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1. Introduction

Mycotoxins are viewed as one of the most pervasive health 
risks in the food chain (Kuiper-Goodman, 2004; Wu, 2015), 
and the specific impacts of aflatoxins in sub-Saharan Africa 
(SSA) on health and economic systems are an extensive and 
chronic challenge (Ayalew et al., 2016; Sirma et al., 2018). 
Aflatoxin exposure in African contexts is generally between 
10 to 180 ng/kg body weight per day, significantly higher 
than values in Europe which are typically between 0 to 4 
ng/kg (Liu and Wu, 2010). Health risks associated with high 

exposure to aflatoxins produced by ascomycetous fungi 
Aspergillus flavus and Aspergillus parasiticus (referred to 
herein as aflatoxin) are numerous, including immune system 
suppression, risks of cancer and liver cirrhosis, and stunting 
(Williams et al., 2004). Aflatoxins can occur in diverse 
food crops and animal feed but maize, groundnuts, tree 
nuts and spices are most prone to contamination (Pickova 
et al. 2021).

Across the African continent aflatoxin contamination 
rates can be especially high (Darwish et al., 2014; Hell and 
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Abstract

This review presents the current state of aflatoxin risk prediction models and their potential for value actors throughout 
the food chain in sub-Saharan Africa, with a specific focus on improving smallholder farmer management practices. 
Several empirical and mechanistic models have been developed either in academic research or by private sector 
aggregators and processors in high-income countries including Australia, the USA, and Southern Europe, but these 
models have been only minimally applied in sub-Saharan Africa, where there is significant potential and increasing 
need due to climate variability. Predictions can be made based on historic occurrence data using either a mechanistic 
microbiological framework for aflatoxin accumulation or an empirical model based on statistical correlations with 
climate conditions and local agronomic factors. Model results can then be distributed to smallholders through 
private, public, or mobile extension services, used by policymakers for strategy or policy, or utilised by private sector 
institutions for management decisions. Specific agricultural advice can be given during the three most critical points 
in the phenological cycle: preseason insight including sowing timing and crop varieties, preharvest advice about 
management and harvest timing, and postharvest optimal practices including storage, drying, and market information. 
Model development for sub-Saharan Africa is limited by a dearth of georeferenced aflatoxin occurrence data and 
real-time high resolution climate data; the wide diversity of farm typologies each with significant information and 
technology gaps; a prevalence of informal market structures and lack of economic incentives systems; and general 
lack of awareness around aflatoxins and best management practices to mitigate risk. Given advancements towards 
solving these challenges, predictive aflatoxin models can be integrated into decision support platforms to focus 
on optimisation of value for smallholders by minimising yield and nutritional losses, which can propagate value 
throughout the production and postharvest phases.
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Mutegi, 2011; Mutiga et al., 2014; Wagacha and Muthomi, 
2008), with studies showing 90% of maize samples in East 
Africa and as high as 99% of samples in regions of West 
Africa, having evidence of high level of aflatoxins in the time 
periods assayed (Rodrigues et al., 2011). Many challenges 
currently exist in addressing SSA aflatoxin contamination 
(Ayalew et al., 2016; Falade, 2018; Okoth, 2016), including:
1. inadequate crop production, harvesting, drying and 

storage practices;
2. evolving climate conditions conducive to aflatoxin 

production;
3. institutional capacity, weak governance, and incompatible 

regulatory frameworks;
4. limited awareness about aflatoxin and mitigation 

methods;
5. infrastructural deficits;
6. informal market structures;
7. poor access to modern laboratory equipment for 

monitoring or research.

Aflatoxin production can happen at any stage of the food 
chain given conditions favouring the fungi to produce 
toxins, including during pre-harvest, drying, storage, 
transportation, processing, and handling. The phases of the 
value chain responsible for controlling aflatoxin producing 
fungi after harvest maintaining optimal conditions including 
limited humidity are referred to as the ‘dry chain’ (Bradford 
et al., 2018). However, there are also important agricultural 
practices during field preparation and the growing season 
to control aflatoxin producing fungi, such as proper tillage, 
and fertilisation. Figure 1 presents an example map of the 
phases of production and postharvest illustrating the 
intervention points that an aflatoxin prediction model could 
target within the complex value chains in SSA agriculture.

In addition to aflatoxins’ impacts on country-level economics 
or health effects, aflatoxin occurrence has specific economic 
impacts for SSA smallholder farmers. Smallholders may 
be restricted from participating in formal markets due to 
aflatoxin concerns (Njoroge, 2018), make compromises to 
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Figure 1. Simplified example maize production and postharvest phases in sub-Saharan Africa focused on smallholder farmers. 
Shaded and unshaded components in the value chain indicate value actors and processes, respectively, and heavier border 
weight indicates primary intervention targets for an aflatoxin risk model.
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protect themself against postharvest loss by planting an 
extra portion of crop, only planting in the safest season, 
and avoiding financial risks such as investing in new 
technologies (Kohl et al., 2017), and lose productivity due to 
livestock fed contaminated feed (Peles et al., 2019). Beyond 
larger goals improved markets and exports, mitigation 
interventions early in the production and postharvest chain 
can have significant impacts on farmer food safety and 
financial stability (Figure 2).

Agriculture in SSA can differ from other regions in factors 
including strong presence of informal markets with 
complex value chains, limited information flows, lack of 
mechanisation, and the prevalence of smallholder and 
subsistence farms (Ferris et al., 2014). Most smallholder 
farms (<2 ha) comprise around 60% of the farming 
population in sub-Saharan Africa (FAO 2015). Smallholder 
farmers grow a variety of crops through shallow cultivation 
using hand hoes, often producing an intercropped mix 
supporting household needs and market sales. Less than 4% 
of SSA agriculture is equipped with irrigation technologies 
(Siebert et al., 2010) and fertiliser consumption rates are 
among the lowest in the world (FAO, 2019).

Technological interventions to address aflatoxin conta
mination have been developed throughout the production 
and postharvest phases but have not had widespread 
adoption in SSA countries due to prohibitive costs, 
logistical challenges, inadequate incentive systems, and 
limited access to information (Unnevehr and Grace, 2013). 
Without widely available and affordable diagnostic tools, 
health and economic risks can be mitigated instead with 
early warning and predictive systems to inform agricultural 
production and postharvest management practices. Several 
predictive models using known correlations between 
aflatoxin accumulation and agroecological and biophysical 
properties have been piloted in Africa, and there is a strong 
demand for predictive mycotoxin occurrence information 
by the public and private sectors, but no predictive model 
is currently applied in an operational way.

We present a review of existing aflatoxin predictive risk 
models that have current or potential value in SSA. In 
addition to the model review, we present the context for 
aflatoxin impacts and management practices in SSA to 
inform where model output is needed throughout the 
production and postharvest phases. We conclude with 
a summary of high priority gaps in aflatoxin modelling 
for SSA, and briefly discuss the institutional and systems 
level requirements for enabling models to bring value to 
smallholder farmers and throughout the agricultural value 
chain.

2. Aflatoxin risk modelling

Current state of predictive aflatoxin risk models

Risk modelling has the potential to be an effective tool in 
aflatoxin mitigation for smallholders in SSA. Climate data 
from remote sensing and meteorological models can be 
used in mechanistic and empirical models to provide risk 
assessments to predict the timing, location, and severity 
of aflatoxin development. These results can then be used 
to inform interventions with stakeholders across the food 
chain, working in parallel with other innovations in SSA 
to improve agricultural management and improve food 
safety. These relatively simple climatic risk models could 
support early interventions by helping private and public 
sector groups allocate resources, deploy extension services, 
and develop a legislative and market incentive framework 
to promote best practices throughout the production and 
postharvest phases.

The predictive variables useful for modelling that have 
significant correlation to aflatoxin accumulation include 
climate, soil properties, and agricultural management 
practices (Table 1). The availability of data related to the 
primary factors is a prerequisite for modelling to be an 
effective solution. Continued advancements of remotely 
sensed data products and climate models can provide high 
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Figure 2. Causal chains in African maize postharvest management, adapted from Rockefeller Foundation (2013).
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resolution input data to predict local variability in fungal 
growth and aflatoxin production (Chisadza et al., 2020).

Several aflatoxin predictive models have been developed 
based on these climatic and agro-ecological variables, 
primarily in research or industry in high-income countries 
(Table 2). Based on their methodology these models can 
be categorised as either mechanistic, empirical, or hybrid. 
Mechanistic models account for known biochemical 
responses of the plant and fungi to various conditions 
including temperature, rainfall, and soil properties. 
Empirical models are calibrated by aflatoxin measurements 
to predict aflatoxin levels based on observed patterns in 
the training data, often including climatic data as well as 
satellite derived biophysical indicators, such as normalised 
difference vegetation index (NDVI). Hybrid models use 
a combination of mechanistic and empirical methods. It 
is acknowledged that all models are hybrid at some level 
since there are always assumptions made about biophysical 
formation and some amount of statistical analysis is 
employed, so their categorisation represents only the 
primary method of prediction.

Models presented in Table 2 have been selected either 
for their study region in SSA or their applicability to be 
extended to SSA due to their methodologies and validation 
with in-situ aflatoxin occurrence datasets.

Existing empirical and mechanistic models have a primary 
focus on Australia, Southern Europe, and the Southeast 
USA, with limited case studies in small regions of Africa. 
Models currently applied in Europe and Australia can 
be run in an African context when predicting risk from 
climate factors alone (Van der Fels-Klerx et al., 2016; 
Warnatzsch et al., 2020). However, consideration of local 
factors including heterogeneity in farm typologies, cropping 
systems, and crop calendars must be considered. Validation 
for both mechanistic and empirical models for SSA has 

been hindered by limited data on aflatoxin occurrence. 
Models primarily use field samples of contaminated crops 
for calibration and validation since it has been shown that 
extending lab experiments to field conditions doesn’t 
effectively include contextual variability (Probst et al., 
2014). The models which have been validated represent 
50 to 99% of variation in aflatoxin contamination (Table 2). 
Mechanistic and empirical modelling approaches are 
explored here in further detail, as well as decision-support 
tools and the scope of existing aflatoxin datasets for SSA.

Mechanistic models

Mechanistic models have been shown to be effective in 
predicting aflatoxin risk, given an advanced understanding 
of the biophysical crop system as well as the acquisition 
of aflatoxin occurrence data for defining the functional 
relationships within the models. The extensive research 
biology of toxigenesis has been used to derive mathematical 
functions for the fungal infection cycle, host invasion, and 
aflatoxin synthesis, specifically regarding the interactive 
effect of water activity and temperature (Stepman, 2018).

A current leading mechanistic pre-harvest aflatoxin risk 
prediction model is AFLA-maize (Figure 3) (Battilani and 
Leggieri, 2015; Battilani et al., 2012, 2013, 2016). Battilani 
et al. (2012) used temperature, relative humidity, and 
rainfall as input to create predictions for crop phenology 
and aflatoxin contamination in Europe. The predictions 
accuracy was 73% for field samples and 68% for validation 
samples for fields in Italy (Battilani et al., 2013). AFLA-
maize was also recently extended to pistachios in AFLA-
Pistachio (Kaminiaris et al., 2020), providing a scheme to 
extend the mechanistic model to other crop types.

Battilani et al. (2015) advocated that mechanistic models 
are better able to be extrapolated to new temporal or 
spatial bounds, such as applying models built in Europe 

Table 1. Climatic and preharvest factors influencing aflatoxin production relevant to predictive modelling.1

Value in aflatoxin risk modelling Climatic factors Soil properties Other

Primary rainfall after harvest (1-6)
drought stress before harvest (1-6)
temperature (1-6)

soil temperature (3,4,5)
soil moisture (1,4)
soil fertility (4,5)

agronomic practices (3,4,7) sowing / 
harvest timing (1,5,7)

vegetation density (2,4,5)
Secondary humidity (1,3,4,6)

evapotranspiration rates (3)
nitrogen stress (3,5)
oxygen levels (3,6)
co2 levels (3,6)

substrate composition (1,5)
soil organic carbon (5)
soil acidity (5,6)
exchangeable bases (5)
texture (5)

invertebrate vectors (2,3)
inoculum load (2,3)
crop varieties (1)
fungal population (1,5)
insect damage (1,2,3,4)

1 Numbers between brackets refer to the following references: (1) Cotty and Jaime-Garcia (2007); (2) Klich (2007); (3) Hell and Mutegi (2011); (4) Mutiga 
et al. (2014); (5) Smith et al. (2016); (6) Tai et al. (2020); (7) Kaaya et al. (2006).
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Table 2. Selected papers on aflatoxin predictive risk models relevant to sub-Saharan Africa.

Name/description Aflatoxin dataset 
(collection dates)

Paper Location Type Accuracy Crop type Primary input datasets

CROPGRO peanut samples 
from 40 fields 
(1991-1994)

Craufurd et 
al., 2006

Niger empirical 62% of variation peanut rainfall, air and soil temperature, 
radiation and pan evaporation

APSIM + Risk 
model

1,379 maize 
samples (1978, 
1982 and 1983) 

Chauhan et 
al., 2008

Australia hybrid 69% of variation maize temperature, rainfall, solar radiation, 
APSIM simulated yield, phenology, and 
soil water balance

APSIM + Risk 
model

peanut samples 
from 21 sowings 
(2005-2008)

Chauhan et 
al., 2010

Australia hybrid 95% of variation peanut temperature, rainfall, solar radiation, 
APSIM simulated yield, phenology, and 
soil water balance

APSIM + Risk 
model

five field trials 
(2011-2012)

Chauhan et 
al., 2015

Kenya hybrid 99% of variation peanut temperature, rainfall, solar radiation

AVHRR-based peanut samples 
from 18 sites 
(1999)

Boken et al., 
2008

Mali empirical 56% of variation peanut NDVI, temperature, crop simulation 
model

Maxent2 none Masuokaet 
al., 2010

Kenya and 
Mali

empirical not provided all vegetation indices, climate data, 
elevation, land cover, harvest dates

AFLA-maize 352 maize samples 
from unique fields 
(2005 and 2011)

Battilani et 
al., 2013

Italy mechanistic 68% of variation 
(external)

maize temperature, rainfall, humidity

AFLA-maize none Battilani et 
al., 2016

Europe mechanistic future projection maize, 
wheat

temperature, rainfall, and solar radiation 
from general circulation model

Stacked gaussian small set of field 
measurements 
(2012) 

Li et al., 2015 USA empirical quantified 
uncertainty

maize water activity model, interpolated 
temperature, cropland data, based on a 
gaussian process

Multi-level 
modelling

2,466 maize 
samples from 
243 hammer mills 
(2009-2010)

Smith et al., 
2016

Kenya empirical multivariate 
analysis, not 
predictive

maize soil conditions, NDVI, rainfall

Spatial Poisson 
profile regression

measurements 
from 45 counties 
(1977-2004)

Yoo et al., 
2018

USA empirical not a predictive 
model

maize weather data, cropscape land cover, 
NDVI and thermal infrared energy

Drought index 
(ARID)

Mississippi  
(13 seasons): 
Georgia (1977-
2004)

Damianidis et 
al., 2018

USA empirical 82% accuracy maize temperature, precipitation, wind speed, 
potential evapotranspiration, and solar 
radiation

Risk in storage 28 maize samples 
(2015-2016)

Jiang et al., 
2019

China empirical 93.3% accuracy 
(external)

maize temperature, storage time, storage 
conditions

Multivariate 
regression

84 plots with 
unique climate 
conditions (2016-
2017)

Chalwe et al., 
2019

Zambia empirical 54% of variation peanut ambient temperature, soil temperature 
and soil moisture content

APHLIS+ none Rembold et 
al., 2019

Africa empirical unvalidated all rainfall (modelled): NDVI, temperature 
(to estimate evapotranspiration)

AFLA-maize + 
carryover

none Van der Fels-
Klerx et al., 
2019

Ukraine and 
Netherlands

mechanistic future projection maize temperature sum, climate models, and 
baseline weather and crop phenology 
data

AFLA-pistachio 130 pistachio 
samples (2014-
2019)

Kaminiaris et 
al., 2020

Greece mechanistic 95.6% of 
variation

pistachio phenology model for pistachio, temp, 
humidity, precipitation
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or Australia to SSA, as compared to empirical models which 
require recalibration in new temporal or spatial domains 
(Miller et al., 2004; Van der Fels-Klerx et al., 2010). Each 
factor in Figure 3 can be investigated for its geographic 
variability, independent of weather conditions, to determine 
the effectiveness of directly deploying a mechanistic model 
designed for Europe or Australia in SSA. Factors that vary 
with weather such as sporulation, dispersal, and germination 
rates are functions of temperature and humidity conditions 
(Giorni et al., 2012) so are already effectively represented by 
the model. Current mechanistic models do not incorporate 
factors in the cropping system that have more complex 
relationships with aflatoxin presence, such as soil type, 
seeding time, cultivar, etc., which would allow models 
to be more accurate in providing operational decisions 
(Battilani and Leggieri, 2015). These variables have strong 
interactions among themselves and therefore the statistical 
methods typically applied for mechanistic models are not 
appropriate, and it is therefore useful to move to hybrid 
models (Leggieri et al., 2021).

Several models have also been developed to assess aflatoxin 
risk under future climate scenarios (Battilani et al., 2008, 
2016; Medina et al., 2015; Ongoma, 2013; Van der Fels-
Klerx et al., 2016, 2019), but few have yet been applied over 
regions of Africa. The mechanistic AFLA-maize model 
was applied in Malawi, where climate change is expected 

to shorten maize growing season and make crops more 
exposed to aflatoxin contamination (Warnatzsch et al., 
2020).

Empirical models

Empirical models initially developed for Europe and 
Australia have begun to be applied to SSA, however these 
models are constrained by the quantity of georeferenced 
recalibration data. Machine learning or other multivariate 
techniques are effective because they can capture complex 
non-linear relationships between geospatial data and 
aflatoxin prevalence. Multiple studies have successfully 
applied empirical models to SSA (Boken et al., 2008; Chalwe 
et al., 2019; Chauhan et al., 2015; Craufurd et al., 2006; 
Smith et al., 2016).

One of the leading aflatoxin risk models is integrated with 
the Agricultural Production Systems Simulator (APSIM) 
modelling framework (Chauhan et al. 2008, 2010, 2013, 
2015). Chauhan et al. (2008, 2010) first advanced an 
empirical model for aflatoxin risk for peanuts in Australia, 
and the ARI predicted by the model explained 95% of 
variation in measured aflatoxin levels. The model was 
evaluated using historical climate data and showed a 
three-fold increase in aflatoxin levels from 1980 to 2007 
compared to 1890 to 1980, correlated with decreases in 

Acronym Description

SPO
DISP
GERM

Sporulation rate
Dispersal rate
Germination rate

GROWTH
AFLA

Growth rate
Aflatoxin production rate

aw

R
RH
T
LW
DD
GS

vpd
k
h

Available water or water activity

Relative humidity
Temperature
Leaf wetness
Degree days
Maize growth stage

Vapor pressure deficit
Rain/humidity factor
Rain/humidity/leaf wetness factor

SPO

T
GERM

GROWTH

AFLA

AFB1 in kernels

GSDD RH

RH

Spores on 
inoculum sources

DISP

Spores on 
silks

k

T

T

Infected
kernels

T
aw

aw

Fungal colonies
in kernels

T

vpd

R

RH

R

LW

h

Rain

Figure 3. AFLA-maize mechanistic framework, from Battilani et al. (2013).
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rainfall and increases in ambient temperature. APSIM is 
used to simulate both pod-yield of peanuts and estimate 
water deficit (Chauhan et al., 2010). Chauhan et al. (2015) 
extended this approach to predict aflatoxin risk in peanuts 
in Kenya. For validation Chauhan et al. (2015) tested the 

model for maize hybrids in Kenya with variable conditions 
including irrigation times and hybrid genotype and showed 
a linear relationship between aflatoxin contamination and 
ARI had a R2 value of 0.99. Figure 4 presents the risk of 
maize aflatoxin contamination in Kenya for sowing in 

 0-20

 20-40

 40-60

 60-80

 80-100

Jan Feb Mar

Apr May Jun

Jul Aug Sep

Oct Nov Dec

Aflatoxin risk index

Figure 4. Risk of aflatoxin contamination in maize in Kenya, computed as an Aflatoxin Risk Index (ARI) over a 50 km2 grid. The 
model is run based on 12 unique sowing dates, at the start of each month, demonstrating the potential value in determining 
optimum crop timing to minimise ARI.
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different months from the model based on APSIM used 
by Chauhan et al. (2015).

Decision support tools

Decision support tools that translate the outputs of aflatoxin 
risk models for users can be used at multiple intervention 
points within the value chain (Figure 1). Several existing 
decision support systems may be directly applicable to 
aflatoxin mitigation, or could be extended or replicated to 
fit the specified purpose, including:
1.	 early warning maps based on agrometeorological and 

biomass indicator anomalies – e.g. ASAP (Rembold et 
al., 2019), APHLIS, GEOGLAM, FAO GIEWS, FEWS 
NET;

2.	 aflatoxin information systems – AfricaAims;
3.	 decision support – e.g. intelligent agricultural systems 

advisory tool (ISAT) (Rao et al., 2019), GeoFarmer 
(Eitzinger et al., 2019), MyToolBox (Krska et al., 2016);

4.	 risk maps in agriculture – e.g. FAMRisk-Map;
5.	 market information services (MIS) – e.g. M-Farm;
6.	 weather information services (WIS) – e.g. Ignitia, 

aWhere;
7.	 extended crop growth modelling frameworks – APSIM 

(Keating et al., 2003), DSSAT (Jones et al., 2003).

These tools or services can be used to identify potential 
user groups, distributors of risk model results, technological 
barriers to adoption, data limitations, and possible 
partnerships for scaling a decision support platform. Tools 
such as the Agricultural Production Systems sIMulator 
(APSIM) (Holzworth et al., 2014) and DSSAT (Jones et 
al., 2003) are now being increasingly used to assist farmers 
in decision making. Other tools are built on top of these 
frameworks, such as Pl@nteInfo® (Jensen et al., 2000), Yield 
Prophet (Hochman et al., 2009), Afloman (Chauhan et 
al., 2010), Aquaman (Chauhan et al., 2013) and Aquacrop 
(Steduto et al., 2009). Afloman routes silo weather data 
in Australia through a cluster of computers running 
APSIM, which uploads peanut aflatoxin model results to 
be accessed through APSIM website, compiled reports, or 
through mobile apps accessible by farmers or extension 
agents (Chauhan et al., 2010). ICRISAT, in partnership 
with Microsoft India, developed the Sowing App and the 
Intelligent Agricultural Systems Advisory Tool (ISAT) using 
cloud-based predictive analytics tools to predict optimal 
sowing period and other farm management practices 
and deliver results through SMS to smallholder farmers 
(Manfre and Laytham, 2018). These integrated solutions 
are insightful examples of the challenges and benefits of 
decision-support in aflatoxin management.

ASAP (Anomaly Hotpots of Agricultural Production) was 
developed by the Joint Research Center of the European 
Commission as an agricultural early warning system that 
provides drought conditions warnings for food insecure 

areas in the world, based on dekadal updates of climate 
and biophysical data. The system monitors weather and 
biophysical indicators for anomalies in agricultural areas 
for all crops. An empirical model was developed to use 
pre-harvest drought warnings and excessive rainfall around 
harvest warnings from the ASAP system to provide agro-
climatic mycotoxin risk warning maps to APHLIS (African 
Postharvest Losses Information System) at the province 
level for allowing more detailed monitoring and for guiding 
field surveys (Rembold et al., 2019). Combining the climatic 
warning category dataset computed by APHLIS and the 
crop calendars from ASAP illustrates occurrence of high-
risk conditions over time (Figure 5).

Aflatoxin datasets in Africa

The dearth of aflatoxin occurrence data that exist to 
recalibrate empirical models and validate all types of 
models for SSA remains a major challenge in model 
development. However, some limited aflatoxin datasets 
do exist for African countries, primarily collected either 
by private sector processors and aggregators or in small-
scale research studies, emphasising the importance of 
public-private partnerships (Eskola et al., 2019). Five of 
the research studies identified in this review used field data 
from African countries (Table 2). Chauhan et al. (2015) 
conducted five maize trials at four Kenyan field stations for 
validation of an aflatoxin predictive model integrated with 
APSIM. Smith et al. (2016) analysed 2,466 maize samples 
collected between 2009 and 2010 from 243 hammer mills 
in Kenya, 60% of which had detectable aflatoxin. Chalwe 
et al. (2019) conducted two years of experiments with 
peanuts in Zambia with 84 unique climate conditions of 
ambient temperature and soil temperature and moisture for 
training of a regression model. Boken et al. (2008) collected 
data for peanut crops from 18 sites in Mali in 1999 with 
aflatoxin levels from 4.5 to 12.1 µg/kg. Craufurd et al. (2006) 
planted 40 unique fields of peanuts at different experimental 
conditions in Niger fields between 1991 and 1994.

A promising aflatoxin contamination dataset for aflatoxin 
model calibration and testing in Africa is being aggregated 
by the Partnership for Aflatoxin Control in Africa (PACA). 
PACA has been developing the Africa Aflatoxin Information 
Management System (AfricaAIMS) to facilitate decision-
making for policies, regulations, standards, educational and 
technological interventions, resource allocation, advocacy 
and awareness creation by governments and stakeholders. 
They are aggregating data from several African countries on 
aflatoxin contamination in food and feed, aflatoxin exposure 
associated and diseases, consumption of aflatoxin prone 
foods, rates of child stunting, aflatoxin country standards, 
and volume of imports and exports of aflatoxin prone foods 
and export rejections. The PACA dataset has not yet been 
released, however, and their data partnerships are still 
being developed.
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Multiple datasets exist on the presence of contaminants 
in food systems, but samples are analysed in food or feed 
products much removed from the initial conditions of 
aflatoxin development. The Biomin Mycotoxin Survey 
currently has a public dataset for five mycotoxins for 
commercial feed crops in seven African countries. The 
WHO Global Environment Monitoring System (GEMS) is 
a food contaminants database with mycotoxin occurrence 
data in food products collected primarily from private 
sector organisations and national institutions including 
5,400 from the WHO African Region (Miyagishima and 
Verger, 2016).

Overall, the lack of available African aflatoxin data at the 
field level impedes the development and testing of models, 
and scarcity and/or uncertainty in the environmental 
parameters throughout Africa will also affect model 
performance and accuracy. Data are especially scarce at the 
farm-level, and existing data are often georeferenced only 
broadly by region since testing is conducted at processing 

facilities and not on-farm, limiting their effectiveness in 
validating or recalibrating models. Sampling at mills is often 
used as an effective proxy for human consumption because 
it is the last point in the value chain before reaching the 
consumer (Smith et al., 2016). Until testing costs decrease, 
or market systems incentivise testing, measurements at 
the farm level will be unlikely to occur without external 
interventions.

3. Application of predictive aflatoxin risk 
modelling in sub-Saharan Africa

The applications of predictive risk models in SSA can be 
grouped into three areas of impact: improved agricultural 
production and value for smallholders, food safety and 
public health, and private sector and markets. Activities 
that mitigate aflatoxin contamination in SSA contribute 
directly to several of the strategic action areas in the Malabo 
Declaration on Accelerated Agricultural Growth in Africa, 
including sustainable agricultural production, market 

Figure 5. Aflatoxin risk events visualised over dekadal calendars based on APHLIS model and ASAP crop calendars. Two risk 
sources include abundant rainfall around harvest (◊) and preharvest drought conditions (x).

Example Crop Calendar and APLHIS Warnings - Machakos, Kenya

Maize
Millet
Millet

Sorghum
Sorghum

Beans
Barley

2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

HarvestingSowing Growing

Pre-harvest: drought conditions Around harvest: abundant rain
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infrastructure, increased resilience to climate variability, 
and capacity for evidence-based planning (African Union 
Commission, 2014). Applications of predictive models 
in African agriculture and postharvest management 
throughout the production and postharvest phases (Ayalew 
et al., 2016; Battilani and Leggieri, 2015; Chauhan et al., 
2015) include:
1.	 predict aflatoxin risk before season, during growing 

season, and at harvest to reduce occurrence with 
appropriate farming practices;

2.	 provide real time agricultural practice advice to small
holder farmers through public, private, or digital 
extension service;

3.	 guide postharvest processing and storage management 
practices;

4.	 map high-risk zones of aflatoxin occurrence for enabling 
rapid response, guide public extension services, and 
selectively conduct aflatoxin detection testing;

5.	 allow private-sector and humanitarian aid organisations 
to selectively source their crops from low-risk areas to 
allow the furthering of local purchase program such as 
the World Food Program Purchase for Progress (P4P) 
program;

6.	 improve trade prospects by reducing export related food 
safety risks.

Many potential methods for distributing predictive model 
results are available to influence positive management 
through actionable advice to actors in the food chain. Model 
results could be distributed to farmers or cooperatives 
through public extension services run by governmental 
organisations, private sector multinational food companies 
who source from these countries, or companies operating 
mobile weather or market information services to inform 
farmers about climate and market conditions. Models could 
also be used primarily at a policy-making or aggregator level 
for decision-making purposes. The priorities for targeting 
these groups depend on feasibility given current constraints, 
as well as role within the production and postharvest phases 
(Figure 1). It is crucial to deliver model outputs to the 
proper stakeholders and carefully consider the input and 
output constraints relative to those user needs and access, 
as the requirements for accuracy and spatial and temporal 
resolution will vary based on use case and actionability of 
results.

The Aflatoxin Control Action Plan by ECOWAS and PACA 
(Osiru et al., 2014) suggests that real-time mapping of 
aflatoxin high-risk zones be part of a broader set of methods 
for addressing aflatoxin in SSA, to allow for the timely and 
spatially effective deployment of resources and detection 
systems in high-risk areas. Risk modelling will enable 
rapid response to outbreaks and the targeting of aflatoxin 
control methods, but must be accompanied by market 
development, education, increased testing capacity, and 
policy and regulatory environment changes. Predictive 

models can also be employed in very specific segments of 
the value chain, such as targeting storage contamination in 
granaries to develop an early warning system (Jiang et al., 
2019). Specific intervention strategies are further discussed 
regarding smallholders, food safety and public health, and 
private sector and markets.

Improved agricultural production and value for 
smallholders

It is generally agreed that the highest priority in addressing 
aflatoxin is building farmer capacity for good agriculture 
practices (Stepman, 2018). There are three critical points for 
aflatoxin management in the phenological cycle including: 
pre-season sowing decisions, the six weeks before harvest 
during the grain-filling stage, and immediately postharvest 
for drying and storage (Choudhary and Kumari, 2010; Cotty 
and Jaime-Garcia, 2007; Hell et al., 2008; Widstrom et al., 
2003; Wu, 2015). Modelled aflatoxin risk can be used to 
identify priority geographies and times for promoting best 
practices, especially where extension services are limited. 
Most importantly, recommendations made to smallholder 
farmers must be actionable given resource and capital 
constraints. Models could allow farmers’ management 
strategies to be fine-tuned throughout the season based on 
the seasonal forecasts as they convert weather forecasts into 
likely crop performance (Hansen, 2005). Models must be 
updated to account for in-season climate variability which 
creates the need for continuously shifting management 
strategies (Bannayan et al., 2003; Booltink et al., 2001; 
Nnaji, 2001; Phillips et al., 1998). Intervention strategies 
informed by aflatoxin risk models are presented here based 
on their chronology in the crop cycle.

Pre-season decisions can be optimised using global climate 
and phenological models to determine the ideal season 
timing and investments in the necessary technologies 
to maximise safe yield. Chauhan (2010) and Chauhan et 
al. (2015) showed that models could be used to design 
appropriate rotations that might become more relevant 
in a changing climate. These studies showed that higher 
yields could be realised by planting crops based on their 
relative sensitivity to warmer temperatures in conjunction 
with weather projections. Chauhan et al. (2008) proposed 
a system to predict ARI for maize in Australia that would 
assist farmers in adjusting sowing time or selecting an 
appropriate hybrid, based on respective temperature and 
water stress conditions linked with contamination levels. 
Given local information on agronomy and agricultural 
practices, crop timing of both sowing and harvest dates 
could be predicted through modelling.

Knowledge about aflatoxin presence before harvest would 
allow farmers to make decisions about what level of maturity 
to harvest, potentially moving harvest earlier to minimise 
risk of pre-harvest contamination (Canavar and Kaynak, 
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2013; Rachaputi et al., 2002). Kaaya et al. (2006) showed 
an increase in aflatoxin levels by a factor of 4 if harvest 
is delayed 3 weeks from physiological maturity, and by a 
factor of 7 if delayed by 4 weeks. The trade-off between 
yield and aflatoxin level must be weighed when considering 
harvest before physiological maturity. Predictive models 
could be used to focus on ideal pre-harvest activities that 
reduce aflatoxin risk. Pre-harvest strategies include avoiding 
drought stress through irrigation, avoiding nutrition 
stress with fertiliser, weed and pest control, soil health 
management, biocontrol, and other in-season activities 
(Hell and Mutegi, 2011; Munkvold, 2003). Fortunately, most 
pre-harvest measures that act to reduce aflatoxin incidence 
are the same practices used to enhance yield (Hell and 
Mutegi, 2011), so identifying the most effective strategies 
to minimise risk also maximises input profitability.

Modelling can also inform utilisation of postharvest 
drying and storage processes that preserve low moisture 
levels and prevent the proliferation of mycotoxigenic 
fungi. Risk identification around harvest time could be 
used by extension agents and farmers making decisions 
about harvest time and postharvest practices. Postharvest 
aflatoxin reduction strategies include harvest timing 
based on maturity and risk, proper drying, sanitation, 
proper storage in hermetic bags, proper transportation, 
sorting, cleaning, smoking, and insect management (Hell 
and Mutegi, 2011; Wagacha and Muthomi, 2008). Food 
processing procedures to remove aflatoxin include milling, 
washing, baking, sorting, dehulling, nixtamalisation, 
ozonation, and UV irradiation (Hell and Mutegi, 2011; Li 
et al., 2019), but the efficacy of decontamination is limited. 
Other behavioural methods can also be applied, such as 
diversifying dietary practices, although this is not possible 
for many of the poorest individuals (Onyango, 2003). These 
strategies can all be effectively encouraged by extension 
services informed by agro-climatic risk factors.

Smallholder farmers are risk averse and often value savings 
(labour, time, and cost) more than profit, so minimal 
financial investments with short repayment periods are 
necessary criteria for interventions (Kohl et al., 2017; 
Memedovic and Shepherd, 2008). Aflatoxin awareness 
campaigns supported by agro-climatic risk predictions can 
be distributed through policy briefs, regional reports, media 
and social media reports, and through public and private 
extensions services (Falade, 2018). Increased information 
access based on model results can allow smallholders to 
be more strategic with investments while focusing on 
minimisation of risk.

Food safety and public health

Early-stage risk models can be designed for policymakers 
who can process high level model results, distribute public 
extension services, and make policy and regulatory decisions 

that can positively impact the entire value chain. Local 
policymakers can address the challenges of the prevalence of 
informal market structures and lack of economic incentives 
systems, as well the general lack of awareness around 
aflatoxins and best management practices. Data on seasonal 
aflatoxin development at regional-level resolution could 
be effective in enabling policy and regulations (Rembold 
et al., 2019). Public extension support is highly variable 
across country contexts, but is invariably an important 
factor in raising awareness (Kohl et al., 2017). Equipping 
extension agents with risk predictions could improve their 
effectiveness by providing timely and regionally focused 
actionable advice (Msuya et al., 2017).

The Malabo Declaration, adopted by the African Union at 
the 2014 Comprehensive Africa Agriculture Development 
Program, aims to ‘develop mechanisms that enhance 
Africa’s capacity for knowledge and data generation and 
management to strengthen evidence based planning and 
implementation’ (African Union Commission, 2014), and 
predictive aflatoxin risk modelling can help contribute to the 
development of strategic policy. Countries typically build 
networks of trading relationships based on regulatory limits 
(Falade, 2018), and for the proposed interventions to be 
effective it will be necessary to support the harmonisation 
of policies and regulations across trading regions (Okoth, 
2016). Enforcing regulatory standards in African countries 
is difficult for food security reasons, and an estimate by 
Sirma et al. (2018) showed that around 9 million Kenyans 
would be deprived of the majority of their food supply if 
standards for cereals were fully enforced. Thus standards 
need to be enforced relative to local conditions, such as 
capacity for enforcement, contamination levels, regional 
standards, use of commodities, and other societal concerns 
(Sirma et al., 2018). Regulations are typically only enforced 
in African countries for crops destined for export markets 
(Ayalew et al., 2016), although most African countries are 
primarily focused on domestic and regional markets rather 
than exports (Stepman, 2018). This context is important for 
understanding the potential market and export incentive 
structures that would support the proliferation of model use 
to support improved smallholder management practices.

Private sector and market impacts

Private sector actors with access to aflatoxin risk model 
outputs could use the information in ways that could 
either benefit or impair farmers in SSA, depending 
on their incentives. If private sector organisations are 
motivated to help farmers improve their practices, they 
can use model outputs to target development activities 
as well as purchasing decisions. Private sector actors can 
provide initial introduction and dissemination of model 
results, aid in marketing and promotion through private 
extension services, and set up sustainable production and 
distribution supply chains (Kohl et al., 2017). Alternatively, 
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unequal dissemination of information in the value chain 
has the potential to increase the power dynamic between 
farmers and buyers and ultimately hurt market potential. 
Currently to reduce the risk of not meeting export and other 
formal market requirements, many aggregators preclude 
smallholder farmers from their supplier pool (Falade, 2018). 
This typically excludes smallholders from participating in 
formal markets with more reliable and better prices, but 
potentially could be lessened by modelling regions of low 
risk and enabling aggregators to purchase from smallholders 
in low-risk regions.

Aflatoxin risk models could aid in the establishment of 
these relationships by lowering risk for large aggregators 
to purchase from farmers in low-risk regions. Two thirds of 
the value of farm commodities is accrued by the traders in 
developing countries, and they suffer the most from spoilage 
losses (Rockefeller Foundation, 2013). Therefore, traders 
must be considered within any aflatoxin intervention, 
although the harvesting and storage conditions they receive 
the goods in are the primary factor controlling fungal 
growth during transport. Focusing earlier in the supply 
chain is ideal, especially since it has been shown that the 
financial cost of investing in storage, drying, and testing 
systems can be offset by the recovery of postharvest loss 
(Bradford et al., 2018). A well-integrated holistic process 
for aflatoxin management is necessary to identify high risk 
elements in the supply chain (Unnevehr and Grace, 2013).

4. Prospects for implementation of aflatoxin 
predictive risk modelling in sub-Saharan Africa

Challenges to be addressed

This review has presented the current state of empirical and 
mechanistic predictive aflatoxin risk models for SSA and has 
articulated several possible model applications throughout 
the production and postharvest phases. Although predictive 
aflatoxin risk models have been successful in high-income 
country contexts, there are several substantial hurdles that 
must be overcome in order to extend these approaches 
to SSA:
1.	 Scarcity of georeferenced aflatoxin occurrence data and 

local agricultural practices at the farm level. This will 
require support of widespread data collection efforts and 
public-private partnerships for each region and crop of 
interest.

2.	 Limitations in real-time high resolution climate data. 
New modelling and remote sensing approaches can 
supplement the minimal SSA climate sensor network.

3.	 Ability for models to generate actionable advice for 
smallholders. This will require models focused on key 
decision points with localised recommendations. In 
order to enable data-driven agriculture in locations 
where agricultural data are scarce, a model could provide 

high level information that can be filtered through local 
contextual knowledge due to the wide diversity of farm 
typologies in SSA. Before a model that is relevant to 
local contexts can be developed, it would be necessary 
to pursue data collection on local factors and growing 
conditions.

4.	 Information and technology barriers to accessing 
decision support and extension services. In order to scale 
a platform through which smallholders could receive 
actionable advice based on model results, the parallel 
advancement of private and public extension alongside 
mobile decision support platforms will be necessary.

5.	 Awareness and problem-solving capacity in smallholders, 
especially regarding their understanding of the economic, 
health, and livelihood improvements from aflatoxin 
intervention strategies. Model results can be integrated 
into community development schemes to address this, in 
parallel with broader awareness and education programs.

6.	 Economic incentive system for implementation. Public 
partnerships will be necessary to establish a market 
incentive system that can enable adoption of aflatoxin 
mitigation methods and increase market demand (Kohl 
et al., 2017; Schreurs et al., 2019). Implementation of 
incentive systems remains a challenge in informal markets.

7.	 Capacity development of the extension services (public, 
private, and digital) responsible for local dissemination 
of model results. New information technologies can be 
effective in advancing the efforts of public and private 
extension, along mobile information service technologies 
which can be accessed locally by farmer groups.

Pilot studies should be conducted through local extension 
services in SSA to provide smallholders with model 
results and management advice. This would enable 
the identification of primary challenges for scalability, 
technological barriers to implementation, local awareness 
mechanisms, and would demonstrate empirical evidence 
of agronomic and socioeconomic benefits.

Data collection

Aflatoxin occurrence data for each region with similar 
agro-ecological characteristics is necessary for validation 
and recalibration since climate interaction varies between 
regions with shared biophysical parameters (Probst et al., 
2014). A framework by IFPRI (Mahuku et al., 2010) for 
aflatoxin prevalence data collection for maize in Kenya 
proposed collecting samples throughout the value chain, 
through production, transportation, storage, and processing. 
Their recommended data collection points include crop 
variety, moisture content at harvest, storage period and 
method, socioeconomic information, grain quantities and 
sources, agro-ecological zone, management practices, and 
other information necessary to correlate aflatoxin levels 
with localised factors. Mahuku et al. (2010) proposed that 
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during the season these data should be collected a week 
before harvest and 15 to 30 days after harvest, and each 
sublocation should have a local market selected for sample 
collection from at least five traders. If detailed baseline 
information on environmental characteristics such as soil 
properties, agricultural practices, and crop calendar are 
not known precisely, localised recommendations cannot 
be effectively distributed to smallholders.

Application of these models and data aggregation would 
ideally be integrated into a digital platform to improve 
efficiency, provide real-time monitoring, and support 
extension service officers with their work. Localised 
decision-making can be advanced in parallel with data 
collection schemes on local growing practices, such as 
digital profiling of smallholder farms through remote 
sensing techniques using sensor systems operated by 
local extension services. Deployment of an affordable, 
standardised testing system connected to a centralised 
database would also enable other data applications, such as 
the significant improvement of any modelling system, meta-
analysis of aflatoxin patterns, and further development 
of an information technology infrastructure (Jargot and 
Melin, 2013; Rosenzweig et al., 2013; Stepman, 2018; Wu 
et al., 2016).

Proposed modelling approach

Based on the review of existing models and the challenges 
to their implementations, the authors can provide some 
recommendations for the development and use of predictive 
models in SSA. It is encouraged to adopt a modelling 
approach driven by requirements of model use cases within 
the value chain and deployed as an integrated solution 
alongside climate warning and decision-support systems for 
smallholder and agricultural supply chain risk management. 
As data collection schemes in SSA become more com
prehensive and incentivised, modelling approaches can 
be increasingly applied to SSA regions sharing biophysical 
parameters at several stages in the supply chain. Model 
results will take multiple forms according to the value actor 
and phase they are applied within and must be designed 
with the specific application in mind beyond only a risk 
index.

To leverage the advantages of both approaches a hybrid 
aflatoxin risk prediction modelling approach is proposed, 
combining an empirical model trained and recalibrated 
on data from a new geography while accounting for 
heterogeneity in agronomic practices, and a mechanistic 
model based on the infection cycle of A. flavus. Mechanistic 
models are suitable to be applied in different geographic 
areas without recalibration, although it is a challenge to 
access data on the diversity of cropping systems which is 
an important factor in mechanistic models (Battilani et 

al., 2015). Therefore, empiric approaches are often more 
appropriate because of their ability to extract non-linear 
relationships between climatic variables and aflatoxin 
risk. Empirical models need to be calibrated at the local 
level with farm-level georeferenced aflatoxin occurrence 
data because of the heterogeneity in local agricultural 
practices. A secondary model layer could then produce 
recommendations from the empirical and mechanistic 
models, with aflatoxin risk mitigation practices optimised 
based on nutrition and profit brought to smallholders. 
These results can then be distributed through public, 
private, or digital extension services or farmer organisations 
as presented in Figure 6.

The proposed integrated modelling approach shown in 
Figure 6 presents a model structure and dissemination 
pathways for model outputs to be used by government 
agencies, research institutions, processors, aggregators, and 
extension services. This framework would allow real-time 
operation and accessibility through digital information 
services to extension agents, farmers, aggregators, or policy
makers. This platform would be ideal for accommodating 
the multiple pathways for distributing information that will 
be necessary to adequately reach smallholders. Empirical 
and mechanistic models would take input data from various 
static or real-time datasets on climate, agronomy, soil 
properties, and local land use and management information. 
These models could work in parallel to produce outputs 
of specific advice on management practices and localised 
risk maps, and this ensemble model will allow results to be 
more robust and provide rationale to stakeholders.

Preparing localised risk maps generally assumes that 
climate is the most significant contributor to variation, 
but the heterogeneity of local sociocultural realities must 
also be considered. In addition to the agro-climatic and 
geospatial risk factors upon which most prediction models 
are based, there is evidence that farmers’ food and crop 
management behaviours at the household- or farm-
level contribute demonstrably to their exposure risk. An 
exploratory study of household-level risk factors predicted 
aflatoxin contamination status with 68% sensitivity and 
62% specificity in India, illustrating the important role of 
behavioural factors in modulating risk levels (Wenndt et al., 
2020). Future efforts to develop risk prediction models for 
SSA might consider synergising the predictive potentials of 
both agro-climatic and household-level factors in order to 
achieve greater prediction accuracy and to identify locally 
meaningful solutions. To address unknown local variables, 
risk maps could also be prepared for multiple different 
scenarios, and further evidence of the contribution of 
additional agronomic and management factors should be 
investigated.
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5. Conclusions

This review of empirical and mechanistic aflatoxin 
predictive risk models has presented current approaches as 
well as model applicability in the African agricultural value 
chain, with an emphasis on improving agriculture practices 
for smallholder farmers. An analysis of the value chain 
and aflatoxin management practices in SSA contextualises 
the forms model output can take within the production 
and postharvest phases. Although predictive aflatoxin 
risk models have been successful in high-income country 
contexts, there are several steps to extend these models to 
enable provision of actionable advice as early in the SSA 
value chain as possible. Model validation and recalibration 
for SSA is limited by a dearth of ground truth data and 
real-time high resolution climate data, as well as the wide 
diversity of farm typologies with significant information 
and technology gaps. Given advancements towards solving 
these challenges, a hybrid modelling approach is proposed 
to leverage the benefits of both empirical and mechanistic 
modelling regarding extending models to new spatial and 
temporal domains. Alongside extensive data collection 
schemes and market incentive systems, predictive aflatoxin 
models can be integrated into decision support platforms 
to focus on optimisation of value for smallholders by 
minimising yield and nutritional losses, which can propagate 

value throughout the production and postharvest phases. 
Policymakers are a general target, followed by various 
mid-level actors including private sector organisations 
providing information and mechanised services, farmer 
cooperatives, and extension service providers. As models 
increase in resolution and accuracy and other challenges 
are addressed in the value chain, the primary target for 
interventions should be as close as possible to the level of 
smallholder farmers or farmer groups, who are the primary 
point of control in aflatoxin mitigation.
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Figure 6. Proposed integrated modelling approach including hybrid risk model results accessible to the various value actors who 
can optimise distribution of management advice and resources to smallholders.
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