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A B S T R A C T   

Studies have established high prevalence of aflatoxin contamination in grains and cereals pro-
duced in Ghana. Mitigation strategies have focused mainly on capacity building for farmers, 
agricultural extension officers, bulk distributors and processors to the detriment of the market 
women who act as the final link between consumers and producers. This study used supervised 
machine learning algorithms by means of Classification and Regression Trees (CART) to inves-
tigate aflatoxin knowledge and awareness of market women in Greater Accra Region of Ghana. A 
cross-sectional survey and probability sampling methods were employed for data collection. 
Ninety-two (92%) of participants had never heard about aflatoxins and yet, 62% reported that 
they usually observe mould growth in their cereals/grains. Unsurprisingly, 97% of participants 
indicated that they had no knowledge of the aflatoxin bill passed by the government of Ghana 
parliament. Despite participants not being aware of aflatoxin menace, the percent correctness of 
their aflatoxin safety measure score was 40%. A regression tree algorithm showed that, partici-
pant’s ethnic group was the most significant parameter to consider regarding their aflatoxin 
safety knowledge. Their educational background and age were 95.5% and 72.5% as significant as 
their ethnic group. A classification tree algorithm showed that, educational level was the most 
significant parameter to consider when it comes to sorting of grains/cereals. Their ethnic group 
and marital status were 92.4% and 89.3% as important as educational level. It is therefore 
imperative for the Ghana government to extend sensitization and awareness programs to these 
market women, targeting the uneducated and specific age and ethnic groups.   

1. Introduction 

Aflatoxins are fungal secondary metabolites produced primarily by toxigenic strains of the fungi Aspergillus flavus and Aspergillus 
parasiticus. Aflatoxin-producing fungi are found in areas with a hot, humid climate and their presence in food are as a result of both pre- 
and post-harvest fungal contamination [1]. Aflatoxins B1 (AFB1), B2 (AFB2), G1 (AFG1) and G2 (AFG2) are the four (4) main types of 
aflatoxins frequently found in contaminated food and AFB1 is the most virulent of the four [2]. They have been associated with liver 
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cancer and have been classified as class 1 carcinogen, with peanut, maize and their derivatives being the main vehicles [3]. 
In Ghana, studies have established high prevalence of aflatoxin contamination in grains and cereals. Ref. [4] analyzed 180 maize 

samples from different agro-ecological zones in Ghana. They concluded that, 131 of the maize samples were contaminated with af-
latoxins with 127 (70.50%) and 116 (64.44%) exceeding the EFSA and Ghana Standard Authority (GSA) limits respectively. Another 
study by Baah-Tuahene [5] showed that groundnut oil and its by-products (kulikuli and khebab powder) were highly contaminated 
with aflatoxins and the levels far exceeded the set limit of 4 μg/kg total aflatoxin by the European Union and the adopted limit of 15 
μg/kg by Codex in peanuts for further processing. Ref [6,7,8], have all associated high levels of aflatoxin with grains and cereals in 
Ghana. 

There have been efforts to mitigate against the occurrence of aflatoxins in maize, other cereals and groundnuts, since the study by 
Kpodo, Sørensen and Jakobsen [9] on the occurrence of aflatoxins in kenkey, a traditional fermented maize product became a national 
issue. These measures have targeted both pre- and post-harvest stages of the food production chain. In some countries crop seeds have 
been genetically modified to be stress tolerant and more resistant to mould infestation and subsequent aflatoxin production [2]. 
Biological control measures have been developed where moulds incapable of producing aflatoxins are allowed to colonize crops to 
prevent the aflatoxin producing strains from infesting the crops [10]. Good agricultural practices such as crop rotation, moisture 
management and timely harvesting of crops have also been used as mitigation measures [2]. Some post-harvest strategies including 
quick drying of crops after harvest, cleaning of crops, and proper storage have also been adopted. Other interventions have focused on 
diet diversification of consumers and post exposure management including enterosorption, where products that bind aflatoxins in the 
gut and prevent their uptake have been introduced [11]. 

Majority of these interventions however, have focused mainly on capacity building for the farmer, agricultural extension officers, 
bulk distributors and processors to the detriment of the market women who act as the final link between consumers and farmers/ 
processors of food crops. The level of aflatoxin safety knowledge and awareness of market women especially on post-harvest handling 
of grains and cereals before final consumer purchase, will be very vital in the entire mitigation strategies. To appreciate the broad 
picture and effectively curtail the situation, the safety knowledge and awareness of the situation by market women should also be 
investigated to identify gaps to which appropriate strategies can be recommended. 

Machine learning is one of the current rapidly growing technical fields and in recent years, has been widely used in various fields 
including epidemiology, nutrition and food safety [12]. It is a powerful statistical method for collecting, summarizing, and analyzing 
data from different perspectives into valuable and practical information to identify useful relationships [13]. As a representative 
machine learning method, the Classification and Regression Tree (CART) has considerable advantages compared to traditional sta-
tistical modeling methods. It can achieve more accurate results, handle larger and more complex data. Machine learning methods have 
therefore become popular methods to solve problems of food safety [14]. It is a nonparametric method assuming no predefined data 
probability distributions or variable relationships, making it appropriate for solving complex, dynamic problems [15]. Additionally, 
machine learning models are able to handle missing attribute values and outliers which may ruin a model [16]. Machine learning 
therefore holds potential in leveraging large, emerging data sets to improve the safety of food supply and mitigate the impact of food 
safety incidents. 

Ref [17] used machine learning (ML) models, which included weather-based mechanistic model predictions for aflatoxin occur-
rence in maize. Work done by Yoo et al. [18] used CART models to study the potential hazards of urban airborne bacteria during Asian 
dust events. Ref [19] employed CART models to study the socio-economic and lifestyle parameters associated with diet quality of 
children and adolescents. Machine learning models have again been used to analyze poultry data to improve food safety and pro-
duction efficiencies [20]. The aim of this study was to use machine learning algorithms by means of CART to investigate the safety 
knowledge and awareness of fungal secondary metabolites (aflatoxins) contamination in grains and cereals of market women in 
Greater Accra Region of Ghana and to know the principal factors that influence their level of knowledge and awareness. 

2. Materials and methods 

2.1. Study settings 

The current study was conducted among market sellers of grains and cereals within selected markets in the Greater Accra Region of 
Ghana. The study took place from February to July 2022. Eighteen (18) markets in the Greater Accra Region considered as the “hub” 
for commercial grain and cereal activities were identified. Ten (10) markets were systematically and randomly selected from the 18 
major markets in the region. 

2.2. Study design, participants and sampling 

A cross-sectional survey and probability sampling methods were employed for data collection. Ten (10) markets in the Greater 
Accra region of Ghana were systematically and randomly selected. A sampling interval was calculated to generate a systematic order 
for sampling the 10 markets. 

Sampling Interval = total markets/markets to be selected. 
All markets were numbered from 1 to 18 and a number between the sampling interval randomly selected. Markets were counted by 

their order until the selected number was reached and was chosen as the first market for data collection. The sampling interval was 
added to the selected market’s number to get the next systematic order for which the second market was selected. This process was 
repeated until all 10 markets were selected from the 18 major markets. 
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Cochran’s formula was employed to calculate the sample size of respondents (sellers of grains and cereals) required for the survey. 

N =
P[1 − p]z2

e2 

Where; 
N = Sample size, 
P = Proportion of the population of market women and men with knowledge on aflatoxins, 
e = The error margin for desired precision 
z = The standard score (z value) for a normal distribution at a specific confidence level. 
A non-responsive rate was used to inflate the sample size to accommodate for an unforeseen non-responsiveness. A non-responsive 

rate was calculated using the expression; 
Final N = [Calculated N]/[1 – NRR] where NRR is the none responsive rate. 
There was no literature estimating the proportion of market sellers with knowledge of aflatoxins. A 50% proportion was therefore 

assumed. At a 5% error margin for desired precision, four hundred and four (404) market sellers were surveyed. Out of this total, forty 
(40) sellers of grains and cereals were interviewed from each of the 10 markets. 

2.3. Data collection tool and procedure 

The questionnaire used in this study consisted of several parts including: socio-demographic information, post-harvest practices, 
aflatoxin safety knowledge and awareness and, aflatoxin regulation. The socio-demographic information included gender, marital 
status, age, ethnic group, religious background and educational level of participants. A set of eight (8) questions with closed end 
options to choose from was used to assess participants post-harvest practices regarding grains and cereals. The post-harvest section 
included information on duration of storage, storage conditions, mode of storage and sorting of grains/cereals. Information on afla-
toxin safety knowledge and awareness included thirteen (13) questions centering on visible mould contamination, how they are 
handled, aflatoxin susceptible grains and periodic laboratory testing of grains/cereals. The aflatoxin safety knowledge of grain/cereals 
was scored based on the thirteen (13) questions asked. A participant scored one (1) mark if he/she answered the question correctly, 
otherwise scored a zero (0). An aggregate top score of 10 was expected. Research staff visited different locations of the 10 selected 
major markets in the Greater Accra region of Ghana where grains and cereals are sold. Research staff randomly approached sellers 20 
years or older (visual estimation) who sold grains and cereals in bulk quantities and invited them to participate in the study. Research 
staff reviewed the objectives of the study to all participants and asked those willing to participate to sign a consent form. Data were 
collected by face-to-face interview using a structured questionnaire. 

2.4. Validity and reliability of questionnaire 

The English-version of questionnaire used was translated into the local language (Twi), one of the predominant Ghanaian languages 
during data collection. Translation of the questionnaire from English to Twi was executed by a bilingual translator, which was checked 
by an independent research scientist. Back-translation of the questionnaire was also done by a separate independent bilingual 
translator to check for consistencies and to avoid any bias in the questionnaire. Prior to questionnaire administration, it was pre-tested 
and the internal consistency of components were assessed. A Cronbach’s alpha of 0.8142 was obtained (n = 20) indicating an 
acceptable reliability of questionnaire used in this study. 

2.5. CART analytical models 

The relationships between aflatoxin safety knowledge, sorting behaviour of grain and cereal sellers, and their socio-demographic 
parameters was studied using classification and regression tree algorithms as described by Zacharis [16]. For the given predictors, the 
response data set was split into two parts using homogeneity of data as criterion. In order to decide which attribute to split, the Gini 
impurity measure was used. 

The predictors were treated as either continuous or categorical variables and based on this, an appropriate splitting was done. For a 
continuous predictor variable ‘X’ and a value “c”, a split was defined by sending all records with the values of ‘X’ less than or equal to 
“c” to the left branch node, and all remaining records to the right branch node. The average of two adjacent values was then used to 
compute ‘c’. A continuous variable with N distinct values would generate up to N–1 potential splits of the root node. For a categorical 
predictor variable ‘X’ with distinct values (c1, c2, …, ck), a split was defined as a subset of levels that were sent to the left branch node. A 
categorical variable with K levels would therefore generate up to 2K− 1 – 1 split. 

2.5.1. Pruning of CART 
To prevent data overfitting and one data in each leaf node, trees were pruned to enhance predictive power of the classification. 

Since the data set did not exceed 5,000, a v-fold cross validation of the data was done and included independent test sets. 
All the data set were used to fit an initial overly large tree. The data was then divided into v = 10 subgroups, and 10 separate models 

fitted. The first model used subgroups 1–9 for training, and subgroup 10 for testing. The second model used groups 1–8 and 10 for 
training, and group 9 for testing. In all cases, an independent test subgroup was available. These 10 test subgroups were then combined 
to give independent error rates for the initial overly large tree which was fitted using all data set. 
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2.5.2. CART model adequacy 
The most accurate classification tree was selected based on misclassification cost for classification trees and R-squared for 

regression trees. The lowest misclassification cost within one standard error was selected and receiver operating characteristic (ROC) 
estimated. This was done by plotting the true positive rates (power of model) against false positive rates (type I error). The performance 
of training data set was also compared to that of test data to assess overall model adequacy. 

2.6. Statistical analysis 

Descriptive statistics (response frequencies, median, percentages and graphs) were used to summarize variables of interest. A Chi 
square goodness of fit test (N outcomes) was employed to test for significance among parameters assessed. CART algorithms were 
employed to assess the relationship between aflatoxin safety knowledge scores, grain/cereal sorting behaviour and socio-demographic 
variable of participants. Misclassification cost was used to select most appropriate tree. Significance was accepted at 5% type I error 
rate for responses. All data were analyzed using Minitab statistical software version 21. 

3. Results and discussions 

3.1. Socio-demographic information 

The socio-demographic information is summarized in Table 1. There were 340 females in the study accounting for 89% of total 
participants. Majority were married and accounted for 71% of total participants. This proportion was significantly higher (p < 0.05) 
than those participants who were single, divorced or widowed. The majority of participants were in the age range of 30–39 years. Mole 
Dagbani ethnic group dominated the study with a proportion of 47% which showed significant difference (p < 0.05) from other ethnic 
groups. Muslims participants (82%) were more than Christian participants and the difference was significant (p < 0.05). Middle 
school/Junior High School leavers dominated the study with a proportion of 31%. 

Gender segregation in the labour market continues to exist in a growing economy like Ghana [21]. The proportion of females (89%) 
to males (11%) confirms the assertion that certain sectors of the market are assigned to specific genders. Northern Ghana is the main 
food basket in terms of grain cereals for Ghana and the region account for ca. 97% of sorghum and millet production in the country 
[22]. It was therefore not surprising to have Muslims and Mole Dagbani, a strong and influential Muslim community native to the 
northern parts of Ghana [23], dominating the study. 

3.2. Postharvest handling and practices 

Questions were asked to assess participants post-harvest handling of grains and cereals. The result is presented in Table 2. Forty two 
percent (42%) of respondents gave pest infestation as a significant cause of losses during post-harvest handling of cereals and grains. 
Majority (42%) of the participants stored their grains for a period of 1–3 months before sales, whereas 32% stored under a month. It 
was interesting to note that, 76% of participants stored their grains in sacks and on wooden pellets while 3% poured grains on bare 

Table 1 
Socio-demographic parameters of grains/cereal sellers from selected markets in the Greater Accra region.  

Parameters Levels Counts Proportion Chi-square statistic (χ2) p-value (α = 0.05) 

Gender Female 340 0.89 273 <0.001 
Male 40 0.11 

Marital Status Single 50 0.13 441 <0.001 
Married 270 0.71 
Divorced 50 0.13 
Widowed 10 0.02 

Age 20–29 90 0.23 13.7 0.003 
30–39 120 0.31 
40–49 70 0.18 
>50 100 0.26 

Ethnic groups Akan 10 0.02 419 <0.001 
Ga Dangme 20 0.05 
Ewe 70 0.18 
Guan 20 0.05 
Mole Dagbani 180 0.47 
Other 80 0.21 

Religion Muslim 310 0.82 152 <0.001 
Christian 70 0.18 

Education None 100 0.26 56.8 <0.001 
Primary 60 0.15 
Middle School/JHS 120 0.31 
Secondary 60 0.15 
Tertiary 40 0.10  
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floor during storage. Remarkably, 95% of participants indicated that they always sorted their grains before sales, whereas 5% indicated 
they sorted only at certain times and not always. In Tanzania, Magembe et al. [24] who carried out an assessment of awareness of 
mycotoxin infections in stored maize and groundnut in Kilosa District, Tanzania reported that 50% of the participants sorted out their 
grains before sales while the other 50% did not sort at all. In the present study the respondents explained that they sorted their 
cereals/grains because it gave a better price, attracted buyers and also for safety reasons. Other studies in Ghana have also reported 
that sorting of grains before selling maintains grain quality as well as the grade, which will eventually result in better pricing [25,26]. 
When participants were asked how they handled the sorted/rejected grains/cereals, 34% claimed that they discarded the bad grains, 
39% said that they used it as feed for animals and 11% indicated that they sold the bad grains separately or used them for animal feed. 
Ref [25] emphasized that, shriveled and insect damaged peanut kernels are probable source of aflatoxin contamination and must be 
sorted out of healthy kernels and discarded. Contrary to this assertion, half (50%) of the participants surveyed sorted out bad grains but 
used it as either animal feed or sold them separately. 

3.3. Aflatoxins awareness and safety knowledge 

The responses to questions asked to assess participants aflatoxin awareness and safety knowledge is presented in Table 3. Sur-
prisingly, 92% of participants had not heard about aflatoxins. However, 66% reported that they usually experience mould growth in 

Table 2 
The post-harvest handling assessment of grain/cereal sellers from selected markets in the Greater Accra region of Ghana.  

Questions Levels Counts Proportion Chi-square statistic (χ2) p-value (α = 0.05) 

What causes losses of grains/cereals Pest infestation 160 0.42 253 <0.001 
Poor storage 50 0.13 
Bad weather 90 0.24 
Poor storage; Bad weather 20 0.05 
Other reasons 60 0.16 

How long do you store grains/cereals Less than 1 month 120 0.32 93.7 <0.001 
1–3 months 160 0.42 
4–6 months 50 0.13 
Over 6 months 50 0.13 

How do you store grains/cereals Bare floor 10 0.03 767 <0.001 
Terrazzo/Tiles 20 0.05 
Line floor with empty sacks 10 0.03 
In sacks on floor 50 0.13 
In sacks on structures 290 0.76 

Do you sort grains/cereals Yes 360 0.95 304 <0.001 
Sometimes 20 0.05 

Why do you sort Better price 290 0.76 540 <0.001 
Better price; Safety reasons 10 0.03 
To attract customers 40 0.11 
Convenience 40 0.11 

How do you handle sorted grains/cereals Discard 130 0.34 289 <0.001 
Feed 150 0.39 
Feed; Discard 30 0.08 
Food for home 20 0.05 
Feed; Sold separately 40 0.11 
Sold separately 10 0.03  

Table 3 
Aflatoxin awareness and safety knowledge assessment of grain/cereal sellers from selected markets in the greater Accra region of Ghana.  

Questions Levels Counts Proportion Chi-square statistic (χ2) p-value (α = 0.05) 

Have you heard about aflatoxins Yes 30 0.08 269 <0.001 
No 350 0.92 

Do you get mould contamination in grains/cereals Yes 250 0.66 37.9 <0.001 
No 130 0.34 

Do you use chemical to prevent moulds Yes 170 0.45 4.21 0.04  
No 210 0.55 

Do regulatory authorities come to check your grains Yes 130 0.34 37.9 <0.001  
No 250 0.66 

If yes how often do they come Once in 6 months 40 0.31 56.9 <0.001 
Once in 12 months 80 0.62 
Others-once in a while 10 0.08 

Have you ever tested your products for aflatoxins No 380 1.00 N/A N/A 
yes 0 0.00 

Are you aware of the current aflatoxin bill Yes 10 0.0263 341 <0.001 
No 370 0.9737  
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their grains. In an attempt to control mouldy grains, 45% indicated they used chemicals to prevent mould growth. Obviously, the grain 
sellers had no knowledge that mouldy grains could lead to the production of carcinogenic toxins including aflatoxins. As such, they 
assumed that the mere treatment of mouldy grains with chemicals/fungicides rendered them safe for consumption. Agbetiameh et al. 
[6] reported on aflatoxin contamination in maize and groundnut in major producing regions across three agroecological zones (AEZs) 
in Ghana. They found that there was a high prevalence of aflatoxin contamination in maize and groundnut, even when there was no 
visible mould growth. Similar assertion was made by Ortega-Beltran and Bandyopadhyay [27] who stressed on the importance of 
preventing mould growth and subsequent aflatoxin production through proper storage and Laboratory testing. When participants in 
the current study were asked about regulation by authorities, 34% indicated that regulatory authorities seldomly inspected their grains 
and of the 34% who indicated so, 62% stated that the visit was just once in a year. Majority (66%) however indicated that regulatory 
authorities have never inspected their grains. It was therefore not surprising that all participants indicated they have never tested their 
cereals/grains for aflatoxins. Consequently, over 97% of the sellers had no knowledge of the aflatoxin bill passed by the government of 
Ghana parliament. The absence of regulatory authorities from the various markets to survey and monitor grains and cereals handling 
confirm Lawal [28] avowal that the Food Inspectorate Department of the Food and Drugs Authority, Ghana, are faced with some 
challenges which makes market surveillance difficult. These he claimed include inadequacy in personnel, lack of equipment and a 
single main food laboratory located in the Accra main office serving the entire country. 

The result of aflatoxins safety knowledge scores is presented in Fig. 1. The aflatoxin knowledge scores of participants ranged from 
0 to 10 with a median score of 4. The lower 25% of participants scored a zero whereas the top 25% scored a 10. The lower 50% of 
participants scored between 0 and 4 whereas the top 50% scored between 4 and 10. The interquartile range was the same as the 
minimum (0) and maximum (10) scores since the lower 25% scored 0 and the top 25% scored 10. The median score of 4 represented a 
40% aflatoxin safety knowledge of grain/cereal sellers. The below average safety knowledge score on aflatoxins confirms what Ortega 
and Tschirley [29] concluded in their work. The authors found that the overall awareness of food safety issues in Sub Saharan Africa is 
low relative to Asia. Moreover, knowledge of producer behavior and consumer demand for food safety in developing countries is very 
limited. 

3.4. Regression tree algorithm of aflatoxin safety knowledge scores 

To further understand how socio-demographics of grain/cereals sellers are associated with aflatoxin safety knowledge, a 16 ter-
minal node regression tree (Fig. 2) was built to study associations and for future predictions. The tree algorithms used 262 data set as 
training data and 118 as test data. An initial root node (node 1) showed that aflatoxin safety knowledge prediction for sellers will range 
from 0.8 to 9.4 where a score of 10 indicates a maximum (100%) aflatoxin safety knowledge. The 16 terminal node tree had an R 
squared of 83.54% (Fig. 3) which is an indication of the predictive power of the tree. This meant that the tree algorithm was adequate 
and that almost 84% of total variations in aflatoxin safety knowledge score was explained by the regressors. 

From the root node (node 1), the ethnic group of grain/cereal sellers was the predictor with the least Gini impurity (the criteria 
employed for node splitting) and was therefore used to split the root node. When sellers are of the Akan or Guan ethnic group, their 
level of education, gender, marital status and age (in decreasing order of importance), will determine their aflatoxin safety knowledge 
scores. An Akan or Guan who has no formal education or has attained only primary education will have aflatoxin safety knowledge 
score between 0% and 27% (terminal node 1). Comparably, a female of the Akan or Guan ethnic group with tertiary education will 
have higher safety knowledge scores than a male (terminal node 2 and node 4). If these females are married and fall in the age bracket 
of 50 years and above, their aflatoxin safety knowledge score will be a 100% (terminal node 5) and between 39% and 59% if they are 
below 50 years (terminal node 4). 

On the right branch node from the root node shows the relationship between socio-demographics and aflatoxin safety knowledge 
score when sellers are of the Ewe, Ga Dangme or Mole Dagbani ethnic group. Considering nodes where age was used for splitting, 
younger sellers will always score less on aflatoxin safety knowledge than older sellers (terminal nodes 6, 7 and 8) except for female 
Mole Dagbanis with no formal education. Younger sellers (20–29 years) will score more on aflatoxin safety knowledge (71.4%) than 
older sellers (8.6%) who are 30 years and above (terminal nodes 13 and 14). When a relative variable importance chart was considered 

Fig. 1. A box and whisker plot showing the aflatoxin safety knowledge scores distribution among grain/cereal sellers from selected markets in the 
Greater Accra Region of Ghana (N = 380). 
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Fig. 2. A 16 terminal node regression tree algorithm built using aflatoxin safety knowledge scores as a discrete response and socio-demographic 
parameters as categorical predictors (N = 262). 

Fig. 3. The R-squared versus number of terminal nodes graph used to select the optimal tree that maximizes the R-squared within 1 standard error.  
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for the 16 terminal node tree (Fig. 4), the ethnic group of sellers emerged as the most important parameter to consider during miti-
gation strategies. Seller’s level of education, age, marital status and gender were equally significant parameters to consider in 
decreasing order of importance (Fig. 4). 

Kamano and his colleagues sought to investigate the influence of knowledge, attitude and practices of farmers on aflatoxin 
contamination of maize in Makueni and Baringo counties in Kenya [30]. They used socio-demographics as linear regressors of aflatoxin 
knowledge. They established that age was a significant predictor of aflatoxin knowledge scores and that younger age groups were more 
knowledgeable than older age groups. However, the present study carried out in Ghana predicts that older sellers are likely to be more 
knowledgeable in aflatoxin safety than younger sellers. It should also be noted that whereas the study in Kenya focused on farmers, the 
present study focused on grain and cereals sellers in the market i.e. a different focus group. In Nigeria, Adekoya et al. [31] studied 
consumer awareness and prevalence of mycotoxin contamination in selected Nigerian fermented foods. They concluded that, 98% of 
consumers were unaware of mycotoxins and that educational status of consumers was a significant predictor of mycotoxin awareness. 
A similar trend was observed in the present study where 92% of sellers were unaware of aflatoxins and educational status of sellers was 
an important determinant of their aflatoxin safety knowledge score. For both studies, participants with higher level of education are 
more likely to have a better score for aflatoxin safety knowledge. 

3.5. Classification tree algorithm of cereal sorting 

To study the associations and relationships between socio-demographics and the sorting behaviour of grain/cereal sellers, a five 
terminal node classification tree algorithm was built (Fig. 5). For the initial root node (node1), responses from 262 respondents used in 
model training was considered. Out of this, 242 representing 92.4% contended that they sorted their grains. Considering socio- 
demographics, the ethnic group of respondents emerged as the parameter with the least Gini impurity and was used to split the 
root node. Sellers from the Akan, Ewe, Ga Dangme and Guan ethnic groups will always sort their grains with a 98.9% probability 
(terminal node 5). The sellers from the Mole Dagbani ethnic group with some tertiary education will sort their grains with a probability 
of 98.1% (terminal node 4). However, those with no formal education or have had up to only middle school education and are in the 
middle age bracket (30–39 years) are less likely to sort their grains with only 50% chance of sorting (terminal node 1). Those at the 
upper age bracket (40 years and above) who are married have a higher probability of sorting their grains than those who are single 
with probabilities of 95.3% and 61.1% respectively (terminal nodes 2 and 3). 

A relative variable importance chart (Fig. 6) for sellers sorting behaviour showed that, educational level of sellers was the most 
important demographic factor to consider. Their ethnic groups and marital statuses were 92.4% and 89.3% as important as their 
educational level when sorting of cereals and grains is concerned. The 5 terminal node algorithm was used to explain sorting behaviour 
since it was the optimal tree with the least misclassification cost (0.26) within one standard error (Fig. 7). The Receiver Operating 
Characteristic (ROC) curve (Fig. 8) shows how well the 5 terminal node tree classifies the data set. This is a plot of power of prediction 
(sensitivity) against type I error (1-specificity). A perfect classification model will always have an area of 1 under the ROC curve. An 
area of 86.1% and 83.9% for training and test data sets under the ROC curve indicates the model adequately fits the data set and as a 
result, classification of responses was not random. 

Shriveled and immature grains are known to be the more susceptible to aflatoxin contamination than healthy grains [25]. Sorting 
out these grains has been found to significantly reduce aflatoxin levels in groundnut and maize [25,32,33]. In effect, regular sorting of 

Fig. 4. A socio-demographic variable importance chart for the 16 terminal node regression algorithms showing the most important parameter on 
aflatoxin safety knowledge scores. 
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Fig. 5. A five terminal node classification tree algorithm built using the sorting behaviour of grain/cereal sellers and their socio- 
demographic variables. 
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grains or cereals by market women could be an effective measure to reduce the health implications of aflatoxins on consumers. Ac-
cording to Tyroler [34], sorting is generally considered a women’s role and that market women often allocate their best peanuts 
(sorted) up for sale and often consume peanuts of lower quality that are unknowingly contaminated with aflatoxins. The findings of 
this current work confirm Tyroler’s assertions in that, gender was found to be one of the significant parameters to consider when the 
sorting behavior of sellers is concerned. The classification tree algorithm revealed that women are more likely to sort their grains than 
men. It was however worrying to note that sorted grains and cereals which are to be discarded are mostly consumed by sellers. This 
indicates that understanding the high risks of aflatoxin contamination is important and that information is not sufficiently dissemi-
nated to sellers, particularly women who are single and within the 30–39 years age bracket. Male sellers require even more under-
standing of the high risks of aflatoxin contamination and mitigation actions should target such groups. 

4. Conclusion 

The level of aflatoxin safety knowledge and awareness of grain and cereal sellers in the Greater Accra Region of Ghana was 
determined. Machine learning algorithm by means of Classification and Regression Trees was used to study how socio-demographic 
parameters affected aflatoxin safety knowledge and sorting behaviour of sellers. The relative variable importance chart determined 
which predictors were the most important and the variable with the highest improvement score on the model was set as the most 

Fig. 6. A socio-demographic variable importance chart for the 5 terminal node classification tree algorithm showing the most important parameter 
for grain/cereal sorting behaviour. 

Fig. 7. The relative misclassification cost of the 5 terminal node classification tree within 1 standard error.  
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important variable to affect aflatoxin safety knowledge score and the sorting behaviour of sellers. The aflatoxin safety knowledge score 
of sellers was below average. The ethnic group and educational background of sellers were the most important variables to consider 
during mitigation strategies. Regarding the sorting behaviour of sellers, their educational background was of utmost importance. 
Findings from this research highlight the necessity for more education and awareness creation of proper post-harvest handling and 
storage procedures for grains and cereals in order to prevent the production of carcinogenic toxins and assure food safety. Regulatory 
authorities must intensify their efforts to monitor and assure compliance to food safety standards within the Greater Accra Region of 
Ghana. 
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