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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

∑
j=1

(αi jc j + εi)

Here, si is the output of the i-th sensor, c j is the true con-
centration of VOC j, αi j is the sensitivity of sensor i to VOC
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j, and εi 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+ ε, s =


s1
s2
...

sN

 , A =

α11 · · · α1K
...

. . .
...

αN1 · · · αNK


A ∈ 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:

Σ =
1

M−1
XT X = QΛQT

Where M is the total number of samples, Q = [q1,q2, . . .]
contains the principal component directions, and Λ =
diag(λ1,λ2, . . .) 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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tion.

Breath VOC Screening Model

Before building the device, the screening model has to be
trained with the breath VOC data. Each model takes the breath
VOC data as input, and outputs a probability of whether the
input is diabetic or not. As mentioned above, the data was
split into train and test sets with an 8:2 ratio, using stratified
sampling and a random seed of 42.

Four models were tested on the breath VOC data: XGBoost,
LightGBM, Random Forest, and logistic regression. XGBoost
and LightGBM are both gradient boosting methods, and the
main difference is just how they grow the trees, with Light-
GBM being lighter and faster22,23. Random Forest is a bag-
ging method that uses many decision trees and takes a major-
ity vote24. Logistic regression was put in as a simple baseline,
since it is easy to interpret and works fine when the relation-
ship is close to linear.

Then, a 5-fold stratified CV (cross-validation) was also ap-
plied so that the results would not depend too much on a single
random split.

Hyperparameters of each model were tuned using a grid
search algorithm. For XGBoost, the search range was
max depth ∈ {3,5,7}, learning rate ∈ {0.01,0.1,0.3}, and
n estimators∈{100,200,500}. For LightGBM, num leaves∈
{31,63,127}, learning rate ∈ {0.01,0.1}, and n estimators ∈
{100,200,500} were searched. For Random Forest,
n estimators ∈ {100,200,500}, max depth ∈ {None,10,20},
and min samples split ∈ {2,5,10} were searched. The com-
bination with the highest mean ROC-AUC score from CV was
selected as the final hyperparameter set for each model.

All four models were trained on the breath VOC data and
compared by their ROC-AUC values. The model with the
highest test ROC-AUC was selected as the final model for the
breath VOC data. The detailed comparison is presented in the
Results.

Hardware Construction

The gas sensors used in DiaBreath consist of five MQ-series
sensors (MQ-2, MQ-3, MQ-7, MQ-135, MQ-138) and one
SGP-30 MOX sensor from Sensirion (Figure 1a). Each sen-
sor was selected to cover a different range of VOCs that are
relevant to diabetic breath25. MQ-2 responds to LPG, hydro-
gen, methane, and smoke; MQ-3 responds to alcohol and ben-
zene; MQ-7 responds to carbon monoxide; MQ-135 responds
to ammonia, NOx, alcohol, benzene, and CO2; and MQ-
138 responds to acetone, formaldehyde, alcohol, and toluene.
The SGP-30 was added to measure total VOCs (TVOC) and
ethanol, which provides additional information that the MQ
sensors cannot resolve on their own. The combination of these

six sensors provides overlapping but partially distinct sensi-
tivity patterns, which is the basis for the multivariate analysis
described above.

Figure. 1 (a) Schematic of the DiaBreath Arduino circuit, showing
the connection of five MQ-series gas sensors (MQ-2, MQ-3, MQ-
7, MQ-135, MQ-138) and one SGP-30 MOX sensor to an Arduino
Leonardo microcontroller through a breadboard. The 5V and GND
pins of the Arduino supply power to each sensor, while the analog
signal pins read the Rs/R0 output values. (b) Exploded view of the
3D-printed PLA shell that houses the sensor array and microcon-
troller, designed in Fusion 360 to be hand-holdable for portable use.

Among these sensors, four of them (MQ-2, MQ-3, MQ-
135, MQ-138) match the sensor types used in the synthetic
breath VOC dataset, so the screening model can take their
Rs/R0 values as input. MQ-7 and the SGP-30 were added as
extra sensors for more VOC coverage, but they are not part of
the training data. This mismatch between the hardware sen-
sors and the training data is a limitation, and it is discussed
further in the Discussion.
The sensors are connected to a breadboard, which is connected
to the Arduino Leonardo’s 5V and GND pins, and the analog
pins are connected directly to the Arduino. The whole appa-
ratus is placed inside a hand-holdable shell that was modeled
in Fusion 360 and 3D printed with PLA (Figure 1b). After
the screening model was trained, it was embedded into the
device. During a measurement, the Arduino reads the output
value of each sensor on its analog pin and sends these values
to a smart device. The measurement protocol, including the
warm-up and sampling steps, is described above in the Multi-
variate Analysis section.

A smart device application was created so that the device
can be used without a computer. The data is sent wirelessly
through an HM-10 Bluetooth module to the application, which
then runs the trained model on the received sensor values. This
is an improvement over the earlier version, which sent the data
to a computer through a cable and a serial port, since the new
version is wireless and easier to use.

Results

Correlation Analysis of VOC Sensor Responses

The correlation matrix of the breath VOC dataset (Figure 2)
shows strong negative correlations between diabetes and CO
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(−0.86), and between diabetes and acetone (−0.84). This

Figure. 2 Correlation matrix of the breath VOC dataset. CO and
acetone show the strongest negative correlations with the diabetes la-
bel (−0.86 and −0.84, respectively). The negative direction reflects
the Rs/R0 behavior of the MOX sensors, where higher VOC concen-
tration produces lower sensor output.

matches the known trend from earlier studies, where diabetic
breath tends to contain more ketones and CO because of the
metabolic changes in diabetes26. However, since this dataset
is synthetic and was generated from earlier experimental data,
this result mainly shows that the synthetic data keeps the same
trend as the original data, rather than confirming the biology
on its own. Most of the sensor variables show negative corre-
lations with diabetes. This is because each sensor returns the
Rs/R0 value, which decreases as more of the target VOC is
detected, so a higher VOC concentration gives a lower sensor
output. The strong negative correlations of CO and acetone
suggest that the MOX sensor array picks up the VOC differ-
ences related to diabetes.

Multivariate Analysis of VOC Sensor Responses

The response patterns of the MOX sensor array were collected
from six different VOC samples and projected into a low-
dimensional space using PCA (Figure 3). Each VOC formed a
clearly separated cluster in the PC1-PC2 space. Although the
MOX sensors are non-selective, the six VOCs did not overlap
with each other, which means the sensor array still produces
VOC-specific patterns when the responses are combined.

The PC1 axis mainly reflects the overall response size of
the sensor array and how each VOC reacts differently with the

Figure. 3 PCA visualization of the multisensor array responses col-
lected for six different VOCs (acetone, ethanol, ethyl acetate, hex-
ane, isopropanol, toluene). Each VOC forms a separate cluster in
the PC1-PC2 space, showing that the non-selective MOX sensor ar-
ray produces VOC-specific response patterns when the responses are
combined.

sensor surface. This is because MOX sensors work through
oxidation-reduction reactions and surface adsorption, and the
strength of these reactions changes with the type of VOC. The
PC2 axis reflects more detailed differences, such as how much
each individual sensor contributes to the response or how elec-
tron transfer differs between VOCs. Both axes show clear
separation between VOCs, which means the sensor responses
contain enough statistical information to tell different VOCs
apart.

Oxygenated VOCs such as ethanol, isopropanol, and ace-
tone formed separate clusters even though they have simi-
lar chemical structures. Nonpolar VOCs such as hexane and
toluene also appeared as their own clusters. This suggests that
the sensor array responses reflect physical and chemical prop-
erties of the gases, including polarity, molecular weight, and
how strongly each VOC interacts with the metal oxide surface.
These results show that array-based multivariate analysis can
tell apart VOCs that single-sensor signals cannot.

To check whether the sensor array can classify different
VOC types, a Random Forest model was trained on the multi-
sensor responses (Table 1). The overall classification accuracy
was 0.83, which shows that the model learned the differences
between VOC response patterns even though the MOX sensors
are non-selective. Hexane and toluene showed perfect classi-
fication with precision, recall, and F1-scores of 1.00, which
means these two VOCs have very distinct response patterns.
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On the other hand, ethanol, ethyl acetate, and isopropanol
showed lower F1-scores between 0.67 and 0.80. This is be-
cause ethyl acetate and isopropanol have similar sensitivity
profiles across multiple sensors, so their multivariate patterns
partially overlap. This is consistent with the incomplete sepa-
ration seen in the PCA plot.

Table 1 Gas-type classification performance using a Random Forest
classifier based on the MOX sensor array. Precision, recall, and F1-
score values are reported for each VOC. Each VOC had 15 samples
in total (five replicates at each of 50, 100, and 200 ppb).

Gas type Precision Recall F1-Score
Acetone 0.75 1.00 0.86
Ethanol 1.00 0.67 0.80
Ethyl acetate 0.67 0.67 0.67
Hexane 1.00 1.00 1.00
Isopropanol 0.67 0.67 0.67
Toluene 1.00 1.00 1.00

The concentration-dependent behavior of sensor responses
was analyzed using acetone samples at different concentra-
tions between 50 and 200 ppb (Figure 4). The center of the
data distribution gradually shifted in the PCA space as con-
centration increased. High-concentration samples (200 ppb)
were located in lower PC1 regions, while low-concentration
samples (50 ppb) spread out toward higher PC1 and PC2 re-
gions. This shows that the response patterns change in a struc-
tured way with concentration. At the same time, samples at
the same concentration did not collapse into a single point but
spread out a little in the PCA space. This spread comes from
the nonlinear response of MOX sensors, sensor-to-sensor vari-
ation during repeated measurements, and small changes in en-
vironmental conditions.

To estimate the concentration of a single VOC from multi-
sensor responses, PLS regression was applied to the acetone
samples. The trained PLS model achieved an R2 value of 0.98
on the UCI dataset, which means about 98% of the variance in
true acetone concentrations was explained by the model. The
RMSE was 8.77 ppb across the 50–200 ppb range.

Sample-level prediction results are shown in Table 2. For
samples at 50 ppb and 100 ppb, the predicted concentrations
ranged from 41.13 to 96.83 ppb, which were close to the true
values. For high-concentration samples (200 ppb), predicted
values of 193.69 ppb and 210.89 ppb also matched the actual
concentrations well. Some low-concentration samples showed
slightly larger errors, which can be explained by the nonlinear
sensor response and lower signal-to-noise ratio at low concen-
trations.

Validation of MOX Array Concentration Estimation using
GC-MS

The PLS model that we constructed in the previous section

Figure. 4 PCA projection of standardized sensor responses for ace-
tone samples at different concentrations (50–200 ppb). The cen-
ter of the distribution shifts as concentration increases, with high-
concentration samples (200 ppb) located in lower PC1 regions and
low-concentration samples (50 ppb) spread toward higher PC1 and
PC2 regions.

Table 2 True and predicted acetone concentrations using the PLS
regression model. Predicted concentrations based on multisensor re-
sponses show overall agreement with true values.

Sample True concentration (ppb) Predicted concentration (ppb)

1 200.00 193.69

2 50.00 41.13

3 100.00 96.83

4 50.00 61.73

5 200.00 210.89

was trained and tested based on the UCI dataset, so it only
shows that the multivariate analysis works on public data. To
check whether the same approach also works on the actual
DiaBreath device or not, the device measurements were com-
pared with GC-MS as a reference method. The concentration
range was also made wider than the UCI dataset, so that the
higher end reaches the acetone level found in diabetic breath.

Acetone standard gas was prepared at seven concentrations
from 50 ppb to 5 ppm, and each concentration was measured
three times. For every sample, the GC-MS measured value
was within 99 to 101% of the nominal concentration, so the
reference method itself was accurate. The DiaBreath device
was then exposed to the same gas, and the Rs/R0 values were
put into the PLS model to predict the concentration. Table 3
shows the GC-MS values and the PLS predictions side by side.
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The acetone values estimated from the PLS model were com-

Table 3 Acetone concentration measured by GC-MS and predicted
by the DiaBreath PLS model at seven concentrations. Values are
mean ± standard deviation of three replicates.

Nominal GC-MS measured (ppb) PLS predicted (ppb) Relative error

50 ppb 50.5±1.8 51.0±9.5 0.9%

100 ppb 99.8±1.8 98.0±7.9 1.8%

200 ppb 201.3±3.2 200.0±10.5 0.6%

500 ppb 500.8±7.2 492.0±22.5 1.8%

1 ppm 998.0±16.5 981.7±43.7 1.6%

2 ppm 1991.0±36.5 1956.7±86.1 1.7%

5 ppm 4994.3±109.4 4000.0±200.0 19.9%

pared with the GC-MS reference values by using a parity plot
(Figure 5). The points were not perfectly on the diagonal line,
but the overall agreement was high. The result of the regres-
sion gave R2 of 0.9900, and the RMSE was 380 ppb. This
means that the sensor array response still contained enough
concentration information to follow the GC-MS result. One
important part is the 2 ppm region. Breath acetone of diabetic
patients is usually discussed near this level, so the prediction
error in this region is more meaningful than the error at the
edge of the calibration range. Around 2 ppm, the relative er-
ror was 1.7%. Therefore, we can say that the PLS model gave
a reliable value near the concentration range needed for dia-
betes screening.

Figure. 5 Parity plot comparing the acetone concentrations measured
by GC-MS with the concentrations predicted by the DiaBreath PLS
model, plotted on a log-log scale. Each point represents one of the
three replicates at each concentration, and the dashed line indicates
the ideal case where the predicted value is equal to the GC-MS value
(y= x). The model reached an R2 of 0.9900 and an RMSE of 380 ppb
over the whole concentration range.

The errors were not the same across the different concentra-
tions. At 50 ppb, the average error was small, but the spread

between the three replicates was relatively large (± 9.5 ppb).
This is because 50 ppb is close to the detection limit of the sen-
sors, and at this level the sensor signal becomes weak and the
readings are not very stable27. At 5 ppm, on the other hand,
the error increased to about 19.9%, and the PLS model under-
predicted the actual concentration. This under-prediction is
related to the nonlinear behavior of the MOX sensors, which
can be seen in Figure 6.

Figure 6 shows the Rs/R0 response of each sensor plotted
against the acetone concentration. As the concentration in-
creases, the Rs/R0 value decreases, but the slope of the curve
gradually becomes flatter at higher concentrations. This flat-
tening indicates that the sensors start to saturate as the gas
concentration becomes high28. Since the PLS model assumes
a linear relationship between the sensor response and the con-
centration, it cannot fully reflect this saturation effect, and as
a result it under-predicts the concentration in the high range.

Figure. 6 Rs/R0 response of the six gas sensors against acetone con-
centration on a log scale. Among the sensors, MQ-138 shows the
steepest response, which is consistent with its known sensitivity to
acetone. The response of all sensors becomes flatter at higher con-
centrations, indicating sensor saturation.

These results indicate that the MOX sensor array shows dif-
ferent reliability depending on the concentration range. In the
range from about 100 ppb to 2 ppm, the array and the PLS
model provide concentration estimates that agree well with the
GC-MS values. Outside this range, the estimates become less
reliable, showing a larger spread at very low concentrations
and under-prediction at very high concentrations. However,
the acetone level of diabetic breath is usually discussed around
2 ppm, which falls within the range where the array performs
reliably, so this limitation has a relatively small effect on the
use of the array for diabetes screening.

Breath VOC Screening Model Performance

The four models were trained on the 14,000-sample synthetic
breath VOC dataset, and they gave similar results, with test
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ROC-AUC values all around 0.98 (Table 4). Among them,
XGBoost gave the highest test ROC-AUC of 0.9861, so it was
chosen as the final model for the breath VOC data.

ROC-AUC was used as the main evaluation metric instead
of accuracy. This is because the breath VOC dataset is not
perfectly balanced, with about 43% diabetic samples, and a
model can get a high accuracy just by leaning toward the ma-
jority class. ROC-AUC looks at how well the model separates
positive and negative cases regardless of the class ratio, so it
is a more reliable metric here. The ROC curve of the final
XGBoost model is shown in Figure 7.

Figure. 7 ROC curve of the XGBoost model trained on the breath
VOC dataset, achieving an AUC of 0.9861 on the test data. The
dashed diagonal line indicates the random-guess baseline.

The final XGBoost model reached an accuracy of 0.9514
and a test ROC-AUC of 0.9861. Its train ROC-AUC was
0.9896, which is close to the test value, so the model did not
overfit much even on the synthetic data. The recall (sensitiv-
ity) was 0.9269 and the specificity was 0.9698, which means
the model caught most of the diabetic cases while keeping
the false positives low. The confusion matrix of the test set
is shown in Figure 8. Out of 1,245 diabetic samples, 1,154
were correctly classified, and out of 1,658 non-diabetic sam-
ples, 1,608 were correctly classified.

Hardware and Software Integration

To improve the user-friendliness of the hardware, a smart-
device application was created. The application allows user to

Figure. 8 Confusion matrix of the final XGBoost model on the held-
out test set, showing the counts of true negatives, false positives, false
negatives, and true positives.

use DiaBreath without a computer or wired connection, which
makes the system more practical for everyday use. When the
user opens the application, it first prompts the user to con-
nect to DiaBreath via Bluetooth. Once the connection is es-
tablished, the user breathes into the hardware, and the sensor
array starts collecting Rs/R0 values from each of the six gas
sensors (five MQ-series and one SGP-30). These values are
continuously transmitted from the Arduino to the application
through the HM-10 Bluetooth module, allowing the data to
be received in real time without any cable or serial port (Fig-
ure 9).

After the breath data is collected, the application runs the
trained XGBoost model on the sensor values and returns a
predicted probability of diabetes. The whole process, from
the breath measurement to the prediction, runs on the smart
device, so no additional hardware is needed besides the de-
vice and a smart device. This wireless version improves on
the previous version of DiaBreath, where the data was sent to
a computer through a cable and serial port.

DiaBreath is intended to be used as a low-cost screening
tool, not as a replacement for clinical diagnosis. A positive
screening result would still need to be confirmed by a standard
clinical test. Combining the breath screening with patient-
reported risk factors, such as age and BMI, could give a more
complete risk estimate, and this is left as future work.
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Table 4 Comparison of the four models trained on the breath VOC data, sorted by test ROC-AUC. Values are reported on the held-out test set,
and the hyperparameters were tuned by 5-fold stratified cross-validation.

Model Accuracy Precision Recall Specificity F1-score Train ROC-AUC Test ROC-AUC

XGBoost 0.9514 0.9585 0.9269 0.9698 0.9424 0.9896 0.9861

Random Forest 0.9542 0.9587 0.9333 0.9698 0.9459 0.9981 0.9862

LightGBM 0.9494 0.9560 0.9245 0.968 0.9400 0.9999 0.9854

Logistic Regression 0.938 0.9397 0.9141 0.956 0.9267 0.9800 0.9802

Figure. 9 Screenshots of the DiaBreath mobile application interface.
(a) Main screen with the option to connect via Bluetooth. (b) Breath
test screen right after Bluetooth pairing, showing the “Connected”
status. (c) Breath test screen ready to receive Rs/R0 data from the
sensor array.

Discussion

The multivariate analysis results showed that a non-selective
MOX sensor array can identify different VOCs and estimate
their concentration when the responses of the sensors are com-
bined. Each sensor in the array responds to several gases at the
same time, so a single sensor cannot tell one VOC from an-
other. However, when the responses are taken together, they
form a multivariate pattern that depends on the type of VOC.
From the PCA result, the six VOCs formed separate clusters in
the PC1-PC2 space, and the Random Forest classifier showed
an accuracy of 0.83. For acetone, the PLS model estimated the
concentration with an R2 of 0.98 on the UCI dataset within the
50–200 ppb range. Furthermore, to find out whether this also
works on the actual device, the DiaBreath measurements were
compared with GC-MS. Within the range of 50 ppb to 5 ppm,
the predicted values agreed with the GC-MS values with an R2

of 0.9900, and near 2 ppm, i.e., the acetone level of diabetic
breath, the relative error was only 1.7%. From this, it can be
seen that the array carries enough VOC-specific information to
estimate the concentration, and that the analytical work moves

from the sensor material to the statistical model. However, the
agreement was not perfect over the whole range. At 5 ppm, the
model showed a lower value than the actual concentration, be-
cause the sensors start to saturate at high concentrations and
the linear PLS model cannot fully follow this28. Thus, the
concentration estimates should be considered reliable within a
limited range rather than exact chemical measurements.

For the diabetes screening, the XGBoost model trained on
the breath VOC data showed a test ROC-AUC of 0.9861, with
a sensitivity of 0.9269 and a specificity of 0.9698. This means
the model separated diabetic and non-diabetic samples well on
the synthetic data. Previous low-cost e-nose studies showed
similar levels of performance. Gudiño-Ochoa et al. reported
about 95% accuracy using an MQ-sensor array12, and a Figaro
TGS-array study by Taspinar reported accuracy close to 100%
on a larger group15. Nevertheless, our result was obtained on
a synthetic dataset, not on real breath, so it cannot be com-
pared directly with these studies. What this study adds is not a
higher accuracy, but a check of whether the sensor array itself
can separate and quantify VOCs through multivariate analysis,
which most of these studies did not examine.

One of the motivations of this study was to keep the cost
low, so the device was built only with inexpensive parts. Ta-
ble 5 shows the approximate price of each component based
on online retail prices. The total comes to under about 60 US
dollars, which is much lower than the analytical instruments
used for breath analysis. GC-MS, PTR-MS, and SIFT-MS
cost from tens of thousands to over a million dollars, so they
are hard to use for screening many people9. The low cost of
DiaBreath comes from the MQ sensors and the Arduino board,
i.e., parts that are mass-produced for general use.

Table 5: Approximate cost of the main components of Dia-
Breath, based on online (Amazon) retail prices. Prices are
rough estimates and can change depending on the seller and
quantity.

Besides these, several limitations remain. First, the breath
VOC dataset was synthetic. It was generated by CTGAN from
a smaller set of real breath data, so it is not the same as real
breath from real patients. Real breath contains various VOC
species, together with humidity and CO2, so the model perfor-
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Table 5 Approximate cost of the main components of DiaBreath,
based on online (Amazon) retail prices. Prices are rough estimates
and can change depending on the seller and quantity.

Component Quantity Approx. price from Amazon (USD)

MQ-series sensors (MQ-2, 3, 7, 135, 138) 5 10

SGP-30 sensor 1 12

Arduino Leonardo 1 22

HM-10 Bluetooth module 1 6

3D-printed PLA shell, breadboard, wires 1 set 8

Total 58

mance on real patients may be lower than the value reported
in this research. Second, the sensors in DiaBreath are not ex-
actly the same as the ones in the training dataset. And even
when the sensor type is the same, the response can change
because of calibration, aging, and temperature. This domain
shift means the device cannot be assumed to give the same
Rs/R0 distribution as the training data. Third, the device was
tested with standard acetone gas under dry nitrogen, without
humidity control, so the effect of breath humidity was not in-
cluded. And the GC-MS validation also showed that the con-
centration estimates become less reliable at very high concen-
trations because of the sensor saturation. Fourth, acetone in
breath is not unique to diabetes. It also rises during fasting
and other metabolic states, so a high acetone reading alone
cannot confirm diabetes29.

Furthermore, future work should focus on collecting real
breath from diabetic and non-diabetic patients, together with
their clinical results such as HbA1c or fasting plasma glucose,
so that the model can be trained and tested on real data instead
of synthetic data. Patient-reported risk factors such as age and
BMI could also be combined with the breath result to give a
more complete risk estimate, which was left out of this study.
Moreover, to reduce the effect of humidity and temperature, a
humidity sensor and a calibration step can be added to the de-
vice. With these improvements, it is expected that DiaBreath
can be helpful as a low-cost screening tool that supports the
standard blood test, especially in the regions where the usual
diagnostic methods are hard to reach.

Conclusion

This study showed that a low-cost, non-selective MQ sensor
array can identify different VOCs and estimate their concen-
tration when it is combined with multivariate analysis. In the
PCA result, the six VOCs were separated into clusters in the
PC1-PC2 space, and the Random Forest classifier showed an
overall accuracy of 0.83. The PLS regression also showed
an R2 of 0.98 and an RMSE of 8.77 ppb for acetone in the
50–200 ppb range. And on the actual device, the PLS predic-

tion followed the GC-MS reference with an R2 of 0.9900 from
50 ppb to 5 ppm. From these results, it can be seen that the
difficult part of the analysis moves from the sensor selectiv-
ity to the statistical model, so that inexpensive sensors can be
used for VOC quantification within a limited range.

Based on this, the breath VOC model was trained for dia-
betes screening, and the XGBoost model showed a test ROC-
AUC of 0.9861 on the synthetic data. The trained model was
embedded into a portable Arduino-based device with six gas
sensors and an HM-10 Bluetooth module, which sends the
data to a mobile application and runs the breath test without a
computer. The component cost of the device was under about
60 US dollars, i.e., much lower than the analytical instruments
used for breath analysis.

Several limitations still remain. The breath VOC data used
for training was synthetic, not collected from real patients. So
the performance on real patients may be lower than the value
reported in this research. Furthermore, the sensor array of
the device is not exactly the same as the one in the training
data. This can cause a domain shift in the Rs/R0 distribu-
tion. The effect of humidity and temperature was also not con-
trolled in this study. Future work should focus on collecting
real breath from diabetic and non-diabetic patients together
with their clinical results, so that the model can be trained and
tested on real data. Age and BMI are patient-reported risk fac-
tors, and these could be combined with the breath result for
a more complete risk estimate. This was also left as future
work. A humidity sensor and a calibration step can be added
to the device to reduce the noise from the environment. If
these problems are solved, DiaBreath can be helpful as a low-
cost screening tool for the A1C blood test, especially in the
regions where undiagnosed diabetes mellitus is common.
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