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ARTICLE INFO ABSTRACT
Keywords: Infrared spectroscopy appears to be a promising analytical method for the metabolic analysis of breath.
Infrared spectroscopy However, due to the presence of trace amounts in exhaled breath, the absorption strength of the metabolites

Spectral baseline
Volatile organic compound (VOC)
Breath analysis

remains extremely low. In such low detection limits, the nonlinear detection sensitivity of the infrared
detector and electronic noise strongly modify the baseline of the acquired infrared spectra of breath. Fitting
Component analysis the reference molecular spectra with the baseline-modified spectral features of breath metabolites does not
Spectral fingerprint provide accurate identification. Therefore, baseline correction of the acquired infrared spectra of breath is
Biomarker the primary requirement for the success of breath-based infrared diagnosis. A selective spectral region-based,
simple baseline correction method is proposed for the infrared spectroscopy of breath.

1. Introduction collection [4-7]. Additionally, its rapid sample processing capability
makes the method more advantageous than many traditional biofluid

Breath analysis is gradually gaining ground as a health monitor- analysis techniques [8-10]. Above all, sample collection is extremely
ing and diagnostic tool for many diseases, particularly those that re- patient-friendly, making it a promising attractive screening method.
main asymptomatic in the initial stages of the disease [1-3]. The In breath analysis, a composition of volatile metabolites (volatile or-

unique advantage of breath-based diagnosis is its non-invasive sample
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ganic compounds: VOCs) in exhaled breath is routinely analysed. The
concentration of individual metabolites and their temporal evolution
are both important for the development of breath-based screening and
diagnostic methods [11,12].

Various techniques are rapidly developing to become reliable
breath-based diagnostic methods. In this regard, gas chromatography—
mass spectrometry (GC-MS) stands out as a pioneering analytical tool
that already makes significant contributions to breath research [13].
However, due to the underdeveloped sample preparation procedure,
GC-MS has not yet established itself as a diagnostic method for clinical
applications [14]. Additionally, the high cost and bulky size of the
GC-MS instrument, make it disadvantageous for clinical applications.
The electronic nose (e-nose), which is developing to mimic the hu-
man olfactory system by using a set of chemical sensors, appears
to be a much more promising screening method in regard to cost
and device size [15]. However, it has not yet been able to produce
consistent results across different research groups and is unable to
identify the metabolites [16]. Another promising technology, the laser
spectroscopy-based multi-wavelength UV photoacoustic is in its early
developing stage and has shown success in application for respiratory
diseases [17,18]. However, it is not clear yet, how to disentangle
overlapping spectral features and identify corresponding metabolites.
Therefore, a rigorous examination is necessary before accepting it as a
diagnostic tool for clinical application. In these circumstances, infrared
spectroscopy of breath is developing to overcome the above-mentioned
shortfalls.

In fact, infrared spectroscopy holds all promises to be an appropriate
analytical tool for breath research [19-22]. It utilizes the most funda-
mental molecular properties, e.g., molecular vibrations, as a probe to
identify the molecule via structural analysis [23-25]. In experimental
spectra, each vibrational band of a molecule is identified by unique
spectral features. In the realm of clinical spectroscopy, these distinct
spectral features are usually referred to as the ”fingerprints” of the
molecule [26-28]. The precise characteristics, including the position,
intensity, and morphology of the molecular fingerprints are the es-
sential components for the development of infrared spectroscopy for
breath [23,29]. However, two major challenges must be addressed to
develop infrared spectroscopy-based breath diagnosis tools. Firstly, a
large amount of water contained in an exhaled breath sample poses
a significant obstacle to the application of infrared spectroscopy in
breath [30,31]. Thanks to the recent development of water suppression
technique from gaseous biofluids [32], there has been a substantial
(factor of 2500) reduction of water vapour from the exhaled breath
sample at —60 °C. The substantial reduction in water interference re-
veals numerous molecular patterns within breath samples, enabling the
utilization of exhaled breath for disease diagnosis [19]. However, due
to the extremely low concentrations of metabolites in exhaled breath,
significant amplification along the absorption axis (y-axis) is essential
to detect spectral characteristics. This amplification poses a challenge
as it results in a non-flat spectral baseline, complicating the identi-
fication of metabolites when overlaying reference molecular spectra.
Typically, these reference spectra, sourced from spectral databases or
theoretically generated, which usually have smooth baselines [33-35].
Consequently, the least squares fitting method for distorted spectral
features becomes inefficient and may lead to misinterpretations during
metabolic identification. Therefore, a baseline correction is imperative
for accurately interpreting observed spectral characteristics. In this
paper, we propose a straightforward hierarchical baseline correction
technique tailored for infrared spectroscopy of breath samples.

2. Nature of baseline for infrared spectra of breath

The infrared absorption spectra of the water-suppressed exhaled
breath of a healthy adult are presented in Fig. 1 using two different
magnifications on the absorption axes of the spectra. The blue colour
line utilizes minimal magnification, with the corresponding absorption
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strength presented by the blue colour scale on the left side of the
figure. The baseline for this plot appears perfectly flat, coinciding with
the zero line. In three spectral regions (centred at 670, 2350, and
3600 cm™1), strong absorption peaks are observed, all corresponding to
different vibrational absorption bands of carbon dioxide (CO,), which
are less significant in the infrared diagnosis of breath [36]. Apparently,
there is no further absorption peak in the blue colour spectra. The
same spectra are further magnified by three orders of magnitude along
the absorption axis and plotted using a red colour line in Fig. 1. The
corresponding scale is positioned on the right side of the plot using
the red colour. In the red colour spectrum, many spectral features of
breath become apparent, which are not observed in the blue colour
plot. However, in this plot, the baseline looks completely different
from the blue colour plot. The baseline of the red colour plot is not
only tilted but also distorted in various spectral regions. The distortion
and tilt of the baseline significantly modify the individual spectral
features, making the fitting of reference molecular spectra for the
identification of metabolites considerably challenging. Therefore, for an
accurate analysis of the breath metabolites, correcting the baseline of
the infrared spectrum of breath is absolutely necessary.

3. Methods

In order to perform the baseline corrections, we propose a hierar-
chical correction procedure. The detail of the procedure is presented in
the following three subsections.

3.1. First order baseline correction

The unprocessed infrared absorption spectrum of a breath sample is
plotted in Fig. 2 using the dark grey colour line, labelled as “Original”.
The baseline of the spectrum is shifted to the negative absorption
(below zero line), which cannot be real. To perform the baseline
correction, it is necessary to shift the baseline on or above the zero line,
depending on the possible spectral behaviour. However, determining
the amount of shifts poses a challenge. It is also observed that the
baseline is tilted along the absorption axis. Therefore, a uniform linear
shift is not sufficient for an efficient baseline correction. The best
strategy is to find a spectral region, where no molecular absorption is
observed and this spectral region should overlap with the zero line.
Generally, none of the known molecules reveal absorption spectra in
the spectral window between 2500-2800 cm~!. Therefore, the plotted
spectral data in this spectral window should perfectly overlap with
the zero line. Practically, any data point in this spectral window can
be chosen, the distance of the point from the zero line is measured,
and finally, a similar amount of shift can be applied to the complete
data set. However, due to electrical and electronic noise, a random
fluctuation is observed throughout the spectrum. To avoid an over
or under-shifting of the spectrum, a small spectral region is chosen
between 2550 to 2600 cm~!. A linear shift is calculated by averaging
the y-values of all data points in this selected spectral window using
the following equation,

2

LS =—=—
N

where, LS is the linear shift of the spectrum, x; is the wavenumber
value of the ith data point and the corresponding absorption value is
;. N is the total number of data points in the selected spectral window.
As a first step, the linear shift is applied to all data points in the entire
spectral region. In our case, linear shift is applied in the spectral region
between 500 to 4000cm~1. We refer to this linear baseline shift as
the first-order baseline correction. The first-order baseline corrected
spectrum is plotted using a blue colour line in Fig. 2.

2550 < x; <2600 (@)
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Fig. 1. The nature of spectral baseline of the infrared spectra of human exhaled breath. A minimal magnification is applied to the blue plot and the corresponding absorption
strength is represented by the left-hand side scale of the plot. The same spectrum is plotted by magnifying three orders of magnitude using a red line. The corresponding absorption

strength is scaled by the right-hand side scale. A linear shift is applied to the red line plot.
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Fig. 2. Unprocessed infrared spectrum of exhaled breath is plotted by the dark grey line. The first-order correction of the breath spectrum is plotted using a light grey line. The
reference point of linear shift is shown by the red arrow. The second-order baseline-corrected spectrum is plotted using the red colour line.

3.2. Second order baseline correction

Still, a general tilt of the spectrum need to be corrected for the
acquired entire spectral span between 500-4000 cm™!. The tilt of the
spectrum can be corrected by rotating the spectrum across the zero line
using the following equation.

YN =N
N
Where AS; is the angular shift of the ith point, N is the total number
of data points, y, and yy are the first and Nth (last) data values in
the selected data set. After applying the angular shift, the spectrum
is plotted using a red colour line. A significant part of the spectrum
comes closer to the zero line with the application of this analytical
method to the first-order corrected spectrum. Especially, the spectral
window between 2500-2800cm~! coincides perfectly with the zero
line. However, imperfections persist in many spectral regions. For
instance, the spectral window between 900-2000 cm™!, which is the
most important spectral window, where many volatile metabolites in
breath yield their characteristic infrared spectral features. The unique
spectral feature of the molecule is commonly called the fingerprint of

AS; =y, - (N —i) 500 < x; < 4000 )

the molecule.

3.3. Third order baseline correction

Given that many spectral regions in the exhaled breath spectrum
deviate from the zero line, further correction is necessary to rec-
tify the baseline of the second-order baseline-corrected spectra. To
enhance the spectral baseline further, we propose a segment-wise cor-
rection. A non-uniform deviation of the baseline is the primary reason
for proposing a segment-wise correction method. Consequently, the
selection of segments also exhibits non-uniformity. Determining the
appropriate segment size is crucial for the success of the method and
for the improved performance of breath-based diagnostics. Molecular
vibrational spectroscopic knowledge is necessary for determining the
appropriate segment sizes [37,38]. Molecular spectroscopists can effi-
ciently determine the segment based on the breath-related individual
molecular infrared spectra. Given the potential presence of hundreds
of metabolites in breath, overlapping spectral features in the acquired
breath spectra are highly probable. Theoretical and experimental in-
dividual molecular spectra assist in segment determination [9,39].
After identifying the segment, second-order corrections are applied
to the spectral segment, assuming that, in a small spectral window,
the baseline is linear. In the current state of breath-based diagnostic,
close observation by molecular spectroscopists is necessary for accurate
baseline correction. However, in the near future, the entire process
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Fig. 3. Unprocessed infrared spectrum of breath around methane absorption band is plotted using a dark grey line. The corresponding first-order baseline corrected spectrum is
plotted using a light grey line. The red colour plot represents the second-order baseline corrected spectrum.

can potentially be implemented using machine learning techniques,
facilitating the development of automatic diagnostic methods [40,41].

It is important to note that the hierarchical baseline correction
method outlined here comprises three sequential steps (Sections 3.1-
3.3). Opting for a broader spectral window might render the first
two correction steps are sufficient. However, in cases of narrower
spectral windows, particularly within the molecular fingerprint region,
employing all three steps becomes imperative.

4. Results and discussions

The described baseline correction methods are implemented in the
breath spectra for the following molecular identifications.

4.1. Methane

Methane (CH,) is a well-known greenhouse gas generally present
in the atmosphere. During inhalation, each individual inhales methane
from ambient air, and it is expected that they exhale a similar amount,
unless it is absorbed by the body. However, methane concentrations
tend to be notably higher in a subset of the adult population, confirming
its endogenous origin [32,42]. This elevated methane concentration
in exhaled breath is due to microbial fermentation in the human
gastrointestinal tract [43]. Therefore, by analysing methane in human
breath, it is possible to conclude on bacterial infection, provided that
methane is accurately quantified.

The acquired methane spectra in breath are presented in Fig. 3
for a low methane emitter. The P, Q, and R branches of methane
are clearly resolved even for low methane emitters. The unprocessed
spectra (dark grey colour plot) exhibit a shift to negative intensity,
which is unrealistic. In addition, the spectral baseline is tilted. There-
fore, the least-square fitting cannot be readily applied to estimate
the methane concentration. In these circumstances, baseline correction
is essential to get a realistic methane concentration. After the first-
order baseline correction spectra approach the zero line (blue colour
spectrum); however, they still deviate with a slope of about 5° from
the zero line. As a subsequent step, second-order correction is applied.
The final baseline corrected spectrum is plotted using a red colour
line. To demonstrate the goodness of the correction, the spectrum is
plotted in a spectral window between 2700 and 3450 cm™~!, which is
a rather broader spectral window. The baseline of the breath spectra
appears well overlapped with the zero line. It seems third order baseline
correction is not necessary for this spectral window. Up to second order
correction of baseline allows fitting the reference methane spectrum
to obtain the methane concentration in exhaled breath. The methane

spectrum from the PNNL database serves as a reference spectrum. Using
least-square fitting, the methane concentration is obtained approxi-
mately 450 ppb. This is rather low methane emission. In general, a large
variation of methane concentration is observed in exhaled breath of
individual, which typically vary from 400 ppb to 30 ppm[44,45].

4.2. Carbon monoxide

Carbon monoxide (CO) is one of the notable endogenous metabo-
lites in human beings. Typically, CO is mainly generated by oxidative
stress in the lung and inflammatory tissue injury [46]. It is considered
as one of the biomarkers for several diseases like cancer, obesity,
respiratory diseases, etc [47,48]. The concentration of CO in exhaled
breath varies significantly due to the inhalation of atmospheric CO
and smoking habits. Especially for moderate smokers, the exhaled
breath CO concentration can be several times higher than that of
non-smokers [12]. Therefore, error-free segregation of endogenous and
external CO is crucial for precise disease diagnosis. In infrared spectra,
the characteristic CO spectrum is observed around 2170 cm~'. How-
ever, due to the overlap of water and CO infrared spectra, in general,
it is not readily visible in the infrared spectra of human breath. In our
experiment, effective water suppression enhances the visibility of the
CO spectral feature. One example of water suppressed CO spectrum is
presented in Fig. 4. The unprocessed CO spectrum is plotted with the
blue colour line, and the corresponding absorption strength is scaled on
the left side of the plot. The spectrum is not only shifted significantly
below the zero line but also inclined up towards an increase in spectral
wavenumber. The first-order correction is not shown here as it does not
yield a substantial improvement. The second-order correction brings
the baseline closer to zero line (grey colour plot), however, a slow rise
of the baseline is still observed on the right side of the spectra. After
applying the third-order correction, the spectral baseline overlaps very
well with the zero line, represented by the red dashed line in the plot.
It is important to note that both the second and third-order corrected
spectra are scaled with the red scale on the right side of the plot.

4.3. Acetone

As an endogenous gaseous substance, acetone is considered an
important metabolite for medical diagnosis. Generally, it is formed
from fatty acid oxidation in cells and is released from the body through
exhaled breath and other forms of biofluids like urine, sweat, etc.
and produce a body odour. While acetone in exhaled breath typically
shows a low concentration for healthy individuals, however, fasting
significantly increases its concentration [12,49]. The distinct sweet
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Fig. 4. Unprocessed infrared spectrum of carbon monoxide in breath is plotted using a blue colour line. The corresponding absorption scale is on the left-hand side. The scale and
the zero line both are in blue. The first-order corrected plot is omitted from the figure. The second and third-order corrected spectra are plotted using light grey and red colour

lines respectively. The scale for both plots is on the right side.
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Fig. 5. Unprocessed infrared spectrum of breath in the spectral range between 1150 and 1400cm™! is plotted with a blue line. The corresponding absorption scale is on the
left-hand side. The first-order corrected plot is omitted from the figure. The second and third-order corrected spectra are plotted using light grey and red lines respectively. The

scale for both plots is on the right side.

odour associated with individuals with diabetes is well known to be
[50]. Although a
large dynamic range of acetone concentration is reported by many

attributed to a substantial rise in acetone level

researchers, for healthy individuals with regular lifestyles and diets,
acetone concentration in exhaled breath remains below 1 ppb [51]. In
infrared spectra, acetone is identified by two distinct peaks centred
at 1217 cm~! and 1365 cm~!. The absorption spectra of breath in the
above-mentioned spectral region are presented in Fig. 5. The spectral
region is highly populated by many other molecular features. As a
result, acetone spectral features are strongly modified. For example, the
strong absorption peak is observed at 1300 cm™!, which is identified as
the Q of methane. The R branch of methane, situated on the right side
of Q branch, significantly modifies the left side slop of the acetone peak
at 1365 cm~!. Additionally, many aldehyde molecules also modify this
peak [9]. Water (remaining after water suppression) spectra and detec-
tion noise also influence this spectral region, resulting in a distorted
baseline [52,53]. The unprocessed breath spectrum is plotted using a
blue colour line in Fig. 5. The spectrum is significantly shifted to the
negative absorption (as seen on the left side blue scale), and in addition,
a tilt of the spectrum is observed. With the application of second-order
correction, the baseline of the spectrum moves very close to the zero
line. After applying third-order correction, the baseline matches very
well with the zero line. The absorption scale of the corrected spectra is
shown on the right of the plot.

5. Conclusions

The article proposes a straightforward baseline correction method
for infrared spectra, focusing specifically on identifying breath metabo-
lites. The low absorption strength of breath metabolites, attributed to
their trace presence, is further complicated by the nonlinear detection
sensitivity and electronic noise of the infrared detector. These factors
distort the baseline of acquired infrared breath spectra, rendering the
fitting of molecular spectra ineffective and making baseline correction
a necessary step for the development of infrared spectroscopy-based
diagnostics. While a few technical steps are involved, the primary
strategy is to perform the correction segment-wise.

Despite the observed abrupt distortion in infrared spectra of breath,
a small segment of the spectral region often retains a linear baseline.
This approximation simplifies the correction procedure and has been
successfully applied to extract metabolic information from infrared
spectra of exhaled human breath. The article demonstrates the effec-
tiveness of this correction method by applying it to representative
spectral regions. During the developing stage of infrared spectroscopy-
based breath analysis, close observation by molecular spectroscopists
is necessary. However, this simple baseline correction method can be
easily integrated into machine learning techniques for the automate
data analysis
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