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SUPPLEMENTARY METHODS 

Study participants and setting  

We performed a proof-of-principle study to assess the accuracy of exhaled VOCs analysis using an 

electronic nose (eNose) device for detection of Barrett’s oesophagus (BO) in three hospitals in the 

Netherlands (Radboud university medical centre Nijmegen, Canisius Wilhelmina Hospital Nijmegen, 

and Bernhoven hospital Uden). Cases were individuals with a history of non-dysplastic BO undergoing 

routine surveillance upper endoscopy. Controls were individuals with dyspepsia, heartburn, or 

regurgitation undergoing routine diagnostic upper endoscopy. Exclusion criteria were patients with a 

history of oesophageal or gastric surgery or (previous) malignancy, a BO segment <1cm or without 

intestinal metaplasia, gastric metaplasia, antibiotic use and an active H. Pylori infection. Patients 

were subdivided into three subgroups: BO (defined as ≥1 cm of columnar mucosa with 

histopathologic confirmation of intestinal metaplasia without dysplasia), gastro-oesophageal reflux 

disease (GORD) (defined as GORD-Q-score ≥8 and/or the endoscopic presence of reflux 

oesophagitis), and controls without BO or GORD. At least 100–150 cases and 100–150 controls were 

required to build a stable disease-specific prediction model based on exhaled VOCs. We planned to 

recruit roughly equal numbers of controls to cases. 

 

Overview of study procedures 

This study was performed in parallel with the regular diagnostic work-up. Consecutive adult patients 

who had a scheduled upper endoscopy at the Gastroenterology departments of the participating 

hospitals were invited to provide a 5-minute breath sample using an eNose device immediately prior 

to the endoscopy while in a fasting state for at least six hours. All members of the research team 

attended training for study instructions and eNose training before the start of the study. During the 

study visit, patients were instructed to breathe into the eNose via a disposable mouthpiece while 

wearing a nose clip. Additionally, patient demographics, BO characteristics, comorbidities, 

medications, and lifestyle measures were collected prospectively. The outcomes of the breath test 

and the GORD-Q questionnaire were not communicated with patients and treating physicians.  
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Endpoints 

The primary endpoint was the accuracy of the eNose for detecting BO with the diagnosis made by 

upper endoscopy and biopsies as the reference standard. Secondary endpoints were acceptance 

rates for breath testing and the accuracy of the eNose with which it could distinguish patients with 

BO from patients with GORD. The effect of PPI use, the presence of a hiatal hernia, and Barrett 

segment length on the accuracy of the eNose for detecting BO was assessed in sensitivity analyses. 

 

Aeonose™ technology 

In this study, breath analysis was performed with four portable, battery-powered Aeonose™ devices 

(the eNose Company, Zutphen, the Netherlands). Patients breathe through the Aeonose™ via a 

disposable mouthpiece with a High Efficiency Particulate Arrestance (HEPA) filter to protect the 

Aeonose™ against contamination by bacteria and viruses. Inhaled air is filtered by a carbon filter to 

minimize disturbances by environmental VOCs. The Aeonose™ consists of three different micro 

hotplate metal-oxide sensors (AS-MLV sensors; Applied Sensors GmbH).1 At baseline, these sensors 

are oxidized and exhibit a particular conductivity. Exhaled VOCs can cause reduction and oxidation 

(redox) reactions on the metal oxide surface depending on the chemical characteristics of sensor 

material and VOCs present. These reactions result in changes in the conductivity of the sensors which 

can be measured. Redox reactions are also dependent on temperature and its dynamics. Therefore, a 

continuous sinusoidal 64-point thermal cycle was used to optimize the amount of information 

gathered from exhaled breath. Data classifiers that include sensor type, time, temperature, and 

conductivity are combined to represent the composition of the aggregate VOC profile, also called a 

breath print. Each breath print consists of 3 (sensor type) x 36 (measurement cycles) x 64 

(temperature) data points. Breath analysis takes 15 minutes in total, of which patients breathe into 

the device for 5 minutes. During the first two minutes, the lungs are rinsed with air inhaled through 

the carbon filter mounted in the mouthpiece, and no conductivity measurements are recorded. The 

latter does take place during the next three minutes. After the patient has put down the Aeonose™, 

regeneration of the sensors takes place using filtered environmental air passed through a second 

carbon filter and subsequently, a Tenax tube is heated to detect possible low-concentrated VOCs in 

exhaled breath. Finally, the sensors are regenerated again using filtered air to create a stable 

baseline for the subsequent breath tests. 

 

Upper endoscopy (reference test) 

Upper endoscopies were carried out by a local study endoscopist consistent with typical site practice. 

The procedure may or may not include sedation or local anaesthetic spray. For BO cases, the length 

of BO was measured as the distance between the top of the gastric folds and the most proximal 
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circumferential BO extent (C) and between the top of the gastric folds and the most proximal BO 

length (M) (Prague classification). Also, biopsies were obtained following the Seattle protocol. BO 

was defined as >1 cm of columnar metaplasia in the oesophagus on endoscopy, combined with the 

presence of intestinal metaplasia on biopsies. Diagnostic biopsies were reviewed by the local 

pathologist. Both endoscopists and pathologists were blinded to the results of the breath tests. 

 

Data analysis 

Machine learning in a supervised fashion was used to identify data classifiers to extract breath print 

differences between the VOC patterns of patients by the presence or absence of BO in biopsies. By 

analyzing a group of breath prints from patients with and without BO, individual differences of diet, 

medications, co-morbidities, and other factors may be filtered out when training an artificial neural 

network (ANN) specifically to distinguish between the VOCs of patients with BO and controls. To 

prevent overfitting, data compression with a Tucker3-like solution was used to create a single vector 

of limited size for each patient.2 The resulting vectors of the compressed information were used as 

input for the ANN. Data compression and ANN have been integrated into a proprietary software 

package (Aethena) of the eNose Company (Zutphen, the Netherlands). Using this software, several 

permutations of data pre-processing, sensor combinations, vector lengths, and network topologies 

were investigated to optimize results.3 

 

Cross-validation of the data using a leave-10%-out approach was performed after training the ANN to 

make sure the model developed was disease-specific. At least 5 breath samples per group per 

Aeonose™ device were required to eliminate possible small remaining device dependencies. Binary 

results were presented in scatterplots and receiver operating characteristics curves. Matthews 

correlation coefficients were calculated to measure the quality of binary classifications and 95% 

confidence intervals. We reported the sensitivity, specificity, area under the curve, and overall 

accuracy of the data.  
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