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A B S T R A C T

In this study, a feasibility assessment was conducted to evaluate the potential of commercially available low-cost 
gas sensors for differentiating bacterial species inoculated into fish muscles. The signals were obtained by 
determining how low-cost gas sensors detected the volatile organic compound (VOC) patterns produced by each 
bacterial species (Enterococcus faecalis, Pseudomonas luteola, Proteus mirabilis, and Photobacterium damselae) in 
trout tissue. It was observed that MQ3 and MQ4 sensors yielded high rates for all bacteria, indicating a strong 
increase in broad VOC load consistent with the known cross-sensitivity range of MQ sensors as a result of 
bacterial metabolism. In addition to cumulative VOC patterns, time-dependent derivative analysis (dVOC/dt) 
was applied to reveal bacterium-specific metabolic differences in more detail. Thus, it was determined that 
Photobacterium damselae, unlike other bacteria, exhibited suppressed VOC production kinetics in the early stages, 
demonstrating that dynamic VOC fingerprints are a powerful tool for bacterial differentiation. The results 
demonstrate the feasibility of dynamic VOC fingerprinting using minimal sensor configurations for exploratory 
bacterial discrimination.

1. Introduction

Perishable fish and seafood-based foods play a significant role in the 
rise of microbial contamination-related deaths worldwide (Astuti et al., 
2021; WHO, 2020). Accordingly, rapid and reliable detection of bacte
rial spoilage, especially in fishing, aquaculture, and processing stages, is 
vital for maintaining product safety and quality. In the process known as 
putrefaction, proteins and lipids are degraded by bacterial activity and 
volatile organic compounds (VOCs) are released (Kuley et al., 2019; 
Özoğul and Özoğul, 2000). Even with the most aseptic processing 
methods, it is impossible to restore the quality of a spoiled product using 
any technology. Therefore, modern food technology is working on rapid 
quality control systems that can detect changes in quality even when the 
product is still unspoiled and imperceptible to human senses. Electronic 
noses, biosensors, and machine learning methods are among the leading 
examples of these rapid quality control systems (de Oliveira et al., 2023; 
Henry et al., 2024; Jia et al., 2024; Saeed et al., 2022; Sharma et al., 
2021; Xu et al., 2021; Yavuzer, 2023; Yavuzer and Köse, 2022).

Bacteria exhibit time-dependent VOC emission dynamics that can 
produce distinct sensor-response regimes during spoilage progression. 
The early stages of spoilage in food are often imperceptible to human 

senses. However, as the process progresses, the rapid (logarithmic) in
crease in bacterial activity leads to exceeding the defined acceptable 
limits for food safety.

This study aims to determine the digital fingerprint of different 
bacterial species on the same meat using MQ sensors. MQ sensors are 
easily accessible, compatible with open-source systems like Arduino, 
and capable of providing stable values. Previous studies have developed 
various models using these sensors for different plants, animals, food, 
and other industries (Chen et al., 2024; Fernández-Segovia et al., 2007; 
Huang et al., 2011; Rahimzadeh et al., 2019; Saeed et al., 2022; Wang 
et al., 2020; Yavuzer et al., 2025; Yavuzer et al., 2024). Although elec
tronic nose systems are used for general spoilage detection in fish and 
food samples, most studies focus on general freshness classification 
rather than distinguishing specific spoilage or pathogenic bacteria 
within the same substrate. Furthermore, e-nose systems are expensive, 
limited to specific organizations, and rely on systems with limited 
reproducibility (due to restricted access to the equipment). Therefore, 
this study investigated the extent to which MQ sensors detect odors 
emitted by four different foodborne spoilage bacteria inoculated into 
fish meat, using a minimum sensor configuration to identify bacteria- 
specific volatile fingerprints.
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E-mail address: eyavuzer@ohu.edu.tr (E. Yavuzer). 

Contents lists available at ScienceDirect

Journal of Microbiological Methods

journal homepage: www.elsevier.com/locate/jmicmeth

https://doi.org/10.1016/j.mimet.2026.107429
Received 2 January 2026; Received in revised form 6 February 2026; Accepted 6 February 2026  

Journal of Microbiological Methods 243 (2026) 107429 

Available online 7 February 2026 
0167-7012/© 2026 Elsevier B.V. All rights are reserved, including those for text and data mining, AI training, and similar technologies. 

mailto:eyavuzer@ohu.edu.tr
www.sciencedirect.com/science/journal/01677012
https://www.elsevier.com/locate/jmicmeth
https://doi.org/10.1016/j.mimet.2026.107429
https://doi.org/10.1016/j.mimet.2026.107429
http://crossmark.crossref.org/dialog/?doi=10.1016/j.mimet.2026.107429&domain=pdf


2. Material and methods

2.1. Sample preparation

Fresh fish meat (trout) was cut into 10 × 10 cm pieces. Each sample 
was prepared under sterile conditions, and 100 μL of inoculum sus
pension, standardized to a cell density of 108 cfu/mL, was applied to the 
surface of the fish meat using an automated pipette. The McFarland 
turbidity method was used to standardize bacterial inoculums to the 108 

cfu/mL level. The test microorganisms used in the study were foodborne 
bacteria species Enterococcus faecalis (EF), Pseudomonas luteola (PL), 
Proteus mirabilis (PM), and Photobacterium damselae (PD), obtained from 
Çukurova University Department of Fisheries Engineering (Adana, 
Turkey). (Duan et al., 2024; Kuley and Özogul, 2011; Yavuzer and 
Kuley, 2020). Additionally, non-inoculated fish meat (CTRL) was 
included as a negative matrix control to account for endogenous back
ground VOC emissions and to support normalization of sensor responses. 
Each bacterial condition was measured on one biological sample (n = 1). 
The e-nose setup and inoculated fish samples are illustrated in Fig. 1. All 
samples were kept at room temperature (25 ◦C) for 8 h. Ambient tem
perature and relative humidity were continuously monitored using an 
Arduino-based sensor module integrated into the measurement setup, 
and the environment was maintained at 25 ± 1 ◦C with relative hu
midity recorded within the 45–55% range throughout the experiment. 
Measurements were taken hourly from the sensors (MQ3, MQ4, MQ5, 
MQ8, MQ9, MQ135). This study was designed as an initial feasibility 
investigation to explore species-level separability of VOC response pat
terns using a minimal low-cost sensor array. Future work will include 
independent biological replicates to quantify intra-species variability 
and experimental repeatability under identical conditions.

2.2. Calculating AUC from sensor time series and generating species- 
specific VOC fingerprints

To quantitatively determine the volatile organic compound (VOC) 
release dynamics of four different bacterial species inoculated into fish 
meat, Area Under the Curve (AUC) values, representing the total VOC 
response over time, were calculated from sensor time series data.

2.3. Preparing sensor time series

Measurements for each bacterial species were obtained at 1-h in
tervals using sensors MQ3, MQ4, MQ5, MQ8, MQ9, and MQ135. Thus, a 

regular time series structure consisting of 8 time points was created for 
each sensor, ensuring the equal time step (Δt = 1 h) condition required 
for numerical integration. Since AUC calculation evaluates not only the 
magnitude of the signal but also its temporal continuity, it was able to 
more realistically represent the dynamic character of bacterial VOC 
production. AUC (Area Under the Curve) Calculation: For each sensor- 
bacteria pair, the total magnitude of VOC signals over time was calcu
lated as follows:

2.4. AUC

AUCb,i =
∑N

t=1
Sb,i(t)⋅Δt 

Here.
AUCb,i: Total VOC response of bacterium b at sensor i.
Sb,i (t): Signal value of the relevant sensor at time t.
N = 8: Number of measurements (0–8 h).
Since the time steps are equal, the trapezoidal integration method 

was equivalent to the summing operation. Thus, individual AUC values 
reflecting bacterium-specific VOC production were obtained for each 
sensor.

2.5. Normalization based on blank sample

Raw AUC values include sensor sensitivity differences. Therefore, to 
reveal the true biological differences between bacterial species, all AUC 
values were normalized by ratioing them to a blank (control) sample in 
the same sensor. The normalization coefficient is defined as follows: 

Rb,i =
AUCb,i

AUCCTRL,i 

This ratio is:
R = 1.00 → Bacteria did not produce VOC, same as Control.
R > 1.00 → Bacteria produced VOC, more than Control.
R < 1.00 → Bacteria generated a low response in the sensor (e.g., PD's 

negative fingerprint in MQ8).
It should be noted that R < 1 does not indicate the absence of VOC 

production, but rather reflects a sensor response lower than that of the 
non-inoculated matrix control. This may arise from limited sensor 
sensitivity to specific VOC classes or suppressed metabolic emission 
under the tested conditions.

These coefficients standardized and made comparable the VOC 
production power and sensor response profiles of bacterial species.

2.6. Creation of a species-specific VOC fingerprint matrix

The R_(b,i) values obtained by normalizing the AUCs for each bac
terium created a six-dimensional VOC signature (VOC fingerprint) cor
responding to six sensor axes. This matrix yielded the following:

1) Volatile compound profiles of each bacterium,
2) Sensitivity patterns of the sensors to VOC compound groups,
3) Metabolic differences between bacteria.

2.7. Time derivative (dVOC/dt) analysis

To evaluate the VOC production behavior of bacteria not only by 
their cumulative levels but also by their rate of change over time, the 
time derivative of the total VOC signal was calculated. Since measure
ments were obtained at equal time intervals (Δt = 1 h), the forward 
difference method was used in the derivative calculation. Numerical 
differentiation is inherently sensitive to noise; therefore, future studies 
may benefit from finer time resolution, smoothing/filtering strategies, 
and uncertainty estimation via independent biological replicates. Here, 
Stotal(t)represents the overall normalized sensor response at time t. 

Fig. 1. Bacterial inoculated e nose environment (data represent single biolog
ical measurements, n = 1).
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dVOC
dt

(t) =
Stotal(t + 1) − Stotal(t)

Δt.

This calculation determined the VOC rate-of-change values for each 
bacterial species at successive time intervals, making the response dy
namics during early, mid, and late measurement intervals comparable. 
While AUC reflects cumulative VOC output, dVOC/dt provides com
plementary information about response kinetics and temporal VOC 
dynamics.

2.8. Data processing and visualization

Processing of raw sensor data, calculation of combined VOC signals, 
time derivative (dVOC/dt) analyses, and creation of tables and graphs 
were performed using MATLAB software (MathWorks Inc., Natick, MA, 
USA).

3. Results and discussion

In this study, a heat map was created to compare the total VOC 
production levels of four different bacterial species (EF, PL, PM, PD) on 
six different gas sensors (MQ3, MQ4, MQ5, MQ8, MQ9, MQ135) to a 
blank sample. This heat map is given in Fig. 2. The coefficients obtained 
by dividing the AUC values by the blank sample indicate the “VOC 
fingerprint” left by each bacterial species on each sensor. Because MQ 
sensors are cross-sensitive, interpretations are based on response-pattern 
differences rather than direct VOC identification.

The heat map showed that the MQ3 and MQ4 sensors, in particular, 
yielded high rates for all bacteria, indicating a strong increase in the 
overall VOC load as a result of bacterial activity, consistent with the 
broad cross-sensitivity profile of MQ sensors. The MQ8 sensor, however, 
produced a significantly lower response in the PD sample (0.36). This 
suggests that Photobacterium damselae exhibited a markedly suppressed 
response pattern on MQ8 compared with other bacteria, yielding a 
distinctive negative-like fingerprint for PD within the cross-sensor 
response profile.

Fig. 3 shows the VOC distributions of bacteria formed by plotting the 
normalized AUC values in six different MQ sensors in polar coordinates. 
From the radar graph, it was observed that EF, PL and PM species 
showed similarities in MQ3 and MQ4 sensors, but there were significant 
differences in the MQ8 and MQ9 regions.

Fig. 4 shows the VOC profiles of four bacteria on six sensors, reduced 
to two dimensions using Principal Component Analysis. PCA was used as 
an exploratory visualization tool to examine clustering tendencies 
among bacterial VOC profiles and does not represent supervised classi
fication performance. The PC1 component explains 89.8% of the total variance, while the PC2 component explains 8.1%. The data show that 

the VOC values are largely separated along a single axis, and they sug
gest a separation trend.

The graph shows that PD is clustered in a region far from all other 
species on the PC1 axis. The main reason for this separation is due to the 
extremely low VOC production of PD on the MQ8 sensor. However, PM 
and PL are positioned close to each other, EF shows a higher position on 
the PC2 axis, and MQ3 was able to form its own biological fingerprint 
due to its predominantly VOC production.

Fig. 5 shows the two-dimensional distribution of bacteria using the 
MQ3 and MQ8 sensors, which have the highest discrimination power in 
VOC fingerprint extraction. The data revealed that the two-sensor pro
jection suggests an apparent separation trend, supporting the feasibility 
of minimal sensor configurations for exploratory discrimination. 
Although the EF, PL, and PM sensor values are close to each other on the 
MQ3 axis, the differences on the MQ8 axis highlight the differences in 
VOC production between species. The combination of these two sensors 
is inspiring for the design of a minimal biosensor system with its ability 
to offer high discrimination at low hardware cost.

The total VOC response produced by four bacteria applied to fish 
meat during a storage period of 0–8 h was evaluated using the AUC Fig. 2. Heat map obtained by dividing AUC values by Empty (data represent 

single biological measurements, n = 1).

Fig. 3. Radar graph showing differences in VOC production among bacteria 
(data represent single biological measurements, n = 1).

Fig. 4. PCA analysis based on VOC profiles (data represent single biological 
measurements, n = 1).
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values presented in Table 1. A very significant increase was observed in 
the MQ3 sensor for all bacteria compared to the blank sample. The in
crease in AUC values to the range of 4282–4640 in the EF, PL, PM, and 
PD groups indicates that bacterial activity rapidly increases mixed VOC 
emissions from the early measurement stages, reflected by elevated 
cross-sensitive MQ3 responses. This finding reveals that the MQ3 sensor 
acts as a “general VOC sensor” detecting the presence of bacteria and 
responds simultaneously to all types of contamination.

MQ4 sensor results showed that PL and PM species exhibited stron
ger MQ4 response patterns, consistent with increased emissions within 
VOC classes to which MQ4 is broadly sensitive. The fact that PL reached 
an MQ4 AUC of 3205 and PM reached 3030 suggests that these two 
species are particularly prominent in VOC response patterns that may 
reflect differences in substrate degradation dynamics. EF and PD showed 
a moderate increase in the MQ4 sensor.

In terms of the MQ5 sensor, the increase was more limited compared 
to MQ3 and MQ4, but bacterial contamination was still effectively 
detected. PL again reached the highest AUC value here, demonstrating 
its distinctive position in terms of an elevated MQ5 response profile 
within the overall VOC fingerprint. In contrast, PD's lower AUC in MQ5 
compared to other species suggests that this species exhibited a lower 
MQ5 response magnitude compared with other bacteria within the 
measured VOC fingerprint.

The most significant species differentiation was observed in the MQ8 
sensor. Table 1 shows that while the AUC values for EF, PL, and PM 
species ranged from 2671 to 3779, the MQ8 AUC value for PD was 
calculated as only 454. This difference clearly demonstrates that Pho
tobacterium damselae exhibits a markedly reduced MQ8 response 
compared with the other species, forming a distinctive negative-like 
fingerprint on this sensor axis. In terms of AUC values, the MQ9 
sensor differed from PL and PD with the high total VOC production of EF 

and PM reaching 2614. This indicates that EF and PM exhibited higher 
MQ9 response levels, suggesting differences in VOC emission patterns 
within classes broadly detectable by this sensor.

Table 2 presents the R values obtained by ratioing the AUC values to 
the control sample to eliminate scale differences arising from sensor 
performance. Table 2 is of great importance in revealing how the actual 
biological differences in VOC production are distributed among species. 
For example, the fact that all bacteria in the MQ3 sensor have an R value 
above 7 indicates bacteria produced approximately 7–8 times higher 
MQ3-normalized VOC response compared to the control group. This 
confirms that the MQ3 sensor functions as a strong biosensor in the early 
detection of contamination; however, it contributes little to species 
differentiation because the R values are close to each other. The R values 
of the MQ4 sensor similarly highlighted species differences. The R =
4.83 for PL and R = 4.56 for PM showed that these two species are 
metabolically more active in VOC classes broadly detectable by MQ4. 
The lower R values of EF and PD indicate that the MQ4 sensor is 
particularly more effective in differentiating Pseudomonas and Proteus 
species. In the MQ5 sensor, PL is seen to be distinguished from other 
species with an R value of 2.02. While this sensor is moderately effective 
in species differentiation, it provides a parameter that particularly 
supports the metabolic trace of PL. While PM and EF show moderate 
increases, the fact that PD produces the lowest R value indicates that this 
species presents a more limited profile in terms of VOC diversity 
compared to other species. The most striking species differentiation was 
observed in the R values of the MQ8 sensor, and the fact that PD pro
duces only R = 0.31 in the MQ8 sensor shows that it produces VOCs far 
below even the control sample, and it has been determined to be a strong 
diagnostic biomarker.

The MQ9 sensor showed that EF and PM produced the highest R 
values (R = 2.23), while PL and PD had lower values. This result suggests 
that EF and PM exhibited stronger MQ9 response patterns, indicating 
differences in VOC emission profiles within gas classes broadly detect
able by this sensor. In the MQ135 sensor, all species produced values 
very close to control (R ≈ 1.0), showing that the total VOC load 
contributed only minimally to species differentiation. This result high
lights that not all gas sensors with wide sensitivity contribute equally to 
bacterial differentiation, and that sensor selection, rather than the 
number of sensors, is crucial.

The values calculated by summing the average signal values ob
tained from the S < sub>total</sub>, MQ3, MQ4, MQ5, MQ8, MQ9, 
and MQ135 sensors for each time point are given in Table 3. The total 
VOC signals obtained from the combined sensor responses showed sig
nificant temporal differences among the four bacterial species. In the EF, 
PL, and PM species, the total VOC signal increased over time, but the 
rate and duration of the increase differed among the species.

Time derivative analysis (dVOC/dt) data are given in Table 4. The EF 
species showed a rapid early increase in VOC signal dynamics with high 
positive dVOC/dt values in the first 2–3 h of storage, followed by a 
gradual reduction in the VOC rate-of-change in later measurements. This 
pattern indicates an early rise in VOC signal behavior followed by sta
bilization in the rate-of-change profile. Because viable counts (CFU) 
were not measured in parallel, interpretations are limited to VOC signal 
dynamics and cannot directly confirm microbial growth phases. The PL 
species exhibited a fluctuating but overall high dVOC/dt profile, 

Fig. 5. Two-dimensional VOC fingerprint between MQ3 and MQ8 (data 
represent single biological measurements, n = 1).

Table 1 
0–8 h AUC(

∑
S(t)) for each sensor and bacterium (each condition was measured 

on a single biological sample, n = 1).

Sensors Empty EF PL PM PD

MQ3 587.41 4600.47 4493.27 4282.74 4640.67
MQ4 663.94 2485.93 3205.66 3030.47 3062.48
MQ5 1466.48 2543.06 2958.14 2667.33 2373.66
MQ8 1466.48 3459.66 2671.86 3779.99 454.28
MQ9 1172.80 2614.80 2215.60 2614.19 2010.40
MQ135 2248.46 2543.05 2419.88 2204.26 2135.07

Table 2 
R values obtained by dividing the AUC values by the blank sample (each con
dition was measured on a single biological sample, n = 1).

Sensors Empty EF PL PM PD

MQ3 1.00 7.83 7.65 7.29 7.90
MQ4 1.00 3.74 4.83 4.56 4.61
MQ5 1.00 1.73 2.02 1.82 1.62
MQ8 1.00 2.36 1.82 2.58 0.31
MQ9 1.00 2.23 1.89 2.23 1.71
MQ135 1.00 1.13 1.08 0.98 0.95
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suggesting a response pattern that can sustain VOC production over 
time. The PM species showed the highest VOC rate-of-change values in 
the early period, followed by a decrease in dVOC/dt in later measure
ments, indicating a plateauing of the VOC kinetic response.

The results obtained for Photobacterium damselae (PD) differed 
significantly from other species. PD exhibited a limited rate of VOC 
signal increase in the early hours, while dVOC/dt values were close to 
zero or negative after the 5th hour. This indicates that PD not only has 
low total VOC response but also a suppressed VOC kinetic pattern during 
the measurement window.

The time-dependent variation of combined VOC production rates of 
bacteria is more clearly observed in Fig. 6. The results suggest that cu
mulative VOC metrics alone may not fully capture species-level sepa
rability, whereas time-derivative analysis (dVOC/dt) highlights 
differences in VOC emission kinetics more distinctly across bacterial 
conditions. In particular, the early saturation and negative dVOC/dt 
profile observed for PD show that this bacterium can be distinguished 
from other species with a dynamic biological fingerprint, and that 
electronic nose systems can be enhanced with time-sensitive analyses in 
early contamination detection. The experiment was conducted at 25 ◦C 
for 8 h to accelerate VOC evolution and enable feasibility evaluation 
within a practical measurement window. Future studies will investigate 
refrigerated storage, longer monitoring periods, and mixed microbial 
communities to better represent real-world spoilage conditions.

3.1. Limitations and future perspectives

This study represents an initial feasibility investigation based on 
single biological measurements and limited temporal resolution. The 
absence of independent biological replicates and parallel microbiolog
ical enumeration restricts quantitative interpretation of microbial 
growth kinetics. Furthermore, the cross-sensitivity of MQ sensors limits 
direct chemical attribution of VOC classes.

4. Conclusion

This study demonstrates that MQ-based electronic nose systems can 
be used to distinguish foodborne spoilage bacteria with low cost and 
high data throughput. The combined use of AUC-based fingerprinting 
and time derivative (dVOC/dt) analysis enabled the identification of 

bacteria-specific metabolic behaviors. Photobacterium damselae exhibi
ted a distinct negative VOC fingerprint, particularly on the MQ8 sensor, 
showing that a minimum sensor configuration (MQ3–MQ8) suggests 
strong discrimination potential in an exploratory feasibility framework, 
offering a cost-effective and scalable model for monitoring early bac
terial contamination in fish products.
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Table 3 
Time-dependent total VOC signals of bacteria using a combined MQ sensor array 
(each condition was measured on a single biological sample, n = 1).

Time (Hours) EF PL PM PD

1 1821 1456 1279 1312
2 2011 1791 1781 1508
3 2129 1965 2185 1810
4 2266 2285 2396 1905
5 2436 2351 2663 2031
6 2329 2743 2726 2077
7 2421 2844 2806 2028
8 2494 2881 2748 2024

Table 4 
Combined VOC production rate (dVOC/dt) (each condition was measured on a 
single biological sample, n = 1).

Time Interval EF PL PM PD

1–2 +190 +335 +502 +196
2–3 +118 +174 +404 +302
3–4 +137 +320 +211 +95
4–5 +170 +66 +267 +126
5–6 ¡107 þ392 +63 þ46
6–7 +92 +101 +80 ¡49
7–8 +73 +37 ¡58 ¡4

Fig. 6. VOC Production rates (dVOC/dt) based on the combined sensor 
response (data represent single biological measurements, n = 1).
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