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Abstract 

Aflatoxins are of great concern for food safety and security due to their impact on human 
health and the agriculture economy in developing countries. There is therefore a need for 
rapid, cost-effective, portable and easy to operate diagnostic techniques for their detection 
that can be deployed in the field to facilitate removal of contaminated lots. This study aimed 
to evaluate the potential use of a field portable metal oxide sensors based electronic nose to 
detect aflatoxin contamination in Kenyan maize varieties that were artificially and naturally 
infected with Aspergillus flavus. Mutual information was used to select features from the 
electronic nose sensor signals for classification of the samples. The effectiveness of selected 
features to discriminate between the different classes of samples was evaluated by support 
vector machines and k-nearest neighbour with leave-one-out cross-validation. External 
validation was also conducted by analysing samples naturally contaminated with A. flavus 
using the classification model generated with samples that had been artificially inoculated 
with the aflatoxigenic A. flavus. Cross-validated classification accuracies ranged from 72 % 
to 88 % for maize samples artificially inoculated with A. flavus and 61 % to 86 % for samples 
naturally infected with A. flavus. Classification accuracies achieved with external validation 
for maize samples naturally contaminated with aflatoxins ranged from 58 % to 78 % and were 
relatively consistent with accuracies obtained from internal validation. Results suggest that 
the electronic nose could be a promising cost-effective screening method to detect aflatoxin 
contamination in maize.

Key words: Zea mays, Aspergillus flavus, mycotoxins, electronic noses, volatile organic 
compounds, mutual information. 
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1.0 Introduction 

Maize (Zea mays), the main staple food for much of the population in developing countries, is 

highly susceptible to contamination with aflatoxins, produced mainly by Aspergillus flavus 

[1]. Aflatoxins, pose a great threat for agriculture, trade and human health in developing 

countries as a result of economic losses from reduced grain quality, loss of animal 

productivity and reduced accessibility to international markets [2]. Management of aflatoxin 

remains problematic, particularly in developing countries where production and storage 

conditions favour contamination, coupled with a lack of well-established regulatory systems 

to frequently monitor food samples prior to trade or human consumption [3]. Additionally, 

contamination is not often evident to the farmer and hence requires robust sampling and 

analysis technologies [4]. Electronic nose can potentially be deployed as rapid, non-invasive, 

cost-effective and portable systems for detection of mycotoxin contamination in cereals to 

provide real time monitoring data to facilitate removal of contaminated lots [5]. Electronic 

nose detection of mycotoxin is based on capability to detect changes in composition volatile 

organic compounds (VOCs) in the sample as result of fungal infection [6]. 

Capability of electronic nose to discriminate between non-infected samples and samples 

infected with different species or strains of mycotoxigenic fungi in various cereals has been 

documented [7-14]. Most of the studies have been in vitro, with the fungi inoculated on 

artificial media or sterilised grain. However, biosynthesis of volatile organic compounds is 

strongly dependant on the environmental conditions of growth. Significant variations in 

volatile profiles have been observed when mycotoxigenic fungi are grown on different 

substrates and in different environments [15-17]. Changes in volatile profiles have also been 

observed between different genotypes of wheat and maize infected with the same 

mycotoxigenic fungal species [18, 19]. In view of the various factors influencing the 

production of volatile compounds by toxigenic fungi on grains, deployment of the electronic 

nose as a diagnostic technique for detection of aflatoxin contamination is contingent on 

validating its capability to detect contamination in inoculated and, critically, naturally 

infected maize samples of different maize varieties. The objective of the current study was to 

evaluate the potential of a field portable metal oxide electronic nose (DiagNose) for the 

detection of volatiles associated with Kenyan maize varieties artificially and naturally 

contaminated with aflatoxins.  
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2.0 Materials and Methods 

2.1 Artificial inoculation of maize with Aspergillus flavus 

Aflatoxigenic (121365) and non- aflatoxigenic A. flavus (3VM787) isolates were obtained 

from the strain collection at the University of Nairobi School of Biological Sciences. They 

had previously been isolated from maize and soil from farms and rural households in the 

Makueni and Nandi counties of Kenya, as described by Okoth, Nyongesa [20]. Aflatoxigenic 

status of the isolates was confirmed under UV light at 350 nm and by direct competitive 

Enzyme-linked immunosorbent assay (ELISA) as described in Machungo, Berna [21]. Maize 

cobs at the kernel dent stage of two Kenyan maize varieties, Duma 43 and Pioneer were used 

for inoculation with A. flavus as described in Machungo, Berna [21]. Treatments included 

contaminating maize cobs with aflatoxigenic and non aflatoxigenic A. flavus at two, six and 

ten incisions per cob (10 cobs per incision, n = 30), to achieve different aflatoxin 

concentration levels. Cobs inoculated with 2 % v/v Tween 20 at two, six and ten incisions 

served as controls (10 cobs per incision, n = 30). The samples were used for evaluation of 

performance of the DiagNose through a number of pair wise comparisons; control vs all A. 

flavus infected maize (30 vs 60, n = 90), control vs aflatoxigenic A. flavus infected maize (30 

vs 30, n = 60), control vs non-aflatoxigenic A. flavus infected maize (30 vs 30, n = 60) and 

non-aflatoxigenic vs aflatoxigenic infected maize (30 vs 30, n = 60). 

2.2 Collection of maize samples naturally infected with A. flavus

Maize samples potentially contaminated with aflatoxins under field conditions were collected 

from farms in the Bura Irrigation Scheme in Tana River County and Kaiti in Makueni 

County, Kenya. The two sites were selected on the basis of past records that they have high 

prevalence of aflatoxin contamination, and outbreaks of aflatoxicosis [22-24]. Additional 

samples were provided by Bioscience eastern and central Africa (BecA- ILRI Hub) and were 

collected from market centres in Meru County. A total of 195 maize samples comprising 

three varieties (Pioneer, Duma 43, and DH04) and market samples (mixture of unknown 

varieties) were collected as described in the Supplementary materials. The samples were 

used for evaluation of performance of the DiagNose through pair wise comparison of 

uncontaminated vs contaminated maize.The presence and concentration of aflatoxin in 

collected samples was determined by direct competitive ELISA (Agra Quant® total aflatoxin 

assay 1/20 Romer labs. Inc., Union, MO, USA) as per manufacturer protocol.
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2.3 Electronic nose analysis

The head space volatile profiles of maize experimentally inoculated or naturally contaminated 

with A. flavus as well as the control treatments were analysed with a field portable electronic 

nose: DiagNose (C-it, The Netherlands) equipped with twelve n type metal oxide sensors 

with thermocycling where the sensor surface temperature is varied over 32 steps following a 

quasi-sinusoidal signal, between temperatures of 260 oC and 340 oC. The sensor array 

comprises of six types doped tin oxide (SnO2) sensors and one type undoped tungsten oxide 

(WO3) sensors as summarized in Table 1.

Table 1: Sensor array for DiagNose

Sensor type Doping Sensor ID

SnO2-Pd Palladium S1, S2, S3

SnO2-Pt Platinum S4, S8, S12

SnO2-Cu Copper S5

WO3 Undopped S6, S7, S9

*Experimental sensor ((Extype 1) - S10

SnO2-Ag Silver S11

 * Composition undisclosed by the manufacturer

Volatiles were extracted as described in Machungo, Berna [21]. In brief, 1.65 g maize flour in 

a 10 mL glass vials (Supelco, Bellefonte, PA) fitted with a silicon/teflon magnetic auto 

sampler vial cap (Agilent Technologies, Australia) were incubated in a block heater for 30 

min at 35 oC to allow the release of volatiles into the sample headspace. After incubation, the 

headspace was carried to and from the electronic nose chamber via Teflon tubing at a flow 

rate of 40 mL/ min. Headspace was sampled for five minutes. 

2.4 Data analysis 

Data pre-processing, feature selection, cross-validation and classification were conducted as 

described in Machungo, Berna [21] and as detailed in the Supplementary materials. In brief, 

electronic nose raw data for different samples analysed within the same day was first 

normalised by their mean and standard deviation (i.e. z-scored): (x-μ)/σ, where x is a data 
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point, μ is the mean of all data for that sensor that day, and σ is the standard deviation of all 

data for that sensor. Mutual information (MI) was used for selection of features for 

classification of the samples. The MI for individual features and respective class comparison 

was calculated to determine sensors with discriminating information related to the different 

sample classes. The first 100 features with the most information on the difference between the 

sample classes were selected. Effectiveness of the selected features to discriminate between 

the different sample classes was evaluated by two classifiers; support vector machines (SVM 

linear and radial functions) and k- nearest neighbour (KNN) with different values of k (k = 1, 

3, 5, 7, 9, 11, 13) with leave-one-out cross-validation. An accuracy of 95 % was deemed 

satisfactory for classification. Classification accuracy rates below the significance level value 

are considered non-significant. The naive classification level, which represents classification 

rates expected by chance, was also determined. The number and type of misclassified samples 

(false positive and false negative) were investigated from the classifier that achieved the 

highest classification rate.

2.5 External validation 

The potential for DiagNose to detect aflatoxin contamination in maize was externally 

validated using data from maize samples artificially infected with aflatoxigenic A. flavus as a 

training set and data from maize samples naturally infected with A. flavus as a validation set. 

This was evaluated for all inoculated samples vs all naturally infected samples, inoculated 

samples vs naturally infected samples of similar varieties, inoculated samples vs naturally 

infected samples of different varieties and inoculated samples vs naturally infected samples of 

unknown variety (market samples) as described in the Supplementary materials.

 

3.0 RESULTS

3.1 Aflatoxin contamination levels for maize artificially inoculated with A. flavus 

Aflatoxin contamination levels in parts per billion (ppb) were significantly higher (p = 

0.0002, n = 90) in Duma 43 samples inoculated with the aflatoxigenic A. flavus isolate (158 ± 

137 ppb) when compared to the controls (0.6 ± 0.3 ppb) and samples inoculated with the non-

aflatoxigenic isolates (0.4 ± 0.2ppb). Similarly for Pioneer, aflatoxin contamination levels 

were significantly higher (p <0.001, n = 90) for samples inoculated with aflatoxigenic A. 

flavus isolate (885.75 ± 158 ppb) when compared to the controls (0.1± 0.05 ppb) and samples 
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inoculated with the non-aflatoxigenic isolates (0.7 ± 0.3ppb). The control and non-

aflatoxigenic samples contained aflatoxins levels that were below the maximum set 

regulatory limit of 5 ppb [25] for maize and therefore these samples were considered as true 

negative controls for the purpose of this study. 

3.2 Aflatoxin contamination levels for maize naturally infected with A. flavus 

Maize samples potentially infected with A. flavus under field conditions were purchased from 

farms in aflatoxin prone areas in Kenya and included the main varieties grown in those 

respective areas. Three varieties were obtained. Two of these; Duma 43 and Pioneer, were the 

same as those experimentally inoculated with A. flavus. The third variety was DH04. Market 

samples were also purchased, but their varieties were not known. Aflatoxin contamination 

levels were higher for samples purchased from the market when compared to individual 

varieties grown and purchased from farms. Contamination levels ranged from 49.8 ppb for 

Duma 43 to 12,680 ppb for market samples (Table 2). For the purpose of this study samples 

with aflatoxin levels between 0 to 5.9 ppb were considered as uncontaminated, whereas 

samples with contamination levels equal to or greater than 6 pbb were classified as 

contaminated. 

Table 2. Aflatoxin contamination levels in parts per billion (ppb) of Kenyan maize varieties 

and market samples naturally infected with A. flavus under field conditions. 

Variety Number of samples with different 
aflatoxin levels

Average 
aflatoxin levels 
in ppb

Below 
regulatory limit 
of 5ppb

Above 
regulatory limit 
of 5 ppb

Total 
samples 

DHO4 41 11 52 49.8
Pioneer 34 31 65 100
Duma 43 22 13 35 269
Market samples 23 20 43 12,680
Total 120 75 195

*Market samples – Mixture of unknown varieties
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 3.3 Classification performance for DiagNose analysis Kenyan maize varieties artificially 

inoculated with A. flavus 

The potential for DiagNose to detect aflatoxin contamination in the maize artificially 

inoculated with A. flavus was evaluated by the ability of the sensors to discriminate between 

the different sample classes, namely control, non-aflatoxigenic A. flavus infected maize and 

aflatoxigenic A. flavus infected maize. Results for MI between the classes are presented as a 

heat map showing the sensor responses to the different samples (Supplementary materials). 

The average correct classification rate was plotted against the number of features for each 

class comparison to determine the classification performance. The number of classifiers (of 

the nine total) that achieved classification rates equal to or above the P05 significance level 

(95 %) and how the classification rates were sustained across the different number of features 

determined the robustness of the classification performance. Classification rates sustained 

across the different numbers of features indicated a robust classification performance the nine 

classifiers tested. For Duma 43, three of the four class comparisons (except control vs all A. 

flavus infected maize) had classifiers achieving classification accuracies equal to or above the 

P05 significance level (Figure 1). The classification rates for these three comparisons were 

also sustained across the different numbers of features indicating a robust classification 

performance. 
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SVML- Support vector machines- linear function; SVMR- Support vector machines- radial function; KNN - k-nearest 

neighbour with different values of k (1, 3, 5, 7, 9, 11, 13); Classification rate above or equal to the P05 significance 

level is significant; Naïve classification level represents random classification (by chance). 

Figure 1: Cross-validated classification accuracy versus number of features selected by 

mutual information for Kenyan maize variety Duma 43; (a) control vs all A. flavus infected 

maize flour, (b) control vs aflatoxigenic A. flavus infected maize flour, (c) control vs non-

aflatoxigenic A. flavus infected maize flour and (d) non-aflatoxigenic vs aflatoxigenic A. 

flavus infected maize flour. *Colour printing required

The DiagNose achieved classification rates equal to or above the P05 significance level for all 

the class comparisons with some of the classifiers for Pioneer. A robust classification 

performance was achieved for the control vs non-aflatoxigenic A. flavus infected maize and 

non-aflatoxigenic vs aflatoxigenic A. flavus infected maize. The classification rates were 

however not sustained across the different numbers of features indicating a non-robust 

c

a

d

b
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classification performance for the control vs all A. flavus infected maize and control vs 

aflatoxigenic A. flavus infected maize (Figure 2).

SVML- Support vector machines- linear function; SVMR- Support vector machines- radial function; KNN - k-
nearest neighbour with different values of k (1, 3, 5, 7, 9, 11, 13); Classification rate above or equal to the P05 
significance level is significant; Naïve classification level represents random classification (by chance).  

Figure 2: Cross-validated classification accuracy versus number of features selected by 

mutual information for Kenyan maize variety Pioneer; (a) control vs all A. flavus infected 

maize flour, (b) control vs aflatoxigenic A. flavus infected maize flour, (c) control vs non-

aflatoxigenic A. flavus infected maize flour and (d) non-aflatoxigenic vs aflatoxigenic A. 

flavus infected maize flour. *Colour printing required

3.5 Classification accuracy for DiagNose analysis Kenyan maize varieties artificially 

inoculated with A. flavus 

The results demonstrate the potential for DiagNose to discriminate between controls and 

samples artificially inoculated with A. flavus for the two varieties. Cross-validated 

classification accuracies achieved ranged from 72 % to 88 % for the two varieties across the 

a b

c d
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different class comparisons (Table 3). Classification accuracies across the different class 

comparisons for both varieties were significant for some classifiers (P ≥ 05) in all except 

control vs all A. flavus infected maize for Duma 43. The best classifiers for all class 

comparisons for the two varieties were higher than the naive classification level which 

represents random classification (Table 3). Classification accuracy for the control vs all A. 

flavus infected maize and control vs aflatoxigenic A. flavus maize, which represent field 

conditions, ranged from 72 % to 76 % for Duma 43 and from 72 % to 73 % for Pioneer. SVM 

was superior to KNN in classification of the different sample types. SVM recorded best 

correct classification rates for three out of the four pairwise comparisons for the two varieties 

(Table 3). A higher proportion of false positives relative to false negatives was recorded 

across the different class comparisons for the two varieties, except for classification of control 

vs all A. flavus infected maize (Table 3). In practice this implies that the DiagNose would 

classify more of the uncontaminated samples as contaminated than it would classify 

contaminated samples as non-contaminated which is less detrimental to the consumers. 
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Table 3: Cross-validated best classification accuracy for DiagNose analysis of maize flour for Kenyan maize varieties Duma 43 and Pioneer 
inoculated with 2 % Tween 20 as a control and non-aflatoxigenic and aflatoxigenic isolates of A. flavus across different class comparisons. 

* Due to limited amount of maize flour obtained after milling, the number of samples used for analysis were lower than the number of inoculated cobs. Class comparison- all A. flavus- All A. 
flavus infected maize flour, aflatoxigenic- aflatoxigenic A. flavus infected maize flour, non-aflatoxigenic- non-aflatoxigenic A. flavus infected maize flour; No. of samples – Number of samples 
used for analysis; Non-afla- non-aflatoxigenic; Classification (%)-Highest classification rate recorded; P05 significance level (%) - significance level at 95 % confidence level; Naïve 
classification- classification expected by chance; No. ≥ P05 significance- Number of classifiers out of the total nine that achieved classification rates equal to or greater than the P05 significance 
level; Best classifier- Classifier that achieved the highest classification rate, SVM- Support vector machines; KNN - k-nearest neighbour; False +ve - Number of false positive samples (control 
samples classified as either A. flavus infected, aflatoxigenic or non-Aflatoxigenic); No.- Number; False –ve- Number of false negative samples (A. flavus infected, aflatoxigenic and non-
aflatoxigenic samples classified as control). 

Variety Class comparisons *No. of 
samples

Classification
(%)

P05 
significance 

level (%)

Naïve 
classification

(%)

No. 
classifiers ≥ 

P05 
significance

Best 
classifier

Misclassification 
type

False 
+ve

False 
–ve

Control vs all A. flavus 76 72 76 67 0/9 SVM 10 11

Control vs aflatoxigenic 54 76 63 52 9/9 KNN 7 6

Control vs non-afla 50 78 64 52 9/9 SVM 6 5

Duma 43

Non-afla vs aflatoxigenic 52 77 65 54 7/9 SVM 10 2

Control vs all A. flavus 88 72 67 58 9/9 SVM 11 14

Control vs aflatoxigenic 60 73 72 62 3/9 KNN 9 7

Control vs  non-afla 60 85 68 57 9/9 SVM 6 3

Pioneer

Non-afla vs aflatoxigenic 51 88 67 55 9/9 SVM 3 3
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3.6 Classification performance for DiagNose analysis Kenyan maize varieties with A. 

naturally infected with A. flavus

The capability of DiagNose to detect aflatoxin in naturally contaminated Kenyan maize 

varieties was evaluated by the ability of the sensors to correctly differentiate uncontaminated 

(< 6 ppb aflatoxin) and contaminated (≥ 6 ppb aflatoxin) samples. Results for MI between the 

classes are presented as a heat map showing the sensor responses to the different samples 

(Supplementary materials). This capability was not consistent for the three varieties and the 

market samples. All classifiers tested achieved statistically significant classification rates for 

DH04 which were sustained across the different number of features (Figure 3). For market 

samples, although eight out of the nine classifiers tested achieved classification rates above or 

equal to the P05 significance level, the rates were achieved with only one feature and were 

not sustained across the different number of features indicating a weak/non-robust 

classification performance. DiagNose was least effective in discriminating contaminated from 

uncontamianted samples for Duma 43 and Pioneer. For Duma 43 the classification rates for 

all classifiers were below the P05 significance level, while for Pioneer only one classifier out 

of the nine tested achieved classificaton rate equal to the P05 significance level which was not 

suitained across the different number of features. 
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SVML- Support vector machines- linear function; SVMR- Support vector machines- radial function; KNN - k-nearest 
neighbour with different values of k (1, 3, 5, 7, 9, 11, 13); Classification rate above or equal to the P05 significance level 
is significant; Naïve classification level represents classification by random chance. 

Figure 3: Cross-validated classification accuracy versus number of features selected by MI 

for Kenyan maize varieties (a) DH04, (b) Market samples (mixture of unknown varieties), (c) 

Pioneer and d) Duma 43 samples naturally infected with A. flavus under field conditions. 

*Colour printing required

3.7 Classification accuracy for DiagNose analysis Kenyan maize varieties artificially 

inoculated with A. flavus

The capability of DiagNose under some circumstances to detect aflatoxin contamination in 

maize samples naturally infected with A. flavus was demonstrated. Highest classification 

accuracies for both known varieties and market samples ranged from 61 % to 86 % (Table 4). 

Classification accuracy was highest at 86 % and more robust for DH04 compared to the other 

varieties and the market samples. A statistically significant classification accuracy of 79 % 

was also achieved for market samples, which are expected to be the most difficult to classify, 

considering they are a mixture of different and unknown varieties. The samples represent 

field conditions in the market where maize flour sold to consumers in retail outlets comprises 

c

a b

c d
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a mixture of different unknown varieties. For Duma 43 the highest classification rate was 

below the P05 significance level and only 70 % of the samples were accurately classified 

while for Pioneer only 61 % of the samples were accurately classified. SVM was more 

effective than KNN in classification of maize samples naturally infected with A. flavus. SVM 

achieved highest classification rates for two out of three varieties evaluated and the market 

samples while KNN gave a non-significant best correct classification rate for Duma 43. The 

number of false negatives was higher than false positives across the different varieties and 

market samples indicating that the DiagNose has a higher chance to misclassify samples that 

are naturally infected with A. flavus as non-contaminated when they are actually 

contaminated.
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Table 4: Cross-validated best classification accuracy for DiagNose analysis of flour from Kenyan Maize varieties Duma 43, Pioneer, DH04 and 
Market samples naturally infected with A. flavus under field conditions.

No. of samples – Number of samples used for analysis; Classification (%)-Highest classification rate recorded; P05 significance level (%) - significance level at 95% confidence level; Naïve 
classification- classification expected by chance depending on the number of samples in each class; Number classifiers ≥ P05 significance- Number of classifiers out of the total nine that 
achieved classification rates equal to or greater than the P05 significance level; Classification-Classifier that achieved the highest classification rate; SVM Support Vector Machines; KNN - k-
nearest neighbour; No.- Number; False +ve - Number of false positive samples (control samples classified as contaminated); False –ve- Number of false negative samples (contaminated sample 
classified as control).  

Variety *No. of 
samples

Classification
(%)

P05 
significance 
level (%)

Naïve 
classification 
level (%)

No. classifiers ≥ 
P05 significance 
level (%)

Best Classifier Misclassification 
type

False
+ve

False 
–ve

Duma 43 33 70 76 60 0/9 KNN 4 6
Pioneer 64 61 61 51 1/9 SVM 12 13
DH04 51 86 61 51 9/9 SVM 3 4
Market samples 43 79 67 56 8/9 SVM 3 6
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3.5 External validation of DiagNose data

Cross-validated best correct classification rates achieved with external validation were 

compared with classification rates achieved previously with internal validation for samples 

naturally infected with A. flavus in a number of training and validation sets combinations 

(Table 5). In all except one case (Pioneer inoculated vs Pioneer naturally infected), the 

external validation was weaker than the leave-one out cross-validation (internal validation). 

Classification rates achieved during internal validation showed the capability of DiagNose to 

discriminate between uncontaminated and contaminated maize samples naturally infected 

with A. flavus with accuracies ranging from 61 % to 86 %. External validation of the data 

yielded classification accuracies that ranged from 62 % to 78 % across the different training 

and validation set combinations. Classification accuracies were statistically significant for 

four out of seven training/validation set combinations that included; inoculated samples vs 

naturally infected samples of similar varieties for Pioneer, inoculated samples (Duma 43 and 

Pioneer) vs naturally infected samples of different variety (DH04) naturally infected with A. 

flavus, and Duma 43 samples artificially inoculated with A. flavus used for external validation 

of data from market samples naturally infected with A. flavus. Classification accuracies were 

however, non-significant when data from all artificially infected samples were used for 

external validation for all naturally infected samples, when Duma 43 artificially inoculated 

data were used for external validation of Duma 43 naturally infected with A. flavus and when 

Pioneer data for artificially inoculated samples were used for external validation of market 

samples naturally infected with A. flavus. Though the classification rates were below the 

significant level, they were all above the naïve classification level.
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Table 5: Cross-validated accuracies for external validation of potential for DiagNose to detect aflatoxin contamination in maize flour using data 
from maize samples artificially infected with A. flavus as a training set and data from maize samples naturally infected with A. flavus as 
validation set.

  AI – Samples artificially inoculated with A. flavus; NI- Samples naturally infected with A. flavus under field conditions.  

 Description Training 
set 

Validation/test set Internal 
validation 

(Validation 
set)

External validation
(Training: validation set)

Best correct 
classification

(%)

Best correct 
classification 

(%)

P05 significance level
(%)

Naive classification 
level
(%)

All samples All AI All NI 68 62 64 58

Duma-AI Duma-NI 70 67 76 60 
Similar Varieties

Pioneer-AI Pioneer-NI 61 64 61 51

Duma-AI DH04-NI 86 76 61 51
Different varieties 
 Pioneer-AI DH04-NI 86 78 61 51

Duma-AI Market samples-NI 79 74 67 56
*Market samples 

Pioneer-AI Market samples-NI 79 58 67 56
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4.0 Discussion and Conclusion

The capability of a field portable electronic nose (DiagNose) combined with mutual information as a 

feature selection method for detecting aflatoxin contamination in maize artificially inoculated and 

naturally infected with A. flavus was evaluated. Successful discrimination of controls from maize 

artificially inoculated with aflatoxigenic and non-aflatoxigenic A. flavus under laboratory conditions 

was demonstrated with two Kenyan maize varieties. The DiagNose was also able to discriminate 

between aflatoxin contaminated and uncontaminated Kenyan maize varieties that were naturally 

infected with A. flavus under field conditions in some circumstances. Additionally, external validation 

of the DiagNose yielded classification accuracies for aflatoxin contamination that were relatively 

consistent with accuracies obtained from internal validation.

Due to the complex and non-linear nature of electronic nose data, KNN and SVM are the most widely 

used classifiers [26]. In this study, SVM achieved the highest classification accuracies in most 

instances. The superior performance of SVM compared to KNN could be attributed to its inherent 

ability to deal with non-linear complex separation problems through application of the kernel function 

that enables transformation of the data from a low dimension space to a higher dimensional space 

where the classes can be separated [27]. Similar results were reported by Chen, Zhao [28] while 

evaluating the potential of an electronic nose for discrimination of green tea quality. The study 

compared SVM, KNN and an artificial neural network for discrimination of four grades of green tea. 

Optimum discrimination was achieved with SVM in comparison to KNN and the artificial neural 

network. 

 External validation is conducted to evaluate the predictive accuracy of the classification model with 

datasets that were not used to train the model and its potential for generalizability to future settings 

[29]. In the context of this study, a laboratory validation was conducted to ascertain the possibility of 

training an electronic nose with laboratory generated samples and achieving correct classification with 

field samples. Though the external validation was generally weaker than leave-one out cross-

validation, statistically significant classification accuracies were achieved with external validation in 

some circumstances. The results indicate the possibility that DiagNose could be trained with maize 

samples artificially contaminated with aflatoxins in the laboratory and then be used to classify field 

samples that are naturally contaminated with aflatoxins for varieties similar to those used for training, 

varieties that are different to those used for training and mixtures of unknown varieties/market 

samples. However, there is a need to validate the findings with a wider range of maize varieties and 
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training-validation combinations than used in this study. To the best of our knowledge, this is the first 

study reporting external validation of the potential for an electronic nose to detect aflatoxin 

contamination in maize. It is however, consistent with previous studies on external validation of the 

potential application of electronic nose as a diagnostic technique for detection of contamination on 

other food matrices [30].  

The results indicate the potential for DiagNose, supported by mutual information, as a field portable 

instrument for detection of aflatoxin contamination of maize. Classification accuracies ranged from 72 

% to 88 % for maize samples artificially inoculated with A. flavus and 61 % to 86 % for maize samples 

naturally infected with A. flavus under field conditions. The results are consistent with findings from 

other studies evaluating the potential application of electronic nose to detect aflatoxin contamination 

of maize. Ottoboni, Pinotti [12] achieved an overall 65 % cross-validated classification accuracy for 

detection of aflatoxin and fumonisin contamination of maize samples that were either below the 

regulatory limit, singly contaminated or co-contaminated using an electronic nose equipped with an 

array of ten metal oxide semiconductor sensors and a nine variate discriminant function analysis 

model. Leggieri, Marco [13] using an electronic nose with an array of ten metal oxide semiconductor 

sensors and an artificial neural network reported discrimination of maize grains contaminated above or 

below the legal limit for aflatoxin B1 with an accuracy of  78 %. 

Classification accuracies varied amongst the different varieties. This could be an indication that 

potential for DiagNose to discriminate between aflatoxin contaminated and uncontaminated field 

samples could be variety dependent. A possible explanation is the inherent genetic differences 

between the varieties which could have an influence on the type and quantity of VOCs produced and 

hence on the capability of DiagNose to detect contamination. Variations in VOC profiles among maize 

and wheat varieties infected with the same species of mycotoxigenic fungi has been previously 

reported [18, 19, 31]. The maize samples were collected from farmers in different agro-ecological 

zones in Kenya and were presumably produced under different ecological, agronomic and climatic 

conditions, which could also account for the variability in VOCs produced as reported by Gouinguene´ 

and Turlings [32]. Additionally, varieties could also have been infected with different strains of A. 

flavus which have been documented to vary across the different agro ecological zones in Kenya [20, 

33-35].
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In ideal circumstances, the goal is to have a diagnostic technique that can perfectly discriminate 

between aflatoxin contaminated and uncontaminated samples. However, 100 % accuracy is rare for 

any diagnostic, values close to 100 % are considered acceptable [36]. The classification accuracies 

achieved in this study, though statistically significant in some cases and better than chance, are too low 

to justify deployment of DiagNose as a field diagnostic for detection of aflatoxin contamination, which 

would require correct classification rates of greater than 90 %. A lower level of classification success 

may be acceptable for a screening test but only if the false negative rate is low. Unlike the maize 

samples artificially inoculated with A. flavus, a higher proportion of false negatives compared to false 

positives was recorded for the maize samples naturally infected with A. flavus under field conditions. 

This is not ideal for a screening technique. A bias towards a false positive result is preferable because 

few genuinely contaminated samples could be released for consumption. A high proportion of false 

negatives would be less safe because more contaminated samples would be released for consumption.  

The results do, however, provide important initial insights and a proof of concept of the potential 

application of electronic nose technology in general, and the DiagNose in particular, for detecting 

aflatoxin contamination in maize. Our results indicate that the DiagNose can correctly discriminate 

between aflatoxin contaminated and uncontaminated samples in 70 out of 100 samples on average. 

This, coupled with the field portability of the instrument and the possible detection of contamination 

without sample preparation, would allow for rapid, efficient and cost-effective initial screening on a 

large number of samples on a ‘Yes’ or ‘No’ criterion basis. The objective would be to reduce the 

number of samples required to undergo more expensive and time-consuming quantitative analyses. 

This could translate into reduced cost and time of analysis, which would facilitate timely removal of 

contaminated lots from the food and/or feed chains. 

There is need, however, for further research to improve the classification accuracy and performance of 

electronic noses before they can be adopted for practical use. A number of challenges related to the 

performance of the DiagNose need to be addressed. These include selectivity and redundancies of 

sensors, where sensors with poor selectivity adversely affect the discriminating power of the array. 

The future applicability of electronic noses for detection of aflatoxins in maize is therefore dependent 

on selection of the most responsive sensors for detection of aflatoxin contamination across a wide 

range of samples including intact kernels. The selected sensors could be utilized for formulation of an 

optimized instrument potentially a probe with fewer sensors that are more selective hence more 
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effective and accurate in detecting aflatoxin contamination. The optimized instrument when available 

would be an innovative, cost-effective and easy to use technique for detection of aflatoxin 

contamination along the different points of the maize supply chain. It would not require highly skilled 

operators, hence well suited for rural areas where there is very little or non-existent laboratory 

infrastructure. 
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