
DiaBreath: Multivariate Analysis of a Non-Selective Low-Cost Metal
Oxide (MOX) Sensor Array for Breath-Based Diabetes Screening

Woo Sung Choi1

Received May 8, 2026
Accepted June 30, 2026
Electronic access July 31, 2026

The number of diabetes patients is increasing worldwide, but many cases stay undiagnosed in low-resource regions. The A1C
blood test is invasive and costly, therefore it is often not available in these regions. In this research, DiaBreath is proposed as
a low-cost noninvasive screening system based on exhaled breath analysis. Volatile organic compounds (VOCs) in breath are
measured with an array of MQ-series gas sensors. They are inexpensive but non-selective, so a single sensor cannot distinguish
one VOC from another. To solve this, multivariate analysis was applied to the sensor array responses, including principal
component analysis (PCA), Random Forest classification, and partial least squares (PLS) regression. In the PCA result, six
VOCs formed separate clusters, and the Random Forest classifier showed an accuracy of 0.83. The PLS model estimated the
acetone concentration with an R2 of 0.98 and an RMSE of 8.77 ppb, and it followed the GC-MS reference with an R2 of 0.9900
from 50 ppb to 5 ppm. For diabetes screening, an XGBoost model was trained on a synthetic breath VOC dataset, and it showed
a test ROC-AUC of 0.9861. The trained model was embedded into a portable Arduino-based device that connects to a mobile
application through Bluetooth. Since the model was trained on synthetic data, the result is closer to a feasibility check than
a clinical test. These results showed that a low-cost MQ sensor array with multivariate analysis can be used for noninvasive
diabetes screening.
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Introduction

Early detection of diabetes is crucial to prevent permanent life-
threatening damage. Current methods to diagnose diabetes
such as the A1C blood test are invasive and often financially
and environmentally limited1. This creates difficulties in rural
and developing communities, often leading to serious health
concerns that are irreversible. Undiagnosed diabetes melli-
tus (UDM) is a serious concern in modern healthcare, with
estimates of over 175 million UDM cases existing, an esti-
mated 83.8% of which are from the low- and middle-income
classes2. According to Saydah et al., there is a direct correla-
tion between economic status and diabetic mortality3. Having
a family income below the poverty line was associated with
a twofold higher diabetic mortality rate than that of the upper
class3. In summary, there needs to be a low-cost and non-
invasive method to screen for diabetes, to help reduce UDM
around the world.

Breath analysis has become one of the promising non-
invasive methods for several diseases4. For diabetes, the most
studied breath biomarker is acetone4. When the body does not
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have enough insulin, it starts to burn fat instead, and this pro-
duces ketone bodies. Acetoacetate from this process breaks
down into acetone on its own, and the acetone comes out in
the breath5. Studies that used gas chromatography-mass spec-
trometry (GC-MS), proton-transfer-reaction mass spectrome-
try (PTR-MS), or selected-ion flow-tube mass spectrometry
(SIFT-MS) have reported that breath acetone is higher in dia-
betic patients, around 2 ppm in type 2 diabetic patients while
healthy people are around 0.5 ppm6–8. But these instruments
cost from tens of thousands to over a million dollars each, so
they are not really suitable for screening many people or for
point-of-care use9.

To make breath screening cheaper and more accessible, two
directions have been tried so far10,11. The first one is to make
sensing materials that are highly selective to acetone, like Si-
doped WO3 nanoparticles10. The second one is to use an array
of low-cost, non-selective metal oxide (MOX) gas sensors to-
gether with machine learning, so that the selectivity is recov-
ered from the overall response pattern instead of the material
itself11. Recent low-cost e-nose studies in this second direc-
tion reported accuracies from about 87% to 100%, on groups
of about 44 to 1,000 people12–15. These include an MQ-array
system by Gudiño-Ochoa et al.12 that runs the model with
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TinyML, a method for deploying lightweight machine learn-
ing models on small low-power devices12, an in-car e-nose by
Weng et al.13, a SAW-based device by Bahos et al.14, and a Fi-
garo TGS-array system tested on a larger group by Taspinar15.

These studies show that low-cost MOX arrays can tell dia-
betic and non-diabetic breath apart. However, in most of them
the sensor array is just used as a black-box input for the clas-
sifier. Whether the array itself can actually separate individ-
ual VOCs or estimate their concentrations through multivari-
ate analysis is usually not checked. In other words, it is still
not clear how much VOC-specific information a cheap non-
selective array can recover on its own, compared to selective
materials or expensive instruments.

This study looks at this gap in two steps. First, the response
of a non-selective low-cost MOX sensor array is analyzed us-
ing a public multi-VOC dataset16,17. PCA (principal compo-
nent analysis), Random Forest classification, and PLS (par-
tial least squares) regression are applied to check whether the
array can separate six different VOCs and estimate acetone
concentration without any selective material. To see how reli-
able these concentration estimates are, the PLS predictions are
also compared against GC-MS measurements, which is used
here as a reference method. How the sensor array responds
across different concentration levels is also examined, since
MOX sensors are known to be nonlinear. Second, the same
approach is extended to breath-based diabetes screening with
a public synthetic breath VOC dataset6, and the trained model
is put on an Arduino-based portable device that connects to a
mobile application through Bluetooth. The device is presented
as a feasibility-stage prototype. Combining it with patient-
reported risk factors and testing it on real diabetic breath are
left as future work.

Methods

Datasets

This study used two datasets, and both are publicly available.
No human subjects were recruited.

The first one is the Gas Sensor Array Low-Concentration
dataset from the UCI Machine Learning Repository16,17. We
used it for the multivariate analysis described below. It
has the responses of a 10-channel MOX sensor array to six
VOCs. The six are ethanol, acetone, toluene, ethyl acetate,
isopropanol, and n-hexane. Each gas was measured at 50,
100, and 200 ppb, and five samples were taken for each gas at
each concentration, so there are 90 samples in total. One thing
to note is that these concentrations are all at the ppb level.
This is lower than the acetone level that diabetic breath usu-
ally shows18, which is around the ppm range. So we used this
dataset to check whether the array can tell the six gases apart,
not to copy real breath conditions. Also, the 10 sensors are not

only MQ sensors. Some of them are Figaro TGS sensors.
The second one is a synthetic breath VOC dataset from

Gudiño-Ochoa et al.12. This was used to train the breath-
based diabetes screening model described later. They first col-
lected real breath data from a small number of people, and then
used a generative model called CTGAN (Conditional Tabu-
lar Generative Adversarial Network) to make 14,000 synthetic
samples out of it. Their device uses an MQ sensor array and
raw value of each sensor, so we kept the same sensor types and
the same output format to make the input match. But matching
the sensor types does not really mean the response distribution
becomes the same, and this point is discussed later as a limi-
tation in the discussion. Since this dataset is synthetic and not
from real patients, the screening result is closer to a feasibility
check than a clinical test.

The synthetic breath VOC dataset was split into train and
test sets with an 8:2 ratio. Stratified sampling was used so that
the class ratio stays the same, and the random seed was fixed to
42. 5-fold stratified cross-validation was applied during train-
ing (see the Breath VOC Screening Model section). We also
made a correlation matrix for the breath VOC dataset before
training. This was just to check how each sensor variable is
related to the diabetes label.

This study only used public and anonymized datasets, and
no data was collected from human subjects, so IRB approval
was not needed. For the hardware tests described later, no
human breath was used either. The device was checked only
with reference gas samples.

Multivariate Analysis of the MOX Sensor Array

The MOX sensors used for this analysis are non-selective, so it
is hard to identify a specific VOC or measure its concentration
with a single sensor19. This is because each sensor responds
to multiple gases at the same time, and a single sensor output
is not enough to tell apart different VOCs in human breath,
which contains many volatile compounds at once. To solve
this problem, an array of multiple sensors is used. Each sensor
has a slightly different sensitivity pattern, and these patterns
can be combined using multivariate analysis to extract more
information about the VOCs20. For this purpose, the UCI Gas
Sensor Array Low-Concentration dataset described above was
used to perform PCA, Random Forest classification, and PLS
regression.

Since MOX sensors are not selective, the output of one sen-
sor si reflects the combined response from multiple VOCs, not
a single chemical. This can be expressed as:

si =
K

å
j=1

(ai jc j + ei)

Here, si is the output of the i-th sensor, c j is the true con-
centration of VOC j, ai j is the sensitivity of sensor i to VOC
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j, and ei is an error term that includes environmental noise
such as temperature and humidity. This linear form is only
an approximation, since MOX sensors are actually nonlinear
and humidity-dependent, but it is used here to explain the ba-
sic idea behind the array. If we assume there are N sensors in
total, the equation can be written in matrix form as:

s = Ac + e; s =


s1
s2
...

sN

 ; A =

a11 � � � a1K
...

. . .
...

aN1 � � � aNK


A 2 RN�K is the sensor sensitivity matrix, where each row

shows the sensitivity profile of one sensor. When the sensors
have different sensitivity patterns, the rows of A point in dif-
ferent directions, and the rank of the matrix becomes higher.
A higher rank means the sensor array gives more independent
information, which makes it easier to tell different VOCs apart
using multivariate methods. In this sense, the non-selectivity
of each sensor is not only a drawback, because as long as
the sensors are non-selective in different ways, the array as
a whole carries more information.

To check whether the sensor responses can be separated by
VOC type, PCA was applied to the sensor response matrix
X . PCA finds the main directions of variance by performing
eigenvalue decomposition on the covariance matrix:

S =
1

M�1
XT X = QLQT

Where M is the total number of samples, Q = [q1;q2; : : :]
contains the principal component directions, and L =
diag(l1;l2; : : :) contains the eigenvalues, which show how
much variance each component explains. The principal com-
ponents (PCs) were then used to see how clearly the sensor re-
sponses for different VOCs are separated in high-dimensional
space. If different VOCs or concentrations show different re-
sponse patterns, they will form separate clusters in the PCA
space.

For estimating concentration, PLS regression was used.
PLS finds latent directions that maximize the covariance be-
tween the sensor response matrix X and the target concentra-
tion vector c:

max
w

Cov(Xw;c)

where w is a weight vector that projects the sensor responses
into a latent space. The latent variable

t = Xw

is built so that it has a strong linear relationship with VOC
concentration. The final prediction model is:

ĉ = T b = XWb

where ĉ is the predicted VOC concentration and b is a re-
gression coefficient vector trained to fit the linear relationship
between the latent variables and the target concentrations.

To check whether the predicted concentrations are accurate
or not, the PLS predictions were compared with GC-MS re-
sults, which was used as the reference method. Certified ace-
tone standard gas was diluted with high-purity nitrogen into
seven concentrations, which were 50, 100, 200, and 500 ppb,
and 1, 2, and 5 ppm, regarding the UCI dataset range and
actual acetone concentration found in diabetic breath18. For
each concentration of gas, the standard acetone gas was filled
into a 1 L Tedlar bag (Thermo Scientific CP8656100). Then,
one aliquot was taken from the bag for GC-MS analysis. Right
after that, the DiaBreath device was exposed to the gas from
the same bag. This way, both measurements come from the
same sample. The Rs=R0 values from the MOX-based device
were put into the PLS model to predict the concentration. This
predicted value was then compared with the GC-MS result.

The device measurement followed a fixed protocol for each
sample. First, the sensors were given a warm-up time of
10 min. After that, the device was kept in air for 5 min to
stabilize, and the baseline resistance R0 was taken as the aver-
age of the last 60 s in air. Then the device was exposed to the
standard gas for 3 min, and the Rs=R0 value was taken as the
average of the last 60 s of this exposure. After each measure-
ment, the device was purged with air for 10 min before the
next sample. Each concentration was measured three times
(n = 3).

The GC-MS analysis was held by Thermo Fisher Scientific
TRACE 1310 GC coupled with ISQ QD300 single quadrupole
MS and TriPlus RSH SMART autosampler. TraceGOLD TG-
5MS column was used, which is a low-polarity column made
of 5% diphenyl and 95% dimethyl polysiloxane. For each
sample, 1.0 mL of gas was injected in splitless mode, and the
inlet was kept at 220�C. The carrier gas was helium (99.999%)
at a constant flow of 1.0 mL/min. The oven started at 40�C
and was held for 5 min. Then it was ramped at heating rate of
20�C/min up to 200�C and held there for 2 min. For the MS,
Electron Ionization (EI) was used at 70 eV. The ion source
was kept at 230�C, and the transfer line at 200�C. A full scan
from m=z 35 to 400 was used to confirm acetone. For quan-
tification, SIM mode was used. In this mode, m=z 43 was the
quantifier ion and m=z 58 was the qualifier ion21. The ace-
tone concentration was calculated from an external calibration
curve, based on the peak area of m=z 4321.

Since the seven concentrations cover a wide range from
50 ppb to 5 ppm, the sensor responses can also be checked for
nonlinearity over this range. The Rs=R0 values were plotted
against concentration to see whether the response stays linear
or becomes saturated at higher concentrations, and the residu-
als between the PLS predictions and the GC-MS values were
examined to see if the prediction error depends on concentra-
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