. R., Turner, 
M. A., & Hunsicker, E. (2019). Breath selection methods for 
compact mass spectrometry breath analysis. Journal of Breath 
Research, 13(4), 046013. https://doi.org/10.1088/1752-7163/
ab34d4.

Rosenthal, K., Hunsicker, E., Ratcliffe, E., Lindley, M. R., Leonard, 
J., Hitchens, J. R., & Turner, M. A. (2021). Volatile atmospheric 
pressure chemical ionisation mass spectrometry headspace analy-
sis of E. Coli and S. Aureus. Analytical Methods, 13(45), 5441–
5449. https://doi.org/10.1039/d1ay01555a.

Rowan, D. D. (2011). Volatile metabolites. Metabolites, 1(1), 41–63. 
https://doi.org/10.3390/metabo1010041.

Shestivska, V., Nemec, A., Dřevínek, P., Sovová, K., Dryahina, K., 
& Spaněl, P. (2011). Quantification of methyl thiocyanate in the 
headspace of Pseudomonas aeruginosa cultures and in the breath 
of cystic fibrosis patients by selected ion flow tube mass spec-
trometry. Rapid Communications in Mass Spectrometry: RCM, 
25(17), 2459–2467. https://doi.org/10.1002/rcm.5146.

Španěl, P., & Smith, D. (1996). Selected ion flow tube: A technique 
for quantitative trace gas analysis of air and breath. Medical and 
Biological Engineering and Computing, 34(6), 409–419. https://
doi.org/10.1007/BF02523843.

fingerprinting data. Metabolomics, 18(8), 1–9. https://doi.
org/10.1007/s11306-022-01923-6.

Franke, C., & Beauchamp, J. (2017). Real-time detection of Volatiles 
Released during Meat Spoilage: A case study of modified atmo-
sphere-packaged chicken breast fillets inoculated with br. Ther-
mosphacta. Food Analytical Methods, 10(2), 310–319. https://
doi.org/10.1007/s12161-016-0585-4.

Goodacre, R., Broadhurst, D., Smilde, A. K., Kristal, B. S., Baker, J. 
D., Beger, R., Bessant, C., Connor, S., Capuani, G., Craig, A., 
Ebbels, T., Kell, D. B., Manetti, C., Newton, J., Paternostro, G., 
Somorjai, R., Sjöström, M., Trygg, J., & Wulfert, F. (2007). Pro-
posed minimum reporting standards for data analysis in metabo-
lomics. Metabolomics, 3(3), 231–241. https://doi.org/10.1007/
s11306-007-0081-3.

Hicks, L. C., Huang, J., Kumar, S., Powles, S. T., Orchard, T. R., 
Hanna, G. B., & Williams, H. R. (2015). Analysis of exhaled 
Breath Volatile Organic compounds in Inflammatory Bowel Dis-
ease: A pilot study. Journal of Crohn’s & Colitis, 9(9), 731–737. 
https://doi.org/10.1093/ecco-jcc/jjv102.

Holzinger, R. (2015). PTRwid: A new widget tool for processing 
PTR-TOF-MS data. Atmospheric Measurement Techniques, 8(9), 
3903–3922. https://doi.org/10.5194/amt-8-3903-2015.

Ionicon (2023). PTR-MS Viewer. https://www.ionicon.com/
accessories/details/ptr-ms-viewer.

Jordan, A., Haidacher, S., Hanel, G., Hartungen, E., Herbig, J., Märk, 
L., Schottkowsky, R., Seehauser, H., Sulzer, P., & Märk, T. D. 
(2009). An online ultra-high sensitivity Proton-transfer-reaction 
mass-spectrometer combined with switchable reagent ion capa-
bility (PTR + SRI - MS). International Journal of Mass Spectrom-
etry, 286(1), 32–38. https://doi.org/10.1016/j.ijms.2009.06.006.

Kirwan, J. A., Weber, R. J. M. M., Broadhurst, D. I., & Viant, M. R. 
(2014). Direct infusion mass spectrometry metabolomics dataset: 
A benchmark for data processing and quality control. Scientific 
Data, 1, 1–13. https://doi.org/10.1038/sdata.2014.12.

Lechner, M., Fille, M., Hausdorfer, J., Dierich, M. P., & Rieder, J. 
(2005). Diagnosis of bacteria in vitro by mass spectrometric fin-
gerprinting: A pilot study. Current Microbiology, 51(4), 267–269. 
https://doi.org/10.1007/s00284-005-0018-x.

Li, Z., Shu, J., Yang, B. B., Xu, C. E. E., Zou, Y., & Sun, W. (2016). 
Evaluating the relationship between cell viability and volatile 
organic compound production following DMSO treatment of cul-
tured human cells. Die Pharmazie, 71(12), 727–732. https://doi.
org/10.1691/ph.2016.6075.

Li, C., Chu, S., Tan, S., Yin, X., Jiang, Y., Dai, X., Gong, X., Fang, 
X., & Tian, D. (2021). Towards higher sensitivity of Mass 
Spectrometry: A perspective from the Mass Analyzers. Fron-
tiers in Chemistry, 9(December), 1–21. https://doi.org/10.3389/
fchem.2021.813359.

Liigand, P., Kaupmees, K., Haav, K., Liigand, J., Leito, I., Girod, M., 
Antoine, R., & Kruve, A. (2017). Think negative: Finding the 
best Electrospray Ionization/MS Mode for your analyte. Analyti-
cal Chemistry, 89(11), 5665–5668. https://doi.org/10.1021/acs.
analchem.7b00096.

Mak, T. D., Laiakis, E. C., Goudarzi, M., & Fornace, A. J. (2014). 
MetaboLyzer: A novel statistical workflow for analyzing postpro-
cessed LC-MS metabolomics data. Analytical Chemistry, 86(1), 
506–513. https://doi.org/10.1021/ac402477z.

Martinez-Lozano Sinues, P., Landoni, E., Miceli, R., Dibari, V. F. 
V. F. V. F., Dugo, M., Agresti, R., Tagliabue, E., Cristoni, S., 
& Orlandi, R. (2015). Secondary electrospray ionization-mass 
spectrometry and a novel statistical bioinformatic approach iden-
tifies a cancer-related profile in exhaled breath of breast cancer 
patients: A pilot study. Journal of Breath Research, 9(3). https://
doi.org/10.1088/1752-7155/9/3/031001.

Neyrinck, A. M. A. M., Rodriguez, J., Zhang, Z., Nazare, J. A., J.-A. 
J., Bindels, L. B. L. B., Cani, P. D. P. D., Maquet, V., Laville, M., 

1 3

Page 13 of 14    42 

https://doi.org/10.1016/j.ebiom.2022.104051
https://doi.org/10.1016/j.ebiom.2022.104051
https://doi.org/10.1088/0967-3334/29/3/003
https://doi.org/10.1088/0967-3334/29/3/003
https://doi.org/10.1146/annurev-anchem-060908-155229
https://doi.org/10.1146/annurev-anchem-060908-155229
https://doi.org/10.1371/JOURNAL.PMED.1003583
https://doi.org/10.1371/JOURNAL.PMED.1003583
https://doi.org/10.1002/med.21883
https://doi.org/10.1002/med.21883
https://doi.org/10.1002/rcm.7975
https://doi.org/10.1002/rcm.7975
https://doi.org/10.1021/ac0605344
https://doi.org/10.1021/ac0605344
https://doi.org/10.1093/bioinformatics/btac031
https://doi.org/10.1093/bioinformatics/btac031
https://doi.org/10.1088/1752-7163/ab34d4
https://doi.org/10.1088/1752-7163/ab34d4
https://doi.org/10.1039/d1ay01555a
https://doi.org/10.3390/metabo1010041
https://doi.org/10.1002/rcm.5146
https://doi.org/10.1007/BF02523843
https://doi.org/10.1007/BF02523843
https://doi.org/10.1007/s11306-022-01923-6
https://doi.org/10.1007/s11306-022-01923-6
https://doi.org/10.1007/s12161-016-0585-4
https://doi.org/10.1007/s12161-016-0585-4
https://doi.org/10.1007/s11306-007-0081-3
https://doi.org/10.1007/s11306-007-0081-3
https://doi.org/10.1093/ecco-jcc/jjv102
https://doi.org/10.5194/amt-8-3903-2015
https://www.ionicon.com/accessories/details/ptr-ms-viewer
https://www.ionicon.com/accessories/details/ptr-ms-viewer
https://doi.org/10.1016/j.ijms.2009.06.006
https://doi.org/10.1038/sdata.2014.12
https://doi.org/10.1007/s00284-005-0018-x
https://doi.org/10.1691/ph.2016.6075
https://doi.org/10.1691/ph.2016.6075
https://doi.org/10.3389/fchem.2021.813359
https://doi.org/10.3389/fchem.2021.813359
https://doi.org/10.1021/acs.analchem.7b00096
https://doi.org/10.1021/acs.analchem.7b00096
https://doi.org/10.1021/ac402477z
https://doi.org/10.1088/1752-7155/9/3/031001
https://doi.org/10.1088/1752-7155/9/3/031001


K. Rosenthal et al.

W. (2013). Continuous real time breath gas monitoring in the 
clinical environment by proton-transfer-reaction-time-of-flight-
mass spectrometry. Analytical Chemistry, 85(21), 10321–10329. 
https://doi.org/10.1021/ac402298v.

Weber, R., Haas, N., Baghdasaryan, A., Inci, T. B. D., Micic, S., Per-
kins, N., Spinas, R., Zenobi, R., & Moeller, A. (2020). Volatile 
organic compound breath signatures of children with cystic fibro-
sis by real-time SESI-HRMS. ERJ Open Research, 6(1). https://
doi.org/10.1183/23120541.00171-2019.

Wehinger, A., Schmid, A., Mechtcheriakov, S., Ledochowski, M., 
Grabmer, C., Gastl, G. A., & Amann, A. (2007). Lung cancer 
detection by proton transfer reaction mass-spectrometric analysis 
of human breath gas. International Journal of Mass Spectrom-
etry, 265(1), 49–59. https://doi.org/10.1016/j.ijms.2007.05.012.

Xiao, Q., Mu, X., Liu, J., Li, B., Liu, H., Zhang, B., & Xiao, P. (2022). 
Plant metabolomics: A new strategy and tool for quality evaluation 
of Chinese medicinal materials. Chinese Medicine (United King-
dom), 17(1), 1–19. https://doi.org/10.1186/s13020-022-00601-y.

Zielinski, A. T., Kourtchev, I., Bortolini, C., Fuller, S. J., Giorio, 
C., Popoola, O. A. M., Bogialli, S., Tapparo, A., Jones, R. L., 
& Kalberer, M. (2018). A new processing scheme for ultra-
high resolution direct infusion mass spectrometry data. Atmo-
spheric Environment, 178(August 2017), 129–139. https://doi.
org/10.1016/j.atmosenv.2018.01.034.

Publisher’s Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations. 

Spicer, R., Salek, R. M., Moreno, P., Cañueto, D., & Steinbeck, C. 
(2017). Navigating freely-available software tools for metab-
olomics analysis. Metabolomics, 13(9), 1–16. https://doi.
org/10.1007/s11306-017-1242-7.

Sukul, P., Trefz, P., Schubert, J. K., & Miekisch, W. (2014). Imme-
diate effects of breath holding maneuvers onto composition of 
exhaled breath. Journal of Breath Research, 8(3). https://doi.
org/10.1088/1752-7155/8/3/037102.

Sukul, P., Trefz, P., Kamysek, S., Schubert, J. K., & Miekisch, W. 
(2015). Instant effects of changing body positions on composi-
tions of exhaled breath. Journal of Breath Research, 9(4). https://
doi.org/10.1088/1752-7155/9/4/047105.

Sumner, L. W., Amberg, A., Barrett, D., Beale, M. H., Beger, R., 
Daykin, C. A., Fan, T. W. M., Fiehn, O., Goodacre, R., Griffin, 
J. L., Hankemeier, T., Hardy, N., Harnly, J., Higashi, R., Kopka, 
J., Lane, A. N., Lindon, J. C., Marriott, P., Nicholls, A. W., & 
Viant, M. R. (2007). Proposed minimum reporting standards 
for chemical analysis. Metabolomics, 3(3), 211–221. https://doi.
org/10.1007/s11306-007-0082-2.

Tait, E., Perry, J. D., Stanforth, S. P., & Dean, J. R. (2014). Identifica-
tion of volatile organic compounds produced by bacteria using 
HS-SPME-GC-MS. Journal of Chromatographic Science, 52(4), 
363–373. https://doi.org/10.1093/chromsci/bmt042.

Tani, A., Hayward, S., Hansel, A., & Hewitt, C. N. (2004). Effect of 
water vapour pressure on monoterpene measurements using pro-
ton transfer reaction-mass spectrometry (PTR-MS). International 
Journal of Mass Spectrometry, 239(2–3), 161–169. https://doi.
org/10.1016/j.ijms.2004.07.020.

Trefz, P., Schmidt, M., Oertel, P., Obermeier, J., Brock, B., Kamysek, 
S., Dunkl, J., Zimmermann, R., Schubert, J. K., & Miekisch, 

1 3

   42  Page 14 of 14

https://doi.org/10.1021/ac402298v
https://doi.org/10.1183/23120541.00171-2019
https://doi.org/10.1183/23120541.00171-2019
https://doi.org/10.1016/j.ijms.2007.05.012
https://doi.org/10.1186/s13020-022-00601-y
https://doi.org/10.1016/j.atmosenv.2018.01.034
https://doi.org/10.1016/j.atmosenv.2018.01.034
https://doi.org/10.1007/s11306-017-1242-7
https://doi.org/10.1007/s11306-017-1242-7
https://doi.org/10.1088/1752-7155/8/3/037102
https://doi.org/10.1088/1752-7155/8/3/037102
https://doi.org/10.1088/1752-7155/9/4/047105
https://doi.org/10.1088/1752-7155/9/4/047105
https://doi.org/10.1007/s11306-007-0082-2
https://doi.org/10.1007/s11306-007-0082-2
https://doi.org/10.1093/chromsci/bmt042
https://doi.org/10.1016/j.ijms.2004.07.020
https://doi.org/10.1016/j.ijms.2004.07.020

	Current data processing methods and reporting standards for untargeted analysis of volatile organic compounds using direct mass spectrometry: a systematic review
	Abstract
	1 Introduction
	2 Objectives
	3 Methods
	3.1 Reporting protocol
	3.2 Inclusion criteria
	3.3 Exclusion criteria
	3.4 Search methods
	3.5 Data extraction

	4 Results and discussion
	4.1 Study selection
	4.2 Sample types
	4.3 Mass spectrometry methods
	4.4 Data processing tools
	4.5 Data pre-processing and pre-treatment
	4.6 Data analysis methods
	4.7 Strengths and limitations of this study
	4.8 Recommendations and implications for future research

	5 Conclusion
	References


