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ABSTRACT: We present a method named NPFimg, which
automatically identiﬁes multivariate chemo-/biomarker features
of analytes in chromatography−mass spectrometry (MS) data by
combining image processing and machine learning. NPFimg
processes a two-dimensional MS map (m/z vs retention time) to
discriminate analytes and identify and visualize the marker features.
Our approach allows us to comprehensively characterize the
signals in MS data without the conventional peak picking process,
which suﬀers from false peak detections. The feasibility of marker
identiﬁcation is successfully demonstrated in case studies of aroma
odor and human breath on gas chromatography−mass spectrometry (GC−MS) even at the parts per billion level. Comparison with the widely used XCMS shows the excellent reliability of NPFimg,
in that it has lower error rates of signal acquisition and marker identiﬁcation. In addition, we show the potential applicability of
NPFimg to the untargeted metabolomics of human breath. While this study shows the limited applications, NPFimg is potentially
applicable to data processing in diverse metabolomics/chemometrics using GC−MS and liquid chromatography−MS. NPFimg is
available as open source on GitHub (http://github.com/poomcj/NPFimg) under the MIT license.

■

INTRODUCTION
Untargeted metabolomics/chemometrics have gained much
attention in diverse ﬁelds including pathology, microbiology,
pharmacology, food industry, environmental evaluation, and
healthcare.1−11 In these studies, mass spectrometry (MS)
coupled with gas chromatography (GC−MS) or liquid
chromatography (LC−MS) is widely used, and the features
of chemo-/biomarker molecules in analytes are identiﬁed from
their mass chromatogram data. The goal of untargeted
metabolomics/chemometrics is to comprehensively characterize the chemo-/biomarker molecules in analytes. Analytes in
biology and healthcare ﬁelds usually consist of a huge number
of chemical components with various concentrations. Also, the
reliable chemo-/biomarker characterization needs the examination of many samples. In this respect, a reliable sample
characterization technique and a data analysis method for
automated marker identiﬁcation are strongly desired. To date,
most eﬀorts have been devoted to suﬃciently extract the
marker features in MS data. Recent development in MS
technology allows for signal detection of important molecules
in analytes at an ultratrace level.12−16 This development of
analytical hardware substantially expands the applicable ﬁeld of
research in metabolomics/chemometrics. On the other hand,
the data processing in raw MS data remains a challenging issue.
In general, there are two major tasks in the raw GC− or LC−
© XXXX American Chemical Society

MS data processing including peak picking and subsequent
pairwise peak list comparison.17−25 Various software resources
including XCMS,17,18 MZmine,19,20 TracMass,21 KPIC,22 and
others23−25 have been developed to perform these tasks.
However, they often suﬀer from insuﬃcient peak picking
performance. The peak picking algorithm in the abovementioned software resources is based on a binary (“peak”
or “noise)” output method, in which the chromatographic
peaks with a satisfactory shape (e.g., Gaussian), signal-to-noise
ratio, and peak width are extracted by a thresholding approach.
Such a thresholding approach usually causes many false
positive/false negative peak detections. For example, less
restricted threshold setting increases the number of false
positive peaks, while the larger number of features can be
extracted. Contrary, highly restricted threshold setting yields
false negative peaks, while the ﬁdelity of extracted peaks can be
improved. These false detections in the peak picking process
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Table 1. Summary of Molecule Additives to Aroma Odor Samples and Human Breath Samples, Which Serve as Chemo-/
Biomarkers in This Study
samples

aroma#1

aroma#2

aroma#3

breath

molecule additives

1-butanol
2-pentanone
1-hexanol

heptanal
3-octanone
decane
3-decanone

1-pentyn-3-ol
1-hexanol
heptanal
3-octanone
3-decanone

heptanal
nonanal
decane
undecane
benzaldehyde

with the vaporized aroma odors. The vial bottle has two
separated ports; one port was connected to an adsorbent-ﬁlled
tube (Packed Liner with Tenax GR, mesh 80/100 #2414−
1021, GL Science Inc.), and the other port was connected to a
nitrogen gas cylinder (99.997% pure). The other side of the
adsorbent-ﬁlled tube was connected to an automatic air
sampling pump (GSP-400FT, GASTEC Corp.). Then, 100 mL
of the aroma odor was transferred from the headspace of the
vial bottle to the adsorbent-ﬁlled tube at the pumping/nitrogen
ﬂow rates of 50 mL/min. For the human breath samples, we
collected the exhaled breath of 10 L from a healthy human
using a gas sampling bag (Smart Bag PA CEK-10, GL Science
Inc.). Then, the sampling bag was connected to an adsorbentﬁlled tube, and 500 mL of the collected breath was transferred
to the adsorbent-ﬁlled tube at the pumping rate of 50 mL/min.
For preparing the samples containing chemo-/biomarker
molecules, we intentionally introduced the molecule additives
including 1-butanol, 2-pentanone, and 1-hexanol for aroma#1,
heptanal, 3-octanone, decane, and 3-decanone for aroma#2, 1pentyn-3-ol, 1-hexanol, heptanal, 3-octanone, and 3-decanone
for aroma#3, and heptanal, nonanal, decane, undecane, and
benzaldehyde for human breath (as summarized in Table 1). A
total of 2 μL of liquid concentrate for each molecule additive
was taken in a vial bottle, and the vaporized species was
collected together with aroma odor and human breath by using
an adsorbent-ﬁlled tube. Twenty diﬀerent samples were
prepared for each condition (aroma#1, aroma#2, aroma#3,
human breath, and their molecule additive-containing
samples). For the human breath samples, we collected the
exhaled breath at once from the same donor and divided it into
several portions to make sure the reliability of biomarkers
without the interference of unexpected biological variations.
The sample tubes were sealed and stored in a refrigerator at 4
°C until they were used for GC−MS measurements.

leads to wrong scientiﬁc discoveries and interferes with the
interpretation of the correct ones.
To solve the problem in the peak picking process, various
machine learning-assisted techniques have recently been
developed, which are based on support vector machine,26
Bayesian optimization,27,28 deep learning,29,30 and others.31
The former one automates the optimization of threshold
parameter settings in the conventional software, for example,
XCMS, and the latter two improve the peak/noise discrimination performance via recognizing the peak shape in
computer vision. Such machine learning-assisted techniques
successfully improved the peak picking performance compared
with conventional software resources. However, these methods
are complex and time-consuming because peak shape needs to
be trained in advance by creating a original database. In
addition, a peak/noise discrimination for trace-level molecules
is a challenging issue because the shape recognition of a peak
of low signal-to-noise ratio is diﬃcult. Especially, the
automated characterization of trace-level molecules in complex
analytes (e.g., human breath), in which both high concentration and low concentration molecules coexist, is diﬃcult.
Thus, an automated data processing tool, capable of characterization of numerous molecules including trace-level ones, is
strongly desired in untargeted metabolomics/chemometrics.
In this work, we present a method named NPFimg, which
automatically identiﬁes multivariate chemo-/biomarker features of analytes in chromatography−MS data by combining
image processing and machine learning. NPFimg processes a
two-dimensional (2D) MS map to comprehensively characterize MS data, discriminate analytes, and identify and visualize
marker features without the conventional peak picking process.
The feasibility of chemo-/biomarker characterization is
successfully demonstrated in case studies of aroma odors and
human breath at various molecular concentration ranges
[down to parts per billion (ppb) level]. The reliability of
NPFimg is discussed by comparing it with the widely used
XCMS. Furthermore, the applicability of NPFimg to untargeted
metabolomics is examined via the human breath samples.

■

■

GC−MS MEASUREMENT

Mass chromatogram data of the aroma odor samples and the
human breath samples were obtained by GC−MS (GCMSQP2020, Shimadzu) using an inlet temperature control unit
(OPTIC4). For the aroma odor samples, a SLB-IL60 capillary
column (30 m length, 0.25 mm inner diameter, 0.2 μm
thickness, Sigma-Aldrich) was used, and the GC oven
temperature proﬁle was set as follows: (i) kept constant at
40 °C for 5 min, (ii) increasing to 200 °C at a rate of 10 °C/
min, and (iii) kept at 200 °C for 5 min. For the human breath
samples, an InertCap FFAP capillary column (60 m length,
0.25 mm inner diameter, 0.5 μm thickness, GL Science) was
used, and the GC oven temperature proﬁle was set as follows:
(i) kept constant at 40 °C for 3 min, (ii) increasing to 200 °C
at a rate of 5 °C/min, and (iii) kept at 200 °C for 5 min. The
inlet temperature was increased to 300 °C with a split ﬂow of
He at a rate of 5 mL/min for the aroma odor samples and 2
mL/min for the human breath samples. MS measurements

EXPERIMENTAL SECTION

Sample Preparation. We evaluated the performance of
NPFimg to identify the chemo-/biomarker features in analytes
by using aroma odor samples and human breath samples. In
this study, the samples containing chemo-/biomarker molecules were prepared by adding the marker molecules to the
original aroma odor/breath samples. For the aroma odor
samples, we employed three types of commercial aroma oil
including bergamot organic essential oil (aroma#1, Neal’s Yard
Remedies Inc.), lavender essential oil (aroma#2, Neal’s Yard
Remedies Inc.), and blended essential oil (aroma#3, Ryohin
Keikaku Co., Ltd.). To collect the aroma odors, 50 μL of the
aroma oil was ﬁrst taken in a 20 mL vial bottle and it was left
for 10 min at room temperature for fulﬁlling the vial bottle
B
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Figure 1. Graphical workﬂow of NPFimg for visualizing chemo-/biomarker signals from raw gas chromatography−mass spectrometry (GC−MS)
data. Starting from (a) series of raw MS data, the workﬂow follows (b) creation of a primary two-dimensional (2D) MS map (m/z vs retention
time) with power-law scale intensity, (c) creation of a regulated 2D MS map by noise reduction and position alignment, (d) image segmentation
and machine learning in each segment, (e) feature score calculation, and (f) creation of a 2D feature score map.

were conducted by electron ionization mode and positive ion
analysis. The ion source temperature and the interface
temperature at the GC-to-MS junction were 200 °C and 230
°C, respectively. The vacuum pressure was 9.9 × 10−5 Pa. An
MS analyzer of single quadrupole and the full scan data
acquisition mode were used. Data were analyzed by GCMS
Solution ver. 4.45 SP1. The concentrations of chemo-/
biomarker molecules were estimated by calibration curves
created using tracer molecules.
Data Analysis. Raw MS data were treated and analyzed by
the following protocols in NPFimg. The workﬂow of NPFimg is
shown in Figures 1 and S1 and S2. The source codes were
developed in Python ver.3.7.7 and are provided on GitHub
(http://github.com/poomcj/NPFimg) under the MIT license.
First, all MS data, that is, the series of retention time-signal
abundance data (.CDF: computable document format)
(Figure 1a) were merged and converted into a 2D MS map
(.PNG: portable network graphic) as the functions of m/z (xaxis) and retention time (y-axis). The range of m/z and
retention time used for analysis were 35−300 (m/z) and 3−26
min (retention time) for aroma odor and 35−300 (m/z) and
3−48 min (retention time) for human breath, respectively.
The resolutions of m/z and retention time in raw GC−MS
data were 1 and 0.02 s, respectively. The image size of the 2D
MS map was 1350 × 3750 pixels, where they correspond to the
resolutions of ca. 0.20 in m/z and ca. 0.37 s in retention time
for aroma odors and ca. 0.20 in m/z and ca. 0.72 s in retention
time for human breath, respectively.
For the image processing, the intensity of the 2D MS map
(i.e., signal abundance in raw MS data) was scaled by a power
law (γ = 0.5), represented by 256 colors, and normalized via
the highest peak using Matplotlib ver.3.2.2 (primary 2D MS
map, Figure 1b). A Gaussian ﬁlter (SciPy ver1.5.2) based on
the dilation method was applied for the noise reduction of the

2D MS map. The position alignment of the 2D MS maps was
then performed by identifying the reference peak of external
standard−cyclohexene, 1-methyl-4-(1-methyletheny)-(R)using the blob detection technique32 and moving window
technique,33 followed by adjusting the reference peak position
to be the same in all 2D MS maps (regulated 2D MS map,
Figure 1c). After the position alignment, the eﬀective image
area of the 2D MS map was 1300 × 3700 pixels. For machine
learning, the 2D MS map was divided into the small segments
consisting of 1 × 1 or 2 × 2 pixels, and the average intensity of
each segment was extracted. Intensity data for the segments
with the same address was collected in all 2D MS maps and
used as a data set (Figure 1d).
In the machine learning process, the data set was divided
into training data, validation data, and testing data with the
ratio of 50, 25, and 25%, respectively. To enrich the training
data set while preventing overﬁtting, we employed the data
augmentation technique. The intensity of the 2D MS maps was
randomly modulated in the range of 1.0−10.0% with diﬀerent
interpolation methods including bilinear, hanning, hermite,
gaussian, and sinc. Consequently, the number of training data
increased by ﬁve times the primary ones. The discrimination of
the original aroma odor/breath samples and the molecule
additive-containing samples and the calculation of the feature
score for each data set were performed by the logistic
regression model (Figure 1e).34 Machine learning was
performed to optimize the following equation: log p/(1 − p)
= β0+ x1β1 + x2β2 + x3β3 + ... + xnβn, where p is the probability
of which the data sets can be classiﬁed, xn is the intensity of
each segment in the 2D MS map, βn (n ≥ 1) is the model’s
learned weight (i.e., feature score), and β0 is the bias. The
validation data were used to tune the hyperparameters. After
obtaining the feature score for all segments in a 2D MS map, a
2D feature score map was created by reconstructing the 2D
C
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Figure 2. (a,d,g) Regulated 2D MS maps, (b,e,h) 2D feature score maps, and (c,f,i) receiver operating characteristic (ROC) curves of classiﬁers for
(a−c) bergamot organic essential oil―aroma#1, (d−f) lavender essential oil―aroma#2, and (g−i) blend essential oil―aroma#3 in
comparison with those with chemomarker molecule additives. For the regulated 2D MS maps, the one of original aroma odor is shown in the left
and the other with molecule additives is shown in the right. For the visibility, the 2D maps are shown in the restricted range (m/z: 30−180,
retention time: 3−18 min). The molecule additives in each sample are summarized in Table 1.

MS maps are shown in the restricted range (m/z: 30−180,
retention time: 3−18 min). The full range 2D MS maps are
shown in Figure S3. The clear diﬀerence can be seen in the two
maps. Figure 2b shows the 2D feature score map of molecular
fragment signals of chemomarkers for discriminating aroma#1
and aroma#1 with molecule additives. For machine learning,
the 2D MS map was divided into the segments with the 2 × 2
pixels size because the image quality of the resultant 2D feature
score map was comparable to the one with the higher
resolution analysis using the segment size of 1 × 1 pixel.
Contrary to the 2D MS maps, the 2D feature score map
exhibits only the limited number of molecular fragment signals.
We conﬁrmed that the addresses of the observed molecular
fragment signals on the 2D feature score maps (m/z, retention
time) are in good agreement with those of the molecular
additives on the 2D MS maps (Figure S4). Figure 2c shows the
receiver operating characteristic (ROC) curve of the classiﬁer.
The values of area under the curve (AUC), sensitivity and
speciﬁcity of the classiﬁer are 1.00, 1.00, and 1.00, showing the
suﬃcient reliability of the classiﬁer. Figure 2d−i shows (d,g)
the 2D MS maps, (e,h) the 2D feature score maps, and (f,i) the
ROC curves for (d,e,f) aroma#2 and aroma#2 with four
molecule additives and (g,h,i) aroma#3 and aroma#3 with ﬁve
molecule additives, respectively. Compared to aroma#1, the
larger number of molecular fragment signals is seen in the 2D
MS maps of aroma#2, aroma#3, and the ones with molecule
additives. We found that the reliable 2D feature score maps
(the detailed validation is shown in Figures S5 and S6) and
ROC curves were also obtained even when the analytes
become more complex (AUC, sensitivity, and speciﬁcity were
1.00, 1.00, and 1.00 for aroma#2 and 0.99, 0.97, and 0.98 for
aroma#3). With respect to the time cost, the feature

image with the calculated feature scores at each address
(feature score f: 0 ≤ f ≤ 1) (Figure 1f). The signals in a 2D
feature map were then extracted with their m/z and retention
time by blob detection and compared with the MS spectra
database (NIST14).
In order to conﬁrm the reliability of data analysis in NPFimg,
the data analysis was also performed by XCMS and the results
were compared. For data analysis by XCMS, peak detection
was performed by the CentWave method with the optimized
parameter settings.35 The details of parameter settings are
given in Table S1. To evaluate the feature detection
performance in XCMS, we counted the number of features
by varying the alpha level and optimizing sensitivity and
precision. The initially examined alpha level was determined by
dividing the highest p-value obtained in t-test of the detected
peaks with the number of examined samples.

■

RESULTS AND DISCUSSION
The performance of NPFimg in terms of the identiﬁcation of
multivariate chemomarker features and its time cost is ﬁrst
validated in a case study of aroma odors, which consist of at
most 10 species of volatile molecules. Here, we employed three
aroma odor samples including bergamot organic essential
oil―aroma#1, lavender essential oil―aroma#2, and blend
essential oil―aroma#3. We intentionally introduced the
molecule additives listed in Table 1 into the original aroma
odor samples at the tens parts per million (ppm) order of
concentration as the chemomarkers and examined the
identiﬁcation of these molecule additives by comparing them
with the original aroma odor samples. Figure 2a shows the 2D
MS maps for aroma#1 (i.e., left map) and aroma#1 with three
molecule additives (i.e., right map). For the visibility, the 2D
D
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Figure 3. (a) Regulated 2D MS maps, (b) 2D feature score map, and (c) ROC curve of classiﬁers for breath vs breath + molecule additives,
respectively. For the regulated 2D MS maps, the one of original breath is shown in the left and the other with molecule additives is shown in the
right. (d) Comparisons in concentrations of biomarker molecules in breath and breath + molecule additives. (e) Relationship between
concentration ratio [(breath + molecule additives)/breath] and feature score for the biomarker molecules. For the visibility, the 2D maps are
shown in the restricted range (m/z: 30−180, retention time: 3−40 min). The molecule additives are summarized in Table 1.

identiﬁcation of chemomarkers in NPFimg was completed
within 5 min. The time cost in NPFimg was almost unchanged
even when the analytes became complex. Thus, these results
clearly validated the performance of NPFimg for the immediate
identiﬁcation of multivariate chemomarker features in analytes.
To evaluate the applicability of NPFimg to more complex
analytes, next we examined the ultratrace level biomarker
analysis in human breath, which contains over hundreds or
thousands of chemical compounds with various concentrations
from ppb to ppm orders.36 We intentionally introduced ﬁve
molecular additives, including heptanal, nonanal, decane,
undecane, and benzaldehyde, into the original exhaled sample
at the ppb level as biomarkers. The selected molecules are wellknown lung cancer biomarkers in exhaled breath.37−40 In order
to eliminate the biological variation that inﬂuences the
reliability of the selected biomarkers, the breath sample was
collected from the same donor at once in this study. Figure 3a
shows the 2D MS maps for the human breath sample (i.e., left
map) and the human breath sample with ﬁve molecule
additives (i.e., right map). For the visibility, the 2D maps are
shown in the restricted range (m/z: 30−180, retention time:
3−40 min). The full range 2D MS maps are shown in Figure
S7. The identiﬁcation of the diﬀerences in the two maps is
rather diﬃcult due to their complexities. On the other hand,
the 2D feature score map exhibited the limited number of
molecular fragment signals, as shown in Figure 3b. We
conﬁrmed that the addresses of the molecular fragment signals
on the 2D feature score maps are in good agreement with
those of the molecular additives on the 2D MS maps (Figure
S8). Figure 3c shows the ROC curve of the classiﬁer. The
values of AUC, sensitivity, and speciﬁcity of the classiﬁer are
0.98, 0.98, and 0.97, respectively, showing the suﬃcient
reliability of the classiﬁer. The quantitative analysis showed
that the concentrations of biomarkers in the analytes were in a
few ppb to several tens of ppb level, as shown in Figure 3d.
Also, we found that the feature score for each biomarker is
critically governed by the concentration ratio in analytes rather
than the absolute concentration diﬀerence (Figure 3e). This
principle allows us to reliably extract the feature of low

concentration molecules under the coexistence of high
concentration molecules. Thus, these results highlight the
applicability of NPFimg to the ultratrace level biomarker
analysis in complex analytes, in which both high concentration
and low concentration molecules coexist.
We discuss the reliability of MS data processing in NPFimg
by comparing it with a widely used analysis software―XCMS. In most of the conventional MS data processing
algorithms for characterizing the chemo-/biomarkers, there are
two major processes including the peak picking process in the
raw MS spectra and the subsequent pairwise peak list
comparison process.17−25 We compared NPFimg and XCMS
in terms of the performances of signal acquisition in raw MS
data and feature identiﬁcation (Figure S9). The signal
acquisition for NPFimg was conducted by the blob detection
technique using the regulated MS maps. Totally, 88, 160, and
131 of the molecular fragment peaks were extracted from
aroma#1 + three molecule additives, aroma#2 + four molecule
additives, and aroma#3 + ﬁve molecule additives, respectively,
by NPFimg. On the contrary, only 79, 133, and 99 peaks were
detected by XCMS. These results are consistent with the
previous report, which stated that XCMS produced many false
negative peaks (i.e., missing peaks) during its peak picking
process.20 The false negative peaks in XCMS would strongly
inﬂuence the following feature identiﬁcation process. For the
feature identiﬁcation, contrary to our expectation, a similar
number of or more features were identiﬁed by XCMS, while it
produced false negative peaks during the peak picking process.
Sensitivity and precision for feature identiﬁcation are on
average 0.90 and 0.99 in NPFimg and 0.80 and 0.41 in XCMS,
respectively, showing the higher ratios of both false positive
and false negative features in XCMS. The detailed analysis
revealed that the observed false positive and false negative
features are caused by the missing peaks during the peak
picking process and the batch-to-batch variation of signal
intensity in analytes (i.e., batch eﬀect),41,42 respectively. In
order to conﬁrm that these problems are addressed in NPFimg,
we evaluated the performance of chemomarker feature
identiﬁcation by varying the functions of NPFimg (Figures
E
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S9 and S10). We found that the number of false negative
features increased when using the 2D MS map with a linearscale plot, that is, only the limited number of signals can be
seen in the map. On the other hand, the number of false
positive features increased when removing the intensity
normalization process, that is, in case that the signal intensity
varies in each batch. These results validated that the problems
of missing peaks and the batch eﬀect are successfully addressed
by the power-law scale intensity plot and intensity normalization in NPFimg. Nevertheless, the batch eﬀects in
untargeted metabolomics/chemometrics need to be carefully
corrected by involving other techniques43 because the intensity
normalization used in this study is based on an internal
standard, which can be applicable only to quality-controlled
biological/chemical replicates. We also found that the false
positive features are also produced when the random forest
algorithm was used instead of the logistic regression algorithm
for machine learning. In this case, false identiﬁcation of noise
as a chemomarker occurred due to its feature identiﬁcation
principle (Figure S11). Thus, the abovementioned results
highlight that the functions employed in image processing and
the logistic regression algorithm employed in machine learning
make NPFimg reliable compared with the conventional peak
picking-based data processing approach.
Finally, we demonstrate the applicability of NPFimg to
untargeted metabolomics for analyzing the concentration
variations of metabolites in analytes (Figure S12). After
obtaining the 2D feature score map, the features of biomarkers
are extracted by the blob detection technique. The addresses of
features are fed back to the regulated 2D MS map with the
linear-scale intensity, and the peak area/intensity of the
markers is compared among analytes. The MS spectra of the
biomarkers (decane, undecane, heptanal, nonanal, and
benzaldehyde) showed that the variations of their peak area/
intensity among analytes are successfully observed. Thus, these
results demonstrated the feasibility of NPFimg for untargeted
metabolomics in complex analytes.

Article

analysis of various complex analytes would be expected by
uploading the data ﬁle on Cloud space.
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