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ABSTRACT

ARTICLE HISTORY

There are strong calls to integrate scientiﬁc and indigenous forecasts to help farmers adapt to climate
variability and change. Some studies used qualitative approaches to investigate indigenous people’s
techniques for forecasting weather and seasonal climate. In this study, we demonstrate how to
quantitatively collect indigenous forecast and connect this to scientiﬁc forecasts. We identiﬁed and
characterized the main indigenous ecological indicators (IEIs) local farmers in Northern Ghana use for
forecasting. Mental model was constructed to establish the relationship between IEIs and their
forecasts. Local farmers were trained to send their rainfall forecast with mobile apps and record
observed rainfall with rain gauges. Results show that farmers forecast techniques are based on
established cognitive relationship between IEIs and forecast events. Skill assessment shows that on
the average both farmers and Ghana Meteorological Agency (GMet) were able to accurately forecast
one out of every three daily rainfall events. Performance at the seasonal scale showed that unlike
farmers, GMet was unable to predict rainfall cessation in all communities. We conclude that it is
possible to determine the techniques and skills of indigenous forecasts in quantitative terms and that
indigenous forecasts are not just intuitive but a skill developed over time and with practice.
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1. Introduction
Extreme weather conditions such as droughts and ﬂoods are
projected to occur more frequently and become more intense,
aﬀecting all sectors especially agriculture in Africa (Alemaw,
2020; Gebrechorkos et al., 2020; Ibe & Amikuzuno, 2019;
Schlenker & Lobell, 2010). Over the last years, periods of
extreme heat and erratic rainfall in Ghana have caused crop
failures leading to yield reduction and food insecurity in the
region (Müller-Kuckelberg, 2012). Smallholder farmers are
disproportionately aﬀected by climate variability and change
(Jalloh et al., 2013; Niang et al., 2014; Sarr et al., 2015). Rainfall
variability is a problem for Ghanaian farmers, particularly
rain-fed farmers in the Northern part of the country who are
impacted by these changes because of the diﬃculties to predict
the weather and seasonal climate, leaving serious implications
for food production and their livelihoods (Asante &
Amuakwa-Mensah, 2015; Kranjac-Berisavljevic’ et al., 2003;
Nyadzi, 2016).
The unpredictability of weather and seasonal climate inﬂuences the precision of farm-level decisions that need to be
taken daily to months ahead of a season (Asante &
Amuakwa-Mensah, 2015; Lawson et al., 2019). For example,
farmers have to re-sow seeds several times due to delay in
rains which aﬀect germination, increasing the cost of production, and straining their livelihood (Ndamani & Watanabe,
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2013). Growing concerns about the impacts of climate variability and change on agriculture have attracted the attention
of the national and international community to strengthen
weather and climate information (Gumucio et al., 2019).
Developing weather and climate services is therefore suggested
as an important element to manage the risk of climate variability and change (Vaughan & Dessai, 2014).
Scientiﬁc advancements now make it possible to provide
short and long-term climate information services to support
farmers’ decision-making (Gubler et al., 2020; Johnson et al.,
2019; Mullen, 2007; Nyadzi et al., 2019; Scaife et al., 2019).
Yet many farmers still use indigenous knowledge (IK) to adjust
their farm practices or diversify their production to respond to
local climate variability (Ebhuoma & Simatele, 2019; Eriksen
et al., 2005; Radeny et al., 2019; Shoko & Shoko, 2012).
Other farmers use a combination of meteorological information and IK for their weather and seasonal climate forecasting decisions (Nyadzi et al., 2018; Orlove et al., 2010; Roudier
et al., 2014). Studies have also shown that IK can serve as a
basis for developing adaptation and natural resource management strategies and for understanding the potential for certain
cost-eﬀective, participatory and sustainable adaptation strategies (Nakashima et al., 2012; Parry et al., 2007). Yet only
few studies have explored IK in weather and seasonal climate
forecasting and those who attempted, did so using qualitative
and descriptive approach (Manyanhaire & Chitura, 2015;
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Roncoli et al., 2002). Furthermore, among those who have
studied IK for weather and climate predictions, very few
have looked at the underlying mechanisms behind farmers’
techniques and in particular, none has attempted to quantitatively test skills or accuracy of these forecasts.
In this study, we aim to show that it is possible to collect
indigenous forecasts and quantitatively analyse its accuracy.
We address the speciﬁc research question: “what are the
underlying mechanisms behind farmers’ forecasting techniques and how accurate are farmers indigenous forecasts?”.
We ﬁrst analysed farmers’ mental model of how indigenous
ecological indicators (IEIs) are interpreted to predict daily
and seasonal rainfall. Second, we determined the accuracy of
farmers’ rainfall forecasts compared with the Ghana Meteorological Agency (GMet) forecasts. We focus on rainfall because
most communal areas in Northern Ghana practice rain-fed
subsistence agriculture (Manyanhaire & Chitura, 2015), and
their hydroclimatic information needs are largely focused on
rainfall (Nyadzi et al., 2019). We also selected Northern
Ghana because climate variability and change is greatest in
this area of Ghana making the communities more vulnerable
with consistent crop failures (Gbetibouo et al., 2017; Nyadzi
et al., 2018). The intention for this study is not to discredit
the forecasting skills of farmers or GMet but rather to elaborate on the value of IF and contribute to the argument that it is
possible to quantitatively collect and analyse the accuracy of IF
in order to integrate it with scientiﬁc forecast for improved
weather and climate information services.

2. Methodology
2.1. Analytical framework
The concept of indigenous knowledge (IK) has been widely
used in diﬀerent strands of literature. Mafongoya and Ajayi
(2017) referred to it as a know-how that is generated by several
generations to guide their understanding and interactions with
their surrounding environment. Berkes et al., (2000) also
deﬁned IK as a cumulative body of knowledge, practice and
belief, evolving by changing practices and handed down
through generations by cultural transmission. According to
Luseno et al. (2003), IK is knowledge generated within communities through a variety of means, some of which are traditional, others appear to evolve and emerge in response to
changing circumstances. Kassa and Temesgen (2011) explains
IK as the knowledge that evolves from long term observations
of the local environment and adapted to the speciﬁc requirements of local people and conditions; involving a creative,
experimental process continuously integrating external inﬂuences and internal innovations to meet new conditions. Roncoli et al. (2002) also deﬁned it as knowledge developed from
long cultural experiences.
IK is tagged by diﬀerent names in literature; local knowledge, traditional knowledge, farmers’ knowledge, traditional
ecological knowledge, ethnoscience, folk knowledge, rural
knowledge and indigenous science. Although these terms
may have diﬀerent connotations, they are used interchangeably throughout the literature (Mafongoya & Ajayi, 2017;
Nyota & Mapara, 2008).

The generality and applicability of IK have been studied
across the globe (Cabrera et al., 2006; Desbiez et al., 2004)
and in Africa (Balehegn et al., 2019; Elia et al., 2014; Gray &
Morant, 2003; Orlove et al., 2010). Some scholars have
explored the value of indigenous knowledge in natural
resource management, water resource management, ﬁsheries
and aquatic conservation, risk and disaster management,
health, among others (Cabrera et al., 2006; David & Ploeger,
2014; Desbiez et al., 2004; Gray & Morant, 2003). In this
study, we focused on IK for weather and seasonal climate forecasting which has been referred to by Vervoort et al. (2016) as
indigenous forecast (IF). Here, we deﬁne “indigenous” as
native or local and “forecasting” in its elementary form as a
prediction of a future occurrence or condition. Therefore we
operationalize IF as the use of recognizable IK among local
farmers which is used to predict daily and seasonal rainfall
in Northern Ghana. We consider the “forecast technique” as
the method of interpreting ecological indicators used for IF.
“Forecast skills” on the other hand, is deﬁned as a measure
of the accuracy of prediction; by comparing rainfall forecast
with actual observation.
Studies have shown that before modern scientiﬁc weather
and climate forecast systems were developed, people made
regular forecasts based on past experiences and compared
them to current observations (Olsson et al., 2004; Orlove
et al., 2010). Indigenous ecological indicators (IEIs) such as
the behaviour of insects, birds, and mammals, and positions
of the sun and moon and associated shadows, wind speed
and direction, cloud position and vegetation physiological
changes are used as sources for local people to generate forecasts (Chang’a et al., 2010). The methodology for collecting
and analysing IK has always been qualitative and descriptive
even for those that are explored for weather and seasonal climate forecast. Most of these studies only make an inventory
of the IEIs using surveys and focus group discussions
(Ebhuoma & Simatele, 2019; Nkuba et al., 2020; Radeny
et al., 2019). Therefore a critical knowledge gap in the literature is whether it is possible to collect indigenous forecasts
and quantitatively analyse them. As proof of concept, this
study employed a stepwise methodological approach (see
Figure 1) drawing from diﬀerent methodologies.
First, the study aimed to understand the complexity of
using IEIs for forecasting the weather and seasonal climate
by capturing local farmers mental models of how this is
done. For this, we used a computer-based software called mental model (http://www.mentalmodeler.org/). The mental
model is a participatory modelling approach based on a
fuzzy-logic cognitive mapping (Glykas, 2010; Gray et al.,
2013; Henly-Shepard et al., 2015). It collects qualitative information from stakeholders and quantitatively assigns weighted
edges usually between -1 and 1, to deﬁne mathematical pairwise associations (Gray et al., 2013). Further, a semi-quantitative scenarios feature of the software allows scenario analysis of
plausible outcomes (Özesmi & Özesmi, 2004). This approach
is becoming an increasingly popular way to incorporate local
or expert knowledge into ecological decision-making (Halbrendt et al., 2014; Nyaki et al., 2014). This research uses representations of knowledge and belief systems held by rural
farmers in Northern Ghana to analyse the underlying
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Figure 1. Methodological ﬂow of the study.

mechanism for which farmers forecast the weather (low, medium and high rainfall) and the seasonal climate (above, below
and normal rainfall, onset and cessation).
Secondly, we utilized an android mobile app called Sapelli,
an open-source project that facilitates data collection by using
highly conﬁgurable decision-tree with a pictorial icon-driven
user interface (Stevens et al., 2013). Sapelli has a powerful visualization capability that allows usage among users with low literacy. Users can select options by simply touching the screen
of the mobile device and not have to necessarily read the
text. Sapelli does not rely on an internet connection and allows
oﬄine data collection and postponing data transmission to a
later stage. This function makes it possible to use in areas
where network connectivity is rare, unstable, slow or expensive, and when users lack phone experience (2014).
Thirdly, we used a well-established and widely used deterministic (binary or dichotomy) forecast veriﬁcation method
to evaluate the skills or accuracy of the forecast (Bumke
et al., 2012; Fekri & Yau, 2016; Mariani et al., 2008; Mason,
2003; WMO, 2014). Many meteorological phenomena such
as rain, ﬂoods, severe storms, frosts, and fogs can be regarded
as simple binary (dichotomous) events, and forecasts or warnings for these events are often issued as unqualiﬁed statements
that they will or will not take place. These kinds of predictions
are sometimes referred to as yes/no forecasts, and represent
the simplest type of forecasting and decision-making situation
(Hogan & Mason, 2012). For this study, we used a 2 × 2 possible outcomes to evaluate the forecast. For a sequence of binary
forecasts, we used this as a performance measure to determine
the number of hits (a), false alarms (b), misses (c) and correct
rejections (d). (see Table S12 of the supplementary materials).

2.2. Data collection
2.2.1. Selecting participating farmers
This study adopted a purposive sampling approach in selecting
participating farmers. Through informal discussions with the
head of farmers’ association, the manager of the Botanga irrigation scheme and an extension oﬃcer for the area, twelve
experienced farmers were purposively selected from twelve

diﬀerent communities in Kumbungu district of Northern
Ghana (Figure 2). The selection was based on farmers experience in using indigenous forecast and willingness to partake in
the study. These farmers practiced both irrigated and rainfed
rice farming and were known by their respective communities
to have good forecasting techniques and skills. Our initial
inquiries show that not all farmers are good at forecasting
using IEIs so we decided together with the community who
will be involved in the training and forecasting. In the end,
the most experienced and trusted forecasters, all above the
age of 45 with at least 30 years of farming experience and
cumulative knowledge about changes in climate and rainfall
in their communities, were included. Although increasing
the number of farmers in each community could result in a
more robust conclusion, the number of experienced farmers
oﬀers a good indication to proof our conceptual argument.
In general, data collection was primarily performed using
workshops (2.2.2), the Sapelli mobile app (2.2.3) and rain
gauges.

2.2.2. Workshops
During the ﬁrst workshop in march 2017, key IEIs were identiﬁed and collectively discussed among participants. The
researchers deﬁned and explained the technical classiﬁcations
that corresponded to farmers’ indicators, using simple illustrations which farmers could relate to. For example, researchers and farmers agreed on low rainfall (0.1–19 mm/day) as
drizzling or light rains that do not penetrate the soil surface;
medium rains (19–37mm/day) as rains that wet the soil to
capacity; and high or heavy rains (> 37mm/day) as rains that
ﬂood farms and may cause crop failure. The rainfall values
were obtained from Lacombe et al. (2012). Above/below seasonal rainfall was considered as a scenario in which the total seasonal quantity of rainfall is either above or below the long-term
average. Near normal indicates a typical amount of rain, which
corresponds to the average yield. Onset refers to the time in the
rainy season when precipitation is suﬃcient for planting (see
Table S1of supplementary materials). In addition, the mental
model was used to conceptualize the degree of inﬂuence of
each IEI on a phenomenon forecasted (rainfall onset, cessation
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Figure 2. Map showing the location of selected communities in Northern Ghana. Socio-institutional and biophysical characteristics of the study area have been
described by Nyadzi et al. (2018).

etc.). The developed mental model was analyzed using a matrix
(Table S10 of the supplementary document). The mental
model software was used to deﬁne the cumulative strength
of connections between elements of the mental model (Gray
et al., 2013; Özesmi & Özesmi, 2004).
The second workshop shortly thereafter aimed at training
farmers in two key areas; (i) how to use an android based
mobile app to record 24 hours forecasts, and (ii) how to
record observed rainfall using a simple rain gauge. After the
training, trial exercises were carried out with the mobile
app and rain gauges. The seasonal climate IF for the year
2017 were also collected from each farmer during the workshop (Seasonal forecast is often generated once to cover the
entire season).
At the end of the data collection period in 2017, a third
reﬂection workshop was organized to evaluate the process
and discuss preliminary results, challenges and prospects for
future hydro-climatic information services.
2.2.3. ‘sapelli’ mobile app and rain gauges
IF rainfall forecast data were collected using the Sapelli mobile
app. The app was formatted to provide an interactive interface,
suitable for use by farmers with little or no technical knowledge and education. The app was uploaded on smartphones,
which were distributed to the 12 local forecasting experts to
collect their daily rainfall forecasts.

The app presented a simple iterative process with an interactive interface showing images agreed upon with farmers (see
Appendix C). First the farmer has the option to select yes or
no rain. Should he predict a yes rain, he then has the option
of selecting which type of rain (low, medium or high). He
further selects the IEI for his prediction. Next, he indicates the
degree of certainty (sure, very sure, or extremely sure) for his
predictions. He ﬁnalizes the prediction process by saving data
onto the phone. If a farmer skipped a stage on the app, we interpreted the response as ‘no idea’. We did not include options
such as ‘I do not understand’ or ‘I am not comfortable answering’ because the farmers were thoroughly trained to understand
each stage of the app. It is worth noting that the selected participants produced their forecasts exclusively with IEIs without the
interference of scientiﬁc forecasts. Farmers sent the daily IF data
from April to October 2017 using the app.
The farmers were also trained and asked to record daily
rainfall observed in their communities using custom-made
rain gauges, built with plastic water bottles by researchers.

2.3. Data analysis
Data were analyzed in three main ways. First, the grid function
of the mental modeller was used to analyze the relationship
(probability of inﬂuence) that each IEI had with a predicted
weather or seasonal climate phenomenon. Second, we
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analyzed spatiotemporal variations (monthly, seasonal and
annual totals) in GMet and farmers’ observed rainfall data
using excel. For this, we used GMet (scientiﬁc) rainfall forecast
data that covers the same seven months period as the IF data
collected with the app. We evaluated the skills (accuracy) in
predicting rain (Yes/No) and the types of rain (low, medium
and high rainfall) using a deterministic forecast veriﬁcation
method. We estimated onset from farmers’ observation by
looking at any week in the initial period of a rainy season,
within which rainfall amounts total at least 25 mm (Popov &
Frere, 1986). We also tested the statistical diﬀerence among
the 12 farmers, and between farmers and GMet forecast and
observation at an alpha level of 95% using R statistical programme. The average performance of farmers was estimated
by calculating the average hit rate of the 12 farmers. The performance of GMet forecast in each community was also computed by comparing the forecast against the observed rainfall
in each community. We also compared GMet and farmers
forecast skills despite existing diﬀerences and spatial variation.
Third, the reliability and usability of IEIs were analyzed.
Usability denotes the number of times an IEI has been used.
Reliability was estimated in two main ways; ﬁrst from farmers’
perception at the workshop (see Table 1) and secondly from
the empirical analysis of IF data.
2.4. Limitations
This study is a proof of concept and therefore utilized few
farmers for a more in-depth analysis. Moreover, resources
constrained us from engaging more farmers and/or ﬁeld sites
for this study. However, the farmers selected have vast knowledge and experience about indigenous forecasting, which
arguably will oﬀer more insight. Second, the research covered
only a limited period of seven months for the same reasons. As
a result, the empirical ﬁndings of this study may not be generally applied. However results of the analysis show that it is
possible to quantitatively collect and analyzed the techniques
and accuracy of indigenous forecast.

3. Results
3.1. Farmers’ techniques for forecasting weather and
seasonal forecast
3.1.1. Farmers use of indigenous ecological indicators for
forecasting
Results show that farmers rely on several IEIs for predicting
the weather and seasonal climate. Their forecast technique
is based on observational changes in IEIs such as sound,
phenology, shape and movements in the behaviour of animals, plants, insects and heavenly bodies (sun and moon).
The observable changes in IEIs have their generally held
interpretations depending on which event is to be predicted
and whether for short or longer time scale (see Table 1).
The presence of observable changes in IEIs generally indicates the occurrence of a particular event while their
absence indicates the non-occurrence, except in a few
cases. For example appearance of a rainbow, lepisiota ant
(Lepisiota capensis) carrying its eggs from uphill to
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downhill in the rainy season and a cloudless sky implies
the non-occurrence of rains. According to the farmers,
the reliability of IEIs for forecasting is aﬀected by rapid
environmental changes.
Farmers consider forecasting techniques as a skill acquired
through long-term learning process and therefore age and
experience of the person are crucial for providing a reliable
indigenous forecast. Forecasting skills are either learned
from the elderly or developed through learning-by-doing, i.e.
observation of changes in one’s environment. Farmers also
acknowledge certain individuals who are locally called
“sabanda” meaning “bearer of rain knowledge”. These persons
are known in the community to have extraordinarily accurate
prediction skills, especially for long-term seasonal climate
events. Their predictions are based on instincts, purported to
be a divine gift, rather than skilfully using IEIs. These individuals consult deity for rains when their communities are experiencing long term dry periods. The fact that their predictions
are not rationale, such individuals were excluded from the
study.
3.1.2. Farmers mental model for forecasting
Diﬀerent IEIs are used to predict diﬀerent weather and seasonal climate events, as well as their severity. Also, diﬀerent
IEIs have diﬀerent probability for an event to occur. For
example, to forecast daily rainfall; clouds, mosquitoes (Culicidae), butterﬂies (Amblyscirtes) and frog (Xenopus laevis)
have a probability of up to 0.25, 0.5 and 1 for low, medium
and high rainfall to occur respectively. All IEIs has diﬀerent
degrees of relationship with rainfall onset prediction except
for stars and sun. Ants (Lepisiota capensis) and stars are
the only indicators that have a relationship with rainfall
cessation. For rainfall amount; all IEIs have a varying
relationship with below, normal and above normal rainfall
except stars. Details of how each IEI inﬂuences the probabilities of an event are presented in the mental model
(Figure S3 and Table S10 of the supplementary document).
Results show that the same IEIs are used for both weather
and seasonal predictions, depending on the signals they
exhibit. However, dogs (Canis lupus familiaris), reptiles
(such as snakes - family colubridae), stars and trees (such
as baobab tree- adansonia digitate) are used only for seasonal climate forecast while soil texture, for example, is used
for weather forecast only.
3.2. Analysis of farmers’ rainfall observational data
Farmers’ observational data show rainfall patterns that begin
to build up in April, peak in July and then start to decline in
August until October. At the seasonal time scale, June July
August (JJA) recorded the highest rainfall amount, followed
by September-October (SO) with the least recorded in AprilMay (AM) season. The sum of annual rainfall recorded by
farmers was on average 15.5% more than what GMet observed.
Results also show farmers’ locally observed rainfall amounts
varies among communities (Figure S1). The total annual rainfall ranged from 492 mm in Saakuba to 1563 mm in Kushibo.
Total rainfall amount recorded by farmers in Kushibo was
43.9% more than the average annual rainfall of 1000 mm
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Table 1. Interpretations and reliability (based on farmers’ perception) of indigenous ecological indicators for weather/seasonal climate forecast.
Ecological indicator (local
names)

Reliability

WEATHER FORECAST
Earthworm (sambarigu)
Clouds (sagbona)

***
***

Duck (gbinyaƒu)

***

Caterpillars (zunzuya)

***

Butterﬂy (kahinpie)

***

Fog (paƒli)
Wind (pohim)
Frog (pololi)
Birds (alacheyu)
Cow (naƒnya)
Hot weather (walgu be-ni)

**
**
**
**
**
**

Ants (salinsahi)

**

Moon (Goli)

*

Sun (wuntana)
Mosquitoes (duunsi)

*
*

Soil (tankpari)
SEASONAL FORECAST
Clouds (sagbona)
Duck (gbinyaƒu)
Hot weather (walgu be-ni)
Baobab tree (tuhi)

*
***
***
***
***

Butterﬂy (kahinpie)
Ants (salinsahi)

***
**

Moon (Goli)
Wind (pohim)
Lightning
Frog (pololi)

**
**
**
**

Sun (wuntana)
Mosquitoes (duunsi)

*
*

Stars

*

Birds (alacheyu)

**

Cow (naƒnya)
Reptiles (tiŋvura)

**
**

Dogs

**

Possible signs and their interpretation
The appearance of a large number of earthworms (Lumbricina) on the day is a sign of rains the next day or in few hours.
Dark clouds amidst strong winds signal rain in few hours
Clouds gathered at north-east imply rain in few hours up to the next day
Ducks (Anas Platyrhynchos) rapidly ﬂapping, stretching their wings with loud quack sound signify rains in few hours and up
to the next day.
Woolly bear caterpillars (larva) scurrying and burrowing into the soil is an indication of rainfall the next day or up to few
days.
A large number of butterﬂies (Amblyscirtes) continuously ﬂapping their wings in the skies without taking shelter on leaves
signals rains in few hours to the next day.
The appearance of fog indicates rain in the next few hours or the next day. Mostly low rains in the form of drizzle.
Strong winds from west to east signal rain the next day.
High-pitched sound of frogs (Xenopus laevis) in the rainy season strongly signals rains the next day
Loud singing of coucal bird (Centropus sinensis) is an indication of rains in the next few days.
Cows (Bos Taurus) repeatedly ﬂapping their ears and tails indicate rainfall the next day or up to 3 days.
High temperatures and humidity within rainy season signal rain in the next hours or day. Rainfall is expected the next day if
temperatures are high during the night such that one sweats profusely and unable to sleep.
A lepisiota ant (Lepisiota capensis) carrying its eggs uphill during the rainy season signals rain the next day or in few hours.
A rapid increase in anthills in the surroundings indicates rains the next day or up to 3 days.
A yellow looking ring around the moon is an indication of rains the next day or latest by 3 days. A downwards appearance
of the moon crescent indicates rains the next day or in a few hours.
The appearance of a halo around the sun during the rainy season signals rain in the next day or few hours
Frequent and painful bites of mosquitoes (Culicidae) in the day during the wet season is an indication of rainfall the next
day (latest up to 3 days)
Dry soil with fresh, sweet, powerful smell indicates rains the next day.
Cirrostratus clouds indicate the onset of the rain in few days. The thicker they get the closer the rains.
Ducks (Anas Platyrhynchos) rapidly ﬂapping and stretching their wings while playing in the soil signify the onset of rains.
The high temperature that causes profuse sweating in March is an indication of onset in few weeks.
Baobab tree (adansonia digitate) begins to ﬂower and generates new leaves signify rainfall onset. The more the ﬂowers the
season is predicted to be wetter than normal.
A large number of migrating butterﬂies (Amblyscirtes) signal onset and a season with good rains.
Lepisiota ant (Lepisiota capensis) carrying its eggs uphill during the dry season indicates rainfall onset approaching in up to
a week time. When directions of egg-carrying ant change from uphill to downhill then one can predict cessation in few
days up to a week. Large army ants (Eciton burchellii) in and around house signal start of the rainfall onset and as such a
wetter than normal in the rainy season. Rapid increase in anthills on farm ways indicates the onset of rains in few days for
up to 1 or 2 weeks.
Full moon covered by cloudlike appearance signiﬁes a wetter than normal season.
Swirling winds at high frequency in the dry season indicate the onset of rains (good rainy season).
Lightning accompanied by thunder repetitively occurring especially during the dry season indicate the closeness of onset
High-pitched frog (Xenopus laevis) sounds in the dry season signals onset of rains up to a week. The intensity of this sound
(the louder it gets) indicates a good season with normal or wetter season.
The appearance of shining spot around the sun during the dry season is an indication of approaching good rainy season.
Frequent and painful mosquito (Culicidae) bites and high nuisance in the dry season is an indication of rainfall onset in a
few days up to about a week.
Stars moving from west to east indicate rainfall onset in a few days. Change in appearance (very bright) of the stars signals
rainfall cessation in a week.
The movement of a large number of Hornbils (Bucerotidae) with loud singing is an indication of a good rainy season. Owl
hooting in the evening also signiﬁes the onset of rain. Large ﬂocks of swallow birds (Hirundinidae) migrating with loud
sound signals rain onset in few days up to about a week. Crows (Corvus corax) ﬂying in groups signals a normal season.
Birds building nests close to rivers or water bodies indicates a below normal rainfall within the season.
Cows (Bos Taurus) mostly standing and looking restless indicate the start of the rainfall onset in a few days.
The frequent appearance of reptiles such as snakes (family colubridae) wandering in the afternoon signals onset of rains in a
week.
When dogs (Canis lupus familiaris) loudly bark and run for cover in the day is a strong indication of a rainfall onset in a few
days. The louder the noise the dogs make the wetter the seasons is predicted to be.

NB: less (*), somehow (**), highly (***) by unanimous agreement of workshop participants.

observed by Owusu and Waylen (2009) for the study area.
Gbulun and Kukuo showed the same rainfall amount of
1243 mm representing the second highest rainfall total. The
total number of rainy days ranged from 22 in Tibung to 49
days in Zangbalun. GMet recorded a higher number of
observed rainy days over the study area compared to farmers
recording (see Table S3 of supporting document). The diﬀerences in rainy days can be alluded to the high number of
low rainfall days recorded by GMet, which could be attributed
to the sensitivity of meteorological instruments as compared to
the rain gauges used by the farmers.

3.3. Skills of farmers and GMet rainfall weather
forecast
Results show that farmers and GMet performed at an average
of 30% and 34% respectively (performance hereafter means
accuracy or skills or hit rate; meaning the number of rain
events accurately predicted). For the seven months, farmers’
performance varied from 16% accuracy in Wuba to 61% in
Zangbalun. Farmers in Dalun and Gbugli also performed at
43% and 47%, respectively and the rest performed at less
than the 30% average. GMet forecast outperformed farmers
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forecast in most communities except Dalun, Zangbalun and
Gbugli where farmers forecast performed at 3%, 25%, and
14% more (see Table S3 and S4 of supporting documents).
However, on the average, both farmers and GMet showed
similar performance rate of predicting one out of every three
daily rainfall events right. Results also showed that the
monthly performance of GMet and farmers varies but
insigniﬁcantly (P>0.05), although farmers performed better
than GMet in May, June and October. The monthly (aggregation) performance ranged from 21% in September to 46% in
October for farmers and 20% in May and October to 56% in
August and September for GMet (see Table S3 and S4 of supporting documents).
GMet and farmers’ forecasts show both agreement and disagreement with the actual observations within the communities. On average, both forecast systems disagreed 84 times
(39%) and agreed 130 times (61%). Out of the 130 agreed
times, 3 hits, 100 correct rejections, 12 miss and 15 false alarms
were recorded. Table S5 of the supplementary document provides details of agreement and disagreement of the forecast. In
addition, farmers generally have poor ability to forecast rainfall
types. They recorded an average hit performance of 17%, 16%
and 6% for low, medium and high rainfall types respectively.
The hit performance was poor: 0% for high rainfall in 8 communities, 0% for medium rainfall in 4 communities, and 0%
for low rainfall in 2 communities. However, each farmer had
a better hit rate for low rainfall than medium and high rains
(See Table S6 of the supplementary document).
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detail results of the descriptive statistics. Figure 3 shows that
butterﬂies (Amblyscirtes), mosquitoes (Culicidae), bird
sound, caterpillars (Larva) and moon, were the ﬁve most
reliable IEIs when it comes to forecasting rains. Butterﬂies
(Amblyscirtes) and soil appearances were the most reliable
(45.5%) and least reliable (7.7%) IEIs respectively. However,
according to the farmers at the evaluation workshop, the
appearance of butterﬂies (Amblyscirtes) is becoming rare in
the area, thus remained the least used IEI. Meanwhile, hot
weather is the most used (138 times, 20.2%) IEI followed by
clouds appearance (118 times, 17.4%).
Moving a step further, we analyzed the reliability of IEIs for
forecasting diﬀerent types of rain (low, medium and high
rains). Results show that ants are the most reliable (83%) IEI
for forecasting low rains. Cow (Bos Taurus), duck (Anas Platyrhynchos) and frog showed 100% reliability in forecasting
medium rainfall while earthworm (Lumbricina) and wind
were the most reliable (100%) IEIs for high rainfall forecast.
Hot weather was the most used IEI for forecasting low rains
while cloud formation is mostly utilized for medium and
high rains (see ﬁgure S2 of the supplementary document).
No consistent trend was observed in their expression of certainty and forecast performance. In most cases, they miss the
rains even at higher certainty and hit at a lower certainty
(see Table S7 and S8 of the supplementary document).
When this was raised at the evaluation workshop, one farmer
indicated that “sometimes I see very clear signs of rain and
become so sure that it will rain in my village only for the rain
to fall in a neighbouring village”, this justiﬁcation was unanimously supported by all farmers.

3.3. Reliability and usability of IEIs used by farmers for
rainfall weather forecast
Figure 3 shows how often the indicators were used during the
study period and how reliable they were. Here, the researchers
operationalized usability as the number of times an IEI has
been used per the seven months of study, and reliability is
the number of times an IEI gave an accurate prediction out
of the number of times used within the seven months, all
expressed in percentages. Results of reliability presented in
Figure 3 are empirically determined, while those in Table 1
are based on farmers’ perception. Results show that on average
each IEI was used 42 times. Also, at 95% conﬁdent level (19.6),
the interval between 22.76 (lower bound) and 61.99 (upper
bound) contains the true value of the population parameter
(mean). See Table S11 of the supplementary document for

3.4. Farmers and GMet forecasting skills at the
seasonal timescale
Before every rainy season, GMet provides seasonal forecasts
intended for farmers use. In 2017, the Western and Eastern
halves of Northern Ghana were predicted to experience near
normal to above normal and normal rainfall amount respectively (GMet, 2017). Based on the location of Kumbungu district, rainfall was expected to be near-normal to normal. The
mean onset date of the rainy season was forecast to be from
4th week of April to 1st week of May. The range of the
expected rainfall amount over the entire region was
1090 mm–1360 mm and the mean cessation date was forecasted to be the end of October (GMet, 2017). Before the

Figure 3. Reliability and Usability of indigenous Ecological indicators for predicting Yes/No Rain.
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2017 season (a time farmers often produce their seasonal forecast) and during the second workshop, farmers forecasted
rainfall amount, onset and cessation using various ecological
IEIs listed in Table S9 of the supplementary document. They
did not use IEIs for rainfall cessation because there were no
clear signs of them. Instead, they relied on their experience
when the rains often end. 58% of the farmers predicted normal
rainfall season, 33% predicted above normal and only 9% predicted below normal rainfall. For the onset of the season, 25%
of the farmers predicted the second week of April, 50% predicted the third week while the remaining 25% predicted it
to occur in the fourth week of April.
All farmers agreed rainfall cessation would be in October.
Nonetheless, 41% forecast it in the 1st week, 17% forecast 2nd
week, 17% in the 3rd week and the remaining 25% forecast it
in the 4th week of October. Comparing each farmer’s forecast
to recorded observations, results show that, 33% of the farmers
got the onset prediction right while 42% were right with cessation. Using GMet estimated range of annual normal rainfall of
740-1230 mm (GMet, 2017), we observed that 33% of the
farmers accurately predicted near-normal rainfall of their
communities while only 9% predicted the observed above normal rainfall right. The remaining farmers incorrectly predicted
the rainfall cessation. GMet, on the other hand, predicted
accurately the rainfall amount (near normal) for 42% of the
communities and onset for only 25% of the communities but
was unable to forecast correctly cessation for any of the communities (see supplementary Table S9 for details).

4. Discussions
This study aimed at showing for the ﬁrst time that it is possible
to collect indigenous forecasts (IF) data and analyse the techniques and skills (accuracy) in semi-quantitative and quantitative terms. We elaborated how IF are generated by local
farmers in northern Ghana and established a mental model
of the relationship between indigenous ecological indicators
(IEIs) used and the phenomenon forecasted at both daily
and seasonal timescale. We also tested quantitatively the performance of the farmers IF and compared it with the forecast
of the Ghana Meteorological Agency (GMet).
Historical patterns of the rains serve as the fundamental
template that allows farmers to form expectations for the coming season. Results of this study conﬁrm that observed changes
in each IEIs strongly inﬂuenced farmers’ predictions. Farmers’
perception of the most reliable indicators was diﬀerent from
the results of empirical analysis. For instance, for the weather
forecast, farmers mentioned earthworm (Lumbricina), clouds,
ducks (Anas Platyrhynchos), caterpillars (Larva) and butterﬂies (Amblyscirtes) as the ﬁve most reliable indicators,
meanwhile, empirical results show butterﬂies (Amblyscirtes),
mosquitoes (Culicidae), bird sound, caterpillars (Larva) and
moon, as most reliable. These results indicate the possibility
of perceptional measurement being signiﬁcantly diﬀerent
from the real-time measurement. Therefore, care needs to be
taken when testing the reliability of IEIs and farmers forecast
skills using perceptional methods only, as in Makwara
(2013) and Elia et al. (2014) who assess the perceptions of
the local communities on the application and reliability of

indigenous knowledge for forecasting. However, it is expected
that local farmers and researchers may have diﬀerent understandings of how “reliability” is measured. For researchers
reliability can be related to forecasts hits rate, this may not
be the case for farmers. It is also important to recognize that
no concept of “reliability” is necessarily more legitimate than
the other; none of them more eﬃcient either, if they are
assessed on their terms.
Results of the mental model allowed us to establish the
underlying mechanism behind farmers’ prediction. For
instance, when one comes across a high frequency swirling
winds in the dry season, this may indicate the onset of rains
but also provides a higher probability of above normal rain
than below and normal rainfall. The appearance of a halo
around the sun has a higher probability for predicting medium
rainfall than high and low rainfall. Frequent and painful bite of
mosquitoes in the day during the wet season indicate a higher
chance of recording high rain the next day compared to medium and low rain. This implies that the process generating IF is
not intuitive rather a rational skill which can be learned and
passed on from one generation to the next.
Results of the forecast evaluation indicated that on the average, both farmers and GMet correctly predict one out of every
three daily rainfall events. At the seasonal scale, one out of
every three farmers is able to accurately make onset prediction
while two out of every ﬁve farmers were able to get the rainfall
amount and cessation right. Similarly, GMet was able to predict rainfall amount accurately in one out of every three communities and one out of every four communities for onset but
was unable to accurately predict cessation for the communities. A possible explanation for diﬀerences in farmers’ forecasts is that, ﬁrst, each farmer has diﬀerent prediction skills
which stem from the ability to accurately observe and interpret
IEIs per one’s experience. Second, interest in data collection
among farmers may have reduced over time aﬀecting critical
observation of IEIs for forecasting. However, the skill test
did not conﬁrm this trend. While little could be done to
improve the former, the latter could be avoided by oﬀering
attractive incentives to farmers and maintaining frequent contact. In this study, farmers were promised that they could keep
the mobile phones at the end of the study as a motivation. The
third reason for the diﬀerences in the prediction skills of the
farmers could be due to the impact of climate change on the
ecosystem that might have aﬀected the relationship between
the IEIs and the meteorological phenomenon forecasted.
Thus, the information fed into the Mental Modeler may not
reﬂect the future relationship between the IEIs and the
phenomenon forecasted. For example, onset and cessation
dates could be aﬀected if say they occur a number of days
after the appearance of butterﬂies. If the butterﬂies now appear
earlier or later than before, then this could aﬀect the
prediction.
We acknowledge that this study is a proof of concept to collect and analyzed IF quantitatively, yet the process entails the
particular challenge of using a relatively short dataset and
only 12 farmers. We recognize that longer time series are
needed for a more robust conclusion. Adding more data
would provide a more solid basis for our analyses and conclusions. However, long-term IF datasets do not exist, and
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the limited length of our project made it possible to collect IF
data for only a single year. Whereas for science-based forecasts
it is possible to generate long-term datasets using hind-cast
methods, this is not possible for IF. Moreover, the aim of
this paper is not to present a full forecast evaluation but to
show that it is possible to collect indigenous forecasts and
quantitatively analyse them. Additionally, these farmers were
experts and provided enough data that allowed meaningful
analysis for this proof of concept. Moreover, the process of
selecting these farmers was rigorous and includes the entire
community to select only farmers with good forecasting techniques and skills. Also, results show that the trend in the
monthly aggregation and seasonal rainfall recorded by farmers
are similar to those measured with meteorological instruments
in Northern Ghana by GMet and other studies such as Manzanas et al. (2014) and Lacombe et al. (2012). This provides
conﬁdence about the quality of farmers’ observations.
Finally, It is common knowledge how it rains in one place
but does not rain at a close by location. Results show that the
frequency (rainy days) and amount of rainfall diﬀer signiﬁcantly among farmers and between farmers and GMet. The
diﬀerences in GMet and farmers forecast is due to the spatial
variability between rain gauges and strong rainfall variability
even over small areas. There is, therefore, the need to mount
in each community additional rain gauges to record locally
observed rainfall, to generate data that is relevant for studying
local rainfall variability and change. In line with this, some
studies have argued the need to pay attention to smaller details
in each geographic area since this can have a bigger impact on
local climate (Frumkin et al., 2008; Maibach et al., 2008).
Therefore, farmers in communities where meteorological
observation are not available can be engaged to collect community level weather and climate information and data. In
the process, local farmers are empowered and become more
aware of spatial and temporal variability in rainfall (McCormick, 2009).

5. Conclusion
In this study, we show that unlike studies that investigate
indigenous forecast using qualitative and descriptive
approaches, it is possible to collect indigenous forecasts and
analyse the techniques and skills or accuracy in quantitative
terms. Results of the techniques analysis indicate that in
addition to farmers using historical patterns of the rains as
a basis for generating IF, they have established a mental
model of how IEIs such as butterﬂies, earthworms, moon
caterpillars, winds directions inﬂuence the prediction of a
particular event at both daily and seasonal time scales. Diﬀerent IEIs have diﬀerent probabilities for an event to occur. For
example, the appearance of woolly bear caterpillars (larva)
scurrying and burrowing into the soil indicate a high probability of a heavy rainfall event compared to a low rainfall
event. Hot and sweaty weather indicates a high probability
for the onset of seasonal rainfall. Results of the skills assessment also show that Farmers and GMet showed similar skills
in their forecast; both correctly predicting about one out of
every three daily rainfall events. Despite the limitations,
this study is able to conduct a meaningful analysis of available
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data to contribute to the yawning gap in the literature; how to
quantitatively collect and analyse the techniques and skills or
accuracy of IF. Finally, our results indicate that indigenous
forecasts are not just intuitive but are a skill which is developed. Also, local farmers can contribute to the development
of local climate services through the use of their local expertise and the collection of weather and climate information
and data.

Acknowledgement
This study is part of the EVOCA Project, funded by INREF - Wageningen
University & Research and MDF West Africa. We thank the farmers and
management of Bontanga Irrigation Scheme involved in this study.

Disclosure statement
No potential conﬂict of interest was reported by the authors.

Funding
This work was supported by MDF West Africa; Wageningen University
Fund.

Notes on contributors
Dr Emmanuel Nyadzi is a postdoctoral researcher in Water Systems and
Global Change group at Wageningen University, Netherlands. Originally
trained as an agriculture technologist, Dr. Nyadzi holds a PhD in Climate
and Environmental science and a masters in Climate Change and
Adapted Land Use. The central goal of his research is to understand
and model the complexities and impacts of climate and environmental
change on natural and human systems. In doing so he strives to address
relevant scientiﬁc research gaps while serving the practical needs of
society. He uses a multi-approach and multi-data research framework
to answer complex climate change questions. Thus, possess extraordinary
interdisciplinary skills in combining both quantitative and qualitative
research methods in addition to interpretative tools (models). His recent
work focused on developing water and climate services (predictability,
impact, risk, vulnerability) and Climate change adaptation.
Dr Saskia E. Werners is an assistant professor at the Water Systems and
Global Change group at Wageningen University, Netherlands. Dr. Werners holds a PhD adaptation to climate change in land use and water management. She also has three masters degrees in Water Resources
Engineering and Management, Environmental Sciences and MSc Experimental Physics all with distinction. She has broad experience in integrated water management, adaptation to climate change & variability
and policy analysis in Europe, Asia and the Americas. Her main research
interest is in adaptation to global change in water management. She
researches how information services can be embedded in decision-making to provide actors with actionable knowledge at the right moment
for adaptive land and water management. Her research covers both
short-term adaptive decision making and longer-term adaptation pathway development. Dr. Werners’ vision is to create climate-resilient development pathways together with actors. This requires conceptual
development, as well as capacity-building and oﬀering decision-support.
Dr Robbert Biesbroek is Associate Professor at the Public Administration
and Policy group at Wageningen University, the Netherlands. His
research interests include comparative public policy, mechanisms of complex decision making, dynamics of policy (dis)integration, and the political and bureaucratic responses to climate change adaptation. He holds a
PhD from Wageningen University. Dr. Biesbroek co-founded TRAC3 an
international collaboration for developing conceptual, methodological,
and empirical approaches for tracking adaptation across scales and contexts. He is a recipient of a Dutch NWO-VENI research grant (2018-

10

E. NYADZI ET AL.

2022) and (co)authored several scientiﬁc articles in the ﬁelds of public
policy and environmental studies. Dr. Biesbroek currently serves as Editor
for the scientiﬁc journal Regional Environmental Change. He is selected
as Coordinating Lead Author for the IPCC AR6.
Prof. Dr Fulco Ludwig is a full professor and a multidisciplinary research
scientist at the Water Systems and Global Change group at Wageningen
University, Netherlands. Prof. Fulco holds a PhD in ecohydrology and has
a strong background in climate impact modelling and data analyses and
has extensive ﬁeld experience in Africa, Australia, the US and Asia. He
focus on studying global change impacts and adaptation in relation to
water, food and energy resources. Prof. Ludwig develops diﬀerent models
and tools to assess the impacts of global change on the water cycle and
diﬀerent water use sectors. Also, his work focusses on developing adaptation strategies and future scenarios. He facilitates adaptation and
makes data and modelling systems better accessible to diﬀerent end
users by developing climate information systems. In particular, he is interested in combining global and local information systems to improve climate services. Prof. Ludwig also contributes to developing integrated
future scenarios and climate change adaptation policies and plans.

ORCID
Emmanuel Nyadzi
http://orcid.org/0000-0001-6527-852X
http://orcid.org/0000-0002-1705-4318
Saskia E. Werners
http://orcid.org/0000-0002-2906-1419
Robbert Biesbroek
http://orcid.org/0000-0001-6479-9657
Fulco Ludwig

References
Alemaw, B. F. (2020). Framework of best practice for climate change
adaptation in Africa: The water–development nexus. In Jonathan I.
Matondo, Berhanu F. Alemaw, & Wennegouda Jean Pierre Sandwidi
(Eds.), Climate variability and change in Africa (pp. 71–90). Springer.
Asante, F. A., & Amuakwa-Mensah, F. (2015). Climate change and variability in Ghana: Stocktaking. Climate, 3(1), 78–99. MDPI AG. https://
doi.org/10.3390/cli3010078
Balehegn, M., Balehey, S., Fu, C., & Liang, W. (2019). Indigenous weather
and climate forecasting knowledge among Afar pastoralists of north
eastern Ethiopia: Role in adaptation to weather and climate variability.
Pastoralism, 9(1), 8. https://doi.org/10.1186/s13570-019-0143-y
Berkes, F., Colding, J., & Folke, C. (2000). Rediscovery of traditional ecological knowledge as adaptive management. Ecological Applications,
10, 1251–1262.
Bumke, K., Fennig, K., Strehz, A., Mecking, R., & Schröder, M. (2012).
HOAPS precipitation validation with ship-borne rain gauge measurements over the Baltic Sea. Tellus A: Dynamic Meteorology and
Oceanography, 64(1), 18486. https://doi.org/10.3402/tellusa.v64i0.18486
Cabrera, V. E., Breuer, N. E., & Hildebrand, P. E. (2006). North Florida
dairy farmer perceptions toward the use of seasonal climate forecast
technology. Climatic Change, 78(2-4), 479–491. https://doi.org/10.
1007/s10584-006-9053-2
Chang’a, L. B., Yanda, P. Z., & Ngana, J. (2010). Indigenous knowledge in
seasonal rainfall prediction in Tanzania: A case of the South-western
Highland of Tanzania. Journal of Geography and Regional Planning,
3(4), 66–72. https://idl-bnc-idrc.dspacedirect.org/handle/10625/48748
David, W., & Ploeger, A. (2014). Indigenous knowledge (IK) of water
resources management in west Sumatra, Indonesia. Journal on Food,
Agriculture and Society, 2, 40–44. https://www.thefutureoﬀoodjour
nal.com/index.php/FOFJ/article/view/229/180.
Desbiez, A., Matthews, R., Tripathi, B., & Ellis-Jones, J. (2004).
Perceptions and assessment of soil fertility by farmers in the midhills of Nepal. Agriculture, Ecosystems & Environment, 103(1), 191–
206. https://doi.org/10.1016/j.agee.2003.10.003
Ebhuoma, E. E., & Simatele, D. M. (2019). ‘We know our Terrain’:
Indigenous knowledge preferred to scientiﬁc systems of weather forecasting in the Delta State of Nigeria. Climate and Development, 11(2),
112–123. https://doi.org/10.1080/17565529.2017.1374239

Elia, E. F., Mutula, S., & Stilwell, C. (2014). Indigenous knowledge use in
seasonal weather forecasting in Tanzania: The case of semi-arid central
Tanzania. South African Journal of Libraries and Information Science,
80(1), 18–27. https://iks.ukzn.ac.za/node/288
Eriksen, S. H., Brown, K., & Kelly, P. M. (2005). The dynamics of vulnerability: Locating coping strategies in Kenya and Tanzania. The
Geographical Journal, 171(4), 287–305. https://doi.org/10.1111/j.
1475-4959.2005.00174.x
Fekri, M., & Yau, M. K. (2016). An information-theoretical score of
dichotomous precipitation forecast. Monthly Weather Review, 144(4),
1633–1647. https://doi.org/10.1175/MWR-D-15-0225.1
Frumkin, H., Hess, J., Luber, G., Malilay, J., & McGeehin, M. (2008). Climate
change: The public health response. American Journal of Public Health, 98
(3), 435–445. https://doi.org/10.2105/AJPH.2007.119362
Gbetibouo, G., Hill, C., Abazaami, J., Mills, A., Snyman, D., & Huyser, O.
(2017). Impact assessment on climate information services for community-based adaptation to climate change. http://careclimatechange.
org/wp-content/uploads/2017/07/Ghana-Climate-Services-CountryReport.pdf
Gebrechorkos, S. H., Hülsmann, S., & Bernhofer, C. (2020). Analysis of
climate variability and droughts in east Africa using high-resolution
climate data products. Global and Planetary Change, 186, 103130.
https://doi.org/10.1016/j.gloplacha.2020.103130
Glykas, M. (Ed.). (2010). Fuzzy cognitive maps: Advances in theory, methodologies, tools and applications (Vol. 247). Springer Science &
Business Media. https://www.springer.com/gp/book/9783642032196
GMet. (2017). Rainfall Seasonal Forecast for 2017; Highlights Outlook
for Northern Region of Ghana. Retrieved 4 March, 2018, from http://
www.meteo.gov.gh/website/index.php?option=com_joomdoc&task=
document.download&path=seasonal-forecast%2Fseasonal-forecastfor-northern-ghana-2017&Itemid=85
Gray, L. C., & Morant, P. (2003). Reconciling indigenous knowledge with
scientiﬁc assessment of soil fertility changes in southwestern Burkina
Faso. Geoderma, 111(3-4), 425–437. https://doi.org/10.1016/S00167061(02)00275-6
Gray, S., Cox, L., & Henly-Shepard, S. (2013). Mental modeler: A fuzzylogic cognitive mapping modeling tool for adaptive environmental
management. In Elpiniki I. Papageorgiou (Ed.), 46th international
Conference on Complex systems (pp. 963–973). Springer.
Gubler, S., Sedlmeier, K., Bhend, J., Avalos, G., Coelho, C. A. S., Escajadillo,
Y., Jacques-Coper, M., Martinez, R., Schwierz, C., de Skansi, M., &
Spirig, C. (2020). Assessment of ECMWF SEAS5 seasonal forecast performance over South America. Weather and Forecasting, 35(2), 561–584.
https://doi.org/10.1175/WAF-D-19-0106.1
Gumucio, T., Hansen, J., Huyer, S., & Van Huysen, T. (2020). Gender–
responsive rural climate services: A review of the literature. Climate
and Development, 12(3), 241–254. https://doi.org/10.1080/17565529.
2019.1613216
Halbrendt, J., Gray, S. A., Crow, S., Radovich, T., Kimura, A. H., & Tamang,
B. B. (2014). Diﬀerences in farmer and expert beliefs and the perceived
impacts of conservation agriculture. Global Environmental Change, 28,
50–62. https://doi.org/10.1016/j.gloenvcha.2014.05.001
Henly-Shepard, S., Gray, S. A., & Cox, L. J. (2015). The use of participatory modeling to promote social learning and facilitate community disaster planning. Environmental Science & Policy, 45, 109–122. https://
doi.org/10.1016/j.envsci.2014.10.004
Hogan, R. J., & Mason, I. B. (2012). Deterministic forecasts of binary
events. In Ian T. Jolliﬀe & David B. Stephenson (Eds.), Forecast
Veriﬁcation: A Practitioner’s Guide in Atmospheric Science (pp. 31–
59). John Wiley & Sons, Ltd.
Ibe, G. O., & Amikuzuno, J. (2019). Climate change in Sub-Saharan
Africa: A menace to agricultural productivity and ecological protection. Journal of Applied Sciences and Environmental Management,
23(2), 329–335. https://doi.org/10.4314/jasem.v23i2.20
Jalloh, A., Nelson, G. C., Thomas, T. S., Zougmoré, R., & Macauley, H. R.
eds. (2013). West African Agriculture and Climate Change. https://doi.
org/10.2499/9780896292048
Johnson, S. J., Stockdale, T. N., Ferranti, L., Balmaseda, M. A., Molteni, F.,
Magnusson, L., Tietsche, S., Decremer, D., Weisheimer, A., Balsamo,
G., Keeley, S. P. E., Mogensen, K., Zuo, H., & Monge-Sanz, B. M.

CLIMATE AND DEVELOPMENT

(2019). SEAS5: the new ECMWF seasonal forecast system.
Geoscientiﬁc Model Development, 12(3), 1087–1117. https://doi.org/
10.5194/gmd-12-1087-2019
Kassa, B., & Temesgen, D. (2011). Indigenous knowledge In research And
extension. In Perspective of agricultural extension. Regional Msc program on: Agricultural information and communication management
(Aicm) (pp. 91–94). Haramaya University. https://www.oerafrica.org/
FTPFolder/Website%20Materials/Agriculture/haramaya/Perspective_
Agricultural_Extension/AICM%20Module%20Final%20Jan%2031,%
202012/overview_of_the_module.html
Kranjac-Berisavljevic’, G., Blench, R. M., & R, C. (2003). Rice Production
and Livelihoods in Ghana. Multi-Agency Partnerships (Maps) For
Technical Change In West African Agriculture. https://www.odi.org/
sites/odi.org.uk/ﬁles/odi-assets/publications-opinionﬁles/3990.pdf
Lacombe, G., McCartney, M., & Forkuor, G. (2012). Drying climate in
Ghana over the period 1960–2005: Evidence from the resamplingbased Mann-Kendall test at local and regional levels. Hydrological
Sciences Journal, 57(8), 1594–1609. https://doi.org/10.1080/02626667.
2012.728291
Lawson, E. T., Alare, R. S., Salifu, A. R. Z., & Thompson-Hall, M. (2019).
Dealing with climate change in semi-arid Ghana: Understanding intersectional perceptions and adaptation strategies of women farmers.
GeoJournal, 85(2), 439–452. https://doi.org/10.1007/s10708-01909974-4
Luseno, W. K., McPeak, J. G., Barrett, C. B., Little, P. D., & Gebru, G.
(2003). Assessing the value of climate forecast information for pastoralists: Evidence from Southern Ethiopia and Northern Kenya. World
Development, 31(9), 1477–1494. https://doi.org/10.1016/S0305-750X
(03)00113-X
Mafongoya, P. L., & Ajayi, O. C. (2017). Indigenous knowledge and climate
change: Overview and basic propositions. Indigenous Knowledge Systems
and Climate Change Management in Africa, 17, 17–28. https://
publications.cta.int/media/publications/downloads/2009_PDF.pdf
Maibach, E. W., Chadwick, A., McBride, D., Chuk, M., Ebi, K. L., &
Balbus, J. (2008). Climate change and local public health in the
United States: Preparedness, programs and perceptions of local public
health department directors. PLoS One, 3(7), e2838. https://doi.org/10.
1371/journal.pone.0002838
Makwara, E. C. (2013). Indigenous knowledge systems and modern
weather forecasting: Exploring the linkages. Journal of Agriculture
and Sustainability, 2(1), 98–141.
Manyanhaire, I. O., & Chitura, M. (2015). Integrating indigenous knowledge systems into climate change interpretation: Perspectives relevant
to Zimbabwe. Greener Journal of Educational Research, 5(2), 27–36.
https://doi.org/10.15580/GJER.2015.2.012715022
Manzanas, R., Amekudzi, L. K., Preko, K., Herrera, S., & Gutiérrez, J. M.
(2014). Precipitation variability and trends in Ghana: An intercomparison of observational and reanalysis products. Climatic Change, 124(4),
805–819. https://doi.org/10.1007/s10584-014-1100-9
Mariani, S., Casaioli, M., & Calza, M. (2008). Dichotomous forecast veriﬁcation. In Forecast veriﬁcation: A summary of common approaches,
and examples of application (pp. 14). Univ. degli Studi di Trento,
Dipartimento di Ingegneria Civile e Ambientale. https://inﬁnitypress.
info/index.php/jas/article/view/72
Mason, I. B. (2003). Binary events. In I. T. Jolliﬀe, & D. B. Stephenson
(Eds.), Forecast veriﬁcation: A Practitioner’s guide in 730 Atmospheric
science (pp. 37–76). John Wiley.
McCormick, S. (2009). Mobilizing science: Movements, Participation, and
the Remaking of knowledge. Temple University Press. 212 pp.
Mullen, M. C. (2007). Use of seasonal forecasts and climate prediction in
operational agriculture in WMO region V. Use of Seasonal Forecasts
and Climate Prediction In Operational Agriculture, 48(6.3), 41. http://
www.wamis.org/agm/pubs/CAGMRep/CAGM102.pdf
Müller-Kuckelberg, K. (2012). Climate change and its impact on the livelihood of farmers and agricultural workers in Ghana. Preliminary
Research Results. General Agricultural Workers’ Union of GTUC.
Friedrich Ebert Stiftung (Fes). https://library.fes.de/pdf-ﬁles/bueros/
ghana/10510.pdf
Nakashima, D. J., Galloway McLean, K., Thulstrup, H. D., Ramos Castillo,
A., & Rubis, J. T. (2012). Weathering Uncertainty: Traditional

11

knowledge for climate change assessment and adaptation. UNESCO,
and Darwin, UNU, 120 pp.
Ndamani, F., & Watanabe, T. (2013). Rainfall variability and crop production in northern Ghana. The case of Lawra district. ResearchGate,
December, https://doi.org/10.13140/2.1.2343.7125
Niang, I., Ruppel, O. C., Abdrabo, M. A., Essel, A., Lennard, C., Padgham,
J., & Urquhart, P. (2014). Africa (part B: Re). Cambridge University
Press. (pp. 1199–1265).
Nkuba, M. R., Chanda, R., Mmopelwa, G., Mangheni, M. N., Lesolle, D.,
& Kato, E. (2020). Indigenous knowledge systems and indicators of
rain: Evidence from Rwenzori region, Western Uganda. Weather,
Climate, and Society, 12(2), 213–234. https://doi.org/10.1175/WCASD-19-0027.1
Nyadzi, E. (2016). Climate variability since 1970 and farmers’ observations in Northern Ghana. Sustainable Agriculture Research, 5(5262016-37880), 41–56. https://doi.org/10.5539/sar.v5n2p41.
Nyadzi, E., Nyamekye, A. B., Werners, S. E., Biesbroek, R. G., Dewulf, A.,
Van Slobbe, E., & Ludwig, F. (2018). Diagnosing the potential of
hydro-climatic information services to support rice farming in northern Ghana. NJAS-Wageningen Journal of Life Sciences, 86–87, 51–63.
https://doi.org/10.1016/j.njas.2018.07.002
Nyadzi, E., Werners, E. S., Biesbroek, R., Long, P. H., Franssen, W., &
Ludwig, F. (2019). Veriﬁcation of seasonal climate forecast toward
hydroclimatic information needs of rice farmers in Northern Ghana.
Weather, Climate, and Society, 11(1), 127–142. https://doi.org/10.
1175/WCAS-D-17-0137.1
Nyaki, A., Gray, S. A., Lepczyk, C. A., Skibins, J. C., & Rentsch, D. (2014).
Local-scale dynamics and local drivers of bushmeat trade.
Conservation Biology, 28(5), 1403–1414. https://doi.org/10.1111/cobi.
12316
Nyota, S., & Mapara, J. (2008). Shona traditional Children’s Games and
Play: Songs as indigenous ways of Knowing. Journal of Pan African
Studies, 2(4), 189–202. https://www.questia.com/library/journal/1G1192353398/shona-traditional-children-s-games-and-play-songs
Olsson, P., Folke, C., & Berkes, F. (2004). Adaptive comanagement for
building resilience in social–ecological systems. Environmental
Management, 34(1), 75–90. https://doi.org/10.1007/s00267-003-0101-7
Orlove, B., Roncoli, C., Kabugo, M., & Majugu, A. (2010). Indigenous climate knowledge in southern Uganda: The multiple components of a
dynamic regional system. Climatic Change, 100(2), 243–265. https://
doi.org/10.1007/s10584-009-9586-2
Owusu, K., & Waylen, P. (2009). Trends in spatio-temporal variability in
annual rainfall in Ghana (1951-2000). Weather, 64(5), 115–120.
https://doi.org/10.1002/wea.255
Özesmi, U., & Özesmi, S. L. (2004). Ecological models based on people’s
knowledge: A multi-step fuzzy cognitive mapping approach. Ecological
Modelling, 176(1-2), 43–64. https://doi.org/10.1016/j.ecolmodel.2003.
10.027
Parry, M. L., Canziani, O. F., Palutikof, J. P., van der Linden, P. J., &
Hanson, C. E. (eds.). (2007). Contribution of Working Group II to the
fourth assessment Report of the Intergovernmental Panel on climate
change. Cambridge University Press.
Popov, G., & Frere, M. (1986). Early agrometeorological crop yield assessment. FAO Plant Production and Protection Paper, 73, 155.
Radeny, M., Desalegn, A., Mubiru, D., Kyazze, F., Mahoo, H., Recha, J.,
Kimeli, P., & Solomon, D. (2019). Indigenous knowledge for seasonal weather and climate forecasting across east Africa. Climatic
Change, 156(4), 509–526. https://doi.org/10.1007/s10584-01902476-9
Roncoli, C., Ingram, K., & Kirshen, P. (2002). Reading the rains: Local knowledge and rainfall forecasting in Burkina Faso. Society &Natural Resources,
15(5), 409–427. https://doi.org/10.1080/08941920252866774
Roudier, P., Muller, B., d’Aquino, P., Roncoli, C., Soumaré, M. A., Batté,
L., & Sultan, B. (2014). The role of climate forecasts in smallholder
agriculture: Lessons from participatory research in two communities
in Senegal. Climate Risk Management, 2, 42–55. http://doi.org/10.
1016/j.crm.2014.02.001
Sarr, B., Atta, S., Ly, M., Salack, S., Ourback, T., Subsol, S., & George, D. A.
(2015). Adapting to climate variability and change in smallholder
farming communities: A case study from Burkina Faso, Chad and

12

E. NYADZI ET AL.

Niger. Journal of Agricultural Extension and Rural Develop, 7(1), 418–
429. https://doi.org/10.5897/JAERD14.0595
Scaife, A. A., Ferranti, L., Alves, O., Athanasiadis, P., Baehr, J., Dequé, M.,
Dippe, T., Dunstone, N., Fereday, D., Gudgel, R. G., Greatbatch, R. J.,
Hermanson, L., Imada, Y., Jain, S., Kumar, A., MacLachlan, C.,
Merryﬁeld, W., Müller, W. A., Ren, H.-L., … Yang, X. (2019).
Tropical rainfall predictions from multiple seasonal forecast systems.
International Journal of Climatology, 39(2), 974–988. https://doi.org/
10.1002/joc.5855
Schlenker, W., & Lobell, D. B. (2010). Robust negative impacts of climate
change on African agriculture. Environmental Research Letters, 5.
https://doi.org/10.1088/1748-9326/5/1/014010
Shoko, K., & Shoko, N. (2012). Indigenous weather forecasting systems: A
case study of the biotic weather forecasting indicators for wards 12 and
13 in Mberengwa district Zimbabwe. Asian Social Science, 9(5), 285.
https://doi.org/10.5539/ass.v9n5p285
Stevens, M., Vitos, M., Altenbuchner, J., Conquest, G., Lewis, J., & Haklay,
M. (2013). Introducing Sapelli: A mobile data collection platform for
non-literate users. In Proceedings of the 4th annual Symposium on

Computing for development (pp. 17). ACM. https://doi.org/10.1145/
2537052.2537069
Stevens, M., Vitos, M., Altenbuchner, J., Conquest, G., Lewis, J., & Haklay,
M. (2014). Taking participatory citizen science to extremes. IEEE
Pervasive Computing, 13(2), 20–29. https://doi.org/10.1109/MPRV.
2014.37
Vaughan, C., & Dessai, S. (2014). Climate services for society: Origins,
institutional arrangements, and design elements for an evaluation framework. Wiley Interdisciplinary Reviews: Climate Change, 5(5), 587–
603. https://doi.org/10.1002/wcc.290
Vervoort, R. W., Muita, R., Ampt, P., & van Ogtrop, F. (2016). Managing
the water cycle in Kenyan small-scale maize farming systems: Part
2. Farmers’ use of formal and informal climate forecasts. Wiley
Interdisciplinary Reviews: Water, 3(1), 127–140. https://doi.org/10.
1002/wat2.1121
WMO. (2014). Forecast Veriﬁcation for the African Severe Weather
Forecasting Demonstration Projects. WMO-No. 1132. Retrieved June
11, 2019, from https://www.wmo.int/pages/prog/www/Documents/
1132_en.pdf

