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Abstract: Aflatoxin is among the highest-threatening food contaminants as it affects both the health of consumers 

and the entire value chain. Researchers are of the view that aflatoxin contamination will increase due to the impacts 

of climate change. This study aimed to review studies on modelling the impacts of climate change on aflatoxin 

contamination to gain a deeper understanding of the progress achieved, methodologies used and potential gaps or 

opportunities for further studies. A critical analysis of the available literature revealed that aflatoxin contamination is 

a spatial-temporal phenomenon as it depends on both location and time. In many regions, data unavailability has been 

an obstacle in developing predictive models. We note that it is necessary for each region to have their own models 

according to the crop, soil characteristics and projected climate of the given area for better and more accurate results.  

Future studies should focus on the first; surveillance of susceptible crops and gathering of aflatoxin contamination 

data. Second, developing models to assess the aflatoxin contamination risk due to projected climate change, soil 
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properties, and crop characteristics so that proper strategies can be adopted. Third, laboratory experimental results 

must be validated in fields to increase their usability. 

Keywords: aflatoxin contamination; climate change; modelling. 

2010 AMS Subject Classification: 92D25. 

 

1. INTRODUCTION 

Aflatoxins are poisonous substances produced by Aspergillus flavus and Aspergillus parasiticus 

(certain types of fungi) that are found naturally all over the world and they can grow in soil, 

decaying vegetation and grains if conditions are favourable [1,2]. The optimal conditions for 

Aspergillus to grow and produce aflatoxin are temperature around 300C, relative humidity between 

80% to 85%, and other factors like water activity and soil PH [2,3]. There are more than 20 

different types of aflatoxins, but the most important are B1, B2, G1 and G2 with aflatoxin B1 being 

the most frequent in food crops and having greater toxin power [2-5]. When contaminated crops 

are processed, aflatoxins enter the general food supply where they can be found in both human 

foods and feeds for livestock. Livestock fed on contaminated feed can also pass aflatoxin into eggs, 

milk products, and meat [6]. Aflatoxins are most commonly ingested, however, the most toxic type 

of aflatoxin, B1, can also permeate through the skin [7]. 

The effects of aflatoxins on the health of consumers of contaminated food and business chains 

have been reported. Consuming contaminated food can cause death (in case of high dosage), 

lowering body immunity, children's growth stunting and liver cancer [8,9] depending on dose 

intake and exposure time [2]. Due to these health problems, countries have set standards and 

restrictions to different food crops and animal feeds to be imported resulting in greater economic 

losses to farmers, transporters, marketers, and crop processors. The European Union, for example, 

allows maize and groundnuts with concentrations of aflatoxin below 5μg/kg and 8μg/kg 

respectively to be imported and consumed for food or feed [10]. In developing countries, it’s 

difficult to measure levels of aflatoxin in food crops because they are produced for subsistence and 

most are consumed by locals before entering the business chain. The East African Community has 

established a limit that the aflatoxin level in maize must not exceed 10μg/kg to facilitate the same 

standard in importing and export of maize among member countries [11]. 
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Since climate is one of the factors that affect aflatoxin levels, the changing climate is expected to 

impact the prevalence of aflatoxin in farm produce. The Intergovernmental Panel on Climate 

Change (IPCC) refers to climate change as any change in average weather conditions over a long 

period of time as a result of natural factors or human activities [12,13]. On the other hand, the 

United Nations Framework Convention on Climate Change (UNFCCC) refers to climate change 

as the change in average weather conditions over a long period of time that is caused directly or 

indirectly by human activities [12,14]. Climate change has been regarded as one of the causes of 

various problems in the world today, for example, contamination of crops, flooding, drought, and 

rise in sea level. Changing climate (for example temperature, rainfall, relative humidity and solar 

radiation) may threaten food security if they affect staple crops [15]. In general, if the temperature 

increases in cool or temperate climates, the relevant countries may become more susceptible to 

aflatoxins and the tropical countries may become too unfriendly to conventional fungal growth 

and aflatoxin production [15]. 

A wide body of evidence demonstrates that the ability of fungi to grow, survive and interact with 

a large variety of crop species and to produce aflatoxins is greatly influenced by environmental 

factors, mainly temperature and relative humidity [16]. These factors are greatly related to climate 

change where it’s expected a 20C to 50C increase in temperature by 2100 [17,18]. In this sense, 

food safety has become a very important issue around the world and the potential effects of climate 

change on the yields and quality of food crops, especially aflatoxins, have received special 

attention in recent years, in particular from risk analysis and mitigation perspective [19]. 

The objectives of this study were (i) to review different publications to gain a deeper understanding 

of what is already done and what is missing in modelling the dynamics or occurrence (production) 

of aflatoxin in crops, animals and humans especially due to climate change (ii) to identify the 

methodologies used in modelling aflatoxin occurrence and (iii) to identify possible gaps or 

opportunities for further study. 

 

2. MATHEMATICAL MODELS 

Mathematical models (eg, Afla-maize, Baranyi model, regression models, and Pitt model) have 

been used to predict the extent of fungi growth and aflatoxin formation in crops as a function of 
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environmental factors [8, 20-25]. The role of mathematical modelling is to identify the risk factors, 

levels of aflatoxin contaminations and the associated economical losses, and animal and human 

health problems. From these models, prevention and mitigation strategies can be developed to 

prevent losses. There are various types of mathematical models depending on how the input 

variables have been measured, the number of iterations and the working mechanism [26]. In 

discrete models, events and variables change over time like hourly, daily, weekly and monthly 

data, while in continuous models, events and variables are continuous over time and do not change 

abruptly from one state to another.  

Empirical models base on statistical analysis of data observed in field experiments to establish the 

relationship between aflatoxin contamination and climate variables. On the other hand, 

mechanistic models are based on cause-and-effect relationships among variables to represent 

biological, chemical, or physical processes [20,26]. In practice, model development can involve 

both approaches. 

The study conducted a review of literature concerning the predictive modelling of the impacts of 

climate change on aflatoxin contamination as indicated by selected studies in the following 

sections. The studies included in this review were categorized into two groups: the first group are 

studies focusing on aflatoxin dynamics models, and the second group focused on predictive 

modelling of aflatoxin contamination on crops, livestock, and humans due to environmental and 

climate factors. 

2.1 Aflatoxin dynamics and risk models 

The dynamics of systems in mathematics are usually analyzed using the differential equation 

models where the rates of transfer between compartments are represented by differential equations. 

The study by [27] used the differential equation model to explain the dynamics of aflatoxin in 

feeds and foods in plants, animals and humans. The transfer of aflatoxin concentrations from plants 

to animals and humans is shown in Figure 1. The system of ordinary differential equations was 

formulated from the model in Figure 1 to represent the dynamics of aflatoxin flow from plants to 

animals and humans. Stability analysis was performed on equilibrium points using the threshold 

parameter which is analogous to reproduction number in other epidemiological studies. The results 
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showed that the entire dynamics of aflatoxin flow depends on the threshold value. If the threshold 

value is greater than the unit, the aflatoxin concentration will reach the toxin limit and vice versa. 

 

Figure 1: Transfer diagram of Aflatoxin concentration 

Where 𝐴𝑓𝑃 , 𝐴𝑓𝐴, 𝐴𝑓𝐻  are aflatoxin concentration in plants, animals, and humans respectively, R 

is removed, 𝑑 is the death rate, Λ is the rate of natural occurrence of aflatoxin,  β, α, γ are the 

transmission rates, μ and φ are removal rates of aflatoxin from humans and animal respectively. 

Later on, in 2019 [28] suggested a mathematical model for aflatoxin control using probiotics. The 

study assumes an ecosystem where aflatoxin fungi and probiotics are placed together like predator-

prey systems and the ability of probiotics to detoxify aflatoxin contamination is analyzed. The 

model used a system of ordinary differential equations to show the effect of probiotics on the 

aflatoxin concentration. The results of the model indicate that the ability of probiotics to detoxify 

depends on the rate of the formation of aflatoxin-probiotics complex.  

However, all studies [27,28] did not incorporate climate change factor which is considered to be a 

driving force in the formulation of aflatoxin. Also, the study didn’t use the experimental data to 

test the predictive power of the model developed. 

2.2 Aflatoxin prediction models 

Different mathematical and statistical approaches have been used on predicting aflatoxin 

contamination in crops due to climate and environmental factors. Most of these models are site-

specific models and they need to be validated before being used in other areas.  
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One of the famous models is the AFLA-maize [20]. This model was developed in Italy for 

predicting aflatoxin concentration in maize. AFLA-maize is the mechanistic model developed 

using logistic regression to determine the probability that the aflatoxin level will exceed 5μg/kg 

which is the standard level of aflatoxin concentration in the European Union. Weather data were 

used as independent variables while aflatoxin levels data were used as dependent variables. The 

dependent variable had two categories: 0 if the aflatoxin level is less than 5μg/kg and 1 if otherwise. 

The model was able to correctly predict 73% of the samples which were tested, making it a useful 

tool to support decision-making in aflatoxin risk mitigation. However, the model was developed 

using weather and aflatoxin data from Northern Italy, so it cannot be used in other geographical 

areas with different climatic conditions without being calibrated. 

Although the AFLA-maize model [20] was developed to predict aflatoxin contamination in maize 

in Italy, it has been applied in countries and other crops as well. For example, [29] used the AFLA-

maize model to develop AFLA-Pistachio, a mechanistic model to predict aflatoxin contamination 

in pistachio nuts using the binary logistic regression technique. The model included climate 

variables (rainfall, temperature, and relative humidity) to explain their contribution to aflatoxin 

contamination in pistachio nuts. Data on aflatoxin contamination were classified based on whether 

they exceeded the European Union standard of 12μg/kg for pistachio nuts (given value 1) or not 

(given value 0). The logistic regression provides the probability (chance) of an event to occur and 

it ranges from 0 to 1. When the probability is greater than or equal to 0.5, it means the aflatoxin 

concentration will exceed the threshold of 12μg/kg while when it is less than 0.5 it means the 

concentration will be below. The developed AFLA-pistachio model shows good predicting 

accuracy of around 80% making it a good tool in decision-making regarding aflatoxin mitigation 

in pistachio. 

Other studies that used the AFLA-maize model include [1] and [8]. The study by [1] developed a 

model to analyze the impacts of climate change on aflatoxin B1 in maize and aflatoxin M1 in milk 

by combining models already available and data on aflatoxin in maize and dairy milk for cows in 

Netherlands. In the forecast stage, the study uses the AFLA-maize model developed by [20] and 

the aflatoxin simulation model developed by [33]. Then the study used a Carryover simulation 

model developed by [18] to estimate the concentration of aflatoxin M1 in dairy milk using 
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aflatoxin B1 intake by cows as an input. The model uses Monte Carlo simulation to account for 

the carryover of aflatoxin B1 in feed to cow body and then to aflatoxin M1 in milk. Results showed 

that the aflatoxin concentration in milk is expected to increase in future climate (up to 50%) by 

2030 in the case study. However, the study insisted that the results mainly depend on the climate 

and carryover model used, so it can have different results. Further studies are needed on each 

region with different climate conditions to have appropriate results to support decision-making.  

On the other hand, [8] used the AFLA-Maize model to investigate the impacts of climate change 

on the maize produced in Malawi. The study first used regional climatic models to obtain historical 

data (1971-2020) and projected data (2021-2039 and 2040-2069) on climate variables.  The 

climate data were used as input on Food and Agriculture Organization’s (FAO) AquaCrop model 

to simulate and assess the impacts of climate change on maize growth cycle [8]. Lastly, the study 

employed AFLA-Maize model [20] to calculate the aflatoxin index in all regions of Malawi. The 

results revealed that Climate change will lead to an increase in aflatoxin concentrations in all 

regions under study. However, the study faced some challenges in data availability for example 

historical relative humidity data were not found for Malawi causing uncertainty.  

Mathematical models can base on laboratory results where crop plants are subjected to different 

temperatures and water activity to assess their impacts on aflatoxin contamination. Results from 

these laboratory experiments provide insight to further field-related studies where other 

environmental factors; soil characteristics, and farm management like irrigation and fertilizer 

usage, can be used to have reality in assumptions and more accurate results. [21] and [22] used 

findings from laboratory to estimate the relationship between aflatoxin contamination and 

environmental factors. They both used the Barinyi model [30] to study the growth rate of growth 

of Aspergillus flavus and the production rate of aflatoxin production. [22] used the Gaussian model 

and polynomial equations to estimate aflatoxin production at various temperatures and water 

activity. The model was validated using the root mean square error (RMSE) calculated using 

predicted and observed concentrations of Aspergillus flavus. The developed model showed good 

performance with R2 of 0.859 and 0.605 for Aspergillus flavus growth and aflatoxin production, 

respectively. On the other hand, [22] used logistic regression models to predict aflatoxin 

production. The model was able to correctly predict 89.4% of the cases and was seen as useful.  
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Logistic regression is one of the approaches used in predictive modelling of the impacts of climate 

change on aflatoxin contaminations. The main characteristic of logistic regression is that the 

dependent variable is a binary variable (having two categories) in this case: 1 if the aflatoxin 

contamination exceeds the given limit and 0 if otherwise. The study by [31] used logistic regression 

models to assess the probability of exceeding a given threshold of 20μg/kg (dependent variable) 

given a set independent variable (drought index, soil characteristics, and maize hybrid). The results 

revealed that the drought index can be used to predict aflatoxin contamination. 

Another study by [25] used logistic regression to estimate the relation between weather data and 

aflatoxin occurrences and concentration in maize during the 2013 growing season in Tanzania and 

Kenya. Using statistical approaches: Logistic regression and machine learning techniques: support 

vector machine and random forest the study used weather data as predictors of aflatoxin 

concentration in maize samples collected from Tanzania and Kenya. The results showed that low 

rainfall and high temperature during the early stage of maturity of the maize plant increases the 

chance of occurrence and high concentration of aflatoxin.  

Crop modelling frameworks have also been used to model climate risk on aflatoxin contamination. 

[32] and [33] developed a model for the climate risks on aflatoxin concentration in maize. 

Temperature and moisture were used as input in the Agricultural Production Systems Simulator 

(APSIM) modelling framework [34] to produce the aflatoxin risk index (ARI). In validating the 

model, field data on aflatoxin contamination were regressed with the aflatoxin risk index (ARI) 

showing significant results R2 of 0.69 for the rainfed location and R2 of 0.62 for the irrigated 

locations. Furthermore, the study revealed that locations with both dry and hot climates had higher 

risk of aflatoxin compared to locations with either hot or dry climates.  

Aflatoxin contamination is a spatial-temporal phenomenon as it depends on both location and time. 

Predictive models need to be developed or validated in each region before being used.  Data on 

crop physiology, soil characteristics, weather and climate and farm management like irrigation and 

fertilizer application are necessary for modelling to have a more accurate and valid prediction of 

aflatoxin contaminations. Table 1 shows a summary of different studies conducted on aflatoxin 

contamination.  
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3. DISCUSSION 

In assessing the impacts of climate change on aflatoxin contamination, five models have been used 

directly or as base models in most of the reviewed articles, as shown in Table 1. These five models 

are discussed in this section with their inputs and expected outputs. Most of these models have 

been developed and validated in Europe calling for further studies in other geographical areas. 

3.1 Afla-maize model 

Afla-maize model is a logistic regression model to estimate the probability of aflatoxin 

concentration exceeding the given level (5μg/kg for Europe). It consists of a binary dependent 

variable with a set of one or more independent variables. The independent variables are the climate 

variables, soil characteristics, and crop characteristics [20]. The probability 𝑃 is given by equation 

1. 

 
𝑃 =

1

1 + 𝑒𝑥𝑝−(𝐶+𝐵1𝑥1+ 𝐵1𝑥1+...+ 𝐵𝑛𝑥𝑛)
 

 

(1) 

Where 𝐶 , 𝐵1, 𝐵2, …, 𝐵𝑛  are parameters to be estimated and 𝑥1 , 𝑥2 , …,𝑥𝑛  are independent 

variables. The probability values 𝑃  range from 0 to 1 with 𝑃 > 0.5  meaning that aflatoxin 

contamination will exceed 5 μg/kg while 𝑃 >  0.5 means that aflatoxin contamination will not 

exceed 5 μg/kg. The Afla-maize model has been applied in other studies like [1,8,29] due to its 

strengths in predicting aflatoxin contamination.  However, soil and crop characteristics were not 

included in this study leading to uncertainty in its prediction.  

3.2 Baranyi model 

The Baranyi model describes the growth rate of moulds and bacteria under different temperatures 

and water activity [30]. Although the model is primarily made to model the growth rate of bacteria 

[21], the studies by [21-23] used this model to describe the growth rate of Aspergillus flavus as 

shown in Equations 2 and 3. 

                 𝑦 = 𝑦0 + 𝜇𝑚𝑎𝑥𝐴 − 𝑙𝑛 (1 +
[𝑒𝑥𝑝(𝜇𝑚𝑎𝑥𝐴)−1]

𝑒𝑥𝑝(𝑦𝑚𝑎𝑥−𝑦0)
)             (2) 

  𝐴 = 𝑡 + (
1

𝜇𝑚𝑎𝑥
) 𝑙𝑛[𝑒𝑥𝑝(−𝜇𝑚𝑎𝑥𝑡) + 𝑒𝑥𝑝(−𝜇𝑚𝑎𝑥𝜆) − 𝑒𝑥𝑝(−𝜇𝑚𝑎𝑥𝑡 − 𝜇𝑚𝑎𝑥𝑡)]           (3) 
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Where 𝑦 is the colony diameter, 𝑦0 is the initial colony diameter, 𝑦𝑚𝑎𝑥 is the maximum colony 

diameter,  𝜇𝑚𝑎𝑥 is the maximum specific colony growth rate of the colony, 𝜆 is the lag phase 

and 𝑡 is time in days. One of the the assumptions of Baranyi model is that the growth rate of fungi 

or bacteria is independent of the environment [30]. This assumption is an oversimplification 

because environmental factors have a significant contribution to fungi growth.  

3.3 Logistic regression 

Most of the studies in this review have used logistic regression to estimate the probability of 

aflatoxin production given the set of independent variables: moisture content (%mc) or water 

activity (𝑎𝑤) and Temperature (T) [22,25,30]. The format of the logistic regression model is as 

shown by Equation 4 where P is the probability of aflatoxin production. 

  𝐿𝑜𝑔𝑖𝑡 𝑃 = 𝑙𝑛 (
𝑃

1−𝑃
) = 𝑏0 + 𝑏1%𝑚𝑐 + 𝑏2𝑇 + 𝑏11%𝑚𝑐2 + 𝑏22𝑇2 +  𝑏12%𝑚𝑐𝑇 + 𝑏3𝑡𝑖𝑚𝑒       (4) 

Where 𝑚𝑐 is the moisture content, 𝑇 is temperature, 𝑃 is the probability of aflatoxin production. 

Logistic regression models use time series data (climate variables) and it is difficult to include data 

on soil characteristics. Thus, logistic regression models miss an important soil component that 

could improve their performance. 

3.4 Aflatoxin simulation model 

The aflatoxin risk index (ARI) of [33] is calculated based on the temperature dependency factor 

(𝐴𝑓𝑙𝑜_𝑡𝑒𝑚𝑝_𝑓𝑎𝑐𝑡𝑜𝑟). The temperature dependency factor is obtained from the mean temperature 

( 𝑇𝑚𝑒𝑎𝑛_𝑎𝑓𝑙𝑜 ), optimal temperature ( 𝑇𝑜𝑝𝑡_𝑎𝑓𝑙𝑜 ) for Aspergillus flavus, minimum temperature 

(𝑇𝑚𝑖𝑛_𝑎𝑓𝑙𝑜) and maximum temperature (𝑇𝑚𝑎𝑥_𝑎𝑓𝑙𝑜) as shown by equations 5 to 8. 

 𝐴𝑅𝐼 = ∑ 𝐴𝑓𝑙𝑜_𝑟𝑖𝑠𝑘 × 10 
 

(5) 

  ∑ 𝐴𝑓𝑙𝑜_𝑟𝑖𝑠𝑘 = 𝐴𝑓𝑙𝑜_𝑟𝑖𝑠𝑘 + (1 + 𝐴𝑓𝑙𝑜_𝑡𝑒𝑚𝑝_𝑓𝑎𝑐𝑡𝑜𝑟)                                                   (6) 

Where, when  𝑇𝑚𝑒𝑎𝑛_𝑎𝑓𝑙𝑜  ≥ 𝑇𝑚𝑖𝑛_𝑎𝑓𝑙𝑜 𝑎𝑛𝑑 ≤  𝑇𝑜𝑝𝑡_𝑎𝑓𝑙𝑜  

 
𝐴𝑓𝑙𝑜_𝑡𝑒𝑚𝑝_𝑓𝑎𝑐𝑡𝑜𝑟 =

𝑇𝑚𝑒𝑎𝑛_𝑎𝑓𝑙𝑜 − 𝑇𝑚𝑖𝑛_𝑎𝑓𝑙𝑜

𝑇𝑜𝑝𝑡_𝑎𝑓𝑙𝑜 − 𝑇𝑚𝑖𝑛_𝑎𝑓𝑙𝑜
 

 

(7) 

When 𝑇𝑚𝑒𝑎𝑛_𝑎𝑓𝑙𝑜  > 𝑇𝑜𝑝𝑡_𝑎𝑓𝑙𝑜 𝑎𝑛𝑑 <  𝑇𝑚𝑎𝑥_𝑎𝑓𝑙𝑜 
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𝐴𝑓𝑙𝑜_𝑡𝑒𝑚𝑝_𝑓𝑎𝑐𝑡𝑜𝑟 =

𝑇𝑚𝑎𝑥_𝑎𝑓𝑙𝑜 − 𝑇𝑚𝑒𝑎𝑛_𝑎𝑓𝑙𝑜

𝑇𝑚𝑎𝑥_𝑎𝑓𝑙𝑜 − 𝑇𝑜𝑝𝑡_𝑎𝑓𝑙𝑜
 

 

(8) 

The Aflatoxin Simulation Model assumes that the growth and aflatoxin production depends on the 

temperature and time spent in drought conditions only. The model does not include other climate 

factors such as temperature and humidity that might have a significant contribution to the growth 

of fungi growth and aflatoxin production. 

3.5 Pitt model 

The Pitt mathematical model [24] has been used by many researchers as a base model to predict 

aflatoxin contamination due to climate and environmental factors. The model incorporates a 

different combination of temperatures to determine aflatoxin contamination as indicated in 

equation 9. 

       𝑓𝑇 =  𝐴 ×  𝑒𝑥𝑝 {− [
𝛼2

(𝑇−𝑇𝑚𝑖𝑛)
 +

𝛼2

(𝑇𝑚𝑎𝑥−𝑇)
]}                                                                       (9) 

Where 𝑓𝑇  is the relative toxin formation, 𝑇𝑚𝑖𝑛  is minimum temperature, 𝑇𝑚𝑎𝑥  is maximum 

temperature,  𝛼 is the shape parameter and 𝐴 is the scaling parameter. However, the Pitt model 

does not include other climate factors, such as temperature and humidity, which might have a 

significant contribution to fungi and aflatoxin production. 

 

4. CONCLUSIONS 

Modelling the impacts of projected climate change on aflatoxin contamination is of great 

importance for proper mitigation strategies to be adopted. However, modelling requires adequate 

data on climate variables, crop characteristics, soil properties, and aflatoxin contamination cases. 

The inaccessibility of these data has been reported to be an obstacle in many regions for modelling 

purposes [8,20]. The study recommends the following: 

i) Models that involve many input variables like Afla-maize model [20] have shown good 

performance in predicting aflatoxin contamination in maize. More research is needed to 

develop site-specific models that incorporate climate factors, soil properties, and crop 

characteristics to determine aflatoxin contaminations in the crops currently and in future. 
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ii) Since in most areas data for aflatoxin contamination and the associated factors are not 

available for modelling purposes. We recommend that surveillance should be done on 

susceptible crops and aflatoxin contamination data should be gathered, stored and be easily 

available to researchers. This will help in model development and study how fungi and 

aflatoxin contamination behaves in different regions under different climates. 

iii) The accuracy of available predicting models needs to be improved through continuous field 

trials and validation. Since most of the models are geographically dependent, they also need 

to be validated in other areas to be accurate. When the prediction capability of models is high, 

policymakers will be motivated to use them in decisions, making them an important tool. 

iv) Most of the available models have been developed and validated in European countries. The 

study recommends each region to have its studies according to the crop characteristics and 

projected climate of the given area for better and more accurate results.  
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