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BLOOD GLUCOSE MEASUREMENT AND DEVELOPMENT OF BREATH 

BLOOD GLUCOSE METER PROTOTYPE WITH MOBILE APPLICATION 

FOR DIABETIC PATIENTS 
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Thesis Advisor: 

Prof. Dr. Tamila ANUTGAN 

2nd Advisor 

Assist. Prof. Dr. Hakan YILMAZ 
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Diabetes Mellitus (DM), characterized by high blood glucose (BG) levels, can be 

controlled if monitored continuously. BG is commonly followed via a home-based 

glucometer, but due to its invasiveness patients reduce the frequency of the BG 

measurements. Non-invasive BG measurement methods proposed in the literature 

usually have insufficient data, include complex systems and are not comprehensively 

discussed because some parameters related to patients are not considered. In this thesis, 

a cheap, reliable, reproducible, accurate breath blood glucose meter (BBGM) for non-

invasive BG measurement was developed.



v 

Firstly, 5 commercial metal oxide semiconductor (MOS) gas sensors were tested to 

determine the most suitable to be used in BBGM.  

Then in the preliminary study, BA data via BBGM and BG data via home-based 

glucometer were collected from non-diabetic (ND) and DM volunteers. After training 

the collected 141 data with 3 different machine learning (ML) methods, the most 

successful method gave 0.89 R2 score. 

Afterwards, in the study conducted in the clinical environment, BA data were collected 

by BBGM, while BG data were extracted from venous blood. As a result of the training 

of the collected 415 data with 4 different ML methods, the most successful method 

resulted in 0.986 R2 score. The effect of the biological parameters of the volunteers on 

the training was evaluated. 

It was shown that the high training scores can be obtained for both preliminary and 

clinical environment studies by only measuring BA values via BBGM and using some 

biological parameters to estimate BG values with acceptable error. 

 

Key Words : Blood glucose, Diabetes Mellitus, Breath acetone, MOS gas sensor, 

Machine learning, Breath blood glucose meter 

Science Code :  92505
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ÖZET 

 

Yüksek Lisans Tezi 

 

 NEFES İLE KAN ŞEKERİ ÖLÇÜMÜ ARASINDAKİ İLİŞKİNİN 

İNCELENMESİ VE DİYABET HASTALARI İÇİN MOBİL UYGULAMALI 

NEFESTEN KAN ŞEKERİ ÖLÇÜM CİHAZI PROTOTİPİNİN 

GELİŞTİRİLMESİ 

 

Taleh BİNNATOV  

 

Karabük Üniversitesi 

Lisansüstü Eğitim Enstitüsü 

Biyomedikal Mühendisliği Anabilim Dalı 

 

Tez Danışmanı 

Prof. Dr. Tamila ANUTGAN 

2. Danışman 

Dr. Öğr. Üyesi Hakan YILMAZ 

Haziran 2023, 62 sayfa 

 

Yüksek kan glukozu (BG) seviyeleri ile karakterize olan Diabetes Mellitus (DM) 

sürekli izlendiği takdirde kontrol altına alınabilir. BG genellikle ev-tipi glukometre ile 

takip edilmektedir, fakat yöntemin invaziv olması sebebiyle hastalar BG ölçüm 

sıklığını azaltmaktadır. Literatürde önerilen non-invaziv BG ölçüm yöntemleri 

genellikle yetersiz sayıda veriye sahip, karmaşık sistemler içerir ve hastalara ait bazı 

parametreler dikkate alınmadığından kapsamlı bir şekilde ele alınmamıştır. Bu tezde 

ise non-invaziv BG ölçümü için ucuz, güvenilir, tekrarlanabilirliği ve doğruluğu 

yüksek bir nefesten kan glukozu ölçüm cihazı (BBGM) geliştirilmiştir.  
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İlk olarak, BBGM cihazında kullanıma en uygun sensör için 5 adet ticari metal oksit 

yarıiletken (MOS) gaz sensörünün testleri yapılmıştır.  

Ardından, yapılan ön çalışmada diyabetik olmayan (ND) ve DM gönüllülerinden 

BBGM cihazı ile BA verileri ve ev-tipi glukometre ile BG verileri toplanmıştır. 

Toplanan 141 verinin 3 farklı makine öğrenmesi (ML) yöntemi ile eğitimi sonrası en 

başarılı yöntemle 0,89 R2 skoru elde edilmiştir.  

Daha sonra klinik ortamda yapılan çalışmada BA verileri BBGM ile BG değerleri ise 

venöz kandan toplanmıştır. Toplanan 415 verinin 4 farklı ML yöntemi ile eğitimi 

sonucunda en başarılı yöntemle 0,986 R2 skoru elde edilmiştir. Gönüllülere ait 

biyolojik parametrelerin eğitime olan etkisi değerlendirilmiştir. 

Hem ön çalışma hem de klinik çalışma için elde edilen yüksek eğitim skorlarının 

sadece BBGM ile ölçülen BA değerleri ve hastaların bazı parametreleri ile BG 

düzeylerinin kabul edilebilir hata içinde tahmin edilebileceği gösterilmiştir. 

 

Anahtar Kelimeler  :  Kan glukozu, Diabetes Mellitus, Nefesteki aseton, MOS gaz 

sensörü, Makine öğrenmesi, Nefesten kan glukozu ölçüm 

cihazı 

Bilim Kodu :   92505 
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CHAPTER 1  

 

INTRODUCTION 

 

It is well known that when insulin, which enables the glucose in the blood to enter the 

cell and turn it into the energy, is not produced enough and/or the cells do not respond 

to insulin well, the blood glucose (BG) level rises. Such high BG characterizes a 

rapidly spreading chronic metabolic disease, Diabetes Mellitus (DM) [1]. According 

to the International Diabetes Federation Atlas 2019 data, the number of people with 

DM is predicted to reach 578 million by 2030 [2]. The most important metabolic 

complications of DM caused by a severe hyperglycemic state are diabetic ketoacidosis 

(DKA) and/or hyperglycemic hyperosmolar syndromes. In addition, in the long term, 

DM may cause damage to the blood vessels in the retina (diabetic retinopathy), to the 

kidney at the microvascular level (nephropathy), DM may lead to the diabetic foot 

ulcer, the peripheral neuropathy (amputation and Charcot joint disease) and the 

autonomic neuropathy (damage in the cardiovascular, gastrointestinal, genitourinary 

and neurovascular systems). Also, people with DM exhibit more abnormalities of 

lipoprotein metabolism and hypertension [1]. 

 

As proposed by the American Diabetes Association, it is still accepted to identify type 

1 diabetes (T1D) and type 2 diabetes (T2D) as common classes of DM. While T1D 

occurs due to the destruction of β cells that secrete insulin in the pancreas, T2D occurs 

mainly due to the insulin resistance mostly caused by obesity [3]. In either case, 

glycemic control is important for DM management. Therefore, people with DM should 

monitor their BG levels several times (2-5) per day by self-monitoring of BG (SMBG) 

technique via home-based glucometer measurements [4]. The recommended number 

of measurements for T2D patients is at least 2 times a day [5], whereas for T1D is 6-

10 times a day [6]. Since a blood sample is taken from the finger during each BG level 

measurement, DM patients do not reach this recommended number of measurements
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in practice. Indeed, there are situations when T2D patients do not check their BG level 

even for months because of the invasiveness of this SMBG procedure. 

To overcome the invasiveness problem of the home-based glucometer, different non-

invasive BG level measurement techniques were proposed up to now and the 

promising one is to estimate BG level from the breath because the BG values are found 

to be related to the volatile organic compounds (VOC) in the exhaled breath, 

specifically to the breath ethanol and acetone concentration [7]. Since the breath 

ethanol concentration is much lower than the acetone one [7], BG is usually correlated 

solely with the acetone concentration in the breath. This correlation is based on the 

fact that the rise of BG levels in DM patients starts when their body can not use glucose 

as energy and as a response to this energy deficiency their liver burns fat as an 

alternative fuel source. During this fat-burning, ketone bodies are formed: acetone 

(C3H6O), acetoacetate (C4H6O3) and 3-β-hydroxybutyrate (3HB). Since acetone is 

more volatile than other ketones, it is present in the exhaled breath [8]. Acetone smell 

in the breath is observed also for nondiabetic people (ND) who are hunger and/or 

exercising for a long time so that they experience fat burning process [9]. There are 

already commercially available non-invasive portable small-sized ketone breath 

analyzers replacing urine strips or blood ketone invasive devices [10, 11]. These 

ketone breath analyzers provide the users of a ketogenic diet with the level of their 

ketosis state, but it is a rough classification of the measured acetone concentration in 

the exhaled breath. On the other hand, for DM patients the research is based on the 

delicate correlation of the breath acetone (BA) concentration with the BG values, 

which is a much more complex problem. In addition, DM patients (mostly T1D) 

sometimes may experience very fast fat burning, which rises their BG level and at the 

same time ketones, so that the blood becomes acidic, i.e. DKA process [12]. As a 

result, during DKA, a strong acetone smell is developed in a breath with an acetone 

concentration even much higher than for the ND individuals undergoing starvation 

ketosis [11]. On the other hand, T2D patients during hunger, exercising, and/or 

ketogenic diet may experience fat burning just like an ND individual [13], so the two 

different reasons behind their fat-burning can overlap leading to a more complex 

relationship between their exhaled acetone concentration and BG level. Therefore, in 

order to comprehensively examine the relationship between BA and BG, it is necessary 

to consider the patient's satiety status, DM class and biological parameters as well as 
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BA. With this motivation in this thesis, it is aimed to estimate the amount of BG 

according to the BA concentration by taking into account the patient’s parameters. 

In the second part of this thesis, the literature review for studies examining the 

relationship between BA and BG is summarized. In the third chapter, experimental 

device construction, breath tests and comparison of sensors are explained. In the fourth 

chapter, the establishment of breath blood glucose meter (BBGM) is described. In the 

fifth chapter of the thesis, the preliminary study with the prototype device is explained. 

In the sixth chapter, the experimental work performed with the prototype device in the 

clinical envitonment is presented. In the seventh chapter of the thesis, the results of the 

preliminary and clinical studies are summarized. 

  



4 

CHAPTER 2 

 

LITERATURE REVIEW 

 

Since the BA is of the order of parts per million (ppm), it is not easy to detect it 

accurately. Trotter et al. presented in 1971 the first quantitative detection of acetone 

from the exhaled breath using the gas chromatography (GC) technique and found a 

positive linear relationship between GC-measured BA and plasma acetone (standard 

chemical method) for 9 patients with DKA [14]. As a result, BA was shown to reffect 

the Blood acetone which is turn affected by BG. 

 

In the other study, where GC Mass Spectrometry (GC-MS) technique was used, the 

breath measurements were taken within 120 minutes from the volunteers subjected to 

Oral Glucose Tolerance Test (OGTT). By multiple linear regression (MLR) method it 

was found that the BA concentration was associated with BG with the correlation 

factor (R) 0.95 [7]. In another work, the amount of BA in 30 T2D fasted volunteers 

and 28 ND fasted volunteers was analyzed by Headspace Solid-Phase Microextraction 

(HS-SPME) and GC-MS [15]. As a result, these GC methods are concluded to be 

sensitive but are of high cost, have low portability due to heavy equipment, can not be 

used for real-time analysis and their usage is difficult. 

 

In addition to the GC methods, various other techniques were used to measure BA and 

determine its relationship to BG: cavity ring-down spectroscopy (CRDS) based breath 

analysis system [16-17], CMOS Micro-electromechanical system-based (MEMS) 

system [18], an electronic nose based on a Quartz Crystal Microbalance (QCM) sensor 

system [19], Nuclear Magnetic Resonance (NMR) technique [20]. 

 

To examine the relationship between BA and BG, Sun et al. developed a CRDS-based 

BA analyzer [16]. 20 T1D patients and 5 ND volunteers who fasted for 8 hours blew 

into approximately 100 mL breathing gas bags for 30 days.  A total 600 measurements



5 

were taken and analyzed with the LaserBreath-001 device based on the CRDS 

technique. In addition, daily continuous monitoring of subjects' BG and blood ketones 

was performed. For 20 outpatient T1D patients, the range of BA concentrations ranged 

from 0.5 to 49.5 ppm with an average of 3.1 ppm, while in ND subjects BA ranged 

from 0.2 to 6.2 ppm with an average of 1.9 ppm. As a result it was reported that no 

correlation was observed between BA and BG [16]. 

 

On the other hand, Rabih et al. proposed MEMS sensor device for non-invasive 

screening of DM [18]. The sensing mechanism of the sensor depends on the change in 

mass of the moving plate after the adsorption/desorption of acetone on the surface of 

the sensing layer. After the frequency change, the signal is digitized by the measuring 

unit. Synthetic acetone vapor was used experimentally in that study. It was reported 

that the sensor had a linear relationship between 0.5-5 ppm for acetone measurement 

and R of 0.93 was calculated. In addition, cross-sensitivity testing of the sensor was 

performed for 5 ppm 2-propanol and methanol. However, the sensor was 24% and 

33% less responsive to 2-propanol and methanol, respectively, compared to acetone. 

Measurement with this method requires a multi-component system, extra power 

supply, and multiprocessing. In addition, the response time of the sensor (7 minutes) 

and reset time (1 minute) last longer than other methods. The shift of the baseline of 

the output voltage of the system, which working principle depends on the frequency, 

affects the measurement accuracy [18]. 

 

In another study, it was aimed to determine human BG and HbA1c levels from the 

exhaled breath as a non-invasive method with the help of an electronic nose system 

based on QCM sensors [19]. Composed of a chemical sensing mechanism such as a 

set of electronic sensors and a pattern recognition mechanism such as a neural network, 

electronic noses can identify many different physical and chemical compounds and 

odors by converting them into quantities like frequency and voltage. Samples taken by 

30 patients blowing into a breathing balloon were examined with 9 QCM sensors. 

QCM sensors naturally generate a curve for each breath sample. The frequency 

differences between the peak and trough in this curve indicate the density of gas 

molecules. Each sensor's response to the sample is different. All sensor responses were 

analyzed for each patient, and the sensors with the most appropriate response were 
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used to train the neural network. In that work, radial basis function neural networks 

were preferred because they give better educational results in clustered data sets and 

perform better in function convergence problems. Thanks to the radial basis function, 

in practice, by changing the mesh weights and continuously spreading the coefficient 

factor, the most suitable constants are found, so that the most suitable mesh for the 

data group is created. In the program written in Matlab, the data was used with the 

desired clustering method with the K-fold cross-validation test and the radial function 

diffusion range was changed randomly and continuously. The number of neurons in 

the hidden layers was limited to 50 due to a lack of data. By subtracting the obtained 

artificial neural network (ANN) results from the normal, BG and hemoglobin A1C 

(HbA1c) estimation values were found. Accordingly, training results showed an 

accuracy rate of 74.76 % for the glucose parameter and an accuracy rate of 83.03 % 

for HbA1c [19]. However the system included costly multi-process complex systems. 

 

Luaibi et al. reported in their study that NMR is a promising technique for non-invasive 

BG measurement [20]. In that study, the results obtained from 2 human subjects with 

an error rate of 3 % to 14 % showed applicability of the technique. However, the 

number of the tests should be increased for the system accuracy. In addition, the system 

has disadvantages such as being expensive and requiring different calibrations for each 

sample [20]. 

 

In summary, some of the above described methods and systems are costly, difficult to 

use (GC), some require a calibration procedure (CRDS), some are easily perishable 

and have limited sensitivity (MEMS), and some have costly multi-process complex 

systems (QCM) [21]. In addition, some of these studies reported no or weak 

association between BG and BA [16-17]. 

 

On the other hand, it is more appropriate to use MOS based gas sensors with high 

sensitivity, low cost and simple measurement for the same purpose [22-27]. 

 

In one of the BG and BA classification studies, a sensor system consisting of 12 MOS 

sensors (Figaro) was used for the collection and analysis of breath samples from DM 

patients. Respiratory data were obtained using breathing balloons from a total of 192 
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fasting DM patients, 123 T2D patients and the rest with T1D and other types of DM. 

Afterward, the fasting BG levels of the subjects were measured. BA according to the 

hunger BG levels, the data were classified into 4 categories as “well-controlled”, 

“slightly controlled”, “poorly controlled” and “uncontrolled” using the support vector 

ordinal regression (SVOR) method. In addition to SVOR, support vector machine 

(SVM) and sparse representation-based classification (SRC) were also used as 

classifiers. As a result, it was found that SVOR (68.66 %) outperformed SRC and SVM 

in solving sequential problems from a medical point of view [22]. Unfortunately, the 

result showed that the classification accuracy for the clinical application of that system 

was too low [22]. 

 

In another classification study, a new breath analysis system based on the e-nose 

principle was proposed for the diagnosis of DM. Yan et al. used the k-nearest neighbor 

(KNN) classification in 2 categories with more data (294 ND+294 DM) [23]. An array 

of 7 chemical MOS sensors was used to acquire breath data. Data were collected from 

DM volunteers and ND individuals. Half of the collected data (equal number of data 

for both categories) was used for classification training and the other half for testing. 

The results showed that the system can distinguish ND and DM samples with simple 

feature extraction and classification algorithms. It was reported that the uncontrolled 

DM samples were different from ND human samples and that the controlled DM 

obesity did not affect respiratory values [23]. 

 

Lekha et al. proposed the use of a 1-dimensional (1D) modified convolutional neural 

network (CNN) algorithm, which combined feature extraction and classification 

techniques of breath signals for DM classification [24]. A total of 25 signals were 

collected from ND, T1D, and T2D subjects with MQ3 and MQ5 MOS sensors. 15 

examples were used for training and 10 examples for testing the classifier. It was 

reported that the proposed approach significantly reduced the limitations associated 

with using these techniques separately, thereby further improving the performance of 

the classifier [24]. It should be noted that in these classification studies, BG values 

were not obtained after training, they only reported the ranges of BG levels. It is known 

that training should be given in the classification study to achieve high accuracy. 
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In another study in order to detect exhaled acetone concentrations below the detection 

limit of gas sensors, a microsystem in low temperature co-fired ceramics (LTCC) 

technology was introduced [25]. An array of 6 MOS gas sensors (Figaro) was used as 

the detector unit for acetone detection. First BA and BG measurements of 8 ND 

volunteers and 10 T1D volunteers included in the study were taken during 8 hours of 

fasting. Afterwards, BA and BG values of the subjects were measured again with 1-

hour intervals for 7 hours after the meal. As a result, it was observed that exhaled 

acetone levels were higher in DM volunteers than in ND patients, so the fasting period 

affected acetone levels in DM volunteers and a linear relationship was found only for 

some patients [25]. 

 

Thati et al. used an acetone-sensitive tin oxide sensor (Figaro-TGS822) to detect the 

acetone concentration in the exhaled breath [26]. The sensing principle of the sensor 

is based on changes in electrical conductivity due to reactions between the oxygen on 

the sensor surface and the measured gas. The resistance of the sensor varies depending 

on the amount of acetone present and can be detected with a potential divider circuit. 

In that study 30 volunteers blew into a 215 cm3 chamber containing a temperature and 

humidity sensor as well as a gas sensor. Then, the volunteer's BG value was measured 

with a home-based glucometer (Accucheck). Data from sensors and glucometer were 

trained using an ANN. Using the proposed system after training, BG was estimated to 

be within a margin of error of ±7.5 mg/dL [26]. 

 

In a recent promising study, 100 breath data from 100 DM subjects were collected by 

a linear regression classifier with only one feature was used to train these data, 

resulting in a correlation score of 0.92 [27]. 

 

As a result of the literature review it was concluded that the use of the commercial 

MOS-based sensors for BA mrasurements is pratical and non-expensive. In addition, 

it was concluded that the DM class, satiety state & other biological parameters should 

be added in the training of the data to obtain a healthy correlation between BA and BG 

values.  
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CHAPTER 3 

 

EXAMINATION OF BREATH ACETONE BY MASS SPECTROSCOPY, 

SETTING UP A DEVICE COMPRISING DIFFERENT AIR QUALITY 

SENSORS, CONDUCTING BREATH TESTS AND ANALYZING 

EXPERIMENTAL DATA 

 

3.1. MASS SPECTROSCOPY EXPERIMENTS 

 

Before conducting experiments of BA detection by the MOS-based sensors the 

detectability of acetone in exhaled breath was examined by mass spectroscopy device 

(HIDEN Ins., Figure 3.1).  

 

 
 

Figure 3.1. An experiment of the detection of acetone from breath by mass 
spectroscopy device. 
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Firstly, background spectrum of the vacuum chamber before blowing in it was 

measured Figure 3.2 (a). Then the spectrum was again obtained Figure 3.2 (b) after 

blowing into the vacuum chamber. As can be seen from these graphs, acetone base 

peak (amu=43) [28] and carbon dioxide base peak (amu=44) [29] appeared after 

blowing together with the background spectrum. 

 

This indicates that the acetone is present in an exhaled breath with the detectability 

level close to the carbon dioxide. Thanks to this relatively high amount of the BA most 

of the MOS-based sensors are able to measure it after blowing on them. 

 

 
 

Figure 3.2. a) Background value before blowing, b) Obtaining acetone and carbon 
dioxide peaks after blowing 
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3.2. FEATURES OF USED MOS GAS SENSORS 

 

5 MOS gas sensors sensitive to volatile organic compounds such as acetone were 

selected to find the most suitable sensor to be used in the determination of acetone 

levels in the breath. MOS is used to detect various gases in the environment and to 

measure gas concentration. The concept of MOS was first discovered in the 1960s by 

researchers who observed changes in the electrical conductivity of metal oxide 

materials when exposed to different gases [30]. The detection mechanism of MOS gas 

sensors is due to the reactions occurring between the target gas and the sensor surface. 

The sensor contains the heater and the MOS material on the ceramic substrate. The 

contact of gases with the surface of MOS gas sensors, which have chemical resistance 

features, increases the conductivity of the sensor, so the change in conductivity values 

is converted to the concentration of the target gas. Contact with the surface of the gases 

allows the MOS to remove more electrons in the conduction band. Therefore, the 

conductivity of MOS depends on the concentration of the target gas [31-33]. 

 

Grove Air Quality Sensor v1.3 module (AQS) with Mp503 sensor, MQ3, MQ135, 

TGS822, TGS2602 sensors were selected to be used in the test device. The 

specifications, applications and sensitivity features of these sensors are given in Table 

3.1. 

 

Table 3.1. Specifications, applications and sensitivity features of the AQS, MQ3, 
MQ135, TGS822 and TGS2602 gas sensors used in the test device. 
 

Sensors Specifications Application Sensitivity Features 

AQS [32,33] 
 

 

• High sensitivity 

• Low power 

consumption 

• Long lifetime 

• Good stability 

• Quick response  

• Automatic preheat 

function 

• Warm-up between 

10-180 seconds 

 

• Air cleaner 

system 

• Clean air system 

• Smart integrated 

ceiling 

• Air quality 

detector 

• Fan 

• Air conditioning 

 

Detection of 1-50 ppm 

acetone, toluene, 

formaldehyde, methyl, 

alcohol, breath (within 

the AQS module) 
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MQ3 [34] 
 

 

• High sensitivity to 

alcohol 

• Low sensitivity to 

gasoline 

• Quick answer 

• High sensitivity 

• Stable and long 

lasting 

• Simple driver 

circuit 

• Alcohol control 

devices 

• Alcohol meters 

Detection of alcohol, 

gasoline, methyl, 

hexane, LPG, carbon 

monoxide between 1-

100 ppm 

 
MQ135 [35] 

 

 

• Quick answer 

• High sensitivity 

• Stable and long 

lasting 

• Simple driver 

circuit 

• Air quality 

control systems 

Detection of carbon 

monoxide, carbon 

dioxide, alcohol, 

methane, toluene, 

acetone between 10-200 

ppm 

TGS822 [36] 
 

 

• High sensitivity to 

VOCs 

• High stability and 

reliability over a 

long period of time 

• Long lifetime 

• Uses a simple 

electrical circuit 

• Wide detection 

scope 

 

• Breath alcohol 

detectors 

• Gas leak 

detectors/alarms 

• Solvent detectors 

for 

semiconductors 

Detection of 50-5000 

ppm methane, carbon 

monoxide, isobutane, n-

hexane, benzene, 

ethanol, acetone 

TGS2602 [37] 
 

 

• High sensitivity to 

VOCs, gaseous air 

pollutants, odorous 

gases 

• low power 

consumption 

• Long lifetime 

• Uses simple 

electrical circuit 

• Small-sized 

• Air purifiers 

• Ventilation 

control 

• Air quality 

monitors 

• VOC monitors 

• Odor monitors 

Detection of hydrogen, 

ammonia, ethanol, 

toluene between 10-30 

ppm, 

Detection of hydrogen 

sulfide between 0.1-3 

ppm 

 

Among the selected gas sensors MP503 is a gas sensor with high sensitivity against 

acetone, toluene, formaldehyde, methane, and alcohol combinations between 1-50 

ppm. In addition, the availability of this sensor for the breath detection within the AQS 
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module has been reported [32]. The most prominent features of the MP503 sensor are 

fast warming up, fast resetting, good stability, quick response, low power consumption 

and long service life. The sensor is reported to have been calibrated prior to shipment. 

Each time the sensor is connected to power, preheating is performed between 10-180 

seconds with the automatic preheating function. Preheating is important as it affects 

the correct measurement of the sensor. MP503 is used in air cleaner and fresh air 

systems, smartly integrated ceilings, air quality detectors, ventilators and air 

conditioners [33]. As it concluded later, in this thesis BBGM device uses AQS with an 

MP503 sensor. 

 

In addition to the MP503 sensor 2 gas sensors of the MQ series were used in the test 

device: MQ3 and MQ135. MQ3 is a fast-responding, stable and long-lasting gas sensor 

with a simple driver circuit that can detect 1-100 ppm alcohol, gasoline, methane, 

hexane, LPG and carbon monoxide compounds [34]. The sensitivity of this sensor is 

high to alcohol and low to gasoline. MQ3 is widely used in alcohol control devices 

and breathalyzers [34]. MQ135 sensor is sensitive to combinations of carbon 

monoxide, carbon dioxide, alcohol, methane, tolen and acetone in the range of 10-200 

ppm [35]. Quick response, stable and long lifetime of this sensor with a simple driver 

circuit are important features. MQ135 is used in air quality control systems for 

buildings and offices. 

 

The last 2 sensors used in the test device study are TGS822 and TGS2602 from the 

Figaro TGS series. TGS822 can detect and measure methane, carbon monoxide, 

isobutane, n-hexane, benzene, ethanol and acetone in the range of 50-5000 ppm [36]. 

The sensor's high sensitivity to VOCs and wide detection scope are its most important 

features. It has been reported that the TGS822 sensor, which has a simple electrical 

circuit, has a long service life, measures high stability and high reliability throughout 

the period. This sensor is used as breath alcohol detectors, gas leak detectors/alarms 

and solvent detectors for semiconductors [36]. TGS2602 sensor detects hydrogen 

between 10-30 ppm, ammonia, ethanol, toluene and hydrogen sulfide between 0.1-3 

ppm [37]. TGS2602, which has a simple electrical circuit, shows high sensitivity to 

VOCs, gaseous air pollutants and odorous gases. Low power consumption, long 

lifetime and small dimensions are other important features of this sensor. The 
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TGS2602 sensor has areas of use such as air purification systems, ventilation control, 

air quality monitors, VOC monitors and odor monitors [37]. 

 

3.3. CIRCUIT DESIGN FOR THE TEST DEVICE  

 

In the test device Arduino Nano integrated development board was used to obtain the 

5 gas sensor values and display them on the computer. Connections of the 5 sensors 

with Arduino were made. Because the AQS, MQ3 and MQ135 sensors used are in the 

form of modules, grounding (GND), power supply (VCC-5V) and analog inputs were 

connected. Since these sensors have internal resistance (AQS-10K Ohm, MQ3-200K 

Ohm, MQ135-20K Ohm), no resistance was added to the circuit [32, 34, 35]. A 10K 

Ohm resistor was added in the circuit of TGS822 and TGS2602 gas sensors. The 

design of the test device circuit design is shown in Figure 3.3 and its constructed circuit 

is provided in Figure 3.4. 

 

 
 
Figure 3.3. The design of the test device circuit: a) Arduino Nano, b) AQS, c) MQ3, 
d) MQ135, e) TGS, f) TGS2602, Resistor-10k Ohm. 
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Figure 3.4. The constructed circuit of the test device. 

 

3.4. ARDUINO CODING OF THE TEST DEVICE 

 

After constructing the circuit, the Arduino coding of the test device was done. All 

necessary libraries were defined. To read the analog signal analog pin, mq3, mq135, 

mp503, tgs822 and tgs2602 were defined as variables. The values obtained from the 

A1, A2, A3, A4, and A5 pins were transferred to the mq3, mq135, mp503, tgs822 and 

tgs2602 variables respectively and the values were displayed on the serial port screen. 

The created Arduino code is provided in Figure 3.5, while the serial port screen image 

is given in Figure 3.6. 

 

                      
 

Figure 3.5. The created Arduino code of the test device.  
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Figure 3.6. Serial port screen of the test device. 

 

3.5. THE DESIGN OF THE TEST DEVICE 

 

The design of the test device was made with the Fusion 360 program. The technical 

drawings of 5 sensors were added to Fusion 360 to determine the test device 

dimensions and sensor locations. The 5 sensors were positioned to fit the circular 

region and to ensure that the sensing part is at the same height (Figure 3.7). The sensor 

chamber was designed in a way to ensure that the gases are measured in a fast and 

accurate manner by the sensors without spreading. 4 holes were added to the chamber 

for a quick reset of the sensors after the measurement is done. The body part of the test 

device was designed by taking into account the Arduino Nano and all connection 

dimensions. A cable entry for Arduino Nano was added to the body. Finally, the 

blowing cover was designed. The whole test device design is provided in Figure 3.8. 
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Figure 3.7. The sensor chamber and body of the test device with added 5 sensors. 

 

 
 

Figure 3.8. The design of the test device: a) blowing cover, b) sensor chamber, c) body. 
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The whole test device design was printed with a 3D printer (Figure 3.9) and the circuit 

elements were assembled. The final version of the assembled test device is given in 

Figure 3.10. 

 

   
 

Figure 3.9. The test device parts printed with a 3D printer. 
 

   
 

Figure 3.10. The final version of constructed test device. 

 

3.6. BREATH TESTS CONDUCTED VIA CONSTRUCTED TEST DEVICE 

 

The preheating process was carried out in order to ensure stable operation and accurate 

measurement of the gas sensors in the test device. For this, the test device was heated 

by connecting it to the power supply for 7 days. After the ambient values were 

stabilized, breath tests were performed with the test device.  
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The test device was connected to the computer and preheated before each 

measurement. When the ambient sensor values were stable and suitable for the 

measurement, the device was blown from the blowing cover with a disposable 

mouthpiece. After blowing, the change in the sensor value was observed and the 

maximum values of each sensor were noted on the Arduino serial port screen. These 

data were transferred to the data set. A total of 67 breath data were collected from 5 

people. These subjects did not use alcohol at least 24 hours before blowing and did not 

smoke at least half an hour before blowing. In addition, these subjects did not have 

any disease affecting their breathing. The subjects did not eat food or snacks that would 

cause odor, such as garlic and did not drink odor-inducing beverages at least 2 hours 

before blowing. 

 

3.7. ANALYSIS OF THE BREATH DATA COLLECTED FROM THE TEST 

DEVICE 

 

Since the TGS822 sensor was used in some studies for BA measurement in the 

literature and reasonable results were obtained and the sensor evaluation of the test 

device at hand was based on this sensor [26]. 67 data of TGS822 were listed in 

ascending order according to which graph of TGS822, AQS, MQ3, MQ135, TGS2602 

sensor values were drawn with the Origin program (Figure 3.11). In addition, a 4-

period moving average was added to the graphs to follow the curves and examine them 

more thoroughly.  
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(a) 
 

   
 

                                   (b)                                                                  (c) 
 

    
 

                                   (d)                                                                   (e) 
 
Figure 3.11. BA measurements collected by the test device with different gas sensors: 
a) TGS822, b) AQS, c) MQ3, d) MQ135, e) TGS2602. 
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When the moving averages of the AQS, TGS2602 and MQ135 curves are examined, 

it is seen that they are similar to the TGS822 sensor curve, whereas the MQ3 sensor 

responds quite differently to the same blows. Therefore it was concluded that the MQ3 

sensor usage for BBGM device in unreasonable. 

 

3.8. COMPARISON OF THE AIR QUALITY SENSORS USED IN THE TEST 

DEVICE 

 

In addition to the BA response characteristics, the performances of the sensors were 

compared according to their warm-up, response and reset times, sensitivity, selectivity, 

stability, ease of use, size, price and accessibility (Table 3.2) [38].  

 

Table 3.2. Comparison of the air quality sensors used in the test device. 
 

Sensor Preheat 
time 

Response 
time 

Reset 
time 

Price 
(TL) 

Accessibility 

AQS 3 dk 5-15 s 15-35 s 275 + 

MQ3 14 dk 15-25 s 90-120 s 45 + 

MQ135 12 dk 15-25 s 90-150 s 50 + 

TGS822 10 dk 20-30 s 45-180 s 800 - 

TGS2602 6 dk 20-30 s 55-200 s 400 - 

 

The preheating times of the sensors were measured since all sensors had to be 

preheated before each measurement in order to obtain stable data. It takes 3 minutes 

for the AQS sensor to be ready for stable measurement, while for the TGS2602, 

TGS822 and MQ135 sensors, this time is 6, 10 and 12 minutes, respectively. The 

sensor requiring the longest preheat time was determined to be MQ3 one. As can be 

seen from the response times of the sensors reported in the Table 3.2, all sensors detect 

the BA value within a certain period of time with maximum 30 seconds. It was 

observed that MQ and TGS series sensors have similar response times among 

themselves. As a result of the blowing tests, it was found that the MQ3 and MQ135 

sensors detect the maximum breath value in the range of 15-25 seconds, while the 

TGS822 and TGS2602 sensors in the range of 20-30 seconds. However, the AQS 

sensor responds to the breath more quickly, in 5-15 seconds. Response time, as well 
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as reset time, are important for fast measurements. It was observed that the TGS2602 

and TGS822 sensors take a minimum of 45 seconds and a maximum of 200 seconds 

to return to the ambient value before the next blowing can be done. This time varies 

between 90-150 seconds for MQ3 and MQ135 sensors. It was observed that the AQS 

sensor is reseted within 15-35 seconds. When evaluated in terms of price and 

accessibility, MQ series sensors are available in Turkey in the range of 45 – 50 TL, 

while TGS series sensors are much more expensive: TGS822 – 800 TL, TGS2602 – 

400 TL. In addition, the TGS series sensors are not available in Turkey. AQS sensor 

module with a price of 275 TL is available in Turkey. 

 

On other hand AQS, MQ3 and MQ135 sensors were used as modules, while TGS822 

and TGS2602 were used as sensors. The use of the sensor is practical in that it is small 

in size, but it requires an additional resistor connection. However, the modules are self-

resistive in accordance with the sensitivity of the sensor. 

 

As a result of the comparison of the 5 sensors used in the test device, the AQS sensor 

was chosen to be used in the BBGM device based on the shortness of its preheat, 

response and reset times, its sensitivity to the breath value in the sensor guide, stability, 

ease of use and accessibility.
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CHAPTER 4 

 

SETTING UP AND EVALUATING A DEVICE WHICH MEASURES BLOOD 

GLUCOSE FROM THE BREATH ACETONE 

 

4.1. CIRCUIT DESIGN AND ARDUINO CODING OF THE DEVICE 

 

After selecting the appropriate gas sensor the circuit was designed to create a BBGM. 

In addition to the selected AQS sensor, the DHT22 temperature and humidity sensor 

was used to measure humidity and thus detect whether there is blowing into the device 

or not. A rechargeable battery to provide a power supply to the device, an OLED screen 

to display the BA, ambient values and other information, a switch to turn the device 

on/off, push buttons to reset the device and fix the values on the screen were added to 

the device circuit. All selected circuit elements were connected to Arduino Nano 

(Fiqure 4.1) and the Arduino code of the device was written and run. After all 

necessary libraries and sensor variables were defined, the BA measured analog values 

were transferred to these variables. Analog values were converted to ppm by the 

appropriate procedure (described in detail in section 4.3) and displayed on the OLED 

screen. 

 

 
 

Figure 4.1. The circuit design of BBGM device.
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4.2. 3D DESIGN, PRINTING AND ASSEMBLY OF THE BBGM DEVICE 

PROTOTYPE  

 

The BBGM device prototype was designed with the Fusion 360 program according to 

the selected circuit elements, connection and locations. In the program environment 

the circuit elements were assembled and the device was designed according to this 

assembly. The device design consisted of three parts: the top cover, the sliding cover 

and the body (Figure 4.2). The OLED screen was located on the top cover of the device 

for friendly use. A sliding cover was designed for faster resetting of the sensors. The 

blowing hole was designed on the sliding cover to blow into the device with a 

disposable mouthpiece. Another design to reduce the reset time of sensitive sensors 

after measurement was to add 3 holes to the top cover. The fix and reset buttons for 

the gas sensor values were placed on the front body of the device, while the hole for 

charging, on/off key switch was placed on the side part of the device’s body. 

 

 
 

Figure 4.2 General view of the designed BBGM device prototype: a) OLED screen 
location, b) mouthpiece hole – blow hole, c) reset holes, d) sliding cover, e) fix button 
of the gas sensor value, f) reset button of the gas sensor value, g) charging port, h) 
on/off key switch, i) back cover of the device’s body. 
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A sensor chamber was designed in the body of the device to reduce the effect of the 

external environment on the sensors and to accurately measure the trapped breath. In 

the body part, a cable entry (hole) was added to the design for the passage of cable 

connections. A total of 6 reset holes were drilled in the chamber walls to facilitate 

sensor’s reset (Figure 4.3). 

 

 
 

Figure 4.3. The design of the sensor chamber of BBGM device prototype: a) sensor 
chamber space, b) cable entry, c) reset holes. 
 

The device design was printed with a 3D printer and the circuit elements were 

assembled. The assembled BBGM device prototype is given in Figure 4.4. The patent 

application related to this original design of BBGM device was submitted to Karabuk 

University Technology Transfer Office. 
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Figure 4.4 The assembled BBGM device prototype: a) AQS, b) DHT22 sensors. 

 

4.3 CONVERTING ANALOG VALUES OF THE BBGM DEVICE TO PPM  

 

Since the values are read in analog form from the AQS sensor in the BBGM device, 

their correlation to the ppm values was performed. Looking at the sensitivity curve 

given in the technical file of the MP503 sensor, it is seen that there is a relationship 

between the Rs/R0 ratio and the acetone concentration in ppm, where Rs is the sensor 

resistance at various gas concentrations, R0 is the sensor resistance in fresh air [33].  

 

To make a convertion of analog values to ppm, first the sensitivity curve of the sensor 

was digitized. For this process, the sensitivity curve photograph of the AQS sensor 

was loaded into the digitizer as a 2D (X-Y) plot. The start and end points for the X and 

Y axes and the appropriate values in the graph image were entered. Horizontal and 

vertical intersection points were marked on the acetone curve. X and Y values of the 

curve points entered with the digitizer were obtained. The curve was drawn according 

to these values transferred to Excel program and the formula of the curve was obtained 



27 

(Figure 4.5, Equation 4.1). Since Y= Rs/R0 and X=ppm, X was found from Equation 

4.1 and it was written as in Equation 4.2. 

 

 
 

Figure 4.5. Acetone sensitivity curve of MP503 drawn using digitizer. 

 

Y=0.858*X-0.391              (4.1) 

 

PPM=(1.165*Rs/R0)-2.557              (4.2) 

 
With this formula of Equation 4.2, it is necessary to calculate the R0 and Rs values to 

determine the ppm value. Rs and R0 values are reported to be equal in fresh air. By 

definition, R0 is the sensor's resistance in fresh air, so in this case only Rs changes for 

each gas [32]. It is reported in the AQS technical file that the gas sensor at hand has a 

voltage divider circuit with Rs and Rl (load resistance). The Rl resistance for AQS is 

given as 10K Ohms in the sensor technical file [32]. The voltage divider circuit 

formula was adapted to the values and Rs was found from the formula given in 

Equation 4.3, where Vc is the circuit voltage (5V), Rl is the load resistance (10K Ohm) 

and VRl  is the voltage of load resistance. 

Rs = [(Vc x Rl) / VRl] – Rl              (4.3) 
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It was found that the maximum value obtained when the sensor is connected to a 5V 

power supply is equal to 800. Using this relationship, the AQS analog value was 

converted to VRl via the Equation 4.4, where a is the AQS analog value, b is the 

maximum analog value seen on the sensor when 5V is connected (b=800) and c is the 

power supply of the sensor (c=5V). 

 

Vrl = a/b*c                (4.4) 
 

In order to calculate the Rs value, firstly the analog value of the sensor (a) was 

measured in the 'fresh air'. The ambient value of the AQS sensor was determined as 10 

in the ventilated environment. According to this value, VRl was calculated using 

Equation 4.4 in Arduino code and R0 value was calculated using Equation 4.3. After 

defining the R0 value in the Arduino code, the Rs value was calculated in the same 

way. By adding Equation 4.2 to the Arduino code, the ppm value was calculated 

according to the Rs/R0 ratio and printed on the device screen. The device image with 

collected ppm value is given in Figure 4.6. 

 

  
 

Figure 4.6. The BBGM device measuring BA value in ppm. 

 

After writing algoritm for breath data collection in Arduino code and making device 

tests, the BBGM device was ready for the data collection.
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CHAPTER 5 

 

CONDUCTING PRELIMINARY WORK WITH THE CONSTRUCTED 

BBGM DEVICE  

 

In order to examine the relationship between BA and BG for the first time BA data 

were collected from the volunteers via constructed BBGM device prototype and their 

BG data were collected with a home-based glucometer. Thirty-seven volunteers with 

T1D, T2D and ND (control group) health status, who live in Karabuk/Turkey and have 

a wide range of age, height and weight characteristics were included in this preliminary 

study. T2D subjects were taking only 1 or 2 oral antidiabetic drugs per day, but not 

any injections. On the other hand, T1D subjects received at least 2 insulin injections 

per day. 

 

5.1. BA DATA ACQUISITION OF THE PRELIMINARY WORK 

 

All subjects blew into the BBGM device prototype with a disposable mouthpiece for 

an average of 1.5 seconds. After reseting the BBGM device the blows were repeated. 

3 blows were collected from each subject during each BA measurement. The average 

of these 3 values was recorded in the data set as the BA data. The following conditions 

were met during the collection of BA data: 

• All subjects were in normal respiratory rhythm; 

• All subjects did not have lung, liver, kidney or similar diseases that could affect 

the amount of exhaled BA; 

• All subjects did not eat fruit or other foods (eg garlic) that would cause a strong 

odor for at least 2 hours before blowing into the BBGM device; 

• All subjects did not drink an odorous beverage (eg coffee) at least half an hour 

before blowing into the BBGM device; 
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• All subjects did not eat snacks such as chewing gum, menthol candies, and did not 

do oral care (eg, mouthwash, brushing teeth) at least 1 hour before blowing into 

the BBGM device; 

• All subjects did not drink alcohol for at least 24 hours before blowing into the 

BBGM device; 

• Volunteers who smoke blew into the BBGM device at least half an hour after 

smoking; 

• If all subjects did not eat at least 3 hours before blowing into the BBGM device, 

they were labeled as “preprandial” (marked as “0” in the data set) and 

“postprandial” (marked “1” in the data set) for all subjects who received food 2 

hours ago. 

 

5.2. BG DATA ACQUISITION OF THE PRELIMINARY WORK 

 

After collection of each BA data the BG level was self-measured by volunteers using 

the same invasive commercial glucometer device Bayer Contour TS BG monitor with 

the disposable lancets and test strips. All volunteers pricked their middle finger and 

after wiping away the first two blood drops they extracted the third drop on the Bayer 

Contour TS test strip. BG values were self-measured by volunteers immediately after 

their BA data were collected by the BBGM device. 

 

5.3. INVESTIGATION ON THE CORRELATION BETWEEN THE 

COLLECTED BG AND BA VALUES, ANALYSIS OF THE DATA WITH 

MACHINE LEARNING 

 

The detailed characteristics of 37 people included in this preliminary study are 

provided in Table 5.1: 26 men, 11 women; 23-68 age range; 11 Normal Weight (NW), 

15 Pre-Obese (PO), 8 Obese Class 1 (OC1), 2 Obese Class 2 (OC2), 1 Obese Class 3 

(OC3); 26 ND, 7 T2D, 4 T1D. From 26 ND individuals 96 data: 35 preprandial, 61 

postprandial; from 7 T2D subjects 33 data: 7 preprandial, 26 postprandial; from 4 T1D 

subjects 12 data: 5 preprandial, 7 postprandial were collected. As a result, the total 

number of collected data was 141. On the other hand, a wide range of age and BMI 

was used in this preliminary study with the statistics summarized in Table 5.2. Also, 
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Figure 5.1 suggests that there is a weak second-degree correlation between the 

collected age and BMI data. Although the number of volunteers in the preliminary 

study was small (37), BMI and age ranges are statistically sufficient, since the 

correlation curve in Figure 5.1 is similar to the statistical correlation curve found 

before for very large populations [39, 40, 41]. The number of subjects versus BMI 

category for ND, T2D and T1D volunteers is provided in Figure 5.2. Here the ND 

subjects are found to have low BMI values, while T2D subjects possess high BMI 

values (PO and Obese) and T1D subjects’ BMI is in average related to PO. Even with 

such a low number of subjects at hand, the results of Figure 5.2 are consistent with the 

previous extensive studies: 50% of individuals with T2D are obese and approximately 

90% are PO [42], while 186 T1D patients were found to have higher BMI values than 

15,771 ND individuals [43]. In total, the volunteers of this preliminary study exhibit a 

wide range of age, BMI and DM classes that can be used for preliminary statistical 

examination. 

 

Table 5.1. The characteristics of the volunteers who participated in the preliminary 
study. (According to the World Health Organization (WHO), NW: 18.5−24.9 kg/m2; 
PO: 25.0−29.9 kg/m2; OC1: 30.0−34.9 kg/m2; OC2: 35.0−39.9 kg/m2; OC3: ≥40.0 
kg/m2 [39].) 
 

Subject Gender 
Age 

(years) 

BMI 

(kg/m2) 

BMI 

Category 

# of 

data 

Total # 

of data 

ND-1 M 23 21.9 NW 31  

ND-2 M 27 22 NW 2  

ND-3 F 51 31.6 OC1 1  

ND-4 F 36 21.5 NW 17  

ND-5 M 37 23.5 NW 14  

ND-6 M 34 33.7 OC1 5  

ND-7 M 30 28.4 PO 3  

ND-8 F 33 21.1 NW 1  

ND-9 M 35 26.5 PO 2  

ND-10 M 50 32.1 OC1 1  

ND-11 F 27 27.3 PO 2  

ND-12 F 31 37.7 OC2 2  

ND-13 M 30 19.9 NW 1 96 

ND-14 M 34 32.9 OC1 1  

ND-15 M 41 27.1 PO 1  

ND-16 M 35 24.2 NW 1  

ND-17 M 52 27.8 PO 1  
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ND-18 F 30 22.5 NW 1  

ND-19 M 60 26.1 PO 2  

ND-20 M 35 23.9 NW 1  

ND-21 F 38 27.1 PO 1  

ND-22 M 38 26.6 PO 1  

ND-23 M 36 31.5 OC1 1  

ND-24 M 50 27.7 PO 1  

ND-25 M 42 25.8 PO 1  

ND-26 M 25 23.4 NW 1  

T2D-1 F 41 36.6 OC2 10  

T2D-2 F 67 33.8 OC1 13  

T2D-3 M 43 42.9 OC3 3  

T2D-4 F 48 29.4 PO 2 33 

T2D-5 M 41 28.4 PO 2  

T2D-6 F 67 30.5 OC1 1  

T2D-7 M 41 28.7 PO 2  

TID-1 M 68 24.6 NW 9  

TID-2 M 56 30.4 OC1 1 12 

T1D-3 M 49 28.1 PO 1  

TID-4 M 36 28.4 PO 1  

 
 
Table 5.2. Descriptive statistics of volunteers’ age and BMI values used in the 
preliminary study. 
 

N:37 (F:11 M:26) Max Min Mean Median SD 

Age 68.00  23.00  41.00  38.00  11.60 

BMI 42.90  19.90  27.99  27.70  4.92 

 

 
 

Figure 5.1. Correlation found between BMI and age in the preliminary work. 
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Figure 5.2. The number of the subjects versus BMI category for ND, T2D and T1D 
volunteers in the preliminary study. 
 

5.3.1. Correlation Between BG And BMI Values Of The Preliminary Work. 
 
Before going into the details of the correlation between BG and BA, which is the main 

point of the present study, the dependence of the volunteers’ glucometer-measured BG 

on their BMI data was examined (Figure 5.3). The green symbols in Figure 5.3 show 

that while the BMI range of ND people is low (between ∼20 and ∼38 kg/m2) their BG 

values are limited by 130 mg/dL. This maximum BG value is expected for the people 

without DM as their upper limit is accepted to be 140 mg/dL [44]. The weak positive 

linear correlation between BG and BMI values is observed for the preprandial state of 

the ND subjects, whereas no dependence if found for their postprandial state. On the 

other hand, T2D patients (blue symbols in Figure 5.3) have in average both higher 

BMI (∼28 – ∼43 kg/m2) and BG (83 – 222 mg/dL) values than ND subjects. There is 

also a weak positive linear relationship between BMI and BG values for both 

preprandial and postprandial status in T2D patients. This is consistent with the 

previous study performed on 83 T2D patients, where a significant linear correlation 

between BMI and BG level was determined [45]. Finally, for a small number of the 

collected T1D patient data (red symbols in Fig. 5.3), BG values range from 119 to 262 

mg/dL, which is in average much higher than BG values for ND and T2D patients. 

Overall, the ranges of the measured BG values of 3 different DM classes are found to 
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be within the expected limits according to the previous studies done with a higher 

amount of data.  

 

 
 

Figure 5.3. Correlation found between glucometer-measured BG and BMI. 
 

5.3.2. Correlation Between BG And BA Values  

 

The 141 BG and BA data collected for all 3 DM classes at both preprandial and 

postprandial status is presented in Figure 5.4. The maximum acetone concentration is 

found to be 6.74 ppm for T2D patients and 5.64 ppm for T1D patients, while this value 

was only 4.12 ppm for ND subjects. In the previous studies, it has been reported that 

the exhaled acetone level is generally 0.2–1.8 ppm in ND people, 1.25–2.5 ppm in DM 

patients, and may also increase up to 21 ppm [46] and 25 ppm [47] in some T1D 

patients. In another study, it was reported that the BA value ranged between 0.22 ppm 

and 0.80 ppm in ND individuals and between 1.76 ppm and 3.73 ppm in DM patients 

[48]. It should be noted that these ppm values are measured by different 

detectors/methods, while in the present study ppm level is recalculated from the 

commercial gas sensor output resistance values: the discrepancy between the absolute 

ppm values is possible, so the relative ppm level is rather considered in this study. Fig. 

5.4 also suggests that while the BG values are in average much higher for T2D and 

T1D patients compared with ND people, the BA concentration of ND people does not 

much differ from that of diabetics: diabetics have higher BA than ND people for only 

5 data out of 141. Similar result was found by Turner et al., where BA levels in T2D 
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and especially T1D patients were not generally much higher than in ND subjects [46]. 

Since a moderate positive correlation between BG and BA with a coefficient around 

0.55 is found (not shown in Figure 5.4), it seems that a very strong BG-BA relationship 

can not be established.  
 

 
 

Figure 5.4. Correlation found between glucometer-measured BG and BA values for 
ND, T2D and T1D subjects. 
 

When the diabetic classes (ND, T2D and T1D) and satiety status are taken into account 

and reexamined a much more meaningful relationships are obtained as it is shown in 

Figure 5.5 via redrawn 6 different graphs. Some of these graphs were fitted with 

quadratic polynomial (Figure 5.5 a, b, c, d), while others were fitted with linear lines 

(Figure 5.5 e, f) as guides for eye. As a result of this fitting, the positive relationship 

between BG and BA was obtained for postprandial cases (Figure 5.5 a, c, e, f), whereas 

for preprandial ND [49] and T2D cases the negative correlation is found to be present 

for low BA values overlapping with the positive one for high BA values (Figure 5.5 b, 

d). Such negative correlation at hunger state was previously found for volunteers 

experiencing ketogenesis [50]. Therefore, for ND and T2D subjects in this work at 

their preprandial state two different processes, i.e. ketosis and normal hungry state, 

probably overlap to give this complex relationship between BG and BA (Figure 5.5 b, 

d). Since both linear and non-linear correlations are found for all 6 cases, a more 

complicated treatment of the 141 data together with 6 different parameters seems to 

be inevitable. Therefore, the training of this data with different regression classifiers 

is done to choose the best method to predict the BG values from the measured BA 

ones. 
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Figure 5.5. Correlation of the glucometer-measured BG and BA values redrawn 
separately for: a) ND postprandial, b) ND preprandial, c) T2D postprandial, d) T2D 
preprandial, e) T1D postprandial and f) T1D preprandial subjects. 

 

5.3.3. ML Methods Used in the Preliminary Study 
 
As it is well known, ML is a branch of science that deals with extracting information 

from existing data, it is the intersection of statistics and computer science and it is also 

a subfield of artificial intelligence. ML is also referred to predictive analytics or 

statistical learning. ML methods have become common in almost every field including 

daily life in recent years [51] and are frequently used in the health science. ML 

methods are classified according to the type of supervision they receive during 

training. The type of training in which causes and results are given to the system is 

called supervised learning [52]. There are two major types of supervised learning: 

classification and regression. The purpose of classification is to select a class from 

predefined probabilities. Regression, on the other hand, tries to estimate a continuous 

number [51]. In this preliminary study, three methods belonging to the regression 

group of supervised learning types were used to estimate the amount of the glucose in 

the blood from the breath data. These methods are polynomial linear regression (PLR), 

multi-layer perceptron (MLP) and support vector regressor (SVR). 
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5.3.3.1. PLR  

 

Linear regression is a widely used method for finding the relationship between linear 

data and making predictions according to this relationship. This method is 

advantageous as it is fast and simple. However, it gives poor performance when the 

data is nonlinear. One of the ways to overcome this problem is to add the powers of 

each feature as new features and then train a linear model on this extended set of 

features. This technique is called PLR. Especially when multiple features are used for 

regression, the relationships can be found by adding combinations between features. 

This is a property that the linear regression model can not do. For example, if an input 

is two-dimensional and has the form [a, b], the degree-2 polynomial features are [1, a, 

b, a2, ab, b2] [52]. As for this preliminary study, degree-3 polynomial features were 

used.  

 

5.3.3.2. MLP  

 

Perceptron is one of the simplest neural network architectures in which a weighted z 

value is obtained using an addition function of inputs and weights and gives output as 

a result of applying an activation function to this z value [52]. But this method has 

some limitations. It can not produce solutions to nonlinear problems such as XOR 

problems. This can be overcome with MLP. MLP is a neural network model that 

produces output as a result of connecting multiple perceptrons as hidden layers [51]. 

 

5.3.3.3 SVR  

 

Support vector machines (SVM) are popular methods for classification and regression. 

SVM allows to divide the z space consisting of input vectors from the optimal location 

through hyperplanes. The goal here is to have the margins at the maximum value when 

they are drawn for creating hyperplanes [52]. This principle gives quite good results 

for classification, but it is applied with some small differences for the regression 

because it is difficult to predict numbers with infinite probability. An approximate 

tolerance margin (epsilon) is added to eliminate this difficulty. In regression, as in 

classification, it is aimed to find hyperregulations that will maximise the margin. This 
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is an optimisation problem and solving it is simpler with its Lagrange dual formulation. 

The approximate function that occurs after this approach is given in Equation 5.1 [54]. 

This equation is used to estimate new values. (−𝑎𝑎𝑖𝑖 + 𝑎𝑎𝑖𝑖∗) stores the difference between 

two Lagrange multipliers of support vectors, 𝑥𝑥𝑖𝑖 stores support vectors and 𝑏𝑏 stores 

bias. 

 

� (−𝑎𝑎𝑖𝑖 + 𝑎𝑎𝑖𝑖∗)𝐾𝐾(𝑥𝑥𝑖𝑖, 𝑥𝑥)𝑙𝑙
𝑖𝑖=1 + 𝑏𝑏.                  (5.1) 

 

5.3.4. Training the Data of the Preliminary Study with PLR, MLP and SVR  

 

The collected 141 data were trained with PLR, MLP and SVR (Table 5.3). The 

equations used for the determination of R2 score, Mean Absolute Error (MAE) and 

Mean Absolute Percentage Error (MAPE) are provided in Equation 5.2, Equation 5.3 

and Equation 5.4, respectively. As seen from the compared coefficient of 

determination (R2 score), MAE and MAPE values, the best result is obtained by PLR 

method: R2=0.89, MAE=9.18, MAPE=7.85%. The R2 score provides information 

about the goodness of a model’s fit: it is a statistical measure of how well the predicted 

BG values approximate the true BG values [55]. The R2 score is calculated to be 0.89 

in this preliminary study, which is very close to its maximum value 1 [55]. In addition, 

the MAE and MAPE values being equal to 9.18 mg/dL and 7.85%, respectively, 

indicate that the estimation accuracy of the proposed method can compete with that of 

the commercial glucometer: the MAE and MAPE values for the glucometer at hand 

are 15 mg/dL and 15%, respectively [56]. In this context, it is clear that the proposed 

method can be preferred for painless and high accuracy alternative BG measurement. 

 

Table 5.3. BG training results of 141 data obtained via PLR, MLP and SVR methods. 

 

Metric PLR MLP SVR 

R2 score 0.89 0.76 0.09 

MAE (mg/dL) 9.18 12.81 20.23 

MAPE (%) 7.85 10.76 14.74 
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𝑅𝑅2(𝑦𝑦,𝑦𝑦�) = 1 − ∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝚤𝚤� )2𝑛𝑛
𝑖𝑖=1

∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝚤𝚤� )2𝑛𝑛
𝑖𝑖=1

                   (5.2) 

 

𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑛𝑛
∑ |𝑒𝑒𝑡𝑡|𝑛𝑛
𝑡𝑡=1                    (5.3) 

 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 = 100%
𝑛𝑛

� �𝑒𝑒𝑡𝑡
𝑦𝑦𝑡𝑡
�

𝑛𝑛

𝑡𝑡=1
                  (5.4) 

 

5.3.5. Evaluation of the BG Values Measured by the Glucometer and Predicted 

by PLR Method  

 

The comparison between the BG values measured by the glucometer and predicted via 

BA by PLR method is summarized in Table 5.4. The mean and SD of the glucometer-

measured and predicted BG values are found to be very close to each other. The 

relationship between the predicted and measured BG values is examined further by 

plotting a scatter plot together with the line of equality, which is acting as a reference 

line [57] (Figure 5.6). This plot shows how far are the predicted BG values from the 

measured BG ones. If all the points lie along the line of equality (the black line in Fig. 

6), it indicates a perfect agreement [58]. It is also observed that the BG values are 

mostly within the glucometer error band, which is shown by the gray region within the 

red lines in Figure 5.7. This error range is drawn according to the standarts imposed 

on the glucometers: at least 95% of BG values should be within the range of ±15 mg/dL 

at BG concentrations <100 mg/dL and ±15% at ≥100 mg/dL [56].   

 

Table 5.4. Descriptive statistics of BG prediction by PLR method in the preliminary 
work. 

 
N: l41 Max Min Mean Median SD 
Measured BG (mg/dL) 262.00 78.00 117.13 108.00 35.09 

Predicted BG (mg/dL) 266.00 87.00 117.12 106.00 33.20 

Absolute Error (mg/dL) 33.00 0.00 9.18 8.00 6.75 

Absolute Perc. Error (%) 25.30 0.00 7.85 7.37 5.27 

 

Indeed, out of 141 data at hand only 10 data is found to be outside this error band, i.e. 

∼93% of the predicted data is acceptable. Although the scatterplot of Figure 5.7 is 
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useful to compare the measured and predicted BG values, it is difficult to evaluate the 

differences between them: usually the data points cluster around the line [58]. 

Therefore, the Bland-Altman plot is also utilized to compare the predicted and 

measured BG values (Figure 5.7) [58]. Here it is important to compute the Mean value 

of the difference, its SD, the confidence intervals for 95% limits of agreement (LoA) 

[58] (the red dashed lines in Figure 5.7).  
 

 
 

Figure 5.6. Correlation of the PLR predicted and glucometer-measured BG values for ND, 
T2D and T1D subjects. 

 

The difference between the glucometer-measured and PLR predicted BG values for 

141 data at hand resulted in Mean value of 0.007 mg/dL, its SD of 11.43 mg/dL, lower 

LoA of -22.39 mg/dL, upper LoA of 22.40 mg/dL. Since the difference between the 

two methods resulted in the very low Mean value (almost close to zero), the predicted 

and measured BG values are found to be in a good agreement. 
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Figure 5.7. Bland-Altman plot for the glucometer-measured and predicted by PLR 

method BG values.
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CHAPTER 6 

 

CLINICAL STUDY WITH THE BBGM DEVICE 

 

After completing the preliminary study where BG data were collected by home-based 

glucometer, the clinical study was conducted with the same BBGM device but BG 

data were collected from patients’ venous blood. In order to reveal the relationship 

between BA and BG in a more comprehensive way, BG and BA measurements were 

made again separately in the satiety and hunger states of T1D, T2D and ND individuals 

in the clinical environment. In this clinical study, besides the BA value, waist 

circumference, body mass index (BMI), height, weight, age, hunger-satiety status, 

hunger-satiety duration, gender and health status (T1D, T2D or ND) values collected 

from volunteers were included as parameters in the machine learning methods. For BG 

- BA correlation, the data were trained with different ML methods and the training 

results were compared. In addition, the effect of other collected parameters on the 

training score was investigated. 

 

6.1. DATA ACQUISITION IN THE CLINICAL ENVIRONMENT 

 

In order to examine the relationship between BA and BG, 426 data were collected from 

403 volunteers who applied to Karabuk University Training and Research Hospital 

Internal Diseases Polyclinic within the scope of Kastamonu University Clinical 

Research Ethics Committee approval. The volunteers involved in this clinical study 

live in the Turkish province of Karabuk and have a wide range of age, height and 

weight characteristics. The volunteers are between 18-83 years old, male or female, 

with T1D, T2D or ND, without lung disease, liver cirrhosis, chronic kidney failure, 

etc., who have not consumed alcohol in the last 24 hours. T2D patients who applied to 

the polyclinic for the routine control of BG values every 3 months and ND volunteers 

who came to have BG analysis for general control purposes were informed about this 

study. By obtaining BGOF approval from these volunteers the BMI, height, weight,
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age, hunger-satiety status, hunger-satiety duration, waist circumference, gender and 

health status (T1D, T2D or ND) values were recorded. Since the smell of alcohol used 

during BG measurement would affect the BBGM device with a gas sensor, the BA 

measurement was made before the BG measurement. 

 

6.1.1. BA Data Acquisition In The Clinical Environment 

 

In this clinical study, the BA data were collected with the same BBGM device used in 

the preliminary work (Chapter 5). The conditions determined in the preliminary study 

with the device during the collection of BA data were also met in the clinical study. 

The subjects with normal respiratory rhythm and without lung, liver, kidney, or similar 

diseases that could affect the amount of administered BA concentration were included 

in this study. Before blowing into the BBGM device, the subjects did not eat foods that 

would cause a strong odor at least 2 hours before, did not smoke or drink odorous 

drinks at least half an hour before, did not eat snacks such as chewing gum, menthol 

candy for at least 1 hour and they didn't do any oral care (e.g. mouthwash, tooth 

brushing). Also the subjects did not consume alcohol for at least 24 hours before 

blowing. The subjects who had not eaten for at least 3 hours before the blowing were 

labeled as “preprandial” (marked “0” in the dataset), subjects who received food 2 

hours before the blowing were labeled as “postprandial” (marked “1” in the dataset). 

To make further differentiation between thre subjects, the fasting-fulness time of the 

subjects was also questioned and included in the data set in different categories: 0-4 

hours – “0”, 4-8 hours – “1”, 8-12 hours – “2”. Snacks and fruits were not accepted as 

a meal, only a meal with certain nutritional values was considered as “postprandial” 

status. 

 

All subjects blew into the BBGM device with a disposable mouthpiece for an average 

of 1.5 seconds. During each BA measurement, 3 consecutive blows were collected 

from the subject and the time between each blow was approximately 15 seconds. The 

average of these 3 values was recorded as BA measurement data. 

 

 

 



44 

6.1.2 BG Data Acquisition In The Clinical Environment 

 

After each BA measurement, BG measurement from venous blood was done. 

Preprandial and postprandial BG values were obtained for T1D and T2D patients who 

applied to the polyclinic for the routine control of BG values once in every 3 months. 

In addition, preprandial and postprandial BG values of ND volunteers who came to 

have BG analysis for general control purposes were recorded. The control group was 

formed from ND volunteers. No blood collection was performed specifically for this 

study. 

 

6.2 INVESTIGATION ON THE CORRELATION BETWEEN BG AND BA 

ACQUIRED IN THE CLINICAL ENVIRONMENT, DATA ANALYSIS VIA 

ML 

 

In this study, 426 data were collected from a total of 403 volunteers and added to the 

data set. 

 

6.2.1. Preliminary Clinical Data Analysis  

 

After examining the data, T1D data were excluded from the study, as the number of 

T1D data was not sufficient for evaluation (4 data from 4 volunteers). Afterwards, 

outlier data analysis was performed in terms of BA and BG. 

 

6.2.1.1. Outlier Data Analysis 

 

In general outliers may indicate variability in measurement, experimental errors or an 

innovation [55]. As a result of the outlier analysis for BG data, it was seen that the BG 

values of the 7 ND volunteers were above the normal range. Since the normal BG 

values for ND individuals have been reported to be less than 120 mg/dL for preprandial 

and less than 140 mg/dL for postprandial [59], the health category of these 5 ND 

volunteers with high BG values was rechecked by the internist who concluded that 

after BG results were received these volunteers were diagnosed with T2D. Therefore, 

these 5 volunteers' health status in the dataset was changed from ND to T2D. 2 T2D 
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data with BG values above 400 mg/dL were excluded from the data set because they 

were determined as outliers. As a result of the analysis for BA, it was seen that 5 T2D 

data were outliers. Some of these subjects received dental canal treatment, while others 

were in inconsistent health. These 5 data were not included in the ML analysis of this 

study. Thus, the data set of the clinic study was reduced to 415 data.  

 

6.2.1.2 Normality Test 

 

The distribution of 415 data was examined with the Kolmogorov-Smirnov (KS) test 

and it was seen that the data were normally distributed. The KS test is a statistical 

hypothesis test that measures the goodness of fit between two probability distributions 

[60, 61]. This test compares the empirical cumulative distribution function (ECDF) of 

the sample with the theoretical cumulative distribution function (CDF) of the specified 

distribution and calculates the maximum difference (D) between them. The 

significance level of the KS test is typically chosen as 0.05. If the P value is less than 

0.05, the null hypothesis is rejected and it is concluded that the sample comes from a 

different distribution than the reference distribution. If the P value is greater than or 

equal to 0.05, the null hypothesis is accepted [62, 63]. The KS test is widely used in 

various fields such as physics, engineering, social sciences and finance [64, 65]. KS 

values of clinic study were calculated separately for ND, T2D and all data according 

to BG and BA parameters (Table 6.1). The fact that all obtained KS values are greater 

than 0.05 indicate that the clinical data are normally distributed.  

 

Table 6.1. KS test of ND, T2D and all data according to BA and BG parameters 

 

 Data Number KS value 

BG 

ND 201 0.079 

T2D 214 0.143 

All data 415 0.189 

BA 

ND 201 0.101 

T2D 214 0.112 

All data 415 0.105 
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The relationship between BG and BA values for 415 data obtained in the clinical 

environment is given in Figure 6.1. Similar to the preliminary study, the average BG 

value of the T2D clinical data shown in blue is greater than ND data shown in green. 

The lowest value for BA was obtained as 1.51 ppm and the highest value was measured 

as 5.29 ppm. For BG, the lowest value was 66 mg/dL and the highest value was 413 

mg/dL. BG values were found to be between 66-144 mg/dL for ND volunteers and 

between 72-413 mg/dL for T2D patients. BA values were found to be between 1.51-

5.29 ppm for ND volunteers and between 1.64-4.54 ppm for T2D patients. 

 

 
 

Figure 6.1. The relationship between the BG and BA values measured in the clinical 
environment. 
 

Out of 415 data, 201 were ND and 214 were T2D. Data were collected from 261 female 

and 154 male subjects. The mean, median, standard deviation, minimum and 

maximum values of 415 data were calculated for age, weight, height, BMI, waist 

circumference (Table 6.2). 3 ND volunteers with BA values of 5.29 ppm, 5.29 ppm 

and 4.54 ppm were in a 12-hour hunger state. The high BA level was thought to be 

related to the hunger ketoacidosis state in the volunteers' bodies due to long-term 

hunger [66]. The mean, median, standard deviation, minimum and maximum values 

for BA and BG parameters were also examined separately, taking into account the ND 

and T2D categories (Table 6.3).  
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Table 6.2. Evaluation of the parameters for all data of the clinical study. 
 

N=415 Mean  Median  Standard 
Deviation 

Min Max 

Age 52.40 53.00 14.30 18.00 83.00 

Weight 81.63 80.00 16.61 36.00 146.00 

Height 1.60 1.59 0.10 1.37 1.91 

BMI 31.94 31.50 6.20 17.36 56.96 

Waist 
circumference 

97.72 99.00 14.82 63.00 190.00 

 

Table 6.3. Evaluation of BA and BG parameters of ND and T2D data of the clinical 
study. 
 

 

6.2.2. Application of ML Methods 

 
Various ML methods were used to examine the correlation between BA and BG 

clinical data and also to determine the effect of the parameters on the training score. 

In this clinical study, 4 methods belonging to the regression group of supervised 

learning types were used to examine the relationship between BA and BG data. These 

methods are MLP, PLR, SVM and gradient boosting (GB). 

 

6.2.2.1 GB ML Method 

 
GB is a popular ML algorithm used for regression and classification tasks. The 

algorithm creates a collection of weak prediction models, such as decision trees, by 

iteratively adding new models that focus on reducing the errors of previous models 

[67]. New models try to reduce the faults of previous models. This approach minimizes 

the error rate of the ensemble model, resulting in a more robust and accurate prediction 

 Data  Number Mean  Median  Standard 
Deviation Min Max 

BA 
ND  201 2.52 2.39 0.62 1.51 5.29 

T2D 214 2.56 2.47 0.53 1.64 4.54 

BG 
ND  201 97.08 96.00 13.05 66.00 144.00 

T2D 214 167.91 145.50 70.91 72.00 413.00 
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model [68]. The algorithm continues until a predetermined number of iterations or 

until the improvement in the loss function falls below a threshold. GB is widely used 

in various fields such as finance, marketing, health due to its efficiency, accuracy and 

interpretability and performs well in large datasets [67, 68].  

 

6.2.3 Training Data with PLR, MLP, SVM, GB 

 

The relationship between BA and BG was examined by the PLR, MLP, SVM, GB 

methods by adding the parameters of waist circumference, BMI, height, weight, age, 

hunger-satiety status, hunger-satiety duration, gender and health status (T2D or ND). 

415 data were trained with MLP, PLR, SVM and GB methods and the training was 

tested at a train-test rate of 0.1. As a result of the training, the highest metric was found 

with the GB method as R2 score of 0.986 and MAPE value as 4.41. The R2 score 

obtained shows that the model can explain the variance in the data at the rate of 98.6% 

for 415 data. In the training tests with other methods, the R2 score was 0.794, the 

MAPE value was 14.97 with the PLR method, the R2 score was 0.577, the MAPE 

value was 4.93 with the SVM method, the R2 score was 0.386 and the MAPE value 

was 23.37 with the MLP method (Table 4.6). 

 

Table 6.4. Training results of 415 data by PLR, MLP, SVM, GB methods. 

 

Metric PLR MLP SVM GB 

R2 score 0.794 0.386 0.577 0.986 

Average Difference 19.0 32.62 13.31 5.49 

MAPE (%) 14.97 23.37 4.93 4.41 

 

6.2.4 The Effect of Different Physiological Parameters on the Correlation 

between BA and BG 

 

After determining that the best ML method is GB, the effect of different physiological 

parameters on the score was investigated. All parameter combination were used with 

GB method as it is shown in Table 6.5. For 415 data, BA, waist circumference, BMI, 

height, weight, age, hunger-satiety status, hunger-satiety duration, gender parameters 
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were added to the training in 37 different possibilities and the training results were 

obtained. The lowest values of MAE and MAPE (MAE=3.748, MAPE=3.9) were 

found when all the parameters were added, while the highest values (MAE=9.456, 

MAPE=9.9) were observed when BA was used as a single parameter. Thus, it has been 

shown that inclusion of all variables has a positive effect on the education score by 

reducing the error. 

 
Table 6.5. MAE and MAPE values measured according to the different combinations 
of BGOF variables with GB method. 
 

No MAE MAPE Variables 

1 3.748 3.9 BA, waist circumference, BMI, height, weight, age, 
hunger-satiety status, hunger-satiety duration, gender 

2 4.034 4.2 BA, waist circumference, BMI, height, weight, age, 
hunger-satiety status, gender 

3 4.145 4.3 BA, waist circumference, BMI, height, weight, hunger-
satiety status, hunger-satiety duration, gender 

4 4.16 4.3 BA, waist circumference, BMI, height, weight, age, 
gender 

5 4.16 4.3 BA, waist circumference, BMI, height, weight, age 
6 4.229 4.4 BA, waist circumference, BMI, height, weight, gender 
7 4.229 4.4 BA, waist circumference, BMI, height, weight 

8 4.288 4.4 
BA, waist circumference, BMI, height, weight, hunger-
satiety status, gender 

9 4.352 4.5 BA, BMI, height, weight, age 

10 4.466 4.6 BA, waist circumference, BMI, height, hunger-satiety 
status, hunger-satiety duration, gender 

11 4.572 4.7 BA, BMI, height, weight 
12 4.639 4.8 BA, height, weight, age 

13 4.704 4.9 BA, waist circumference, BMI, hunger-satiety status, 
hunger-satiety duration, gender 

14 4.847 5 BA, waist circumference, BMI 
15 4.867 5 BA, waist circumference, BMI, height, gender 
16 4.867 5 BA, waist circumference, BMI, height 

17 4.921 5.1 BA, waist circumference, BMI, height, hunger-satiety 
status, gender 

18 4.921 5.1 BA, waist circumference, BMI, gender 
19 4.955 5.1 BA, weight, age 
20 5.047 5.2 BA, height, weight 
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21 5.077 5.2 BA, waist circumference, BMI, hunger-satiety status, 
gender 

22 5.184 5.4 BA, BMI, height 
23 5.385 5.6 BA, weight  
24 6.11 6.3 BA, BMI 

25 6.198 6.4 BP, waist circumference, hunger-satiety status, hunger-
satiety duration, gender 

26 6.521 6.7 BW, waist circumference, hunger-satiety status, gender 
27 6.547 6.8 BA, waist circumference, gender 
28 6.594 6.9 BA, age 
29 6.633 6.8 BA, waist circumference 
30 7.142 7.5 BA, height 
31 7.861 8.3 BA, hunger-satiety status, hunger-satiety duration, gender 
32 8.093 8.5 BA, hunger-satiety status, hunger-satiety duration 
33 8.196 8.6 BA, hunger-satiety duration 
34 8.744 9,1 BA, hunger-satiety status, gender 
35 8.95 9.4 BA, hunger-satiety status, 
36 9.166 9.6 BA, gender 
37 9.456 9.9 BA 

 

6.2.5 Displaying the Values of the BBGM Device on the Mobile Device 

 

A Bluetooth module has been added to the BBGM device prototype to transfer data to 

the Android device. The module was coded and the values were displayed on the 

Android device (Figure 6.2). The device values that rise when pure acetone is sniffed 

are given in Figure 6.3 and the device circuit is given in Figure 6.4. It turned out that 

the thesis time should be longer for the development of a special mobile application 

for the BBGM device. 

 

 
 

Figure 6.2. BA values of BBGM device prototype displayed on Android device after 
blowing. 
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Figure 6.3. BA values of BBGM device prototype displayed on Android device when 
pure acetone is sniffed.  
 

 
 

Figure 6.4. BBGM device circuit obtained by the addition of the Bluetooth module. 

 

6.2.6. Evaluation of the BG Values Measured by Venous Blood and Predicted by 

GB Method  

 
The relationship between the predicted and measured BG values is examined further 

by plotting a scatter plot together with the line of equality, which is acting as a 

reference line [57] (Figure 6.5). Since all points lie along the line of equality (the black 

line in Figure 6.5) the estimated BG values are close to the measured BG values. Also, 

the results are expected to improve further as the number of data with high BG values 

increases. The closness of the estimated BG values to the measured ones seems to be 

better for hifh BG values.  



52 

 
 

Figure 6.5. Correlation of the GB predicted and venous BG values for ND and T2D 
subjects. 
 

Since most of the data are clustered around the line, the Bland-Altman plot is also 

utilized to compare the predicted and measured BG values (Figure 6.6). The difference 

between the venous and GB predicted BG values for 415 data at hand resulted in Mean 

value of 0.016 mg/dL, its SD of 7.36 mg/dL, lower LoA of -14.41 mg/dL, upper LoA 

of 14.45 mg/dL. Since the difference between the two methods resulted in the very 

low Mean value (almost close to zero), the predicted and measured BG values are 

found to be in a good agreement. 
 

 
 

Figure 6.6. Bland-Altman plot for the venous and predicted by GB method BG values. 

 

The BG values estimated by the GB method were examined whether the glucometers 

were in the error band range: it was observed that only 5 data were excluded. Error 
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range for glucometers: at least 95% of BG values at concentrations <100 mg/dL should 

be within ±15 mg/dL and within ±15% at ≥100 mg/dL [56]. The error range obtained 

with the GB method compared to glucometers is quite low: 4.41% for all values. 
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CHAPTER 7 
 

CONCLUSION 

 

In this thesis, the BBGM device prototype based on the cheap MOS sensor was 

developed for accurate estimation of BG from the human breath. 

 

Firstly, 67 breath data and performances of 5 commercial gas sensors (AQS, MQ3, 

MQ135, TGS822, TGS2602) were compared and the AQS sensor was selected as the 

most suitable sensor to be used in the BBGM device. AQS has high sensitivity to the 

respiratory value in the sensor guide, high stability, ease of use, accessibility, and short 

preheating, response and reset times. 

 

The BBGM prototype was constructed using AQS, DHT22, Arduino Nano, OLED 

screen, buttons and rechargeable battery. It measures BA value in ppm, has original 

software and design. The patent application of the original design of the BBGM device 

was submitted to Karabuk University Technology Transfer Office. 

 

In the preliminary study 141 BA data were collected with a BBGM device prototype 

and BG data with a home-based glucometer. As a result of the training of these 141 

data with PLR, MLP and SVR methods, the best training score was obtained by the 

PLR method with R2=0.89, MAE=9.18, MAPE=7.85% scores. 

 

With the approval of the Clinical Research Ethics Committee received from 

Kastamonu University, 415 data were collected in the clinical environment from ND 

and DM volunteers. In this clinical study BA data were collected again by the BBGM 

device and BG data were collected with the clinical method from the venous blood. 

As a result of training of 415 data with MLP, PLR, SVM and GB methods the best 

training score was obtained by the GB method with R2=0.986, mean difference=5.49, 

MAPE=4.41%.
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In order to evaluate the effect of the patients’ physiological parameters on the 

education score in the clinical study 37 different parameter combinations were trained 

together with BA. The highest error values (MAE=9.456, MAPE=9.9) were obtained 

when BA was used as an only parameter, while the lowest error values (MAE=3,748, 

MAPE=3.9) were found when all parameters were used. 

 

The high ML training scores obtained in both preliminary and clinical studies 

conducted within the scope of this thesis have shown that the BG levels can be 

predicted within an acceptable error from the BA values measured via the devepoled 

BBGM device prototype. 

 

Within the scope of this thesis, the obtained publications are listed: 

 

• Conference oral presentation: Binnatov T., Anutgan T., Yılmaz H. (2022) “Blood 

Glucose Prediction from Nondiabetic and Diabetic Exhaled Breath via Machine 

Learning”, 4th International Conference on Applied Engineering and Natural 

Sciences, Konya, Türkiye (Kasım 2022). 

• Book Chapter: Binnatov T., Anutgan T., Yılmaz H. (2022) “Blood Glucose 

Prediction from Nondiabetic and Diabetic Exhaled Breath via Machine Learning”, 

International Research in Engineering, İzmir/Türkiye: Serüven Publishing 

• Article: Binnatov T., Anutgan T., Yılmaz H., Sevencan N. Ö., Şahin F., (2023) 

“Venous Blood Glucose Prediction from Non-Diabetic and Diabetic Exhaled 

Breath via Machine Learning” in progress. 
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