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Climate variability and its impacts on the agriculture system is clearly evident
in Ghana. Weather and seasonal climate forecast information service has been
in operation for some time in the country. However, farmers generally do not
find the information useful for their farm-level decision making. Forecast
accuracy, untimeliness, and mismatch of forecast information and needs are
often reported constraints for farmers to use weather and climate information.
Consequently, the majority of farmers rely on their indigenous ecological
knowledge to predict weather and seasonal climate patterns. At the same time,
current weather and seasonal climate forecast information systems in Ghana
face serious constraints in how they are used (if at all) because of the onedirectional assumption behind its development; where only science produces
new knowledge and makes it accessible for end-users with no or limited
involvement of the end-users. In this context, this study addresses the central
question: How can climate information services be improved through the coproduction of farmers and scientist? It aims at improving the reliability and
acceptability of forecast information by integrating indigenous and scientific
forecast. In this dissertation, I used a multi-method research approach,
consisting of social participatory methods, mental modelling methods,
forecast verification methods, and the principle of citizen science for data
gathering and analysis. Initial diagnostics revealed certain issues that limit the
uptake of climate information services in Northern Ghana: (1) the mismatch
between forecast information provided and the farmers' information need (2)
poor quality of forecast information, (3) the disconnect between forecast
providers (researchers) and farmers, (4) management of unrealistic
expectations of farmers. In response, I proposed a framework for second
generation climate services that have the potential to facilitate co-production
of relevant and accurate weather and seasonal climate forecast information
and manages user expectation while strengthening the collaboration between
information providers and users. Results of our analysis show that farmers’
information needs are linked to the type and timing of farm-level decision
making. Also, model-based seasonal forecasts have the potential to provide
relevant information at farmers most preferred lead time.
Findings also show that in addition to historical rainfall patterns, farmers also
use observational changes in certain indigenous ecological indicators to
predict the coming season. In particular, there is a cognitive relationship
between the observational changes and the predicted rainfall event. I observed
that farmers’ indigenous forecasting skills and techniques are not intuitive but
rationally developed and improve with age and experience. Results also show

15

Abstract

that farmers and Ghana Meteorological agency are on average able to
accurately forecast one out of every three daily rainfall events. Similar results
were obtained at the seasonal timescale. Furthermore, I recognized that
forecast reliability and usefulness can be improved if indigenous forecast data
are quantitatively collected and integrated with the scientific forecast using
the proposed integrated probability forecast method. Finally, this dissertation
contributes to the calls for a more integrated, co-learning, and co-production
approach to climate services that move away from the current focus on
science-driven and user-informed climate services. The approach developed
in this dissertation is relevant for managing the impact of climate variability
and change, particularly because it includes the knowledge of indigenous
peoples which is often overlooked.
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General introduction

1.1 Background and problem outline
In Africa, extreme weather conditions such as droughts and floods are
projected to occur more frequently and more intense, affecting all sectors but
especially agriculture (Schlenker & Lobell, 2010). Over the last years, periods
of extreme heat and erratic rainfall in Ghana has 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 particular problem for Ghanaian farmers; both
irrigated and rain-fed farmers in the Northern part of the country are impacted
by these changes because of the difficulties to predict the weather and
seasonal climate, leaving serious implications for food production (KranjacBerisavljevic’ et al., 2003; Asante & Amuakwa-Mensah, 2015).
The unpredictability of weather and seasonal climate influences the precision
of farm-level decisions that need to be taken from daily to weekly and in
months ahead of a season (Asante & Amuakwa-Mensah, 2015; 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, 2013). Irrigation managers and farmers rely on river discharge
information to decide the frequency, quantity, and method of water
distribution to farms. However, their limited ability to predict the rains and
river discharge ahead of the season put them in a dilemma (Ndamani &
Watanabe, 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; Ouédraogo et al.,2015).
Hereafter, I use the term climate services as a combination of weather services
and seasonal climate services although both are distinct in their definition.
While weather service provides information on the condition of the
atmosphere at a given time and place for up to about 14 days (Fleming, 2008),
seasonal climate services deliver information about the average weather
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conditions from one month to six months period (Bazile et al., 2017).
Borrowing from the definition of Climate Services Partnership, climate
services are the production, translation, transfer, and use of weather and
climate knowledge and information in weather and climate-informed decision
making and climate-smart policy and planning (CSP, 2011).
Studies show that current weather and climate information services for
agriculture are facing serious constraints in how they are used (if at all). First,
most farmers do not find forecast information useful for farm decision making
because of forecast inaccuracy, language barriers, use of technical forecast
terminologies which are difficult to understand, inconsistency and
untimeliness of information provision, as well as forecast not matching their
needs (Luseno et al., 2003; Onyango et al., 2014; Feleke, 2015). Secondly,
climate services in many parts of the world, including Ghana, are developed
in a one-directional manner; where science produces new knowledge and
makes it accessible for end-users with no or limited involvement in the
production of knowledge. This limits the acceptability and use of forecast
information (Cash et al.,2003; Okello et al., 2012; Karpouzoglou et al., 2016).
Consequently, local farmers across Africa highly depend on indigenous
forecasts for most farm decision making, including in Ghana (Gyampoh et
al., 2009; Nyantakyi-Frimpong, 2013), Zimbabwe (Gwenzi et al., 2016),
Burkina Faso (Roncoli et al., 2002) and South Africa (Zuma-Netshiukhwi et
al., 2013).
In line with the above, the discourse on climate services as tool to support
adaptation has stimulated scholars to study it from different angles: improving
the skills of scientific forecast models for agriculture decisions (Hammer,
2000; Hansen, 2005; Esquivel et al., 2018), increasing co-production of
climate services (Bovaird, 2007; Dilling & Lemos, 2011; Enengel et al.,
2012), exploring the value of indigenous knowledge for forecasting and
integrating indigenous and scientific forecast (Zuma-Netshiukhwi et al.,
2013; Jiri et al., 2015; Radeny et al., 2019). Despite progress, scholarship on
the topic is still at its infancy and critical questions remain. First, studies have
suggested that climate services can be made more reliable and acceptable
when indigenous forecast (IF) and scientific forecast (SF) are integrated
(Gagnon & Berteaux, 2009). While this has been acknowledged in the
academic literature, very few studies have explored the possibility. Therefore,
the question that still remains is whether integration is possible considering
the significant differences between IF and SF? Secondly, Buytaert et al.,
(2014), suggest that citizen science (see also section 1.3) has the potential to
complement more traditional ways of scientific data collection and
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knowledge generation. Citizen science has been applied in different fields of
study, yet to the best of my knowledge, no studies have explored citizens
science as a way of increasing co-production in climate services. The
question, therefore, is how can citizen science contribute to co-production of
climate services? In this dissertation, I aim at making weather and seasonal
climate information services useful for the decision making of farmers’ in
Northern Ghana, by integrating scientific and indigenous forecast.
The remainder of this chapter presents the current state of knowledge on
climate services for agriculture decision making (section 1.2), the conceptual
framework used for this study (section 1.3), Emerging key knowledge gaps,
the research objective and questions (section 1.4), an overview of the research
methodology used for the study, including study area and research design
(section 1.5), and the structure of this dissertation (section 1.6).
1.2 Climate services for agriculture
In general, climate services support a variety of interventions aimed at
building resilience by providing basic knowledge about the local climate,
inform farmers and institutional decision-making about future changes, as
well as creating an enabling setting for adopting new practises such as
climate-smart agriculture (Hansen et al., 2019).
The early development of agricultural climate services can be traced back to
the dual ambition of matching seasonal climate forecasting to agricultural
systems and including agriculture into the development of seasonal climate
predictions. In the early to mid-1990s, north-eastern Australian agricultural
researchers developed the first decision support tools to translate climate
information for agricultural management decisions (Hayman, 2004). In
Africa, the 1997/98 El Niño event saw an increase of investment and research
on agricultural applications of seasonal climate prediction. At the same time,
the Regional Climate Outlook Forums was also launched (RCOF). Climate
services in most parts of the continent are currently connected to RCOF
(Hansen et al., 2019).
Considered as an integral part of climate change adaptation agenda, climate
services have recently received a great deal of attention especially because
forecasting capability has been improved in the past two decades (Orlove et
al., 2004). A number of frameworks and programs have been proposed for
climate services (Lourenço et al., 2016), to provide timely, tailored
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information and knowledge to a variety of users including smallholder
farmers to adapt and increase resilience (Vaughan & Dessai, 2014).
Despite the value of climate information services in making the agriculture
sector more resilient to climate variability and change, Ghana has made
limited progress. This can be traced back to the dominating role of climate
scientist who focuses on producing and evaluating the quality of weather and
climate information, rather than understanding the use of the information
created (McNie, 2013). As the demand in climate services for agriculture
increases in the country, a number of challenges emerge which complicated
the generation, dissemination, and use of forecast information for decision
making. These challenges are not unique for Ghana but are found for many
developing countries in the global south, in particular, sub-Saharan Africa
(Vaughan et al., 2019).
In the remainder of this section, I present the use of climate services for
agriculture in Ghana, elaborating the reasons for increased demand for
climate information services as well as the emerging challenges and proposed
solutions that come as a consequence.
1.2.1 Climate services for agriculture in Ghana
In Ghana, climate services have received little attention in agricultural policy
(Naab et al., 2019). The Ghana Meteorological Agency (GMet) is the only
national provider of climate information working with the Ministry of Food
and Agriculture (MoFA), the Ministry of Environment, Science, Technology
and Innovation (MESTI), Environmental Protection Agency (EPA), the
National Climate Change Committee (NCCC), and the Council for Scientific
and Industrial Research (CSIR). As a result of the increasing demand in
quality forecast information, a number of private sector providers have
emerged providing tailor made forecast information to farmers. Arguably, the
private sector involvement in agriculture climate services signals that forecast
information provided by GMet has not been sufficiently useful for farmers.
For example, GMet provides weather and seasonal climate forecast to the
general Ghanaian public yet focus more on the aviation, defence and marine
sectors with little to no attention to farmers (Naab et al., 2019). Therefore,
climate services for agriculture in Ghana encounter several challenges.
1.2.2 Challenges for successful delivery of agriculture climate services in
Ghana
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Ghana like many other countries in the sub-region is faced with similar
climate related hazards, such as drought and flood. Yet current early warning
systems are limited in their operations due to institutional data collection,
storage data and sharing problem (NADMO, 2015;). Even though the
technology for generating and disseminating reliable climate information has
improved over the years, studies show that information provided to end-users
does not necessarily reflect their specific needs (Onyango et al., 2014; Feleke,
2015). The challenges of climate information services have kept many
smallholder farmers in developing countries including Ghana vulnerable to
climate variability. Three key challenges can be identified.
First of all, prediction with a high level of accuracy of forecasts especially
rainfall remains a challenge (Johnston et al., 2004; Hansen et al., 2019). In
Ghana, for example, sparse weather stations provide limited coverage of areas
necessary for rigorous spatial analysis. Moreover, there is incomplete
historical climate data available due to poor monitoring and broken weather
stations. This makes it difficult to properly evaluate forecast quality and
improve the forecast. As a result, GMet provides weather and seasonal
climate information at a national and regional scale which is less relevant to
farmers. According to Tall et al. (2018), the resulting “wrong” climate
forecasts may lead to harmful consequences to farmers’ livelihoods and
consequently, on the economy.
Secondly, for climate information to be useful and integrated into farm-level
decisions, it must be provided early enough, in formats they can understand,
through communication channels they find relevant, or with content they find
salient (Carr et al., 2015). Farmers in Ghana do not receive specific climate
information to adapt their farming practises; for example, types of crops to
grow, and the amount of resources to commit to farming (Naab et al., 2019).
Forecast information is provided outside the farmers required time frames and
via media that cannot be accessed by farmers. Those provided by the private
sector for example via mobile phones are often communicated in English and
include technical jargon which cannot be read nor understood by many
illiterate farmers (ESOKO, 2016).
Thirdly, limited communication of forecast uncertainties affects usage and
uptake of climate services. Communicating climate uncertainty is essential
for building trust necessary for successful climate services (Goodwin &
Dahlstrom, 2011). Climate is stochastic and variable, and as such predicting
it always comes with a degree of uncertainty. When these uncertainties are
not properly communicated and forecast provides false alarm, farmers interest
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and trust in the scientific forecast are impacted (NRC, 2006). Contrary to the
assumption that non-experts do not understand the probability of
uncertainties, recent research suggests that non-experts can make effective
use of probabilistic uncertainty estimates in weather and climate forecasts
(LeClerc, 2014). Non-experts made better weather and climate related
decisions when forecasts and projections include uncertainty estimates,
although some expressions of uncertainty were more effective in some
situations than others (LeClerc, 2014). In Ghana, GMet does not
communicate forecast information with its probability. Most users, therefore,
interpret the information as if it was absolutely certainty, and when it fails
they complain, and doubt the quality of information and the relevance of the
GMet institution itself.
In addition to the above challenges, the World Meteorological Organisation
(WMO) has listed some more challenges that limit the generation and the
dissemination of climate information at the required quantity, quality and
timeliness. These include existing data policies that inhibit free and open data
dissemination; unavailability of digitised climate archives that includes all
climate elements; improper data quality checks; existing gaps in climate
observations due to malfunctioning of meteorological stations and lack of
capacity in using satellite data services (WMO, 2006). These challenges are
also found to be affecting climate services for agriculture in Ghana (Ndamani
& Watanabe, 2013; Codjoe et al., 2014; Nkrumah et al., 2014; Asante &
Amuakwa-Mensah, 2015; Naab et al., 2019).
1.2.3 From first to second generation climate services in Ghana
The above mentioned challenges emerge to a large extent from the first
generation of climate services used in Ghana. The first generation of climate
services is built on the assumption that if access to climate data is improved,
decision making will improve also (Okello et al., 2012; Anoop et al., 2015;
Etwire et al., 2017). However, Harvey et al., (2019) argue that for climate
services to be successful, there is the need to move towards a demand-driven
and science-informed approach. Further, they mention the need for providers
to understand and adopt the terminology, regulatory, and cultural conditions
of the end-users, rather than the other way around. To do this requires an
approach that is more collaborative with effective and regular communication
between scientists and end-users.
Karpouzoglou et al. (2016), raised a similar argument for shifting to a more
inclusive second generation Environmental Virtual Observatories in general.
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EVOs describe the infrastructure, tools and software used for gathering,
processing and dissemination information and can enable cross fertilization
of different sources of knowledge on shared virtual platforms (Karpouzoglou
et al., 2016, Pp 40). The first generations of these information systems failed
to deliver a strong knowledge co-creation component and consequently failed
to empower local communities to manage their environmental change using
actionable knowledge (Dewulf et al., 2005). Therefore a second generation
EVOs has been proposed to emphasizes knowledge co-creation between
scientists and societal actors, and bidirectional information flows, so as to
create actionable knowledge that can support decision-making.
While co-production of climate services is increasingly acknowledged, it is
not used in the design and dissemination of climate services in Ghana. Several
reasons for the lack of progress exist. First, there is lack of co-ordination
among the many organisations and actors who play a role in the generation,
dissemination and use of climate forecast in Ghana (Naab et al., 2019).
Secondly, farmers who are the main users of agriculture climate services are
rarely involved in the process because of the limited appreciation of their local
knowledge.
Therefore, the objective of this dissertation is to improve weather and
seasonal climate forecast information services in Ghana through coproduction by integrating scientific and indigenous forecasts to support farm
decision making. In doing so, this dissertation aims to contribute to a second
generation of climate services for agriculture in Ghana.
1.3 Conceptual framework
The conceptual framework of this study is depicted in Figure 1.1. The central
concept in the dissertation is co-production. Other key concepts include
citizen science, second-generation climate services, indigenous and scientific
knowledge/forecast, and integration. The framework conceptualises the
interaction between scientist and rice farmers (dash double side arrow)
through citizen science to collect forecast data combined into an integrated
forecast. In this process, farmers contribute their knowledge about forecast
information needs and decision making which inform scientists’ forecast
evaluation. In the remaining of this section, I explain the key concepts and
how they link to each other in the dissertation.
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Figure 1.1: Conceptual framework of the study.
Co-production
The concept of co-production is used as the direct involvement of clients’ or
citizens’ in public or private sectors production (Parks et al., 1981). It has
been used primarily within the fields of participatory development, science
and technology studies, and science policy studies (Miller & Wyborn, 2018).
Recently, co-production has increasingly become a relevant research area in
which producers and users of knowledge collaboratively engage each other
to address complex societal problems (van Kerkhoff & Lebel, 2015; Wyborn,
2015). Co-production highlights the need to encourage the power balance
between producers and users of knowledge in order to create an enabling
environment for collaborative knowledge production (Vincent et al., 2018).
Rice (2002), emphasizes that in co-production, the efforts of end-users are
recognized and forms an important part in the production of the output.
Therefore, co-production calls for joint efforts between two parties (the
producer and end-user) who jointly determine the output of their
collaboration.
The logic of co-production may seem simple at first sight but practice shows
it is rather challenging. This is particularly true for responding to climate
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change impacts. As noted in section 1.2, scholars have suggested that to
achieve co-production in climate services a shift from supply-driven to
demand-driven approach where scientist and end-users engage in a regular
and sustained interaction to produce forecast information is needed (Dilling
& Lemos, 2011; Kirchhoff et al., 2013; Nel et al., 2016).
Drawing from the definitions and characteristics of co-production, I define
and apply the concept of co-production as the active involvement of farmers
and scientists in designing, creating and producing climate services to address
the complex problem of climate variability and change in a way that
recognises and uses different knowledge systems and expertise in forecasting.
The concept of co-production as used in this study is expected to enhance the
inclusiveness required for successful climate services delivery, thus pushing
for a second-generation climate services that centre on co-production.
Second generation climate services
Co-production is an important element of the second generation climate
services. Building on the arguments of Karpouzoglou et al. (2016),
notwithstanding the significant advancement in the development of
innovative information systems, there still exist several instances where the
expertise of end-users are isolated from the design and development process.
Cash et al. (2003), also indicate that less involvement of users in the
development of information systems will result in lack of trust in data and
limited ownership of the outputs which are essential values for the success of
the system. As a result, the one-directional model (where farmers are
informed, not involved) of providing weather and climate services has shown
to be flawed, making farmers not to trust scientific information and thus
relying on their indigenous forecast (Letson et al., 2001). In most cases,
training farmers to adopt this one-directional model of providing weather and
climate information services fail to improve climate information uptake
(Manyanhaire & Chitura, 2015b). A key reason for this is that scientists often
have little understanding of farmers’ contexts and needs (Artikov et al., 2006).
Aside from the regular meetings and workshops with farmers, the unique
approach adopted in this research is the use of citizen science.
Citizen science
Citizens’ involvement in science is not necessarily a new term, although it
gained a lot of traction in the last decade. Citizen science can be traced back
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to the 19th century (Silvertown, 2009). The term is described by Bonney et
al. (2009), as “an approach where scientific insight is gained by individuals
who do not work professionally in the relevant scientific field, with or without
the support of professional researchers”. Buytaert et al. (2014) define it as “an
approach whereby non-scientists are actively involved, at differing degrees,
in the generation of new scientific knowledge, from which they
also actively stand to benefit either intrinsically (e.g. increased scientific
literacy) or extrinsically (e.g. increased social capital)”. The term has also
been associated with concepts such as crowd-sourced data (Lowry & Fienen,
2013), community-based management (Keough & Blahna, 2006),
community-based monitoring (Palmer Fry, 2011). However, the element of
“active” engagement distinct citizen science from other forms of public
participation in scientific research (Wiggins & Crowston, 2011).
In the context of this dissertation, I define citizen science as the participation
and collaboration of farmers in the collection, sharing and interpretation of
data (e.g. rain forecast and observational data) generated at a finer resolution
which otherwise could be impossible to achieve by scientist only.
Citizen science, in general, has many challenges; (1) organizational issues;
lack of volunteer interest, networking, funding opportunities and information
access (Whitelaw et al., 2003; Milner, 2007; Conrad & Daoust, 2008), (2)
data collection issues; include data fragmentation, data inaccuracy, and lack
of participant objectivity and inadequate training (Whitelaw et al., 2003) and
(3) data use issues; including, adequacy of sample size, credibility, noncomparability and completeness of the data (Bradshaw, 2003; Gouveia et al.,
2004; Sharpe & Conrad, 2006; Conrad & Daoust, 2008).
Citizen science, however, has several benefits for science, society and
participants (See Table A1 of supplementary material for details on the
benefit of citizens science) (Pettibone et al., 2016). Generally, citizen science
projects have been more successful in advancing scientific knowledge. Such
projects involve non-scientist in gathering large amounts of data in different
locations for a longer period of time. Recent applications of citizen science
includes water quality monitoring (Canfield et al., 2002; NYCWTA, 2014),
mapping spatially non-continuous permanent rivers (Turner & Richter,
2011), examining populations distribution and change of birds (Bonter &
Harvey, 2008; Bonter et al., 2010), the spread of infectious diseases among
wild animal populations (Hochachka et al., 2004; Dhondt et al., 2005),
community monitoring of poaching (Stevens et al., 2013), effect of acid rain
on bird populations (Hames et al., 2002), modelling ecological systems
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(Hochachka et al., 2007; Kelling et al., 2009) and planning and management
of local ecosystems (Pollock & Whitelaw, 2005). In meteorology and
atmospheric science, however, the adoption has been relatively limited with
some applications for precipitation measurement (CoCoRaH, 2010).
The novelty of applying citizen science in this study is not particularly for
advancing theories on citizen science, but as part of the approach to actively
involve non-scientists in the process of generating integrated forecasts.
Integrating both indigenous and scientific forecast has the potential of making
forecast information useful for farmers (Gagnon & Berteaux, 2009).
Indigenous knowledge / forecast
The concept of indigenous knowledge has been widely used in different
strands of literature and no commonly accepted definition exists. It is
therefore valuable to explore the various circumstances under which the term
has been used (for example, Mafongoya & Ajayi (2017), Orlove et al., (2010),
Gray & Morant, (2003), Berkes et al., (2000) and Ruddle & Johannes (1989).
The term indigenous knowledge is often used in reference to knowledge and
know-how that is generated by several generations to guide their
understanding and interactions with their surrounding environment
(Mafongoya & Ajayi, 2017). Indigenous knowledge can also be defined as a
cumulative body of knowledge, practice and belief, evolving by adaptation
processes and handed down through generations by cultural transmission,
about the relationship of living beings (including humans) with their
environment (Berkes et al., 2000). Nonetheless, indigenous knowledge 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 (Nyota & Mapara, 2008;
Mafongoya & Ajayi, 2017).
Generally, indigenous knowledge 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 (Kassa & Temesgen, 2011). Some scholars have explored the
value of indigenous knowledge in natural resource management, water
resource management, fisheries and aquatic conservation, risk and disaster
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management, health among others (Gray & Morant, 2003; Desbiez et al.,
2004; Cabrera et al., 2007; David & Ploeger, 2014; Ngodigha et al., 2015).
In this dissertation, I focus on the use of indigenous knowledge for weather
and seasonal climate forecasts referred to here as indigenous forecast. Here, I
define “indigenous” as native or local and “forecasting” as a prediction of a
future occurrence or condition. Indigenous forecasting techniques revolve
around the native ways of making predictions based on a body of knowledge
built up by a group of people living in close contact with nature (Steiner,
2008; Muita et al., 2016). 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 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).
Scientific knowledge/forecast
Scientific knowledge (SK) is generally referred to as “modern knowledge”
(Ajibade & Shokemi, 2003). This type of knowledge aims to understand and
explain how the natural world works and how it got to its current state
(Nickels, 1998). Scientific knowledge is organized in a way that provides
testable explanation and predictions. From this perspective, people are
separated from their environment and can, therefore, observe from the outside
(Settee, 2013). Scientific knowledge has transformed the understanding and
control of the world around us, and in the process transformed itself.
Scientific knowledge has grown to its present state and reputation through its
application to different types of problems in different fields (Ravetz, 1973)
including weather and climate for society. The advancement of the scientific
method now makes it possible to provide scientific forecast information at
different timescales to various sectors including agriculture (Hansen, 2005).
Weather and climate forecast generated from SK are hereafter called
scientific forecast.
In this dissertation, a scientific forecast refers to the use of modern techniques
(models and statistics) to predict the conditions of the atmosphere for a given
location and time at different time scales. For the purposes of this study, I
focused on daily and seasonal climate forecasts.
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Integration of indigenous and scientific knowledge
The shift to a second generation of climate services can benefit from
integrating indigenous and scientific knowledge. It is important to
acknowledge that different views on knowledge integration, in general, exist.
Berggren et al. (2001), define knowledge integration as a combination of
specialized knowledge with the aim of reaching considerable results.
Okhuysen & Eisenhardt (2002), define the concept of knowledge integration
as a process of transforming individual knowledge into collective knowledge.
Generally, indigenous and scientific knowledge presents unique features that
make one different from the other, although some similarities exist.
According to Tsuji & Ho (2002), some of the differences between indigenous
and scientific knowledge have been overstated in literature and in most cases
the assumptions for the distinctions are incorrect. For example, it is argued
that indigenous knowledge is mostly holistic in nature while scientific
knowledge is a system-based approach, which is not necessarily true as some
community members possess specialized knowledge and skills (Ferguson &
Messier, 1997). Another dichotomy is that unlike scientific knowledge which
is driven by curiosity and desire to understand for the sake of understanding,
indigenous knowledge is obtained for the sake of survival. This difference
creates a stereotypical view of indigenous knowledge, since studies have
suggested that indigenous people do possess scientific curiosity, and thus
study a phenomenon that is not of only immediate practical interest (Berkes,
1993).
Agrawal (1995), argued that there are no real differences between indigenous
and scientific knowledge, and rather the accepted differences are political
rather than epistemic factors. Table A2 in the supplementary material details
some distinct characteristics and similarities of both indigenous and scientific
forecast. The similarities make it easier to see how the knowledge from both
systems can be combined to create a better understanding of the natural world
(Tsuji & Ho, 2002). It is important to note that the debate about integrating
indigenous and scientific knowledge is not new. Scientists have always
recognised the fact that their work is a conscious and critical revision of
indigenous knowledge, often considered superstitious (Rist et al., 2006). It is
therefore not surprising that several scholars have called for ways to
harmonise both knowledge systems for the benefit of society (Gagnon &
Berteaux, 2009; Ziervogel & Opere, 2010; Plotz et al., 2017).
Following the above discussion, I operationalised the concept of knowledge
integration as a collective process of synthesising or combining specialized
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yet differentiated indigenous and scientific knowledge possessed by farmers
and scientists into a common knowledge that is efficient, flexible and within
scope to improve farm decision making. However, both indigenous and
scientific forecasts have benefits and limitations, and integrating them can
produce forecasts information that is reliable and acceptable among farmers.
Here, reliability refers to a forecast that is timely provided, accurate or skilful
in its value and locally relevant for farmers’ decision making. Acceptability
refers to a forecast that is trusted and used by farmers.
1.4 Research Objective and questions
Given the extent of the many issues raised in the previous sections (1.1, 1.2
and 1.3) of this chapter, it is clear that weather and seasonal climate
information plays a significant role in shaping agriculture in Ghana. I
identified three main knowledge gaps that are central to this dissertation:
1. There is limited knowledge on socio-ecological issues that has the
potential to hinder (or promote) climate information services for
farmers.
2. There is a mismatch between forecast information provided and
farmers’ information needs.
3. There is limited knowledge on how to integrate indigenous knowledge
with scientific knowledge to improve forecast reliability and
acceptability.
These knowledge gaps have hampered the development of second generation
of climate services in Ghana. This PhD research aimed to address the
knowledge gaps mentioned above. Therefore, the objective of this
dissertation was:
To improve climate services in Ghana through co-production by integrating
scientific and indigenous forecasts to support farm decision making.
The results of this dissertation will serve as an important building block to
formulate strategic ways to improve climate services in Ghana, and in doing
so potentially help alleviate food insecurity while increasing farmers’
economic status. This dissertation also contributes to the literature on
integrating indigenous and scientific forecast and, more specifically, to the
research on co-production of climate services. Moreover, the use of citizen
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science to collect and handle indigenous forecast and observed rainfall
provides insights that can be used for future engagement of citizens in the
field of meteorology and atmospheric science.
The overarching research question therefore is;
How can climate information services be improved through the co-production
of farmers and scientist?
Out of the overarching question I formulated the following five research
questions using Northern Ghana as a case:
RQ1. What is the potential of climate information services to support rice
farming systems? (Chapter 2)
This research question aims to diagnose the core problems in the study area
and position these problems within the context of climate variability and
change. The question helps explore the empirical evidence for both
biophysical and societal-institutional issues necessary for developing a
second generation climate service. It further helps to reveal how farmers
experience and give meaning to these problems as well as the ways in which
the problems are currently been dealt with. Ultimately, this question helps to
identify and refine the challenges as well as to reflect and re-examine the
feasibility of the initial climate service. Answers to this question suggest ways
to improve both the design and implementation of the second generation
climate service.
RQ2. How successful can seasonal climate forecast meet farmers’
information needs? (Chapter 3)
This question aims to first identify specific weather and seasonal climate
information needs of farmers and to ascertain whether the state-of-the-art
seasonal climate forecast models have enough skills to meet these needs. In
this regard, I identify which information is more important to farmers and
when they require such information for decision making. Also, the spatial and
temporal performance of seasonal climate forecast is determined. Answers to
this question help to develop a demand driven climate service that is
acceptable and used by the end-users.
RQ3. What are the skills of indigenous and scientific forecasts to promote
effective climate services? (Chapter 4)
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The essence of this question is to determine the performance of indigenous
and scientific forecast in the study area. I examine how indigenous forecast is
generated and its accuracy for climate service. The accuracy of the scientific
forecast is also determined. Answers to this question provided confidence and
serve as a foundation for integrating indigenous and scientific forecast.
RQ4. Can the integration of indigenous and scientific forecast improve
reliability and acceptability of climate information services? (Chapter 5)
This research question guides the process of testing the possibility of
quantitatively integrating indigenous and scientific forecast. The process
results in a proposed integrated probability forecast method. Further, I
investigate the skills in the indigenous and scientific forecast and examine the
value of integrating them to improving forecast accuracy and acceptability
among farmers. Insights from this question play an important role in further
discussions on the integration of indigenous and scientific forecast for
weather and climate services.
RQ5. How do weather and climate information influence farmers’ decision
making? (Chapter 6)
This research question aims to unravel the practicality of how end-users
(farmers) use the different kinds of forecast information given to them. In
particular, the question helped to determine the decision dynamics of farmers
given forecast with different forecast probabilities and lead-times. This
provides evidence of potential forecast usage and value for decision making.
The insights obtained from this question will help the design of climate
services in a manner that they become more actionable.
1.5 Methodology
1.5.1 Study Area
This study was conducted in the Kumbungu district of the Northern region of
Ghana (see figure 1.2). Agricultural production in the area is already
negatively affected by the climatic conditions with six to seven months dry
season and five months rainy season (April/May to September/October)
(Barry et al., 2005; Amikuzuno & Donkoh, 2012). The northern region of
Ghana, including the Kumbungu district, is a tropical Savannah zone with a
single rainfall season (Boogaard et al., 2012; Alhassan et al., 2013).
According to Owusu & Waylen (2009), by 2050 the region is projected to
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experience an increase in rainfall intensity with a decrease in rainfall
frequency in addition to increasing temperatures. As a result, crop yields are
likely to reduce, thereby having a negative impact on food security in the
region (Antwi-Agyei et al., 2012).
This dissertation focuses on rice farming for two main reasons. First, demand
for rice has steadily increased but with limited growth in supply, resulting in
high importation of rice up to an average of USD 450 Million annually
(MOFA, 2009; CARD, 2010; Angelucci et al., 2019). This is projected to
increase even further as a result of economic growth, and impacts of climate
change on future crop yields. Secondly, compared to other crops in Ghana
rice will be severely hit by climate variability and change because of the
projected water scarcity and over reliance on unpredictable rainfall (Asante
& Amuakwa-Mensah, 2015b). Therefore, Ghanaian policy makers are
concerned about increasing production, allowing smallholder farmers
especially those in Northern Ghana to shift attention to rice production.
Rice production takes place in all the ten regions of Ghana, yet the northern
region is ranked as highest in terms of production per region (Angelucci et
al., 2019). According to Donkoh et al., (2010) rice production has an
enormous potential in reducing poverty levels in Northern Ghana. Rice
production just like other crops in Ghana is cultivated by smallholder farmers,
with most of them having farms of less than one hectare in size (Angelucci et
al., 2019) and have limited access to climate information to manage their farm
risk (Ndamani & Watanabe, 2013).
The Bontanga irrigation scheme in the Kumbungu District where most of this
research was carried out is a decentralised irrigation scheme managed by
communities at local level. The district has a total population of roughly
thirty-nine thousand (50% males and 50% females). About 95% of
households in the District are engaged in agriculture and 98% thereof are
involved in crop farming. A large part of the district is rural with about 26%
being literate and 74% non-literate (GSS, 2014).
The area has one of the most prominent and largest gravity-fed public
irrigation schemes in the country, the Bontanga. This is built on the tributaries
of the White Volta River with an irrigable area of up to 570 ha and a total
water requirement of 11 million m3 per annum. The scheme has 525 farmers
from 13 different communities with an average landholding of about 0.6 ha
per farmer. There are also a number of small scale irrigation systems in the
area (WRCG, 2008). These small-scale reservoirs and large scale irrigation
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systems were developed to support agriculture production against climate
variability (Faulkner et al., 2008; Amisigo et al., 2015). In this area, there are
three different groups of farmers (i.e. those into irrigated rice production only,
rainfed only, and both irrigated and rainfed rice production) to be considered
in the study.

Figure 1.2: Map of Study Area: panel “A” shows the location of Ghana in
West Africa. “B” shows the map of Ghana (with annual average rainfall from
1981-2010) indicating the location of Northern region and Kumbungu
district. “C” shows the detailed map of Kumbungu district. The seasonal
forecast verification in chapter 3 covered the entire Northern region. All other
research activity was carried out in Kumbungu district.
NB: As at January 2019, the regions of Ghana were further divided and the
number changed from 10 to 16 regions (See Figure A1 for the map of Ghana
showing the new regional divisions). Yet for consistency of the chapters we
maintain this map

38

General introduction

1.5.2 Research Design
This dissertation uses a multi-method approach to explore the possibility of
making weather and seasonal climate forecast information useful for decision
making in rice farming systems. This research design allowed the exploration
of both the theoretical and empirical perspectives on the main research
objective. The research is designed in an iterative manner with the outcome
of each research question informing the next (see figure 1.3). Here, I describe
in summary the framework of methods and techniques used to answer the
different research questions. Since each dissertation contains published or
submitted articles, each chapter has specific sections that explain the method
used in more detail.
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Figure 1.3: Schematic representation of methodological framework
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Multi-method research design is a methodology for collecting, analysing and
integrating quantitative and qualitative research methods to provide a better
understanding of the research problem than either of each alone (Greene et al,
1989). Creswell (2003), indicated that the choice for each method in multimethod research design is based on ‘what works’ and which research
questions are addressed. Therefore, the research design as used in this
dissertation incorporates a mix of quantitative and qualitative methods in the
stages of the study to answer the overall research question. This is done for
several reasons.
First, multi-methods are appropriate for applied research because it has a
complementary value that tries to neutralize the weakness of each method
(Johnson & Onwuegbuzie, 2007; Brewer & Hunter, 2012). For instance, in
RQ1, I used literature review, expert interviews, focus group discussion, and
a feedback workshop to assess and establish the core socio-ecological issues
farmers perceive as key challenges that require the development of weather
and seasonal climate information services. Each method was used to collect
data that complement the other and allowed me to check the accuracy and
comprehensiveness of the other data collected.
Second, the methods adopted enhance understanding and provide insight into
complex problems while confirming and informing the choice of next method
in the same study (Brewer & Hunter, 2012; Byrne and Humble, 2007). For
example, in RQ2, qualitative methods (interviews) were used to initially
assess farmers’ information needs which informed which forecast lead times
to select for the performance assessment of seasonal forecast using
quantitative methods (i.e. forecast verification methods).
Third, the complexity of climate variability and change on social systems
requires that different methods are employed to understand these
complexities (Byrne & Humble, 2007) and in doing so, increase confidence
in the validity of the findings (Onwuegbuzie et al., 2011). Therefore, due to
the complex nature of the problem and the interdisciplinary nature of the
study, I employed different methods for different aspect and stages of the
study depending on their suitability. In RQ3, for example, I used qualitative
methods (workshop and interviews) to identify the indigenous ecological
indicators farmers use for forecasting and explored the techniques behind
indigenous forecast while using the quantitative method (forecast verification
methods) to evaluate the performance of both indigenous and scientific
weather and seasonal climate forecast data. Similarly, in RQ4, I utilized
quantitative methods (weighted arithmetic mean and forecast verification
methods) to integrate, validate and estimate the reliability of integrated
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forecast compared to indigenous and scientific forecasts. I also used a
qualitative method (interviews) to evaluate the acceptability of the three
forecasts among farmers. To answer RQ5, I employed visually facilitated
scenario workshop as a method for testing the impact of forecast probabilities
and lead times on farmers’ decision making.
Finally, employing the multi-method research design allowed for the
exploration of different perspectives that will lead to a more complete
understanding and explanation of claims for reliable and acceptable forecast
information that is useful for farmers.
1.6 Structure of the dissertation
This dissertation has seven chapters (Figure 1.5). Following a general
introduction, the main body of this dissertation consists of five chapters made
up of papers, which are either published or submitted to academic journals.
Chapter 1: General Introduction
Chapter 3: Verification of
Seasonal Climate Forecast Towards
Hydro-climatic Information Needs
of Rice Farmers

Chapter 2: Diagnosing the
Potential of Integrated HydroClimatic Information Services to
Support Rice Farming

Chapter 5: Towards a HydroTypes of forecast
used by farmers

The use of
indigenous forecast

Chapter 7: Synthesis

Information
needs

Climatic Information Services that
Integrate Indigenous and Scientific
Forecast to Improve Forecast
Reliability and Acceptability

Chapter 6: The Influence of
Integrated
forecast

Weather and seasonal Climate
Forecast Information on Rice
Farmers’ Adaptive Decisionmaking in Ghana

Weight for indigenous
and scientific forecast

Chapter 4: Techniques and Skills
of Indigenous People Weather and
Seasonal Climate Forecast
Legend
Chapters
Flow of chapters
Link between chapters

Figure 1.4: Dissertation structure showing the link between the seven
chapters
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Each chapter addresses one research question. Chapter 2 diagnoses the
potential of developing hydroclimatic services to support rice farmers needs
in Northern Ghana. It proposes an architecture for such services and we reflect
upon its effectiveness using the responsible innovation framework. Chapter 3
centres on information needs of farmers and the performance of seasonal
climate forecast in an attempt to meet these needs. Chapter 4 explores the
value of indigenous forecast by providing an understanding of how farmers
use indigenous ecological indicators to forecast rainfall at daily and seasonal
timescale. It further evaluates the skills of indigenous farmers compared to
scientific forecast. Chapter 5 builds on the results of chapter 4 and proposes
a quantitative approach, the integrated forecast probability method, to
integrate indigenous and scientific forecasts with the aim of developing
integrated weather and seasonal climate services that are reliable and
acceptable for farm-level decision making. Chapter 6 further explores how
farmers make decisions based on forecast information provided. Finally,
Chapter 7 is the synthesis of the overall chapters. It revisits the research
questions, presents a reflection on the main findings and discusses the
scientific and societal contributions. This concluding chapter also makes
recommendations for the design and operationalization of second generation
weather and seasonal climate services in Northern Ghana.
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Chapter 2
Diagnosing the potential of
hydro-climatic information services
to support rice farming

Diagnosing the potential of hydro-climatic information services to
support rice farming

Chapter 2

Abstract
Hydro-climatic information has the potential to improve agricultural
productivity under climate variability. Recent developments in information
sharing platforms (Environmental Virtual Observatories, EVOs) could make
information provisioning more actionable. Here we present the results of a
diagnostic study for the development of a hydro-climatic EVO that enables
rice farmers in Northern Ghana to deal with climate variability and water
shortage. The hydro-climatic EVO aims to combine data from scientific and
indigenous forecast systems, facilitating information exchange using twoway interaction with stakeholders to co-produce knowledge. Data was
collected through informal interviews with field practitioners, through focus
group discussions with farmers and content analysis of documents. Results
show that both the biophysical and socio-institutional circumstances need be
taken into account for the development of the EVO. Existing governance and
information exchange arrangements and lack of collaboration between actors
were found to limit current hydro-climatic information flow, interpretation,
and use. My study reveals existing models of information exchange and their
limitations in the study area. We discuss the proposed design of a hydroclimatic EVO from a responsible innovation perspective, considering
possible future eventualities in a process that aims to be anticipatory,
inclusive, reflexive and responsive. We conclude that such a hydro-climatic
EVO has the potential to contribute to rice farmers’ adaptive decision-making
in Northern Ghana, but there are challenges that need to be considered. The
diagnostic study has helped to refine these challenges and offers concrete
suggestions to improve both the design and implementation of the proposed
platform in a responsible way.

Published as:
Nyadzi, E., Nyamekye, A. B., Werners, S. E., Biesbroek, R. G., Dewulf, A.,
Van Slobbe, E., Hoang P. L., Termeer C. J.A.M. & 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, 51-63.
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2.1 Introduction
Due to increased anthropogenic greenhouse gas emissions, the global
temperatures are rising with a change in the global water cycle resulting in
more erratic precipitation patterns. Consequently, both soil and surface water
availability is becoming less reliable (IPCC, 2014). This increased climate
variability is affecting smallholder farmers in sub-Saharan Africa. Currently,
more than 600 million people in rural communities in sub-Saharan Africa
depend on agriculture for their livelihoods (Rockström et al., 2014). Many
farmers are struggling to cope with challenging conditions, which result in
low yields and food insecurity (Falco et al., 2011). One of the main problems
for food production in Africa is large-scale climate variability. Both interannual and seasonal rainfall variability are a challenge for farming decisionmaking in Sub-Saharan Africa. Future climate change caused by increased
greenhouse gas emissions are likely to result in changing rainfall patterns.
Similar to other countries within Guinea and Sudan Savanna agro-ecological
zones, Ghana is vulnerable to climate variability and change (Africa
Partnership Forum, 2007). The agricultural sector depends heavily on rainfall
that varies annually and seasonally. This significantly affects soil water
availability for crops and increases the risks for low crop production and
failure (Jung & Kunstmann, 2007; Asante & Amuakwa-Mensah, 2015).
Meanwhile, the agriculture sector is very important for the economy of
Ghana, employing 44% of the work-force and accounts for nearly one-quarter
of GDP(CIA, 2012). The degree of community vulnerability and crop failure
is greatest in its three northern regions, namely Upper East, Upper West, and
the Northern region. Farmers in these regions are faced with many
uncertainties prior to every growing season, most of which are attributed to
water and climate variability (Gbetibouo et al., 2017).
Due to increasing climate variability farmers struggle about decisions such as
seed variety to plant, when to plant, when to fertilize, when to do
supplementary irrigation and sometimes when to harvest. According to
Ndamani & Watanabe (2013), a farmer usually starts to make preparations
for planting crops with the onset of the rainy season. After months of drought,
the soil is dry and hard. In the month of May, the farmer starts to look into
the sky every day expecting the first rain clouds to appear, which would
indicate the beginning of the major production season. When the rain finally
comes, the farmer starts to plough his land and plants his crops. But his mind
is filled with worry. How much rain will there be this year? Will there be
another dry spell shortly after the first rain, which could destroy the seedlings?
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Would it be better to wait and start seeding later? He recalls, however, that
two years ago, there was no dry period in May and heavy rain washed away
the seeds that he had planted too late.
Finding solution to these dilemmas of a typical farmer is vital and urgent.
Several studies have predicted the future climate of Ghana to be more variable
and uncertain, making the agriculture sector more vulnerable (WRC, 2010;
Obuobie et al., 2012; Kankam-Yeboah et al., 2013). Recent progress in
climate modeling has increased the ability to predict rainfall from a few days
to seasonal forecasts(Njau, 2010). Being able to predict the weather and
climate especially rainfall is indispensable for guiding water users, especially
farmers in their planning and decision making (Logah et al., 2013). Empirical
studies have shown that climate forecasts can help farmers reduce their
vulnerability to drought and climate extremes, while also allowing them to
maximize opportunities when favourable conditions are predicted
(Rosenzweig et al., 2001; Patt et al., 2005; Roncoli et al., 2009; Crane et al.,
2010).
The underlying assumption in the current practices of hydro-climatic
information services is that if we provide the farmer with more and better
information, they would be able to improve their farming practices (Okello et
al., 2012; Anoop et al., 2015; Etwire et al., 2017). This one-directional model
of providing climate services has shown to be flawed, as farmers tend not to
trust scientific information and experience difficulties in interpreting and
using it. They are therefore confident that their indigenous systems work
better (McNew, et al., 1991; Hartmann et al., 1999; Letson et al., 2001).
Efforts to train farmers to adopt this model of providing climate services
generally fail to improve the uptake of climate information (Manyanhaire &
Chitura, 2015; Patt & Gwata, 2002), because providers also have little
understanding of users, and what drives the influence of indigenous forecasts
(Artikov et al., 2006).
We, however, argue that science should not be a one-directional effort, where
science produces new knowledge and information and makes it accessible for
end-users. Instead, the process should be interactive, where science and
practice co-design, co-create and co-produce knowledge by bringing in
different forms of expertise. The latter would result in a better appreciation of
the scientific expertise as well as indigenous knowledge necessary to improve
societal resilience to climate change (Hiwasaki et al., 2014; Mazzocchi,
2006). Increasingly there are calls for involving farmers not only as end-user,
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but as an active participant who is not only involved in the use of the
information, but also in the creation of it.
Environmental Virtual Observatories (EVOs) aim to enable cross fertilization
of different sources of environmental knowledge on web based virtual
platforms, incorporating information gathering, processing and dissemination
technologies (Karpouzoglou et al., 2016). The first generations of these
systems aimed to support the scientific process of knowledge creation and
mainly targeted scientific audiences. They failed to deliver a strong
knowledge creation component especially in information generation and
dissemination projects that seek to empower local communities to manage
their environmental change using actionable knowledge (Dewulf et al., 2005).
Hence, several authors have proposed second generation EVOs that
emphasize knowledge co-creation between scientists and societal actors, and
bidirectional information flows, so as to create actionable knowledge that can
support decision-making (Karpouzoglou et al., 2016). However, these
systems are place based and context sensitive, requiring a thorough
understanding of the potential to uptake co-develop, co-produce and coimplement such hydro-climatic information systems.
As part of a larger endeavour, we aim to design a “second generation”
information system in the form of a hydro-climatic information system called
a hydro-climatic Environmental Virtual Observatory. This system will use
data from the scientific seasonal climate forecast ECMWF-4 (European
Centre for Medium-Range Weather Forecasts-system 4) model,
complemented with farmers indigenous forecast collected through citizen
science (Pettibone et al., 2016) to generate actionable knowledge for adaptive
decision making in rice farming systems. Karpouzoglou et al. (2016) indicate
that in the context of emerging open-technologies for information exchange,
added value can be achieved by removing institutional and geographical
barriers associated with information flow.
In this paper, we aim to diagnose the socio-ecological settings of rice farming
systems in northern Ghana in the context of climate variability and change to
ensure effective design and operationalisation of hydroclimatic EVO. We first
conduct a diagnosis of the socio-ecological settings of the rice production
system in Northern Ghana in the context of climate variability and change. In
the next step, we elaborate the diagnostics by focused on hydro-climatic
information needs and use in rice based farming systems. Based on these
diagnostic steps, we identify the specific challenges and opportunities
identified in our case region, which could be meaningfully addressed by a
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potential EVO. We used the four dimensions of Responsible Innovation to
reflect on the robustness of the design and processes of hydro-climatic EVO
to deal with the challenges and opportunities faced in a responsible way. The
outcome of our study is a framework for the hydro-climatic EVO outlining
its properties and processes.
2.2 Conceptual framework
Studies show that crop management strategies of farmers (e.g. timing of
planting, weeding, fertilizing, application of pesticides) are shaped by
predictive weather/climate information. Traditionally farmers make use of
indigenous knowledge to produce seasonal and weather forecast (Svotwa et
al., 2007). Traditional Ecological Knowledge (TEK) is known by a wide
variety of terms, including indigenous knowledge (IK), local knowledge (LK)
and traditional knowledge (TK). It has many definitions and there is no
consensus on an operational definition applicable across disciplines.
Huntington et al., (2004) for example, understands TEK as ‘…the knowledge
and insights acquired through extensive observations of an area or species’
(Huntington et al., 2004). In contrast Berkes et al., (1995) in an attempt to
more fully incorporate indigenous world views, broadens the scope of TEK
and define it as ‘…a cumulative body of knowledge, practice, and belief,
evolving by adaptive processes and handed down through generations by
cultural transmission, about the relationship of living beings (including
humans) with one another and with their environment (Berkes et al., 1995).
In the context of this study, the emphasis is placed on “indigenous”, which is
defined as native or local knowledge that is passed on from generation to
generation. Such knowledge is used for “forecasting”, i.e. the prediction of a
future occurrence or condition (Nation, 2017). Indigenous forecasts are based
on farmers’ experience of changes in certain biophysical indicators. Literature
shows that African farmers are using various local weather indicators such as
plants, animals, insects, the solar system and wind in predicting the weather
and climate (Roncoli et al., 2002; Speranza et al., 2010; Tarhule & Lamb,
2003; Ziervogel & Opere, 2010). Studies have therefore suggested that
particularly in Africa indigenous knowledge has the potential to enhance
farmers’ adaptation to climate variability and change ( Mikkelsen & Langohr,
2004; Naess, 2013; Derbile et al., 2016). However, it is plausible that
indigenous knowledge is not sufficient anymore because of projected climate
change.
Increasingly, scientific projections are developed to further inform farmers
about short, medium and long-term climate variability and change,
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particularly for rainfall. It is important, however, to acknowledge that weather
and climate forecast systems have limited value unless they can directly
influence decisions and have an impact on the systems under consideration
(Hammer, 2000). (Manyanhaire & Chitura, 2015) argue for the integration of
indigenous knowledge systems with climate change science as a basis for
comprehensive community based response to the impacts of climate change.
It is argued that farmers are more likely to adopt new ideas when these can be
seen in the context of their existing practices. Patt and Gwata (2002) for
example observed that farmers’ willingness to use seasonal climate forecasts
increased when the forecasts presented are combined and compared with local
indigenous forecasts.
As indicated in the introduction, creating conditions that allow for knowledge
exchange between scientists, decision-makers and citizens is becoming
increasingly necessary for building resilience and responding to
environmental change (Mol, 2006; Folke et al., 2010; Buytaert et al., 2014;
UN, 2014). The concept of Environmental Virtual Observatories (EVOs)
offers the opportunity to bring together scientific and indigenous knowledge
(Karpouzoglou et al., 2016). Examples of the first generation of these EVOs
are (Wilkinson et al., 2015) for communicating flood risk to catchment
stakeholders and cloud technology for connecting and integrating fragmented
data, models, and tools to deliver new holistic approaches to environmental
challenges (Emmett et al., 2014). They have paid less emphasis on how
enhanced participation of a variety of users can be achieved via a virtual
platform. In many cases, projects that seek to generate and disseminate
information that provides actionable knowledge for empowering local
communities and enhancing environmental management, for example, have
achieved limited success (Dewulf et al., 2005).
Despite considerable progress in recent years, many cases exist where
knowledge and perspectives of certain groups of people are either not
included or under represented (Karpouzoglou et al., 2016). This is particularly
challenging for EVOs that exist on the interface between scientists and nonexpert users. Similarly, most of the first generation EVO’s are developed and
communicated, using mostly top down approaches. For example, local
farmers are considered as end users of forecast products developed by
scientist from universities and or research institutions. In most cases, farmers
do not contribute to the process of developing weather and climate forecast
products (Ouédraogo et al., 2015). As a result, the communicated forecasts
are often not locally specific or applicable and therefore contribute to limited
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action. Second generation EVOs seek to resolve this problem by enhancing
the participation of all relevant stakeholders.
While first generation EVOs are primed for scientists, second generation
EVOs have a benefit to include knowledge co-creation and resilience through
their participatory design. Second generation EVOs such as those proposed
by Karpouzoglou et al. (2016) have a stronger focus on the processes of
knowledge co-creation and interaction between stakeholders. An important
aspect of this knowledge co-creation EVO is its potential to achieve greater
relevance by engaging with stakeholders. In some cases, citizens become
active contributors to science (Buytaert et al., 2014) and EVO’s offer the
possibility to connect scientist and local farmers via a virtual platform where
information is exchanged and knowledge created to support farm decisionmaking. Active engagement of farmers can range from short-term collection
of data to intensive engagement in creating new knowledge with scientists
and/or other volunteers (Pettibone et al., 2016).
Introducing new innovations such as EVO’s should be undertaken
responsibly, especially when directed at socially desirable and socially
acceptable ends (Stilgoe et al., 2013). Designing these EVOs responsibly
means acknowledging that such frameworks are not only technical but are
also socially and politically constituted(Carpenter & Winner, 1978).
Innovative technologies that underlie EVO’s might have great benefits for
society, but unforeseen impacts are not just possible but probable. To guide
the design and evaluation of our EVO, we build onto the responsible
innovation concept. We make use of the responsible innovation (RI)
framework of Stilgoe et al. (2013) which provides a set of basic principles
that seek to maintain novelty and at the same time make it responsible:
anticipation, reflexivity, inclusion, and responsiveness. Anticipation requires
that researchers and organizations continuously ask ‘what if?’ questions,
which include but not limited to what are the likely consequences? What are
the possible unintended effects? It requires projection and futuristic thinking
in a systematic way and consideration of how the EVO is predictable and
resilient to change.
For example, it provides early warnings of future unfavourable consequences
and estimates risk-based harm of innovations (Hoffmann-Riem & Wynne,
2002; EEA, 2001, 2013). The second dimension, reflexivity, refers to the
principle that institutions and organizations must reflect on their activities and
assumptions and acknowledge that the knowledge they produce and use has
limitations. How they frame issues may not be universally applicable and
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without reflexivity may lead to frame conflicts or unresponsiveness of
stakeholders (Wynne, 1993; Stilgoe et al., 2013). The third dimension,
inclusion, refers to the need to involve minorities and groups without a voice
in the innovation process (Felt, 2009; Hajer, 2009; Stilgoe et al., 2013).
Whereas the first generation of EVO’s placed limited emphasis on
stakeholder involvement, responsible innovation requires active involvement
of different groups through dialogue and representation throughout the
innovation process. The dimension of responsiveness as proposed by Stilgoe
et al. (2013) requires that systems of innovation have the capacity to change
or shape direction in response to stakeholder and public values and changing
circumstances. Also in this article, we use the framework to evaluate the
proposed hydro-climatic EVO.
2.3 Methodology
In this paper, we address the following research question: How will the
existing socio-ecological setting in rice production systems in Northern
Ghana promote or hinder a possible hydroclimatic EVO design and
operationalisation? To diagnose our case region and analyze the potential for
designing a new EVO, the study adopts a systematic approach involving five
sequential steps (see Figure 2. 1). We gathered data from both primary and
secondary sources using qualitative methods of data collection and analysis.

Figure. 2.1: Workflow of the study
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2.3.1 Data collection
To collect data, we made use of three qualitative methods: content analysis of
existing documents, interviews, and focus group discussions. The selection of
methods provided us insight into the socio-ecological context of the case
study, information needs and use as well as the challenges of existing systems
and opportunities for the development of a hydro-climatic EVO.
a) Research literature and documents analysis
We collected policy documents, donor agency reports, scientific research
articles and research reports from related projects and programs by going
through government and non-governmental organizations’ websites and
online repositories. We specifically focused on analysing local governance
and institutional documents containing rules, structures and arrangements
about farming, irrigation and water use in Northern Ghana to gain a thorough
understanding of the decision-making context and practices. The data
collected helped us also to guide the interviews.
b) Interviews
We informally engaged in an open conversation with fifteen (15) practitioners
from nine different organizations (Table 1). To allow the discussion to move
in the direction preferred by the practitioners, we opted not to use a structured
interview guide, but rather semi-structured the conversations along topics
emerging from the document analysis. The informal setting allowed
respondents to speak more freely and openly about their experiences and
helped in building relationships for future collaborations.
The practitioners were purposefully selected based on their principal role
(civil society representatives, policy and decision makers, researchers and
farmer representatives) and expertise in climate, water and farming. The
conversation cantered on five thematic areas: (i) perception of the climatewater-food production problem in northern Ghana; (ii) current actions taking
by farmers and organizations to manage these problems; (iii) farmers’ hydroclimatic informational needs and use; (iv) the value of seasonal climate
forecast; and (v) the feasibility of hydro-climatic EVO to ameliorate the
challenges. Each conversation lasted for about one hour and the information
was recorded digitally and captured in a field notebook
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Total

Faculty of Agriculture and Agricultural
Engineering University For
Development Studies (UDS)
Rice Farmers Association (APEX
Farmers Group)
Savannah Agricultural Research
Institute (SARI)
Agriculture and Development NonGovernmental Organization (IFDC and
JICA)

Ghana Hydrological Services (GHS)

Applied Meteorological Unit - Ghana
Meteorological Agency (GMet, 2016)
Ghana Irrigation Development
Authority (GIDA)
Ministry Of Food & Agriculture
(MoFA)- Crop Division (RSSP and
GCAP)
Irrigation Water Manager (IWM)

Stakeholders

15

2

2

Train rice farmers on appropriate agronomic practices. Introduce rice
varieties to farmers and conduct climate and agriculture related research.
Train and support farmers with inputs and advice that will promote local
food production including rice production

Number
Reason for inclusion
Interviewed
1
Study and provide weather, climate and meteorological advice to the
general public and farmers.
1
Responsible for Irrigation and water management of all irrigation projects
and their development
3
In charge of the sustainability of food and agriculture. RSSP and GCAP
raise awareness and support farmers with inputs and climate related
advice that boost domestic rice production and commercialize farming.
1
Manages the irrigation scheme at Bontanga where research is largely
carried out.
1
Studies water bodies in the region. Have access to historical data of river
flow and other hydrological information.
2
Teach students who major in general agriculture, agriculture engineering,
soil and water conservation, and irrigation science. Train farmers and
Conduct research into climate, water and agriculture related issues.
2
Members are mainly into rice production in Bontanga.

Table 2.1: Stakeholders engaged in informal interviews.
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c. Focus Group Discussions
To collect information about the challenges farmers experienced through the
existing governance arrangements, water management practices, information
management and decision-making, we organized seven Focus Group
Discussions (FGDs) with farmers who were engaged in irrigated and/or
rainfed rice farming within the Kumbungu District. FGDs were held at the
farm, community and scheme levels. Discussions at the farm level focused on
the perception of farmers on problems of the climate-water-food production
nexus and steps taken to manage them. In addition, discussions revolved
around the hydro-climatic informational needs of farmers.
To broaden the scope, the FGDs organized at the community level included
rice farmers, traditional leaders, political representatives and women. This
allowed us to discuss the place of hydroclimatic information in their farming
cycle, as well as the ways in which governance arrangements and decisionmaking processes at the community and farm level worked. At the scheme
level, similar questions were asked to inquire on the activities of rice farmers
within the Bontanga Irrigation Scheme about governance, water management
and how that impacted decision-making. Participants were leaders of farmer
associations, the manager and representatives of committees (see Table 2.2).
2.3.2 Data analysis
Literature and available Documents were analysed in two stages; we first
scanned existing literature and documents for relevant information from
empirical and theoretical perspectives. Next was a synthesis of information
Secondly, we thoroughly examined them by reading, extracting and
synthesising key information from the selected literature and documents;
background information of rice farmers as well as insight into the socioecological settings of rice production systems in Northern Ghana. It also
provided supplementary research data on the importance of rice in the
economy of Ghana, historical and current climatic variability and change in
Northern Ghana as well as model projections of these changes and their
undesirable impact on farmers (see Section 4.1a). In addition, arrangement
and rules governing rice farmers’ activities in Northern Ghana and the
management framework of the irrigation schemes including existing
hydroclimatic information systems and their value to rice farming was
obtained via literature and document analysis (Section 4.1b).
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Using Atlas.ti (Hwang, 2007), we used open-coding methods and clustered
the topics of several themes. The analysis was aimed at first verifying our
findings from the literature and document analysis to collaborate evidence
and secondly to probe further on arising issues such as practical challenges of
climate variability and change for farmers and the potential value of hydroclimatic information systems for farmers’ adaptive decision making.
Focus Group Discussions were similarly transcribed and processed through
thematic analysis. The analysis provided information on the rules of
engagement and decision making among rice farmers, their knowledge of
existing hydro-climatic information services, information access and
utilization, challenges of institutional linkage and information exchange at
farm level (see Section 4.1b and 4.2).
2.4 Results
The section outlines the results of the diagnostic analysis (Section 4.1), and
the key challenges reported by farmers (Section 4.2).
2.4.1 Diagnostic analysis of the socio-ecological system
To analyse the current setting, we focus on rice farmers in Northern Ghana
(Figure 2.2). We specifically explore the socio-ecological aspects of climate
change impacts on crop productivity (i.e. yield per unit area) and not 'food
production', as this is dependent on many other factors than climate change,
such as quality of land, infrastructure investment, available finance,
international trade policy, and food market. We analyse this case region by
splitting it into two dimensions; the biophysical factors (climate and water)
and socio-institutional (actors, rules, practices, decision-making) parameters
framing the activities of rice farmers within the study area.
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Figure 2.2: Northern sector of Ghana in a black rectangle (A) relative to
Africa showing Ghana (B).
2.4.1.2 Biophysical context
From the literature analysis and interviews, the major The biophysical issues
in the case area are mapped in Figure 2.3. The main issue in the North of
Ghana (∼97,702 km² land area) is climate variability which significantly
impacts agricultural productivity. Development of the agricultural sector in
this region is affected by the climatic conditions, such as the long dry season
of about six to seven months followed by five-month rainy season (April/May
to September/October) usually characterized by sporadic droughts and/or
floods (Barry et al., 2005; Amikuzuno, & Donkoh, 2012). Temperatures in
the region are higher compared to those in the southern part of the country.
The lowest maximum temperatures are around 26 °C mostly recorded in
August and the highest temperatures are between 40–42 °C recorded in March
or April (Mdemu et al., 2012). The climate system of Northern Ghana is
characterized by distinctive inter-annual and inter-decadal variability in
precipitation and temperature (Emmanuel Nyadzi, 2016). The area is
associated with an erratic unimodal rainfall of an annual sum between 400
and 1200 mm. Changes in the duration of the rainy season have shortened the
length of the growing season, delaying the onset of planting season in most
cases, while dry season and rainy season temperatures have increased by
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about 1 °C and 2 °C respectively (Acquah & Acquah, 2011; Kunstmann &
Jung, 2005). The northern part of Ghana experiences the greatest rainfall
variations and this is projected to increase along with increasing temperature
(2.1–2.4 °C) from 2010 to 2050 (Owusu & Waylen, 2009). According to
Kankam-Yeboah et al. (2011), high temperatures that were previously
recorded in March (peak of the dry season) are now being recorded also in
January. In addition, the onset of the rainy season has become more difficult
to predict. They also indicated that in the past, the rainy season started in April
and ended around late September or early October. However, in recent times,
the rainy season starts in June or July with extremely heavy rainfall in
September or October.
These outcomes indicate a potential increase in the intensity and frequency of
extreme events, such as droughts and floods and a consequential reduction in
the crop growing period with serious implications for crop yields and food
security (Abdul-rahaman & Owusu-Sekyere, 2017; Kasei et al., 2014).
Current occurrences and long-term climate patterns create future uncertainties
with serious implications for climate prediction and agricultural productivity.
As re-iterated by(Antwi-Agyei et al., 2012), climate variability, manifested at
different time scales and in different ways will significantly impact the
agricultural sector of Northern Ghana.
In addition, large temporal and spatial rainfall variability results in high
variability in river flow. As results, most rivers flow for only a few months a
year with limited or no flow during the rest of the year (Amisigo & van de
Giesen, 2005). The combination of climate change, intensive land use,
population growth and economic development results in increased water
demand and more pressure on the available water resources (Stanturf et al.,
2015). To cope with climate variability, hydraulic infrastructure such as
small-scale reservoirs and large scale irrigation systems have been
constructed mainly for agricultural purposes (Amisigo et al., 2015; Faulkner
et al., 2008).
Uncertainties related to climate variability is a major challenge for both rainfed and irrigated farmers and water managers because to productively manage
their activities, critical climate sensitive decisions have to be taken months
ahead of a season (Asante and Amuakwa-Mensah, 2015). Sustainability of
rain-fed farming systems becomes a challenge with severe impacts on crop
yields (Acquah & Acquah, 2011; Fosu-Mensah et al., 2012). Not only does
this affect rain-fed farming, but it also has a major toll on irrigation schemes.
Water levels in the dry season are low making it difficult to irrigate farmlands
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limiting production. Farmers have reported re-sowing of seeds due to poor
germination following the delay in rains, which increases their cost of
production. Irrigation water managers rely on river discharge to decide the
frequency, quantity and method of water distribution. The uncertainty
associated with predicting seasonal rains and water availability puts farmers
in a dilemma when key farming decisions are to be made (Ndamani &
Watanabe, 2013).

Figure 2. 3: Analysis of the main biophysical issues in Northern Ghana.
In the face of these challenges, rice is a central crop as it accounts for 15% of
agricultural output and 45% of the total area used in cereal grain production
in Ghana (Stanturf et al., 2011). Rice is produced under irrigation, rain-fed
lowland and rain-fed upland systems (SARI, 2016). Studies on climate
change project increasing temperatures and declining rainfall, resulting in
reduced rice production (e.g. Asante and Amuakwa-Mensah, 2015). In a
study carried out by Knox et al., (2012) rice is projected to experience the
most variations of all studied crops, since water scarcity, and over reliance on
unpredictable rainfall are the major factors affecting rice production in
Northern Ghana (Kranjac-Berisavljevic et al., 2003).
2.4.1.2 Socio-institutional context
The North of Ghana is divided into three administrative regions: Upper East,
Upper West and Northern Regions (Figure 2.2). The majority of this area is
located in the Tropical Guinea Savannah zone, with small parts (extreme
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north of the upper east and west regions) sharing border with Burkina Faso in
the Sudan Savanna. The north of Ghana is the poorest part of the country yet
recent reports indicate that about 80% of the economically active population
in this part of Ghana engages in agriculture, producing millet, guinea-corn,
rice, maize, groundnut, beans, and sorghum with some few others producing
dry season tomatoes and onions. Livestock and poultry production are also
common in the region (Ghana Statistical Service (GSS), 2014). The north of
Ghana is generally endowed with about 20 small and large irrigation schemes.
Rice farming periods and practices are similar across the three regions, even
though there are individual preferences for different varieties depending on
the aim of farming (GIDA, 2011, 2016).
Governance in Ghana is characterised by two main governance arrangements.
These are traditional and formal arrangements. Formal governance
arrangements have been established by legal and structural definitions
captured in the constitution and other working documents dependent on the
context. Traditional governance arrangements, although ‘loosely’ framed are
embedded in local and community culture expressed in the form of rules,
norms and beliefs (see also Myers & Fridy, 2016). In Northern Ghana, the
activities of rice farmers are informed by both governance arrangements
(Nanedo et al., 2014).
Our engagements revealed that the Ghana Irrigation Development Authority,
has the mandate of developing and managing irrigation infrastructure (see
also (Namara et al., 2011). The Ghana Meteorological Agency, Water
Resource Commission and the Center for Scientific and Industrial Research
are also collaborative institutions in meeting information, water security and
advice on crop productivity respectively (see also Braimah et al., 2014;
Nanedo et al., 2014). The Participatory Irrigation Management Strategy
(Namara et al., 2011), adopted in the 1990s has served as the framework for
more decentralized management of Irrigation Schemes. At the scheme level,
the manager is responsible for the daily operations of the scheme and thus
engages farmers and leadership of farmer associations in the drafting of
schedules and assigning of roles for effective water management for irrigation
purposes. Water is thus discharged through canals onto farmlands within
different laterals guided by agreed schedules. The manager also coordinates
decisions and information exchange amongst all actors as part of steps to
adapt to changing conditions experienced.
Rainfed rice farmers operating within communities are also guided by
traditional governance arrangements aimed at ensuring effective engagement
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and resource use. These are in the form of rules and procedures which
community members are expected to adhere to or live by. For example, Chiefs
are custodians of lands and thus farmers who do not have family lands would
have to consult the leadership for land for farming activities. Water is also
perceived as a communal resource and hence farmers are expected to consider
the interest of other users in the quest to meet their water needs. Chiefs who
are seen to have the highest authority within the community legally enforce
communal decisions. Farmers must, therefore, adhere to agreed rules even if
it does not satisfy their needs.
In both systems, we found the existing governance arrangements to be faced
with multiple challenges limiting stakeholder interaction and information
exchange. For instance, information provision through Chief is usually aimed
at general community concerns and activities rather than agriculture
information required for farm decision-making. Most farmers thus took the
initiative of obtaining information from other farmers or platforms such as
radio and mobile telecommunication service operators involved in related
information provision (See also Alhassan et al., 2013). Community
representatives such as Assemblymen are not instrumental in providing
relevant farm related information. Within the irrigation scheme, power play
and gender imbalance result in bias in engagement. Results of the focus group
discussions show that access to water was mostly characterized by power play
especially during the dry season as only a few laterals upland could access
water for irrigation from the dam. Thus, lands in the upland are allocated to
cronies of the irrigation manager, chiefs and heads of committees. Women
are also less represented and hence limited in accessing land and obtaining
relevant information related to farm activities.
Governance arrangements within the scheme also put the Scheme manager in
charge of information directly relevant for scheme operations. In some
contexts, farmers receive delayed information relevant for decision making
due to inactivity on the side of leadership. Interviews and FGDs pointed to
weak institutional collaborations especially on information provision and use
(see also (Nugent, 2000). This situation is largely attributable to negligence,
poor leadership, weak communication links, inadequate resources and
logistical challenges. For example, the Ghana Meteorological Agency
provides seasonal climate information only at the start of the season and
mostly to radio stations and irrigation scheme managers with little contact
with farmers themselves. However, wherever these contacts exist they are
inconsistent and generally decrease over the season. Private operators
providing hydro-climatic information have limited collaboration with the
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public sector. Thus, ESOKO, MTN and Vodafone only interact with farmers
without consideration of existing programmes and how their interventions
could be embedded in them. Braimah et al. (2014) allude to complex local
socio-political issues that affect relationships within irrigation schemes.
These range from power play to gender inequalities affecting knowledge
exchange and resource management.
Interviews also revealed that farmers take a number of key decisions in
managing changes in climatic conditions and how they affect water
availability and food production. These include when and how to prepare
farmlands, when, what and how to plant, perform weed control, apply
fertilizer and harvest. Farmers adapt their decisions considering outcomes and
what is deemed appropriate in a given context (see also Ndamani and
Watanabe, 2013). Under irrigated rice farming, water managers lead the
decision process with the design of an irrigation schedule. Farmers, however,
are responsible for specific decisions on their farms. Under rain-fed systems,
the farmer leads the risk management process by exploring how experience
from the previous season and new knowledge or information on weather inter
alia, water availability in their decision-making (see also (Abdul-Razak &
Kruse, 2017). The survey revealed that adaptive farm decisions of farmers are
generally based on information generated from indigenous and scientific
forecasts. While farmers were quick to acknowledge the limitations in their
personal forecast they, however, considered it better for decision making than
the scientific forecast provided by Ghana Meteorological Agency as this was
perceived to be generic and not locally specific to their community and needs
(See also Gwenzi et al., 2016; Zuma-Netshiukhwi et al., 2013). Information
systems within the study area were identified to provide scientific forecast
information whereas indigenous forecasts were tied to farmers’ observation
matched with experience. For example, farmers are able to predict the
beginning of the wet season and when to prepare their fields for planting
(Ofori-Sarpong, 2001). They base their predictions on a set of indicators, each
of which has different levels of reliability. The flowering of the shea nut tree,
migratory patterns of birds and position of the constellation Pleiades all help
farmers determine when the rainy season is due (Benneh, 1970). They are
able to predict the date of seasonal rainfall onset and cessation, and whether
the season will receive above, below and normal rainfall. Also, they are able
to make daily weather predictions of low, medium and high rainfall
(Nyantakyi-Frimpong, 2013). In the next section, the paper presents findings
on information systems and how they enable hydroclimatic information
access and use.
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2.4.2. Hydro-climatic information access and use in rice farming systems in
Northern Ghana
The role of hydro-climatic information in knowledge creation, improved
adaptation and improved agricultural production has been highlighted in
different studies and initiatives (Owolade & Kayode, 2012; Sam & Dzandu,
2015). For example, in 2014 and 2015, the Ghana Meteorological Agency in
collaboration with the CGIAR and ESOKO provided weather and seasonal
climate information via conventional SMS to farmers in two piloted
communities (Doggoh and Bompari) in northern Ghana (ESOKO, 2016).
Other media such as radio and television programs are also used to provide
relevant information in English and local languages (i.e. Dagbanli, Frafra,
Gonja, Kasem etc.).
In spite of these interventions, there are still challenges in information access
and interpretation by farmers who are illiterates and can’t read text and even
literate farmers lack the necessary skills to understand technical information
because of the format in which they are presented. Also, the extent to which
those who could read adopt the information and new knowledge received is
considerably questionable (see also Sam & Dzandu, 2015). Our inventory of
existing ICT and media platforms in Ghana as shown in Table 2.1 reveals
some potential information transfer models, namely radio, mobile apps,
websites and conventional phone-based services (e.g. recorded voice
messages and SMS texts for more literate farmers). Other non-ICT means of
information transfer include moving vans, extension officers, water managers
and head of farmer organizations who disseminate pertinent information to
farmers. Table 2.3 provides an assessment of the strengths and limitations of
the main communication tools regarding their utilization in hydro-climatic
information services delivery in northern Ghana
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• Radio services offer few mechanisms for
meaningful interactions with farmers.
• Information reaching farmers through radio
could be adulterated, as there might be
difficulties in the translation of some terms
into local dialects.
• This will hinder information exchange
between data users (farmers) and researchers
of the hydro-climatic-EVO.

• Multiple Agro-focused radio stations exist in
Northern Ghana (e.g. Radio Tongu, Simli
Radio etc.)1
• Operate at a suitable spatial level/coverage
and are powerful communication tools with
the potential to benefit agricultural
extension(Chapman et al., 2003)
• Most radio operators offer services in
multiple local languages such as Dagbani,
Mampelle, Frafra, Waali and Dagaare which
are important for the Northern Ghana context
• Farmers generally listen to local radio on a
frequent basis and this makes it easier to
reach targeted farmers with hydro-climatic
information
• Powerful visualization capabilities in
mobile apps help to overcome the challenge
of limited literacy rate in rural communities
(Vitos et al., 2013).
• Our experience with developing a prototype
offline mobile-app to collect farmers’ shortterm weather predictions in northern(on-

• Many rural communities in Northern Ghana
do not have access to the internet to use online
mobile apps.
• Many farmers in Northern Ghana do not own
smartphones.
• Many of the farmers are ICT phobia largely
because of language and literacy barrier.

Limitations

Strengths

http://gcrn.org.gh/dev/?p=251.

Mobile apps

Radio services

Communication
tool

Table 2.3: Overview of key strengths and limitations of main media platforms in hydro-climatic information
services in Ghana.
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• High penetration of mobile phones in rural
Ghana. Farmers already use phones for calls
and the elite farmers use it for text
messaging families, friends and businesses
(infoDev, 2014).
• Existing phone services such as prerecorded audio phone messages for
• illiterate farmers and SMS to literate farmers
are currently operated in
• Northern Ghana e.g. FARM Radio and
ESOKO (FARM Radio
• International, 2014; Esoko, 2016). This
allows for the integration of hydroclimatic
information services into those existing
services and business models, which may add
to the sustainability of research output.
• Websites that provide climatic information
services exist in Ghana (GMET,2016)
• They are rather quick to develop and supports
some level of interactions.

• Web-based services often face the challenge
of sustaining users to visit on a frequent basis.
• They offer limited opportunity for
interactions.

• Most existing phone-based services are not
free and this raises the issue of information
asymmetry where only higher-income farmer
groups can afford and access hydro-climatic
information.
• SMS-message fatigue is occurring among
literate farmers as the cheapest phone services
come with advertisement-messages

https://uclexcites.wordpress.com/2018/05/01/the-role-of-sapelli-in-collecting-indigenous-weather-climate-forecast-data/.

Website

Conventional
phone services

going project)2 makes us convinced that
mobile apps have great potential in reaching
out to rural illiterate farmers.
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• Non-ICT media are effective as farmers are
able to have a face-to-face interaction with
information providers where demonstrations
are carried out for a better understanding of
concepts.
• Non-ICT models include formal and
informal periodic meetings where farmers
interact and pass on relevant information to
each other within both the irrigation scheme
and communities.
• Mobile Vans from the Information Services
Department readily provide information to
farmers in communities.

3

Non-ICT models include formal and informal periodic meetings where farmers interact and pass on relevant
information to each other where information provider is often the irrigation water manager, head of farmer
organization and extension officers. Another model is moving vans from the ministries and departments uses
megaphones for loud announcements vital for farmers’ use

Other non-ICT
models3

• Limited internet access is also a major
challenge in many rural communities.
• Farmers will find it difficult to read and
interpret information by themselves because
of limited literacy.
These models are not responsive enough for
daily hydro-climatic information exchange.
• Data providers do not have direct interaction
with users and information transfer may take
several days when moving vans are used. Moving vans do not create a platform for
questions or further clarifications and farmers
may miss relevant information.
• Female farmers are mostly not invited to
attend such meetings and on a few occasions
when they are present, they are unable to
express their opinion because of the maledominant conversation.
• Farmers held sentiments and affluence may
also play a role in making it more difficult for
information access.
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2.5 Discussions
This study set out with the aim of diagnosing how socio-ecological settings
of rice farmers in Northern Ghana could affect the design and
operationalisation of a hydro-climatic EVO. In this section, we draw on the
insights from our diagnostic analysis to outline the characteristics of our
hydro-climatic EVO. The design aims to overcome the identified challenges
and capitalize on opportunities identified in section 4.2. The framework
consists of two main parts: the structural elements of the framework and the
processes through which it operates. We discuss the process of designing the
EVO through the lens of the four dimensions of RI.
2.5.1 Design features: description of the structural elements
Our diagnostics resulted in different hydro-climatic information needs,
challenges and opportunities for an EVO. We propose a hydroclimatic EVO
(Figure 2.4) consisting of three major elements; (a) data sources, (b) data
handling processes, (c) platform for information and data exchange.

Figure 2.4: Fundamental Architecture of second generation climate services
(hydro-climatic EVO).
(a) Data sources
Data will be sourced from two main knowledge systems; indigenous and
scientific knowledge systems (see Figure 2.4). First, as explained earlier,
Ghanaian farmers use indigenous ecological knowledge to understand
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weather and climate patterns in order to make decisions about crop and
irrigation cycles (Frimpong, 2013). Prior to every season, the EVO will
collect farmers’ seasonal forecast of rainfall onset and cessation date and,
rainfall amount and degree of temperature forecast expressed on a nominal
scale of below, normal or above normal. Also within the season, the EVO will
collect farmers’ twenty- four (24) hours weather forecast of low, medium or
high rain.
Second, seasonal temperature and rainfall forecast data from European Centre
for Medium Range Weather Forecasts (ECMWF-S4) seasonal forecasts
system 4 (Molteni et al., 2011) will be analysed to also provide same seasonal
climate information on rainfall onset and cessation date, amount of rainfall
and degree of temperature also expressed in a nominal scale of below, normal
and above normal. ECMWF-S4 is a state-of-the-art seasonal ensemble
climate model that provides seasonal climate forecast on daily timescale into
seven months ahead of time. The daily nature of the data will allow us to
estimate daily rainfall amount of either low, medium and high.
(b) Data handling processes
The second element of the framework is the data handling process where
indigenous and scientific data are collected, processed, analysed, and
visualized. The collection of data will be partly automated. The hydroclimatic-EVO will offer a platform where farmers can regularly upload their
seasonal climate and daily weather forecast information. This indigenous
forecast information from farmers will be complemented with those from the
scientific forecast.
There are clear differences and limitations of both data sources. However,
seasonal information such as rainfall onset and cessation date, above, below
and normal rainfall generated from the analysis of the ECMWF-S4
temperature and rainfall data will be used to complement those predicted by
farmers using their indigenous knowledge. In a similar way, daily weather
information such as low, medium and high rainfall predicted by farmers will
complement information estimated from the daily data from ECMWF-S4 or
any other weather model. There is potentially great value in combining both
sources of data. For example, both data sources have an inherent value that
will complement the weakness exhibited by each without substituting one for
the other and building on their respective strengths. The question that remains
is whether information from both sources will be provided independently or
combined. Developing a comprehensive approach to either independently
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present scientific and indigenous forecast information or harmonize them for
actionability remained to be further explored in our next study.
(c) Information exchange for adaptive farm decision making
The hydro-climatic EVO has additional features that distinguish it from other
EVOs. It offers a participatory opportunity to actively engage end-users to
co-create actionable knowledge. Farmers can share their forecast information
and receive tangible information for their adaptive farm decision-making. For
example, seasonal climate information such as onset and cessation date,
rainfall amount (be it above, normal or below normal) and seasonal dam water
levels, and the degree of temperature per season will support:
(i) Pre-season decisions: such as when to buy seeds and which variety to buy,
irrigation land size allocation and Labour size, which weedicide, pesticide
and fertilizer to buy.
(ii) Land preparation decisions: when to clear land, when to harrow and
plough,
(iii)Planting decisions: when to nurse, transplant and which planting
method to adopt and
(iv) Harvesting decision: when to harvest and by which method.
On the other hand, daily weather information (be it yes/no rain, low, medium
or high rainfall) received by farmers will support farm decisions such as
(i) when to fertilize,
(ii) when to apply weedicides and pesticides and(iii) when to carry
out supplementary irrigation.
Details of information need and decision-making by rice farmers are
discussed by (Nyadzi et al., 2019; Nyamekye et al., 2018).
The EVO offers tailor made information that generates actionable knowledge
for decision making at different stages of farming. The interface of the Hydroclimatic EVO will be carefully designed with close collaboration with endusers to ensure effective data and information exchange with a particular
focus on non-literate users with little or no prior ICT experience. The hydroclimatic EVO, therefore, envisages opportunities for learning and becoming
an integral part of rice production systems in the region.
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2.5.2 Hydro-climatic EVO: addressing challenges in existing information
systems
The main challenges of existing information systems and what our EVO seek
to do differently is summarized in Table 2.4. Challenges with existing systems
that limit their usefulness include user unfriendliness of the system,
inaccuracies of forecast information, the relevance of information, managing
user expectation and weak collaborations.
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Managing
User
expectation

Relevance of
information

Inaccuracies
of forecast
informatio
n

Challenges
User
unfriendlines
s

Forecast information is not specific to the
exact needs of the farmers. Climate
sensitive information such as onset and
cessation dates, amount and frequency of
rain etc. are untimely provided for decision
making.
Information provided has failed in some
instances thereby dwindling farmer
confidence in existing systems. This is also
due to a lack of direct engagement of users
of information in the data gathering,

Existing systems
Hydro-climatic information accessed by
farmers is difficult to interpret especially
by the illiterate farmer population, as
farmers are not able to interact with the
system. This limits the application of new
knowledge.
Existing climate and weather forecast
possess poor skills and are very coarse in
resolution. Information are often not
location-specific and therefore farmers do
not find them useful.
We use data from state-of-the-art ensemble forecast
model ECMWF-S4 that have better skills (accuracy) for
West Africa (Molteni et al., 2011). The hydro-climaticEVO will provide downscaled information with higher
resolution, making it more relevant for local
communities. The scientific forecast will be
complemented with farmers’ indigenous forecast that is
locally specific.
The hydro-climatic-EVO will provide tailor made water
and climate sensitive information and further advice
farmers on which decision is suitable based on the
provided information. It is possible to provide this
information seven (7) months into the future especially
before the onset of the season (Molteni et al., 2011).
The design of the Hydro-climatic-EVO adopts an action
research approach and hence engages end users as early
as the design stage. Therefore, farmers are exposed to
the limitations of the system and give a better
understanding of what is possible in the end.

What hydro-climatic EVO must do differently
To maintain its purpose and functionality, a Hydroclimatic-EVO must provide an interactive interface in
locally adaptable language. The interface must adopt a
participatory process considerate of technical, social
and cultural dimensions.

Table 2.4: Identified challenges in existing information systems and the way forward.
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Weak
collaboration

Existing
hydro-climatic
information
systems adopt a top-down approach where
scientists and other technical personnel are
the drivers and farmers end users. Little or
no attention is given to farmers’
involvement and participation in the
knowledge creation process. Results of the
focus group discussion show that farmers
have good knowledge of their own
environment and when this is coupled with
scientific knowledge, quality of forecast
information could be improved.

projection and analysis stages before the
information is disseminated. This breaches
trust and confidence in the information
received.
Hydro-climatic-EVO encourages participation from the
point of idea conceptualisation, design and creation. The
system will be co-produced by scientists, farmers and
other key stakeholders. Both indigenous and scientific
knowledge systems are adopted and applied. Aside from
regular workshops and meetings to discuss opinions and
ideas from both sides, the hydro-climatic-EVO presents
a platform where knowledge and information are
continuously exchanged. This creates a deep sense of
ownership amongst all stakeholders.
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2.5.3 Design process: hydro-climatic EVO as responsible innovation
We build on the responsible innovation framework (Stilgoe et al., 2013) to
assess the initial steps taken in the process of building a hydroclimatic EVO,
and to identify the challenges ahead. For each cardinal principle, we raised
some salient questions that seek to guide the development and
implementation.
(i) Anticipation
Anticipation involves “systematic thinking aimed at increasing resilience
while revealing new opportunities for innovation and the shaping of agendas
for socially-robust risk research” (Stilgoe et al., 2013). This relates to
forecasting, and imagining possible and desirable futures, but also to the
‘ethics of promising’. This dimension of the RI framework makes us ask
‘what if…?’ questions (Jerome R Ravetz, 1997) to expose the various
contingencies associated with the development of the hydro-climatic-EVO.
From its conception, the envisaged hydro-climaticEVO anticipates the future
by considering the potential impacts of climate variability and change on
farmers’ daily and seasonal farm decision making. Rather than optimizing for
the most likely future scenario, the hydro-climatic-EVO accounts for the
associated uncertainty by trying to make variability in water availability
manageable for different farming purposes. Climate variability and change is
only one of the potentially relevant future developments. Equally important
is the unintended consequences which could be the future development of
farming in the region, in terms of economic prospects and farmers’
aspirations. Will farmers move out of agriculture into other occupations if
possible, or do they see a future for themselves and their children that will
motivate them to further improve their farmer system and embrace new
technologies such as an EVO? The approach is taken to ensure inclusiveness
through user-centered design (see below) creates some challenges for the
‘ethics’ of promising. Developing features that are most relevant to users
implies that these may be quite specific and/or novel, making it uncertain to
what degree the innovation will be able to deliver on the promised usefulness
of the EVO.
(ii) Reflexivity
Reflexivity means “holding a mirror up to one’s own activities, commitments
and assumptions, being aware of the limits of knowledge and being mindful
that a particular framing of an issue may not be universally held” (Stilgoe et
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al., 2013). It is about questioning the value systems and theories that shape
science, innovation and governance. The envisaged hydro-climatic-EVO will
be developed through interdisciplinary collaboration, where the absence of
shared standard ways of operating leads to mutual questioning and thus some
form of reflexivity. This reflexivity prevents natural scientists to retreat into
sole modelling and prevents social scientists to retreat into the sole analysis
of social processes. Reflexivity also requires carefulness not to violate the
social and cultural ethics of the society in which the project is carried out,
particularly because different countries and vulnerable populations are
involved. This was vital especially during our interaction with farmers, for
example regarding their traditional knowledge and regular engagement for
information exchange. A continuous challenge is to remain reflexive about
assumptions made in building the EVO, and to what extent these are aligned
with the users’ context. Thus the need for continued scrutiny of project
activities and dealing with every farmer and situation distinctively.
(i) Inclusion
The user-centred design framework (Zulkafli et al., 2017) adopted for the
development of the hydro-climatic EVO strongly emphasizes inclusion.
Various actors and institutions were actively involved in the early
development process, with particular attention paid to potential end-users.
The engagement of different actors on the project especially during regular
workshops and training is expected to play a pivotal role in creating a sense
of ownership among the farmers and other actors (public and private sector
agencies, local leaders and chiefs). A clear example of inclusiveness is the
involvement of both rainfed and irrigated rice farmers on the project. Each of
these farmer types has its own need, which must be met. Also, the reliance on
both scientific and indigenous data and knowledge systems to generate
actionable knowledge enhances the inclusiveness of hydro-climatic EVO.
Inclusion is never perfect, however, and pragmatic choices have an impact.
The particular study area receives considerable attention from development
actors, partly because of its proximity to the city of Tamale and its university.
Farmers with higher literacy levels, fluency in English, and familiarity with
ICT are easier to involve in e.g. local smartphone-based data gathering.
(ii) Responsiveness
Responsiveness is the capacity to “change shape or direction in response to
stakeholders, public values, and changing circumstances” (Stilgoe et al.,
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2013). Funded by a university programme (INREF4) that values “research for
development”, our hydro-climatic-EVO project has a good starting point for
achieving responsiveness. The user-centred design approach to developing
the EVO emphasizes the importance of the user context as a starting point –
in terms of livelihoods, culture and decision-making. A choice that was made
early in the project to include the practice of rainfed farming as well as
irrigated farming, was responsive to the importance of rainfed farming for
large parts of the rural population, in particular the poorer sectors. The design
and structure of the hydro-climatic-EVO aims to meet the needs of users and
remain flexible enough to respond to future changes in circumstances, e.g.
new knowledge and emerging perspectives, new technical possibilities or
demands, as well as changes in livelihoods or cultural values. Being a
university-led project with a limited period (5 years) creates some challenges
for responsiveness as well. What about responding to changes when paid
project members are no longer around? Finally, the responsiveness to
stakeholder and public values might be challenged by the responsiveness to
academic values and incentives, which prioritize modeling, analysis and
publication over stakeholder engagement and practical application. This
limitation is therefore recognized and in cases where they emerged efforts
must be put in place to amicably deal with them. For example, we seek to
understand indigenous forecast techniques and develop methods to quantify
them in order to harmonize them with scientific forecast derived from models.
2.6 Conclusion
The diagnostics study presented here offers a number of important insights
that help to further refine and implement the hydro-climatic EVO. First, the
participatory design will create a sense of ownership among farmers. This is
because, being actively involved from the design to production and
implementation stages of the project is novel, and it increases the likelihood
that the hydro-climatic information services developed will be useful for
farmers. Secondly, the diagnostics provide an in-depth appreciation of the
socio-ecological conditions in which the EVO will operate. Thirdly, our
reflection using the RI framework exposed key challenges, which the hydroclimaticEVO development process needs to deal with. Asking these
questions, however, allowed us to discuss plausible solutions at an early stage
in the design process.
See http://www.wur.nl/en/Research-Results/Projects-and-programmes/
INREF.htm
4
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One of the key challenge anticipated is the reliance on stakeholder
participation throughout the project cycle. Farmers need incentives and
motivation for continuous participation. In our case, we argue that both
rainfed and irrigated farmers are challenged by climate variability and limited
water availability and that urgent action is needed. The information services
developed can help with improving their farm decision making in order to
better cope with climate variability. However, it remains unclear how much
time future users and other stakeholders are prepared to devote to the design
process. Close monitoring is needed to find out if farmers feel that providing
regular data and information is time consuming. Limited commitment of
users can potentially reduce data availability and quality. As a response we
pay specific attention to openness and transparency in the design process, to
allow participants to freely share their opinions and concerns. At the same
time, researchers need to be proactive. They should be seen as and perceived
to be serious with the process through their active engagement. In the context
of decision-making, our reflections and findings present key challenges in
terms of language, interpretation and usability. The knowledge co-creation
and subsequent provision of actionable knowledge must align with literacy
and user confidence in being able to easily relate to outputs.
Our approach and innovation possess the potential to deal with the socioecological challenges imposed by climate variability and limited water
availability. We argue that one of the most important drivers of success to our
project will be the intensive collective interaction of scientist and farmers
compelled by the structure and mechanism of the hydro-climatic EVO, in
which scientist and other stakeholders think, plan and execute together from
common ground. In addition, the responsible line of questioning will reduce
the possible surprises and eventualities that may affect EVO development.
Important issues to follow-up on are the performance of indigenous and
scientific forecast to meet the hydro-climatic information needs of rice
farmers in Northern Ghana. Another issue from our diagnostics is how
governance systems limit information flow and interpretation. For our follow
up studies we aim to investigate governance arrangements and how these are
enabling or inhibiting adaptive decision-making amongst farmers and water
managers. Also in the next stage of this project is to find out what is the most
preferred model of information exchange by rice farmers.
The potential of including farmers in information collection through citizen
science potentially bridges part of the gap between scientific and indigenous
expertise and constitutes a novel contribution to the field of environmental
observations.
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We conclude that the socio-ecological conditions in Northern Ghana
necessitate the development of an effective second generation hydroclimatic
EVO as this potentially responds to the principles of RI expected to drive
technological innovation to manage change in natural resource management.
Finally, the proposed hydro-climatic EVO has the potential for influencing
adaptive farm decision making in Northern Ghana in spite of identifiable
challenges. Using the RI framework has helped us to refine these challenges
and offer concrete suggestions to improve both the design and
implementation of the proposed platform in a responsible way.
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Abstract
Farmers in sub-Saharan Africa face many difficulties when making farming
decisions due to unexpected changes in weather and climate. Access to hydroclimatic information can potentially assist farmers to adapt. This study
explores the extent to which seasonal climate forecasts can meet hydroclimatic information needs of rice farmers in northern Ghana. First, 62 rice
farmers across 12 communities were interviewed about their information
needs. Results showed that importance of a hydro-climatic information need
depends on the frequency of use and farming type (rain fed, irrigated or both).
Generally, farmers perceived rainfall distribution, dam water level, and
temperature as very important information followed by total rainfall amount
and onset ranked as important. These findings informed our skills assessment
of rainfall (Prcp), minimum temperature (Tmin) and maximum temperature
(Tmax) from European Centre for Medium-Range Weather Forecasts
(ECMWF-S4) and at lead times 0 to 2. Forecast bias, correlation and skills
for all variables vary with season and location but generally are unsystematic
and relatively constant with forecast lead time. Making it possible to meet
farmers’ needs at their most preferred lead-time of one month before the
farming season. ECMWF-S4 exhibited skills in Prcp, Tmin and Tmax in
Northern Ghana except some few grid cells in MAM for Prcp and SON for
Tmin and Tmax. Tmin and Tmax forecast were more skilful than Prcp. We
conclude that the participatory co-production approach used in this study
provides better insight for understanding demand driven climate information
services and that the ECMWF-S4 seasonal forecast system has the potential
to provide actionable hydro-climatic information that may support farmers’
decisions.
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(2019). Verification of Seasonal Climate Forecast toward Hydroclimatic
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3.1

Introduction

The agriculture sector of many West African countries is yet to realize its
full production potential in terms of agricultural yield. Compared to levels
achieved in the 1960s, the sector is considered to be underperforming (Benin
et al., 2011; Nin-Pratt et al., 2011). The low performance of the sector has
many reasons, including political and institutional constraints, low adoption
rate of socio-technical innovations, and biophysical factors, including highly
variable climatic conditions (Baltzer & Hansen, 2011). Climate variability
in large parts of Africa is projected to increase due to global warming (Niang
et al., 2014; Salack et al., 2019) which is likely to have severe impacts on the
agricultural production ( Schlenker & Lobell, 2010; Rockström et al., 2014).
This is particularly the case for sub-Saharan Africa where smallholder
farmers largely depend on rain-fed agriculture and small scale irrigation
systems. Changing rainfall patterns could necessitate significant adjustments
to farming activities (Sarr et al., 2015). For example, changes in the onset,
duration and end of the rainy seasons have already affected planting patterns
and the farming calendar (Jotoafrika, 2013).
In Ghana, significant changes in farm activities caused by climate variability
and change are already evident and efforts to manage the negative effects of
this change on agricultural production have had limited success. Water
scarcity and reliance on unpredictable rainfall remain major factors limiting
crop production in the country. One of the most important concerns in this
regard is the increasing rice yields (Kranjac-Berisavljevic’ et al., 2003;
Donkoh et al., 2010). Rice is currently a key staple crop in Ghana for which
the consumption has increased in recent years (Mabe et al., 2012). As a
result, the production of rice needs to increase to meet rising demands under
the increasing variable climatic conditions (SARI, 2011). This poses a
significant challenge, as farmers have to make several climate-sensitive
decisions months in advance to the rice farming season (Asante &
Amuakwa-Mensah, 2015). A similar challenge exists in irrigated rice
farming. The difficulty to predict rainfall and consequently river discharge
affects the decisions of water managers making on water distribution to the
irrigated farmlands. The use of weather and climate forecasts could be an
instrument that helps farmers in their decision making to improve
agricultural productivity and food security (Hansen et al., 2009).
Previous research on hydro-climatic information to support farmers in their
decision making can be broadly divided into two directions. Firstly, social
science studies that explored in a mostly bottom-up fashion the weather and
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climate forecast information needs of smallholder farmers and potential
challenges they encounter. Results showed that farmers do receive weather
and climate information, mainly through radios and local administration
(Feleke, 2015). Relatively few farmers find the information useful in their
operational decision-making. Language problems, difficulty in
understanding forecast terminology and inconsistency in the time of
information provision constrain farmers in the use of weather and climate
information (Feleke, 2015). Other studies conclude that weather and climate
information currently received by farmers are insufficient and service
improvements are needed to make better use of the available weather and
climate forecasts for informed decision making (Onyango et al., 2014).
The second line of research focusses on technical and top-down approaches
assessing the skills of existing forecasts for several regions across the globe
(Kumar et al., 2001; Barnston et al., 2010; Ogutu et al., 2017). These studies
often conclude that weather and climate forecasts have considerable
potential to improve agricultural management and rural livelihoods (Hansen
et al., 2009; Roudier et al., 2014; Ouédraogo et al., 2015), but do not connect
it to the needs of farmers to make informed decisions. Several forecasting
systems have been developed and used (e.g. (Stockdale et al., 1998; Mason,
1999; Kanamitsu et al., 2002; Alves et al., 2003). The European Centre for
Medium-Range Weather Forecasts (ECMWF)-System 4 ensemble seasonal
climate forecasting system, is the state-of-the-art with an ensemble of 15
members found to be skilful in many regions across the globe. Several have
argued that it has potential value for providing climate services for
vulnerable sectors including agriculture, energy, and health (Manzanas et
al., 2012; GFCS, 2016). Nonetheless, until now only a few studies used
ECMWF-S4 for Africa (QWECI, 2013; Trambauer et al., 2015; Ogutu et al.,
2017).
In this study, we aim to connect these two different lines of research to gain
insights on demand driven climate service for rice farmers’ adaptive decision
making. More specifically, we explore if and how seasonal climate forecasts
of the ECMWF System 4 can meet the hydro-climatic information needs of
rice farmers in northern Ghana. To do this, we used social science methods
(interviews, workshops) combined with a skills assessment of ECMWF
System 4 seasonal climate forecast system. Therefore, to meet the main
objective, we implement a 2-step approach: (1) identify the information
needs and (2) assess hindcast skills (verification).
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The paper proceeds as follows. First, we briefly introduce the case study
region. In section 3, we describe the methods used for data collection and
analysis, followed by section 4 where we present the findings of the farmers’
needs assessment and the performance evaluation of the forecast. We discuss
the findings in section 5, followed by a concluding section.
3.2 Study area
The North of Ghana is located within the Inter-Tropical Convergence Zone
(ITCZ) where the movement of the two air masses, the Harmattan or North
– East (NE) Trade Winds and the South-West Monsoon winds, determines
the nature of the climate (Liebe., 2002). The area is associated with erratic
unimodal rainfall with total annual precipitation ranging from 400 to 1200
mm. The north of Ghana has challenging climatic conditions such as a long
dry season of about six to seven months followed by a five-month rainy
season (April/May to September/October). The area is characterized by
frequently occurring drought and flood events (Amikuzuno & Donkoh,
2012; Asare-Kyei et al., 2015). Temperatures in this part of Ghana are higher
compared to the southern part of the country. Maximum temperatures range
from 26°C in August to 40°C in March or April (Mdemu, 2008). This makes
its agriculture activities highly vulnerable to climate variability and change.
Northern Ghana comprises of the Upper West Region, the Upper East
Region and the Northern Region (Runge-Metzger & Diehl, 1993). The
poverty level of Northern Ghana is higher compared to the southern regions
even after over 30 years of agricultural-led development projects, the
northern regions of Ghana remain impoverished (Morris et al., 1999; IFAD,
2012;). According to a recent report from the Ghana Statistical Service,
about 80% of the economically active population in this part of Ghana
engages in agriculture (GSS, 2014). The main crops are rice, maize, soybean,
millet, cassava guinea-corn, groundnut, beans, and sorghum, with some
farmers also producing dry season tomatoes, pepper, cabbage and onions
mainly for consumption with surpluses for the market (GSS, 2014).
Generally, average farmland size varies with crop type; 0.27 ha for soybean,
0.72 ha for rice and 1.06 ha for maize. Rice production in the area declined
from 3.20 MT/ha in 2010 to 2.32 MT/ha in 2015 despite an increasing
demand (USAID, 2017). The period of rice farming is similar across the
three regions of northern Ghana because of similar agro-ecological
conditions, even though there are individual preferences for different rice
varieties based on production rational (GIDA, 2016).
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To mitigate irregular water availability for farming and domestic activities
in the Northern Region, about 20 small and large irrigation schemes have
been developed with the Bontanga irrigation scheme being the largest in the
Kumbungu District (Figure 3.1). The Bontanga irrigation scheme sources its
water from the Bontanga River, a tributary of the White Volta River. The
scheme has a potential area of 800 hectares but 450 hectares are currently
irrigated. Out of this, 240 hectares is used for lowland rice cultivation. In
2016, the scheme included about 600 farmers (~100 women and ~500 men)
from 13 different communities with an average of 0.8 ha per farmer. They
engaged in rainfed and irrigated rice farming in the rain and dry season
respectively (GIDA, 2011, 2016; The Republic of Ghana, 2012).

Figure 3.1: Northern Ghana in a black rectangle (A) relative to African
showing Ghana (B). The pink circle shows the position of Bontanga river
and irrigation dam
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3.3. Research Methodology and Data
This research was conducted in three main steps. First, document analyses,
interviews (n=62) and a feedback workshop were used to obtain information
about the hydro-climatic information needs of rice farmers in the
communities around the Bontanga irrigation scheme. In the second step, we
evaluated the skills of the European Centre for Medium-Range Weather
Forecasts’ System 4 ensemble seasonal climate forecasts (ECMWF-S4)
using probabilistic verification statistics. Thirdly, we assessed the potential
for meeting the hydro-climatic information needs of farmers at their
expected lead time.
3.3.1 Data collection and analysis
3.3.1.1 Assessment of hydro-climatic information needs.
To collect data on hydro-climatic information needs for farmers’ decision
making we designed a structured interview guide based on document
analysis (Bowen, 2009) and previous studies (Roncoli et al., 2009; Crane et
al., 2010; Roudier et al., 2014). The interview protocol covered both open
and closed questions on (i) respondents’ general perception of climate
variability and change; (ii) hydro-climatic information needs for decision
making where farmers could identify their hydro-climatic information
requirements in each stage of the farming process; (iii) general information
about respondents (see Table A3 of supporting material for the interview
guide). The interview guide was pilot-tested twice to ensure that the
questions were understandable and unambiguous.
In total 62 rice farmers were interviewed (Table 3.1). Each interview lasted
for about 30-40 minutes and was audio recorded. In the sampling process,
we aimed to balance between types of farmers; Irrigation only (IO), Rainfed
Only (RO) and Both Irrigated and Rainfed (BIR) and their location within
the irrigation scheme (up-, mid- and down-stream of the Bontanga River).
Individual farmers were selected based on their rice farming experience
(more than 5 years) and their willingness to participate in the survey. We
included IO farmers (n= 11), RO farmers (n=20) and BIR farmers (n=31).
After completing the interviews and processing the data, a one-day feedback
workshop was organised to discuss and validate the interview results with
representatives from each of the 12 selected communities. The aim was to
reduce interpretation bias by the researchers, to collectively rank information
needs, to improve understanding of the respondents' needs, to share key
insights of the research team, and to identify farmers for follow-up studies.
The data and information gathered from the interviews and workshop were
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analysed using descriptive statistics (frequency and percentage). The
analysed demography and farming characteristics of the farmers are
presented in Table 3.1 showing frequencies and percentages.
Table 3.1: Socio-demographic structure of respondents (N = 62)
Characteristics
Age (N=62)
21-30
31- 40
41-50
51-60
61-70
Above 70
Gender (N=62)
Male
Female
Educational Level (N=62)
No Formal Education
Elementary /Primary
Middle /Junior High
Senior High
Tertiary
Household Size (N=62)
1-5
6-10
11-15
16-20
21-25
Above 25
Years In Farming Rice (N=62)
1-5
6-10
11-15
16-20
21-25
Above 25
Farm size in the irrigation scheme in hectares (N=42)
Less than 1
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%
1.6
3.2
12.9
29
50
0
79
21
85.5
8.1
4.8
1.6
0
1.6
40.3
37.1
19.4
0
1.6
0
16.1
19.4
29
14.5
21
2.4
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1 – 1.9
2 - 2.9
3-3.9
>4
Others
Farm size outside irrigation scheme (N=51)
< 1
1 – 1.9
2 - 2.9
3-3.9
4–4.9
5 -5.9
Others
Which Crops do you grow (N=62)
Okro
Yam
Cassava
Cabbage
Rice
Maize
Tomatoes
Pepper
others
Which is your main crop (N=62)
Rice
Maize
Rice and Maize
Other

33.3
50
14.3
0
0
0
3.9
7.8
5.9
25.5
33.3
23.5
50
61.3
41.9
22.6
100
98.4
61.3
71
0
83.1
6.8
10.2
0

3.3.2 Seasonal Climate Forecast verification
3.3.2.1 Data collection
Thirty (30) years daily hindcast data of total precipitation (Prcp), minimum
temperature (Tmin) and maximum temperature (Tmax) were collected from
the European Centre for Medium Range Weather Forecast system 4
(ECMWF-S4). The data is an ensemble of 15 members at approximately
0.75 degree horizontal resolution. The data initialization used for this
analysis starts on the first day of every month from 1981 to 2010. Each of
the 15 ensemble members provides forecast of up to 7 months. Also, 30
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years’ (1981 to 2010) Water and Global Change (WATCH) forcing data
ERA-Interim (WFDEI) daily data of the same variables (Prcp, Tmin and
Tmax) were used as reference observation (Weedon et al., 2014) because of
the sparse network of weather stations in the area and the quality of data
available does not allow for proper spatial validation.
WFDEI has been considered useful for evaluation purposes in East Africa
(Ogutu et al., 2017). An inter-comparison analysis of precipitation variability
and trends in Ghana has shown that GPCC which is an input data set of
WFDEI performed well when compared to Ghana meteorological agency
(GMET) station data for monthly totals in Northern Ghana (Manzanas et al.,
2014). We performed further analysis of Prcp, Tmin and Tmax to recognize
the extent of the existing bias daily timescale (see figure B1 and B2 in
supplementary documents). But the results of this validation were not very
encouraging as WFDEI could not properly estimate the variables at a daily
time scale but capture well temporal trend of variability of the variables.
Comparing point data from a wide grid to GMET station data could,
therefore, have affected the results.
3.3.2.2 Data analysis
This study uses two well-documented verification measures (Generalised
Discrimination Score (GDS) and Relative Operating Curve Skill Score
(ROCSS) to assess the performance of the forecast to a standard reference
(i.e. the climatological forecasts and observed climatology). Indicator values
for these measures range from zero denoting forecast being as good as the
reference and positive or negative implying an improvement and no skill
respectively).
More in detail, the forecast verification is performed for three different
periods of the rainy seasons of Northern Ghana: i.e. MAM (March, April
May, coinciding with Onset), JJA (June, July and August for peak monsoon
season) and SON (September, October and November for cessation) (Sultan
& Janicot, 2003; Amekudzi et al., 2015). Our results from step 1 showed that
farmers preferred lead times ranges between 0-2 months (see section 4.1).
The skill was verified at 0, 1 and 2 lead times corresponding to the months
the forecast started before a growing season. The verification was carried out
on the ensemble mean of all members as the accuracy of the verification
improves with larger ensemble size. Large ensembles are particularly
important if extreme events are to be forecasted (Weigel et al., 2007; Ferro
et al., 2008;). Prior to the validation, we matched forecast data spatial
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resolutions (0.75 degree) to observe data resolution (0.5 degree) using
bilinear interpolation which is a widely used method in climate forecast
validation exercises (Bedia & Iturbide 2017; Ogutu et al., 2017; Cofiño et
al., 2018).3-monthly averages of the forecasts and observations were
computed to allow the validation scores on seasonal timescale. The
evaluation was carried out at grid points level and the three regions within
the north of Ghana where rainfall patterns are similar (Nkrumah et al., 2014).
We analysed mean biases for each of the three seasons and for different lead
times (Willmott et al., 2012). The strength of the relationship between the
ensemble 261 mean and the verifying observations were assessed using
Spearman’s rank correlation coefficient.
The Generalised Discrimination Score (GDS) was used as a measure to assess
how well the forecasts are able to discriminate between varying observations.
This was done by quantifying whether a set of observed outcomes can be
correctly discriminated by the corresponding forecasts (Weigel & Mason,
2011). The score measures the probability that any two (distinguishable)
observations can be correctly discriminated by the corresponding forecasts.
Thus, GDS can be interpreted as an indication of how often the forecasts are
“correct” regardless of whether forecasts are binary, categorical, continuous,
or probabilistic (Mason & Weigel, 2009). Relative Operating Curve Skill
Score (ROCSS) was also used to compute the skills in tercile forecasts (i.e.
probability forecasts for upper, middle and lower terciles forecasts)
considering rainfall forecasts only. The ROCSS measures the hit rate of a
forecast against its false-alarm rate as the decision threshold (for example a
quantile of a probabilistic forecast) is varied. It is expressed as a percentage
and quantifies the improvement over climatological forecast (Jolliffe &
Stephenson, 2012). Characteristics of the ROC have been widely discussed
(e.g. Kharin & Zwiers, 2003; Mason, 2003). Several other studies have used
the technique to diagnose ensemble forecast accuracy (Gallus & Segal, 2004;
Legg & Mylne, 2004; Ogutu et al., 2017). Accessing, downloading and
analysis of data was carried out using relevant packages within R statistics:
SpecsVerification (Siegert, 2017), easyVerification (MeteoSwiss, 2017),
downscaleR (Bedia et al., 2017), visualizeR (Frías et al., 2017) and
transformeR (Bedia & Iturbide, 2017).
3.4 Results
3.4.1 Farmers Expectations and Hydro-climatic information needs for rice
farming decision making
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In the face of difficulties posed by climate variability, farmers report having
limited access to reliable sources of hydro-climatic information to support
their farm decisions. Results showed that almost half of the farmers (43.5%)
rely only on experiences and personal predictions based on indigenous
ecological knowledge. For example, the croaking of a frog and the movement
of ants from their hole is an indication that it will rain the next day. During
the workshop, one farmer complained about existing hydro-climatic
information available: “Those people [providers of the hydro-climatic
information] are liars, I do my own thing and I don’t’ rely on them at all.
When I say it will rain it will, except for a few occasions when it rains
unexpectedly”. More than half of the farmers (56.5%) use indigenous forecast
alongside climate forecast information from GMET via radio, TV and in some
cases through ESOKO (information service provider for agriculture), and
from extension officers of the Ministry of Food and Agriculture. When asked
about barriers for the use of hydro-climatic information, farmers mention
inaccuracy and untimeliness of information, difficulties interpreting technical
information and language barrier. Another reason for farmers not to use
forecasts provided by GMET is that these do not fit their purpose, and are
provided at a regional scale and do not match the situation in their
communities. They showed good understanding of how hydro-climatic
information could support their farm decisions and lives; frequently reported
benefits include seed usage, rice yield, and appropriate water management,
saving money and having enough food for the family.
Throughout a farming cycle, farmers make decisions for which they require
information on climate and water (Table 3.2). Pre-season decisions require
information mostly on rainfall onset, rainfall distribution, and rainfall amount.
Decisions during the season such as land preparation and planting also require
information on rainfall onset. The dam water level was highest on the priority
list of farmers engaged in irrigation. Temporal distribution of rainfall is the
most important information to determine when and how much fertilizer to
apply and when to conduct pest- and weed-control. Wind speed and direction
was most important for spraying weedicides. However, farmers expressed
little need for this information as they already spray early mornings to avoid
strong winds. Finally, rainfall cessation and temperature were most needed
information to start harvesting, although rainfall distribution and amount are
critical to choosing a harvesting method. For instance, it is better to harvest
with sickles and knives on wetter than normal fields than use reapers or
combine harvesters.
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Fertilizer
Application

Irrigation

Planting

Land
Preparation

Pre-Season

Farm
Management
Action

Buying seeds
Seed variety
Land size and
allocation
Labour size
When to clear land
Plowing
Harrowing
Nurse seeds
Transplanting
seedlings
Direct seeding
Sowing method e.g.
broadcast by hand or
machine.
Additional irrigation
Amount of water for
irrigation
Kind of Fertilizer to
buy

Decision

2%

36%
39%
44%

13%
16%
42%

7%
5%

61%
32%

5%
39%
66%
10%

5%
86%
89%
89%
58%
57%

48%
48%
48%
44%
44%
47%

58%
5%
3%
3%
3%
2%

Rainfall
Amount

79%
79%
10%

Rainfall
Distribution
77%
86%
57%

Rainfall
Onset

53%
68%
68%

2%

5%
3%

2%
-

2%
2%
2%

11%
73%
3%

Rainfall
Cessation

Table 3.2: Percentage of farmers in need of particular information for farm
Dam Water
Levels
2%

63%
60%

8%
8%

15%
2%
19%
15%

19%
52%
16%

Temperature
2%

2%
3%

15%
5%

2%
15%
16%

8%
69%
2%

Wind Speed
-

-

-

-

2%
8%
-

Wind
Direction
2%

-

3%

-

2%
10%
-

None Of
These
21%

11%
11%

8%
24%

10%
11%
13%

7%
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73%
74%
48%
68%
68%
32%
34%
37%
50%
52%
57%
57%

7%
5%
39%
5%
2%
2%
29%
26%
0%
0%
10%
16%

2%

7%

10%

10%

0%

2%

8%

15%

15%

5%

27%

29%

23%

66%

5%

5%

0%

0%

2%

5%

3%

2%

11%

10%

2%

5%

0%

0%

0%

0%

-

2%

2%

-

-

-

23%

66%

0%

0%

0%

0%

2%

-

-

-

-

-

0%

3%

29%

31%

3%

5%

45%

32%

29%

2%

10%

10%

0%

2%

39%

39%

5%

7%

66%

39%

40%

7%

10%

10%

Bolded values represent the information needed by the highest percentage of farmers for a specific
decision

Harvesting
and postharvest

Pest Control

Weed Control

First fertilizer
application
Second fertilizer
application
Type of weedicide to
apply
Timing of first weed
control
Timing of second
weed control
Timing of spraying
weedicide
Type of weed control
method (e.g. hand or
weedicide)
Type of pesticide to
buy
Timing of first pest
control
Timing of second
pest control
Start harvesting /
drying
Method of harvesting
to choose (e.g. by
hand or machine)
7%

13%

10%

10%

37%

37%

2%

3%

3%

21%

7%

8%
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These results were further confirmed during the evaluation workshop.
Farmers ranked rainfall distribution, temperature and dam water level ranking
most important followed by total rainfall amount and onset as fairly important
before cessation. Wind speed and direction were considered the least
important among all the information needs. Temperature and precipitation
patterns were found relevant by all farmers irrespective of geographical
location or type of farming except dam water level which was top on the list
of irrigating farmers (see Table 3.1 of supporting material). Farmers consider
the timing of information provision as essential for making decisions and
mobilizing resources for farming activities. When asked about which times
they would prefer to receive seasonal climate and hydrological (dam water
level) information, 74% preferred 1-month lead time, 24% preferred 2 months
and only 2% preferred 4 months lead time. Of the 42 rice farmers (IO and B)
who required hydrological information, 67% preferred a month lead time and
33% preferred a 2 months’ time lead.
3.4.2 Forecast Evaluation
Following the needs assessment, the skill assessment of the ECMWF-S4
climate forecast was performed on three different lead times i.e. 0, 1 and 2
months. Rainfall, minimum and maximum temperature were evaluated by
validating forecast with observation to determine their performance in the
study area.
3.4.2.1 Rainfall Verification
Analysis of rainfall forecasts showed a general mixture of wet and dry biases
(-2 mm/day to 1 mm/day) (see figure B3 of the supplementary document). In
most cases, however, rainfall was underestimated (dry bias) except for the
upper west region where JJA (June, July, August; peak monsoon season) for
all lead times and SON (September, October, November; monsoon cessation)
(lead time 0) showed some spread of overestimation (wet bias) of rainfall
which decreases with lead time. Dry bias was high in MAM (March, April
May; monsoon onset) (irrespective of lead time) compared to SON and then
JJA. Wet bias was found largely in the western part of the Northern Region
and Upper West region for JJA for all lead times and in Upper West region
only for SON lead time 0. Change in bias with respect to forecast lead times
could be attributed to the existing influence of local features such as surface
topography (see also Ogutu et al., 2016) and for that reason the initial
conditions for which the model was run.
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For rainfall, there was a positive correlation (0.2≤ r ≤0.6) between forecasted
rainfall and observations (significance correlation most grids) for the entire
study area for all lead times of SON and JJA. MAM showed a mixture of
lower positive and negative (-0.3≤ r ≤0.2) correlation for a large part of
Northern region. Negative correlations were mostly found in the northern
region at lead time 0 and 1 and Upper East and north of West region at lead
time 2. SON showed the strongest correlation followed by JJA before MAM.
There is, however, no drastic change in correlation for each season per lead
time, except in the Northern region where MAM and SON showed low
correlation at an increasing lead time (see figure B4 of supporting document).
Summarizing results showed that rainfall forecasts are able to discriminate
between varying observations in large parts of the study area (Figure 3.2).
This is the case for all seasons except for the MAM period when the Northern
region (lead time 0 and 1) and Upper east region (lead time 2) exhibited poorer
skills. SON rainfall forecast is found to be more skilful than JJA. MAM only
showed patches of skills in the Upper East and West region (lead time 0 and
1) and for the northern region (lead time 2). Interestingly, while the skills of
the forecasted rainfall generally decrease with lead time in JJA and SON, it
gets slightly better with lead time in MAM.

Figure 3. 2: The generalized discrimination score for rainfall (JJA, MAM and
SON) ECMWF System4 forecasts against verifying observations from
WFDEI for 1981-2010.
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The year-to-year tercile performance of rainfall forecast for the entire study
area through the exploration of the observation position and the forecast
probabilities are shown in Figure 3.3. Tercile probability of 30% – 100%
dominated the entire 40 years’ period for all lead times. In general, SON
showed higher skills than the other seasons especially in the upper and lower
tercile of lead time 0 and also at the lower tercile of lead time 1 and 2. The
skills within the upper tercile of SON reduce slightly with lead time while the
rest differs with lead time. Below and above normal rainfall, forecasts are
generally more skilful than the climatological forecasts in all season, except
in MAM (lead time 1) and JJA (lead time 0 and 1) where lower and upper
tercile showed poor skills. Lower tercile exhibited comparatively higher skills
than upper tercile in all season MAM lead time 1.
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Figure 3.3: Yearly tercile plot of forecast rainfall (1981-2010) over entire Northern Ghana for MAM, JJA and
SON seasons. (Shades shows tercile probability, white dots indicate tercile of the observations for each
particular year and ROCSS is for the entire study area and for all years). Asteris indicate significant score at
95% level.
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3.4.2.2 Minimum Temperature Verification
Tmin forecasts showed a dominating cold bias (up to -2.8 C) for large areas
and for all seasons irrespective of lead time (See figure B5 of supporting
document). There were, however, spots of warm bias in north eastern part of
Northern region for JJA lead time 1 and 2 (stronger in lead time 2 than1).
MAM showed higher cold bias compared to SON and JJA. Each season
showed similar trends of cold biases irrespective of lead time.
Despite the recorded biases, forecast and observed Tmin showed a positive
correlation (0.4 ≤ r ≤ 0.6 dominating grid cells) in MAM, JJA and SON of
almost all areas of the study and for all lead times. The correlation in MAM
and SON forecasts is weaker in some grid cells but nearly constant in JJA
with lead time. SON showed some patches of poor correlation in the north
western and north eastern part of Northern region at lead time 2 and extreme
eastern part of upper west at lead time 1 and 2 (figure B6 of supporting
document). A significant correlation was observed in most grid cells in JJA
for all lead times. MAM also exhibited significant correlations in large part
of the study area except for the upper west region in lead time 2. A large part
of the Northern region exhibited a significant correlation for lead time 1 than
2 before 0. The results of the generalized discrimination score in Figure 3. 4
showed considerable skill in the Tmin forecast in almost all the study areas
and lead times. JJA is comparatively skilful than MAM and then SON. Spots
of poor skills at the western part of Upper West and south-eastern corner of
Northern region for all lead times were found in SON. The poor skill in these
areas, however, got poorer with lead time. Generally, the skill of the forecast
(Tmin) was nearly constant with increasing lead time.
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Figure 3.4: The generalized discrimination score for Minimum Temperature
(JJA, MAM and SON) ECMWF System4 forecasts against verifying
observations from WFDEI for 1981-2010.
3.4.2.3 Maximum Temperature Verification
Tmax showed a cold bias in all parts of the study area for all seasons and lead
times (see figure B7 of supporting document). SON showed higher cold bias
compared to JJA and MAM. For all the seasons, cold bias showed nearly a
constant change in bias with lead time. In spite of the dominating cold biases
across the study area (see figure B7 of supporting document), Tmax showed
skills across the study area for all seasons and lead times (Figure 3.5). Tmax
exhibited a strong relationship between its forecast and the observation in
most of Northern Ghana (see figure B8 of supporting document). The
relationship between Tmax forecast and observation was generally better in
MAM compared to JJA and before SON. It was however comparatively
weaker at lead time 1 of JJA and lead time 1 and 2 of SON. The correlation,
therefore, reduced with lead time for all seasons but not consistently. MAM
and SON at lead time 0 showed a significant correlation in all parts of the
study area. However, SON (lead time 1 and 2) showed no statistically
significant correlation. Few grid cells in the northern region showed
significant correlation for all lead times in JJA and MAM lead time 1 and 2.
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Tmax showed extensive skills (MAM higher than JJA and then SON) across
the study area for all seasons and lead times (Figure 3.5). Nonetheless, spots
of poorer skills were seen at the southern part of Northern region in lead time
1 of SON and at the south and north of Northern region at lead time 2 of SON.
Tmax recorded a slight decrease in skills over lead times for MAM and SON
while JJA recorded a reduced skill from lead time 0 to 1 but an increase in
lead time 3.

Figure 3.5: The generalized discrimination score for Maximum
Temperature (JJA, MAM and SON) ECMWF System4 forecasts against
verifying observations from WFDEI for 1981-2010.
3.4.3 Accuracy and association of forecast and the
verifying observation
For all the studied variables (rainfall, minimum and maximum temperature),
bias is found in ECMWFS4. The model showed dry bias for rainfall (Prcp),
and cold bias for minimum temperature (Tmin) and maximum temperature
(Tmax) in large areas of the study region. While dry bias and cold bias
dominates rainfall and temperatures simulations respectively, the wet bias in
JJA rainfall is seen in the western part of the Northern and upper west region.
The existence of bias in the forecast may be due to the inability to accurately
simulate the mesoscale systems over West Africa (Afiesimama et al, 2006).
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Forecast lead time was observed to have little to no effect on the bias and in
most times the change was not consistent. Unlike Tmin and Tmax which
showed similar bias in all seasons, rainfall exhibited a unique bias in each
season. The reason could be differences in mechanisms associated with each
season and variation in local features such as vegetation and topography
(Indeje et al., 2000).
Despite the biases in the forecast, an overall strong correlation was found
between the forecast and observation. The correlation was however poor for
MAM Prcp in the Northern region, and north of Upper East and West region.
Tmin recorded the strongest correlation in all lead times of MAM and JJA.
Tmax, on the other hand, showed correlation in each season but slightly
reduce inconsistently with lead time. Prcp, Tmin and Tmax generally showed
some significant correlation in parts of the study area.
3.4.4 General performance of the forecast over the study area
Using the generalized discrimination score (Weigel & Mason, 2011), the
forecast was able to discriminate between varying observations and thus
skilful over large areas of Northern Ghana. Forecasted SON rainfall was more
skilful than JJA and MAM. Lower rainfall predictability skills found in MAM
could be due to the inability of ECMWF-S4 model to capture well local
features and processes. The skills of the forecasted rainfall were not severely
influenced by the lead time. The skills exhibited by both Tmin and Tmax were
homogeneous. For Tmin however, JJA exhibited slightly higher skill
compared to MAM and then SON. Tmax showed higher skill in MAM as
compared to JJA and then SON. Good skills in Prcp, Tmin and Tmax for all
seasons and lead times make ECMWF-S4 seasonal climate forecast
potentially able to meet the identified hydro-climatic information needs of
farmers. A summary of the skills according to season and lead time is showed
on Table B2 of supporting document.
3.5 Discussions
The main aim of this paper was to study rice farmers’ hydro-climatic
information needs in Northern Ghana and assessed the performance of
ECMWF-S4 seasonal climate forecast in meeting those needs. The study
provides better insight for understanding a demand driven climate
information services; farmers’ have critical seasonal hydro-climatic
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information needs and unequivocally requires this information within a
particular time period for adaptive decision making.
Results show that almost half of the farmers rely on their indigenous forecast
for their farm decision making. These forecasts are based on observation
matched with long time experiences. Also, Gwenzi et al. (2016), Roncoli et
al. (2002), and Zuma-Netshiukhwi et al. (2013) observed that farmers highly
depend on indigenous forecast for most farm decision making. Meanwhile,
some other farmers use climate information from the national meteorological
agency (GMET) and other private communication organizations such as
ESOKO. This result is consistent with existing reports on climate information
services in Ghana (ESOKO, 2016; Farm Radio International, 2014;
Gbetibouo et al., 2017), which state that climate information services are
gradually taking root in Ghana and has the potential to help farmers survive
adverse effects of climate variability and change. However, almost all farmers
find climate information from GMET and ESOKO unreliable and therefore
willing to access and use improved climate information from alternative
sources if available.
Located in an area with a constantly varying and changing climate, rice
farmers could potentially improve their production if they have accessible and
usable climate and water information. To do this, however, it is essential to
have good inventory of key farming decisions that are responsive to climate
and water information so that information generated forecast products can be
tailored to support their farming decisions (see also Stone & Meinke, (2006).
Also, engaging farmers in formulating these needs will increase their trust for
the forecast systems. We found that farmers’ information needs are linked
with specific farming decisions and stages of the growing season, which
makes the timing of providing information relevant. Key information needs
relate to rainfall and temperature (c.f. Iizumi & Ramankutty, 2015; Lambert,
2014)
Previous studies have shown how climate variability adversely affects yield
and farmers’ decision making and the challenges of providing accurate hydroclimatic information for adaptive decision making vis-à-vis seasonal timescale (Feleke, 2015; Hansen et al., 2009; Ouédraogo, Zougmoré et al., 2015).
For seasonal forecast, lead time of a month and beyond has previously been
a problem even for the best models limiting its usefulness for farmers
(Hansen, 2002). The performance of ECMWF-S4 was mostly independent of
season and lead times, which is promising for meeting farmers’ needs up to a
lead time of 2 months.
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This study uses seasonal average as a proxy to assess performance and discuss
the possibility of meeting farmers’ needs. Further study is needed to make
stronger claims on the predictability of each information need with ECMWFS4. For example, onset and cessation are expressed in calendar dates while
dam water level requires a hydrological method to determine its
predictability. Nonetheless, the existence of skill in the analysis showed
potentials in predicting the identified information needs. For instance, skills
in tercile predictability of above and below normal rainfall could provide
information on rainfall amount and seasonal flow of water to the irrigation
dam. Based on the results of the GDS and ROCSS analysis, Table B2 in
supporting document synthesizes these possibilities taking into account the
limitations 524 associated with the current analysis.
Generally, ECMWF-S4 is able to simulate well the inter-annual variability,
spatial patterns and structure of Prcp, Tmin and Tmax for all seasons at
different lead times except MAM in the northern region and north of upper
east and west region (figure B4, A6 and A8 of supporting document). This
has great implications since increasing rainfall variability results in higher
risk for farmers (Graef & Haigis, 2001; Ochieng et al., 2016). Rice farmers in
Northern Ghana already complain of loss of seeds at the beginning of the
raining season due to delay in rainfall onset and variability between March
and May (Ndamani & Watanabe, 2013). While GDS and ROCSS are
important attributes for assessing forecast skills, forecast with high
discriminative power may still be subject to systematic errors and may require
post-processing such as bias correction to become useful (Weigel et al., 2007;
Weigel & Mason, 2011). A bias of up to 2 mm/day and 2 to 3 degrees as
observed in Tmin and Tmax could adversely affect farm decisions. These
forecast biases could be attributed to the consequence of the intrinsic
limitations of the physical models related to parameterizations, equation
simplification and uncertainties in the initialization procedure (Doblas-Reyes
et al., 2013). Such biases could, however, be mitigated through the application
of bias correction techniques that are normally based on statistical methods
using antecedent series of forecasts and observations (Peng et al., 2014; Piani
et al., 2010; Weigel et al., 2007). However, studies have shown that bias
correcting ECMWF-S4 probabilistic forecast does not necessarily improve
forecast skill (Ogutu et al., 2017) but enhances the usability of the forecast by
improving the root-mean-square error (Barnston et al., 2015).
Finally, in this study, we have used an interdisciplinary approach by
combining a needs assessment with a forecast skill test, in order to assess the
potential for meaningful climate services for local-level decision support. The
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approach enabled a broader contextualisation of existing research on seasonal
climate forecast verification and farmers’ information needs which is often
done in isolation. In this way, we are able to move away from one directional
approach of looking at climate services to two directions where needs and
skills are clearly documented and synthesised. Our findings demonstrate the
value of linking climate forecasts to farm-level decision making. As such, this
study contributes to the need of better matching hydro-climatic information
services with needs of end-users and important calls to improve climate
services (Stiller-Reeve et al., 2015; Street, 2016; Vogel et al., 2017).
Following Stone & Meinke (2006), we showed that developing appropriate
interdisciplinary systems to connect forecast products with farm management
is needed if uptake of weather and climate information by farmers is to be
successful.
3.6 Conclusion
This paper has addressed key aspects of climate information services:
matching information needs and forecast performance. Results show
homogeneity in rice farmers’ hydro-climatic information needs although some
of these needs are ranked higher than others depending on the frequency of
use and farming type. Majority of farmers prefers to receive hydro-climatic
information within a month lead time for proper planning and decisionmaking. Our analysis concludes that this is possible. ECMWF-S4 possess
some skill for forecasting Prcp, Tmin and Tmax in Northern Ghana. The skill
varies per season and location but barely on forecast lead time, having
significant implications for meeting rice farmers’ information needs in
Northern Ghana with improved seasonal climate forecast at different lead
times. The ECMWF-S4 seasonal climate forecast, therefore, has the potential
to provide farmers with information that improves their farm decision making.
Yet, information services will require a careful introduction to increase trust
in using more tailored results from the forecast systems. Finally, we
recommend that due to the limitations of this study discussed in section 3,
further research is needed to make stronger claims especially on the
predictability of each information need with ECMWF-S4.
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Abstract
There are strong calls to integrate scientific and indigenous forecasts to help
farmers’ take actionable decision to adapt to climate variability and change.
Some studies have investigated indigenous people’s techniques for
forecasting weather and seasonal climate, yet little is known about the skills
or accuracy assessment of their forecasts. Here, we show how farmers use
indigenous ecological indicators (IEI) to make weather and seasonal climate
forecasts and how accurate these are compared to scientific forecasts using a
quantitative approach. Expert farmers in Northern Ghana were selected and
trained to send their daily rain forecast and record observed rainfall with
mobile apps and rain gauges respectively. Using participatory workshop we
identified and characterized the main IEIs for forecasting. Mental model was
used to establish the relationship between IEIs and phenomenon forecasted.
Results show that farmers have an established cognitive model of the
relationship between IEIs and phenomenon predicted and these relationships
are subject to modification over time due to environmental changes.
Indigenous forecasts are rationally generated; a skill that increases with age
and experience. On 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 was not much different, though
GMet was unable to predict rainfall cessation in all communities. We
conclude that knowledge possessed by local farmers can contribute to climate
science and policy development by offering observations and interpretation
at a much finer spatial scale with considerable temporal depth, and by
highlighting aspects that may be overlooked by climate scientists and
policymakers. This is especially so for rural communities where
meteorological observations are not available. Finally, the approach adopted
in this study empowered farmers and develop their capacity to become more
aware of the spatial and temporal variability in rainfall.

Submitted as:
Nyadzi, E., Werners, E. S., Biesbroek, R., & Ludwig, F. (under review).
Techniques and Skills of Indigenous Weather and Seasonal Climate Forecast in
Northern Ghana.
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4.1 Introduction
The weather and climate have a significant influence on crop growth,
development and yield as well as pests and diseases infestation, water needs
and fertilizer requirements (Doblas-Reyes et al., 2003). The variability of the
weather and climate is beyond human control. However, being able to
forecast the weather and seasonal climate accurately and timely help farmers
to adapt farm decisions from time immemorial (Banerjee et al., 2003)
Around the world, people use indigenous ecological knowledge (IEK) to
improve understanding of their living environment. They make regular
observations and match them with their experiences and historical knowledge
(Olsson et al., 2004; Orlove et al., 2010). The generality and applicability of
IEK have been studied across the globe ( Desbiez et al., 2004; Cabrera et al.,
2006;) and in Africa (Gray & Morant, 2003; Orlove et al., 2010). In this study,
we focused on the use of IEK for weather and seasonal climate forecast which
has been referred to by (Vervoort et., (2016) as indigenous forecast (IF).
Across the globe farmers still use IF today to adjust their farm practices or
diversify their production to respond to local climate variability (Eriksen et
al., 2005). Here, we define “indigenous” as native or local and “forecasting”
in its elementary form as a prediction of a future occurrence or condition.
Scientific advancements now make it possible to provide short and long-term
climate information services to support farmers’ decision-making. Several
studies showed that farmers use a combination of meteorological information
and indigenous knowledge in their weather and seasonal climate forecasting
decisions (B. Orlove et al., 2010; Roudier, Muller, D’Aquino, et al., 2014).
Although farmers use IEK for forecasting weather and seasonal climate
patterns, they are the first to also recognize the limitations in terms of
accuracy, timing, and reliability (Roncoli et al., 2002). Studies have also
shown that IEK 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
(IPCC, 2007; Nakashima et al., 2012). Only relatively few studies have
explored indigenous ecological knowledge in weather and seasonal climate
forecasting and even those that attempted did so qualitatively (Manyanhaire
& Chitura, 2015; Roncoli et al., 2002). Furthermore, among those who have
studied IF for agriculture production, very few have looked at the underlying
mechanism (techniques) for IF and particularly quantitative test skills in these
forecasts.
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In this study, we address the research question “How accurate are indigenous
forecasts of farmers and what are the underlying mechanisms behind farmers’
forecasting techniques?”. We define forecast technique as the ways in which
indigenous forecasting is carried out among local people using local
ecological indicators and forecast skills as a measure of accuracy of
prediction to an observation. We approach this question in two ways; first,
we capture farmers’ mental model of how IEIs are used to predict the daily
and seasonal rainfall. Secondly, we use binary or dichotomous forecast
verification measure to determine the skills in farmers’ rainfall forecast
compared with the Ghana Meteorological Agency (GMet) forecast. The
intention 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 of integrating
both systems for improved weather and climate information services. We
focus on rainfall because most communal areas in Northern Ghana practice
rain-fed subsistence agriculture (Manyanhaire and Chitura, 2015), and their
information need is 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).
4.2 Materials and Methods
A multi-stage approach (see figure 4.1) to identify indigenous ecological
indicators (IEI), semi-quantify the relationship between the identified IEIs
and the type of phenomenon forecast (rain amount and type, onset cessation
etc.) was used. This approach also allowed the quantification of skills (i.e.
accuracy) in farmers forecast.
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Figure 4.1: Methodological flow of the study
4.2.1 Data collection
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 selected from twelve different
communities in Kumbungu district in Northern, Ghana. The selected
communities and their locations are shown in Figure 4.2. These farmers
practised both irrigated and rainfed rice farming. Each farmer in this study
hypothetically represents a forecast system providing forecast and a
meteorological station recording observed rainfall for each community.
Therefore, although selecting many farmers in each community is not a bad
idea, one farmer for each community was representative enough for the
exercise. Moreover, we were introducing these farmers to smartphones and
mobile apps for the first time and selecting these number allowed us to
properly monitor and obtain detail insight into the process for future data
collection. The process of selecting these farmers was rigorous and they were
representative of farmers with good forecasting techniques and skills. The
selection was also based on experience in using indigenous forecast and
willingness to partake in the study.
Our initial inquiries show that not all farmers are good at forecasting using
indigenous ecological indicators (IEIs). Also, farmers were aware of those
good at forecasting in their communities and so, we agreed together who will
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be involved in the training and forecasting. Moreover, only few farmers were
known to have the technique and good skills for forecasting and so we did not
collect forecast using surveys from randomly selected farmers. We
purposively selected our expert farmers based on their forecast techniques
and skills. In general, local forecast experts are known for having this skill
(e.g. reading the stars or the direction of the wind) in their community. The
selection of these 12 expert farmers was rigorous in order to reduce risk and
generate quality data for our analysis. The selection process includes the
active involvement of members of the community, manager of the irrigation
scheme and extension officers during a workshop. It was clear that
community members were aware of who is good at forecasting in their
respective communities and so we decided together who will be involved in
the training and forecasting. In addition, during the meeting and before the
final selection we asked the pre-selected farmers how many rainfall events
could each farmer accurately predict out of 10 events. We selected those with
the highest numbers. All participants agreed to the selected farmers.
It is not new that Humans are able to forecast the weather and seasons using
IEIs since time immemorial. Weather and seasonal climate forecasting
models also provides forecast using what we called initial conditions such as
wind direction, surface pressure etc. It is also a fact that the IEIs used by
humans’ changes just as initials conditions used in forecasting models
change. Therefore, while differences exist in several aspects of both systems,
our focus for comparing both systems are based on the fact that they both
provide forecast of the same parameter. In this study, we did not consider
humans as weather stations in a literal sense. These expert farmers were given
rain gauges to record the rainfall in their community as an observation which
we compared to their own forecast for verification. Moreover, we agree that
there are several schools of thoughts on scientific reductionism. For those in
the field of development, this could be an issue that can affect results. Yet this
approach is valid for studies in the field in meteorology and climate
forecasting. For instance, one area that uses reductionism extensively is in
modelling, forecasting and understanding the weather. If a scientist designs a
computer program to model and predict weather patterns, they cannot
possibly include every single permutation of such a vast and complicated
system. Instead, they simplify many of the elements to allow the program to
work without losing accuracy. This was the case also in our study. We could
not have considered all other parameters of each farmer. A good reason to
select and work with expert farmers who have ample knowledge about
indigenous forecasting.
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Prior to the rainy season, two workshops (Plate B1-B6) were organized in
March 2017, to collect information about IEIs and train farmers. During the
first workshop, farmers were asked about their confidence in their own
forecasts, key IEIs were identified and collectively discussed among
participants, and key terminologies were explained (see Table C1 of the
supplementary document). A mental model was used to conceptualize the
degree of influence of each IEI on a phenomenon forecast. The developed
mental model was analysed using a matrix (Table C10 of the supplementary
document) in the mental model software (http://www.mentalmodeler.org/) to
define cumulative strength of connections between elements of the system
(Gray et al., 2013; Özesmi & Özesmi, 2004). The second workshop aimed at
training farmers in two key areas; (i) how to use an android based mobile app
to record 24 hours forecasts (see Plate C3) and (ii) How to record observed
rainfall using a simple rain gauge. We recognized that timing is very crucial
for the data recordings. Therefore, we followed similar timing just as GMet.
Rainfall observed are recorded at 9 am against the previous day, and forecast
at 6 am for the next 24hours. To ensure farmers stick to this schedule, we set
alarms on their mobile phones to remind them on a daily basis. After the
training, trial exercises were carried out with the mobile app and rain gauges.
The seasonal climate forecasts for the year 2017 were also collected from
each farmer during this workshop. We chose to use a mobile phone
application for collecting farmers’ forecasts for two main reasons; first, to
monitor forecast by date, time and location. Secondly, to appreciate how
farmers with low literacy levels interact with ICT based tools for future
information exchange.
Farmers’ weather (24hrs) forecast and observation data for 214 days were
collected from April – October (2017) using the Sapelli mobile app (Stevens,
Vitos, Altenbuchner, et al., 2013). Weather and seasonal climate forecast data
for the same period was acquired from the Ghana Meteorological Agency
(GMet). At the end of the data collection period, a third reflection workshop
was organized to evaluate the process and discuss preliminary results,
challenges and prospects for future hydro-climatic information services.
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Figure 4.2: 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).
4.2.2 Data analysis
Data were analysed in three main ways. First, the grid function of the mental
modeller was used to analyse the relationship (probability of influence) that
each IEI had with a predicted phenomenon. Second, 214 days of
observational and forecast data from 12 farmers and GMet was used for the
statistical analysis. We analysed spatiotemporal variations (monthly, seasonal
and annual totals) in GMet and farmers’ observed rainfall data using excel
2016 version. Also, we evaluated the skills (accuracy) in predicting rain
(Yes/No) and the types of rain (low, medium and high rainfall) using a
dichotomous forecast verification method based on the recommendations of
the World Meteorological Organization and widely used by meteorologist to
evaluate forecast (Mason, 2003; Mariani et al., 2007; Bumke et al., 2012;
WMO, 2014; Fekri & Yau, 2016). A 2×2 contingency matrix was generated
using a pivot table in excel 2016 version. The pivot table was used to evaluate
the sequence of the binary forecasts as a performance measure to determine
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the number of (a) hits, (b) false alarms, (c) misses, and (d) correct rejections
(Hogan and Mason, 2012). 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 GMet forecast
against each of the community’s observation. We also compared GMet and
farmers forecast skills. We did this despite existing differences in location of
rain gauges and spatial variation of rainfall because comparing the skills and
not the method of forecast generation is still meaningful. However, it is worth
noting that the performance of farmers forecast is an average of 12 farmers
compared to GMet forecast though generated from multiple forecast models
but from one source. Third, the reliability and usability of IEIs collected for
the season were analysed in addition to forecasting certainty expressed as sure
for high, so sure for higher and very sure for highest certainty. 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 presented
in Table 4.1. Second, from the empirical data collected from the mobile app
with a working definition of the number of times an IEI gave an accurate
prediction out of the number of times it was used within the study period, all
expressed in percentage. Details of the mental model, binary forecast
verification and Sapelli are described in items B1, B2 and B3 of the
supplementary document.
4.3 Results
4.3.1 Farmers’ techniques and use of indigenous ecological indicators for
forecasting
Findings from the workshops show that farmers in Northern Ghana use both
indigenous forecasts (IF) and scientific forecast (SF), but give preference to
IF because of its reliability for farm decision-making. They find their own
indigenous weather forecast more reliable than their seasonal forecast.
Farmers unanimously expressed much difficulty in predicting seasonal events
than daily weather events, stating that indigenous ecological indicators (IEIs),
are often not clear enough for long-term predictions. However, at the
workshop, nine farmers claim they could forecast accurately 5 out of 10 times
seasonal events such as onset, cessation and wetter/dryer/normal season.
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Uncertainties in their own seasonal climate forecasts force farmers to
complementarily use SF in addition to their IF. Farmers also recognize the
difficulties in making IF in recent years because of continuous environmental
changes.
Results show that farmers rely on a number of 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 (such as sun and
moon). These 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 3). The presence of observable changes
in IEIs generally indicates the occurrence of a particular event while their
absence indicates the non-occurrence, except in some situations. For example,
IEIs such as rainbow in the sky, lepisiota ant (Lepisiota capensis) carrying its
eggs from uphill to 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 varies due to rapid environmental changes (Table 4.1).
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, which is purported to
be a divine gift, rather than from using IEIs. These individuals consult deity
for rains when their communities are experiencing long term dry periods. For
these reasons and the fact that their predictions are not rationale, such
individuals were not included in our study.
Different IEIs are used to predict different weather and seasonal climate
events, as well as their severity. The occurrence or presence of each IEI
signals 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 (see Table C1 for definition
of low, medium and high rainfall). The other IEIs have varying probability
with the type of rain to expect. The appearance of all the IEIs has different
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degrees of relationship with 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 the 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 C4 and Table C10 of the supplementary
document). Results show that a large number of the same IEIs are used for
both weather and seasonal predictions, depending on the signals they exhibit.
However, IEIs such as 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.
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**
**

Wind (pohim)
Frog (pololi)
Birds
(alacheyu)

**

**

Cow (naƒnya)

Hot weather
(walgu be-ni)

**

**

***

***

***

***

***

Reliability

Fog (paƒli)

Earthworm
(sambarigu)
Clouds
(sagbona)
Duck
(gbinyaƒu)
Caterpillars
(zunzuya)
Butterfly
(kahinpie)

Ecological
indicator
(local names)

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.

Loud singing of coucal bird (Centropus sinensis) is an indication of rains in the next few days.

WEATHER FORECAST
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

Possible signs and their interpretation

Table 4.1: Interpretations and reliability (based on farmers’ perception) of indigenous ecological indicators for
weather/seasonal climate forecast
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*

Sun (wuntana)

**

Moon

A large number of migrating butterflies (Amblyscirtes) signal onset and a season with good rains.

***

**

Baobab tree (adansonia digitata) begins to flower and generates new leaves signify rainfall onset.
The more the flowers the season is predicted to be wetter than normal.

***

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.

The high temperature that causes profuse sweating in March is an indication of onset in few weeks.

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.
SEASONAL FORECAST
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.

***

***

***

Ants
(salinsahi)

Clouds
(sagbona)
Duck
(gbinyaƒu)
Hot weather
(walgu be-ni)
Baobab tree
(tuhi)
Butterfly
(kahinpie)

*

*

*

Moon (Goli)

Mosquitoes
(duunsi)
Soil (tankpari)

**

Ants
(salinsahi)
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**

**

**

**

Birds
(alacheyu)

Cow (naƒnya)

Reptiles
(tiŋvura)

Dogs

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

*

Stars

*

*

**

**

Lightning

Frog
(pololi)
Sun
(wuntana)
Mosquitoes
(duunsi)

**

(Goli)
Wind (pohim)
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4.3.2 Skills of Farmers and GMet Rainfall weather forecast
Farmers’ observational data show rainfall patterns that begin to build up in
April, peaks 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
April-May (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 vary from one community to the
other (Figure C1). The total annual rainfall ranged from 492 mm in Saakuba
to 1563 mm in Kushibo. Total rainfall amount recorded in Kushibo was
43.9% more than the average annual rainfall of 1000 mm observed by Owusu
& Waylen (2009) for the study area. Gbulun and Kukuo showed the same
rainfall amount of 1243 mm representing the second highest rainfall total. The
study area is characterized by high records of low rainfall days compared to
medium and then high rainfall. The total number of rainy days ranged from
22 in Tibung to 49 days in Zangbalun. GMet recorded high number of
observed rainy days over the study area compared to what each farmer
recorded (see Table C3 of supporting document). The difference in rainy days
was largely associated with 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 in this
research. Also, this could be due to the number of farmers’ rain gauges (12)
compared to one GMet rain gauge and the spatial variation between them,
thus reflecting the strong spatial variability in rainfall in even very small
areas.
Results of farmers and GMet weather forecast performance within the study
area show that, for the seven months period, farmers’ performed at an average
of 30% while GMet performed at 34% (performance hereafter means hit rate
or number of rain events accurately predicted). The average performance of
GMet in each community was 32%. Meanwhile, within 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 average of 30%. GMet
forecast outperformed farmers forecast in most communities except Dalun,
Zangbalun and Gbugli where farmers forecast performed at 3%, 25%, and
14% more (see Table C3 and B4 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. Farmers recorded
many correct rejections (No rain/No rain). Results also showed that the
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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 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 C3 and B4 of supporting documents).
Out of 214 observational data for the 7 months’ period under study, GMet
and farmers’ forecast 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 C5 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 C6 of the supplementary
document).
4.3.3 Reliability and usability of IEIs used by farmers for rainfall weather
forecast
Figure 4.3 shows how often the indicators were used during the study period
and how reliable they were. Here, usability is the number of times an IEI has
been used per the seven month period 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 period, all expressed in percentage. Results of
reliability presented in Figure 4.3 is empirically determined compared to what
is obtained from farmers’ perception presented in Table 4.1. Reliability here
is the number of times an IEI gave an accurate prediction out of the number
of times it was used within the seven month study period, all expressed in
percentage. Results show that on the 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). Details of descriptive statistics of this analysis are shown in Table
C11 of the supplementary document. Generally, results of empirical analysis
in Figure 4.3 show that butterflies (Amblyscirtes), mosquitoes (Culicidae),
bird sound, caterpillars (Larva) and moon, were five most reliable IEIs during
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the study period. Butterflies (Amblyscirtes) and soil appearance were the
most reliable (45.5%) and least reliable (7.7%) IEI used respectively.
However, according to the farmers, during the evaluation workshop, the
appearance of butterflies (Amblyscirtes) is becoming rare in the area, thus it
the least used IEI. Meanwhile, hot weather is the most used (138 times,
20.2%) IEI in the study area followed by clouds appearance (118 times,
17.4%).

Figure 4.3: Reliability and Usability of indigenous Ecological indicators for
predicting Yes/No Rain
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 is the most used
IEI for forecasting low rains while cloud formation is mostly utilized for
medium and high rains (see figure C2 of the supplementary document).
Results show that farmers’ certainty does not significantly correlate with
forecast performance. No consistent trend was observed in their expression
of certainty. In most cases, they miss the rains even at higher certainty and hit
at a lower certainty (see table C7 and B8 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
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in my village only for the rain to rather fall in a neighbouring village”, this
justification was unanimously supported by all farmers.
4.3.4 Farmers and GMet forecasting skills at the seasonal timescale
Prior to the rainfall season, GMet provided a seasonal forecast for the period
of April to October 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
1090-1360 mm and the mean cessation date was forecasted to be the end of
October (GMet, 2017). Prior to the season and during the second workshop,
farmers forecasted rainfall amount, onset and cessation using various
ecological IEIs listed in Table C9 of the supplementary document. They did
not use IEIs for rainfall cessation because there were no clear signs. Instead,
they relied on their experience. 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 its own 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 predicted the near-normal
rainfall of their communities right while only 9% predicted the observed
above normal rainfall right. The other 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 C9 for details).
4.4 Discussions
This study aimed to show for the first time, the techniques and skills
(accuracy) of indigenous forecast (IF) in semi-quantitative and quantitative
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terms. It elaborated on how IF are generated by local farmers in northern
Ghana and established a communal model of the relationship (semiquantitatively) between indigenous ecological indicators (IEI) used and the
phenomenon forecasted at both daily and seasonal timescale. It also evaluated
skills (quantitatively) in IF compared with the Ghana Meteorological Agency
(GMet).
Results of the forecast evaluation showed 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 are able to get 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 predicting skills which stems from the
ability to accurately observe and interpret IEIs per one’s experience. The
second could be attributed to farmers losing interest in the data collection
process and thus do not make a critical observation of IEIs before forecasting
although monthly 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 way of motivation. The third reason for the differences in the prediction
skills of the farmers at the weather time scale could be attributed 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.
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 IEI strongly influenced farmers’
predictions. Farmers’ perception of the most reliable indicators was different
from the results of empirical analysis. For instance, for 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
125

Chapter 4

(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). However, these differences could also be
caused by seasonal differences.
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 of how IF is made is not
only intuitive but also based on a rational skill which can be learned and
passed on from one generation to the next. Established communal mental
models are modified over time depending on observable environmental
changes. The value of IEIs in developing forecasting tools is critical. Careful
examination of the relationship between these IEIs and predicted weather and
seasonal climate events are useful for developing integrated forecast models
that use IEIs in combination with initial conditions of the atmosphere (wind
direction and atmospheric pressure etc.) for forecasting local weather and
seasonal climate conditions (see Andrade & Gosling, 2011). Also, IEIs could
be used as a starting hypothesis for building local predictive models
developed with historical observation for local communities (Waiswa et al.,
2007). Once the probability of occurrence of an IF is determined, this could
be integrated with scientific forecast (SF) using their probabilities.
We acknowledge the limitations of using data from only a single wet season.
This did not allow for inter-annual variability assessment. Moreover, the
number of farmers in each community should be increased to analyse within
and between community variation of results. However, results show that
pattern of monthly and seasonal rainfall recorded by farmers are similar to
those measured with meteorological instruments in Northern Ghana by GMet
and other studies such as Lacombe et al., (2012) and Manzanas et al., (2014).
This provides confidence about the quality of farmers’ observations. The
frequency (rainy days) and amount of rainfall, however, differ significantly
among farmers and between farmers and GMet. In addition, we recognise the
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differences in GMet and farmers forecast as an indication of the distances
between rain gauges and strong rainfall variability even over small areas. It is
common knowledge how it rains in one place but does not rain at a nearby
location. However, a comparison of forecasts could be meaningful as the
forecast themselves could be compared irrespective of the variation and
method used to arrive at the forecast. Basically, it is a comparison of the skills
of the different forecast systems and we did this by taking the average of
farmers forecast skills as a representative of the entire area compared it to
GMet skills where the performance was almost the same. Moreover, on
occasions when GMet forecast was compared to the farmers’ observation, this
was aimed at establishing how spatial variation could affect forecast skills or
accuracy. This was done in order to make a case for every community having
rain gauges for recording rainfall and forecast must be issued at community
level instead of regional level as done now. For instance, GMet has a single
weather station with rain gauge that measures rainfall for a wider area, which
in most cases did not represent what is actually happening within the
communities making farmers prefer their own forecast to GMet. These
variations could have significant implication on impact studies that do not
take into account spatial variations in rainfall. There is, therefore, the need to
mount in each community additional rain gauges to record locally observed
rainfall, in order 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).
The result shows that knowledge possessed by local people can contribute to
climate science by offering observations and interpretation at a much finer
spatial scale with considerable temporal depth, and by highlighting aspects
(in this case indigenous ecological indicators) that may not be considered by
climate scientists (Mafongoya & Ajayi, 2017). 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). Finally, some
studies have already proposed the integration of indigenous and scientific
forecast to increase community resilience (Hiwasaki et al., 2015; Nyadzi et
al., 2018). While we found both forecasting systems in general to have similar
skills, there were some specific rainfall events that both forecasts disagree,
thus making integration both potentially useful especially in increasing
forecast accuracy and/or the trust of the forecast. Long term data sets need to
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be collected to understand the potential of integrating indigenous and
scientific forecasts under climate change.
4.5. Conclusion
Local people’s contribution to climate science can be vital but is typically
overlooked. In this study, we have illustrated the accuracy of indigenous
forecasts (IF) generated by farmers and provided insight into the underlying
mechanisms behind farmers’ forecasting techniques. We observed that in
addition to farmers using historical patterns of the rains as a basis for IF, they
also use different indigenous ecological indicators (IEIs) for local rain
forecast through an established mental model of how these IEI influence the
occurrence of different weather and seasonal climate events. They generate
IF by observing the presence or absence of IEIs which signals the occurrence
or non-occurrence of a particular event at both daily and seasonal time scale.
Therefore, IF are not intuitive but a skill rationally developed which improved
with age and experience. Also, farmers’ perception of reliability of IEIs and
skills are different from observational analyses and therefore care should be
taken when making a conclusion based on perception studies only. However,
farmers and GMet showed similar skills in their forecast; correctly predicting
one out of every three daily rainfall occurrences. We conclude that farmers
can contribute to climate science by offering their local expertise as well as
collect community-level weather and climate information and data that is
beneficial to developing climate services and climate change adaptation
practices.
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Abstract
Extreme weather events and climate change are affecting the livelihoods of
farmers across the world. Accessible and actionable weather and seasonal
climate information can be used as an adaptation tool to support farmers to
take adaptive farming decisions. There are increasing calls to integrate
scientific forecasts with indigenous forecasts to improve weather and
seasonal climate information at local scale. In Northern Ghana, farmers
complain about the quality of scientific forecast information thereby
depending on their own indigenous forecast for taking adaptive decisions. To
improve this, we developed an integrated probability forecast (IPF) method
to combine scientific and indigenous forecast into a single forecast and tested
its reliability using binary forecast verification method as a proof of concept.
We also evaluated the acceptability of IPF by farmers by computing an index
from multiple-response questions including a good internal consistency
check. Results show that, for reliability, IPF performed on average better than
indigenous and scientific forecast at a daily timescale. For the seasonal
timescale, indigenous forecast overall performed better followed by IPF and
then scientific forecast. However, IPF has far greater acceptability potential.
About 93% of farmers prefer the IPF method as this provides a reliable
forecast, requires less time and at the same time helps to deal with
contradicting forecast information. Results also show that farmers already use
insights from both forecasts (complementary) to make farming decisions.
However, their complementary method does not resolve the issues of
contradicting forecast information. We conclude based on our proof of
concept that integrating indigenous and scientific forecast has high
acceptability and can potentially increase forecast reliability and uptake.

Submitted as:
Nyadzi, E., Werners, E. S., Biesbroek, R., & Ludwig, F. (under review).
Towards Weather and Climate Services that Integrate Indigenous and
Scientific Forecast to Improve Forecast Reliability and Acceptability in
Ghana.
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5.1 Introduction
Farmers across the globe, particularly in Africa use weather and climate
information from indigenous and meteorological sources for risk-based
decisions (Mapfumo et al., 2015; Orlove et al., 2010; Roudier et al., 2014). In
Ghana, farmers often approach a season using indigenous forecast (IF) which
is built on past experiences, empirical observations of ecological indicators,
and traditional knowledge. Sometimes, they use IF in combination with
meteorological scientific forecast (SF) to adjust farm activities against
climate variability and change (Furman et al., 2011; Nyantakyi-Frimpong,
2013). However, both IF and SF have distinct weaknesses which pose
challenges for their use (Ziervogel & Opere, 2010).
First of all, Klopper and Landman, (2003) observed that end-users are often
confused about what decision to take when forecast information comes from
different sources, especially in cases where they produce contradicting
forecasts. Second, SF is often developed at a coarse spatial scale compared to
IF and therefore does not address farmers’ local needs (Orlove et al. 2010).
Third, policy makers and scientists often view IF with much scepticism as it
is qualitative and has a measure of spirituality that is absent in SF (Briggs &
Moyo, 2012; Kolawole et al., 2014; Saitabau, 2014). SFs, on the other hand,
are not always embraced by farmers due to the absence of a sense of
ownership and lack of trust in service providers. This reduces the uptake of
weather and climate information (Jiri et al., 2016).
Studies have indicated that forecast information is more acceptable when IF
and SF are integrated (Ziervogel & Opere, 2010; Gagnon & Berteaux, 2009).
Actionable information is often considered more credible, legitimate and
salient to farmers when it is embedded within the context of their existing
knowledge (Mafongoya, & Ajayi, 2017; Nyamekye et al., 2018). Moreover,
climate change offers challenges that can go beyond the experiences of
farmers and scientists (Huntington et al., 2004).
Therefore, finding a meeting point between the two forms of forecasts could
set the agenda for integration (Kolawole et al. 2014). Such integration should
ideally go beyond the individual outcomes of scientific and indigenous
forecasts. Mafongoya and Ajayi (2017) suggest the need for policies and
actions that promote knowledge co-production through collective efforts of
indigenous people, natural and social scientists (Lemos et al., 2018).
However, the question that remains is how IF and SF can be integrated whilst
respecting the different norms and values. Therefore, this study investigated
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two objectives: 1) The potential to integrate IF and SF and 2) The
acceptability of a combined forecast, from the receivers’ point of view.
This study is a proof of concept that aimed at demonstrating how to
quantitatively integrate IF and SF to improve the reliability and acceptability
of forecast information by farmers in Ghana. To achieve this, the strengths
and weaknesses of existing integration methods were first reviewed and
analysed in section 2. Section 3 captures the details of the methods adopted
for the study. Section 4 presents the results of the reliability and acceptability
of the integrated probability forecast (IPF) method proposed. The article ends
with a reflection on the findings and the actionability of IPF to support
farmers’ daily and seasonal decision making in section 5.
5.2 Literature review and conceptual framework
The idea of improving forecast accuracy by integrating forecast from multiple
models is certainly not new (Clemen, 1989), but there is substantive room for
improvement to make climate information actionable for farmers. For
example, Zou & Yang (2004) and Wei (2009) suggested time series analysis
combined with multiple regression. Adhikari and Agrawal, (2012) also used
a weighted nonlinear mechanism for combining forecasts from multiple time
series models. Andersson & Karlsson (2008) and Raftery et al. (2005)
proposed Bayesian combinations. Others discussed the possibility of
averaging the probabilities of individual forecasts (Ranjan & Gneiting, 2010).
Klopper and Landman (2003) created a single probability forecast by
combining different model outputs and concluded that the method
consistently delivers a more skilful forecast than any individual model on its
own.
Recent studies on integrating scientific forecast (SF) with indigenous forecast
(IF) can be divided into consensus methods and science integration methods
(Plotz et al., 2017). The consensus methods refer to the subjective ways of
establishing agreement on the most convincing forecast information. Methods
include meetings of experts from the indigenous and scientific community to
discuss their forecasts to develop an agreed forecast for the coming season
(Ziervogel and Opere 2010; Guthiga & Newsham, 2011; Mahoo et al., 2015).
The science integration method refers to ways that objectively combine
forecasts into single source of information using systematically established
scientific techniques. For example, combining IF with statistical or dynamical
weather or climate model outcomes (Andrade & Gosling, 2011; Chand et al.,
2014; Masinde, 2015; Mwagha & Masinde, 2015; Waiswa et al., 2007).
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However, consensus and scientific integration methods have some
challenges; the consensus method causes delay since neither group would be
able to produce a combined forecast in the absence of the other. Also, the
combined forecast cannot always be replicated as there are no clear rules or
processes involved. In addition, the consensus method is time and cost
intensive due to the need for regular and meetings. The science integration
method, however, requires large amount of data to develop and verify
predictive models, and it is less flexible with regards to cultural sensitivity.
The science integration method is also limited in its engagement with farmers.
Farmers are only engaged during the time of the initial data gathering required
to develop the predictive model. Subsequent activities including data
interpretation and analysis are done only by the researchers, limiting the idea
and value of co-production. Moreover, rapid environmental changes have the
potential to impact the future effectiveness of the science integrated method
since farmers are no more involved once predictive models are built (Plotz et
al., 2017). The consensus and scientific integration methods do not actually
integrate IF and SF into an objective single forecast. Climate information
from the science integration methods, for example, is only based on
historically observed data from stations with IF serving as a driving
hypothesis for trends. Consensus methods are also based on the subjectivity
of experts.
Given the limitations of the two groups of methods discussed above, a new
method called the integrated probability forecast (IPF) method is proposed.
This method is inspired by the approach of Klopper and Landman (2003) who
used a simple unweighted average of forecast probability to combine
scientific forecast from different forecast models. The difference with the IPF
method is that it used a weighted average technique and combines the strength
of both consensus and science integration methods. This paper referred to the
IPF method as one that seeks to generate the probability of IF and
quantitatively combines that with the probability of SF using simple weighted
average techniques. The IPF method integrates SF and IF using their forecast
probabilities. Unlike IF, weather and seasonal climate forecasts from SF
systems are produced with their probabilities. Yet to integrate IF and SF at
daily and seasonal time scale, there is a need to estimate the probabilities for
IF. The probabilities of IF were calculated based on the number of people
forecasting ‘Yes rain’ for the weather, and near-normal rainfall, above and
below for seasonal climate forecast [near-normal rainfall (740-1230 mm) is
the average rainfall value for over a 30-year period]. Rainfall for each season
or year may very often be either above, below or near the normal. The
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calculated probability of IF is combined with that of SF to form the IPF (see
section 5.3.4.1 for details of the proposed method). The IPF requires expert
indigenous forecasters just as in the consensus method, but unlike the
consensus method, it does not require regular (in)formal meetings to agree on
a forecast. IF from several expert forecasters (farmers) is collected at a
particular time, out of which the probability is estimated based on the number
of experts that forecast events and those that forecast otherwise.
Reliability and acceptability of integrated probability method
To assess the actionability of the integrated probability forecast (IPF) method,
a reliability and acceptability check is necessary (Whitford et al. 2012;
Friedman and Wyatt 2005). In this study, the reliability of the IPF method is
defined as being able to produce information that performs better than those
available, in this case, either the scientific or indigenous forecast. According
to Ziegel, (2004), reliability is a concept that is used to determine the
performance of a thing, for example a forecast, in order to measure its quality.
The acceptability of IPF to end-users and researchers partly depends on its
reliability. Acceptance is regarded as a significant factor in determining
success or failure of any innovation, particularly information systems (Gould,
et al., 1991; Nickerson, 1981). Acceptability can be defined as a demonstrable
willingness of an individual or group to trust and use forecast information
(Dillon & Morris, 1996). Dillon and Morris (1996) report that the likelihood
of actual usage could deviate slightly from intended usage, but the essence of
acceptance theory is that such deviations are not significant.
5.3 Research Methodology
This section introduces the case region and discusses the methodology used.
5.3.1 Study area
To test the IPF method, the Kumbungu district in the northern region of
Ghana located in the guinea savannah ecological zone was selected. Given
previous engagement in this region by the research team, the researchers were
able to use existing data and resources, as well as the engagement of farmers
in the study area.
The region is characterised by lowland and grassland (Abdul-Razak & Kruse,
2017b). The district has a unimodal rainfall pattern which begins from May,
peaks in July to September, and ends in October with the rest of the year being
136

Weather and climate services that integrate indigenous and scientific forecast

dry (GSS, 2014). The district is generally warm with fluctuating mean
monthly minimum and maximum temperatures of 26.6 °C and 35.6 °C the
annual temperature is 29.7 °C and an average annual rainfall of about 1043
mm (SARI, 2016). The district like many others in the region is challenged
by the impacts of climate variability and change, such as recurring floods and
drought (F. A. Asante & Amuakwa-Mensah, 2015). The region is highly
vulnerable (both ecologically and socially) to climate change, a situation
which is intensified by other biophysical and human-related issues such as
overgrazing, deforestation, and human-induced bush fires (Stanturf et al.,
2015). The people of the study area belong to the Dagbani ethnic group with
agriculture as their main economic activity. Agriculture activities are
predominantly rain-fed and therefore seasonal with only a few people
engaged in dry season irrigation farming in schemes such as Bontanga
(Emmanuel Nyadzi, 2016). About 95% of households in the district are
engaged in agriculture with almost 98% involved in crop farming and poultry
(chicken) production as the most dominant animal reared (GSS, 2014).
To answer the research questions, the study used multiple methods using
primary and secondary data (see Figure 5.1).

Figure 5.1: Methodological flow of the study
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5.3.2 Population and selection of sample
To assess the acceptability of integrated probability forecast (IPF), a stratified
random sampling technique was used. A total of 108 rice farmers from 12
different communities (Figure 5.2) were selected for interviews. Using this
method allowed us to identify sub-groupings of farmers: 1) irrigated rice
farmers, 2) rain-fed rice farmers, and 3) both irrigated and rain-fed rice
farmers. It was assumed that different types of farming practices will require
different types of climate information and so acceptability of IPF might differ.
The study focused on rice farmers because of the high demand for rice in the
area and the country at large. Yet rice production is crippled by climate
variability and water unavailability challenges (Kranjac-Berisavljevic’ et al.,
2003). In each of the 12 communities, 9 farmers were randomly selected; 3
irrigation farmers, 3 rain-fed farmers, and 3 both irrigation and rain-fed
farmers. The sampled population included male (72%) and female (28%)
farmers (see Table D1). In addition to the interviews, a feedback workshop
was organised with 12 participating rice farmers (one farmer from each
community) engaged in both rain-fed and irrigated rice production.
To assess the reliability of IPF, IF data was collected from 12 expert farmers,
all males above 45 years of age from 12 different communities within the
study area (Figure 5.2). There was no intention to focus on only males but this
emerged due to the local practice. The sampling method adopted concentrated
on selecting the best and most trusted forecasters in the community. Farmers
above the age of 45 were selected because they have at least 30 years of
farming experience to guarantee their knowledge about how the climate has
changed and rainfall become variable over the years in their communities. A
rigorous process was adopted to select farmers with good forecasting
techniques and skills in order to obtain quality data for the analysis. Initial
inquiries showed that not all farmers are good at using indigenous ecological
indicators (IEIs) for forecasting. Therefore, the selection process actively
involved the community members, irrigation manager and an extension
officer.
In each community, members have knowledge of who is good at forecasting
therefore both researchers and farmers decided on who to involve in the
trainings and forecasting. During the meetings and before the final selection
the pre-selected farmers were asked to indicate how many rainfall events
could each accurately predict out of 10 events. Those with the highest
numbers were selected and all participants agreed to the selected expert
farmers. The selected farmers were introduced to smartphones and mobile
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apps for the first time. Only a few farmers were selected in order to monitor
and obtain detail insight into the process for forecast data collection. This
allowed the collection of quality forecast data for analysis. Farmers were also
trained on how to record daily observed rainfall with tailor-made rain gauges.
In a previous comparative analysis of observed rainfall, farmers and Ghana
meteorological agency (GMet) show similar rainfall pattern of the seasons,
increasing our confidence in farmers' data. Also, by involving the community
in the selection process and considering their interest as well as confirming
who should be involved in the study, one can be certain that forecast
information would be trusted by all. Moreover, the expert farmers already
mentioned that through this study they have become a source of forecast
information for other farmers in their respective communities. The expert
farmers have somehow become formally recognised for their expertise
thereby increasing the number of people who consult them regularly for
forecast information. Roncoli et al., (2009) similarly opined the value of
promoting local ownership and generating trust when users of climate
information are involved in the production and dissemination.

Figure 5.2: Map of the study area positioned in Ghana. The red triangles show
the location of farmers and their respective selected communities (Nyadzi et
al., 2019).
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5.3.3 Research instruments and data collection
The study used three main types of data; (i) indigenous and scientific forecast
data (ii) interview data (iii) feedback and discussion workshop data. (i) The
indigenous forecast data was collected from 12 expert farmers who sent their
daily predictions (in 2017) through smart mobile phones with apps and their
seasonal predictions collected at a workshop in 2017 and 2018 (See section
3.3.1 for details on the mobile app). The scientific forecast data at both daily
and seasonal timescale were obtained from the Ghana Meteorological
Agency. (ii) Interview data from 108 farmers were collected in 2018 and (iii)
Feedback and discussion data were gathered during workshops in 2018. Each
of these data sets were used for specific analysis. For instance, the indigenous
and scientific daily and seasonal forecast data were used for the integration
and testing of the IPF method. The interview data were used to evaluate the
acceptability of IPF. The workshop data was used to evaluate the preliminary
results of the interviews and indigenous forecast collected. In addition, the
workshop also provided the opportunity to enhance the discussion of why the
IPF method is most preferred by farmers.
In a previous case study in the region, the researchers studied the various
ecological indicators farmers use for forecasting and assigned to them
scientific names. During one of the workshops, the researchers defined and
explained the technical terminologies assigned to what farmers already know
using simple illustrations they relate to. For example, researchers and farmers
together agreed on Low rainfall (0.1 -19mm/day) as rain that starts from
drizzling to rains that do not wet the soil to capacity. Medium rains (19 37mm/day) are rains that wet the soil to capacity and high or heavy rains (>
37mm/day) as rains that gathers water in farms and sometimes makes crops
fail. The rainfall values were obtained from Lacombe et al., (2012). Above
normal seasonal rainfall was explained as when the season has more rains
than often observed and is much wetter than normal (mostly with higher
yield). Below normal was explained as when the season will have less rain
than observed or is much drier than normal (mostly with lower yield), Near
Normal is when the season will be as it often is (mostly average yield). Onset
was also explained as when the rain will start (when to start planting).
5.3.4 Ethical considerations
While there was no formal research ethical clearance required of us before
the data collection, we adopted an appropriate community entry procedure
seeking permission from chief and leaders of the communities. We gave prior
notice to the regional and district offices of the government. It was also vital
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to respect the opinions and rights of the indigenous people, be aware of local
laws, formal and informal governance arrangements in addition to
recognizing the diversity of indigenous people (perspective, religious,
culture, the language) between and within communities. This is essential for
the planning and executing the research and to a larger extent for reporting.
For instance, in our case, religion played a role in scheduling our activities.
The majority of the farmers were Muslims and do not farm on Fridays.
Therefore, we plan most activities on Fridays but outside praying hours. Also,
we did not schedule our workshops in the mornings because farmers prefer to
be on their farms.
5.3.4.1 Android mobile app (‘Sapelli’) and Rain Gauges
Indigenous rainfall forecast data was collected using the Sapelli mobile app
(see Figure D1). Sapelli is an open-source project that facilitates data
collection across language or literacy barriers through highly configurable
decision-tree of a pictorial icon-driven user interface. According to Stevens
et al., (2013), Sapelli has a powerful visualisation capability that allows usage
by people with low literacy. Users can select options by simply touching the
screen of the mobile device and do not have to read the text. The Sapelli
platform allows offline data collection, postponing data transmission to a later
stage and does not rely on internet connection. This function makes it possible
to use in areas where network connectivity is rare, unstable, slow or
expensive, and when users lack phone experience. Vitos et al., (2013) for
example, used Sapelli to support non-literate people to monitor poaching in
Congo. In our context, the app was coded to provide an interactive interface,
suitable for use by farmers with little or no technical knowledge and
education. The app was uploaded on smartphones distributed to the 12 expert
forecasters (rice farmers) to send their daily rainfall forecast. On the app, the
farmer is asked to first indicate whether in the next 24 hours there will be
“Yes rain” or “No rain”. If ‘Yes rain’ is selected, the farmer proceeds to the
next step where he indicates which type of rain: “low rain”, ‘medium rain’,
and ‘high (heavy) rain’. Thereafter a number of indigenous ecological
indicators (IEIs) such as ants, the moon, or earthworm are presented from
which the farmer selects the ones upon which the forecast is based. These IEIs
were mentioned by farmers themselves and collectively discussed in an
earlier workshop. After this, the farmer specifies the certainty of the forecast
by selecting ‘sure’, ‘very sure’ and ‘so sure’. The process ends by saving the
information unto the mobile phone. However, a farmer could skip a stage on
the app if he doesn’t want to respond which literally means no idea. We ruled
out the possibility of “I do not understand’ or ‘I am not comfortable
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answering”. This is because farmers were thoroughly trained to understand
each stage of the app and are willing to provide answers unless otherwise they
do not know what event to expect because of confusing IEIs.
The farmers also recorded daily rainfall observed in their communities using
the tailor-made rain gauges. These rain gauges were built from plastic water
bottles by researchers and farmers were trained on how to use it and how to
record rainfall.
5.3.4.2 Structured interviews
A structured interview guide was designed based on three core themes; (i)
Personal characteristics, (ii) Forecast sources and usage, (iii) Acceptability of
integrated forecast. See interview guide in table D2.
The interview guide was pilot-tested twice to ensure questions were
understandable and unambiguous. Each interview lasted for about 15 minutes
and was mainly administered in the local Dagbani language except for some
cases with literate farmers where the English language was used. In total 108
interviews were conducted. For each question, background information was
provided to ensure that farmers have a good understanding of the questions
in order to respond appropriately.
5.3.4.3 Feedback workshop
Following the preliminary analysis of the interview data, and the IF data
collected with sapelli mobile app, a feedback workshop was organised to
discuss and obtain further insight as well as validate (to reduce interpretation
bias) both results. The workshop also discussed how farmers are already using
IF and SF and whether they find IPF acceptable. It is worth noting that the
workshop was conducted in the Dagbani language and as such, all the
quotation used in this paper has been translated into scientific terminologies.
For example, a farmer may not say indigenous ecological indicators but rather
use expressions (such as ti bangsim kura) that imply the same.
5.3.5 Data analysis
Each dataset was handled in a way that it produced the intended purposes.
The indigenous and scientific forecast data were analysed on a daily and
seasonal timescale. Further, the daily forecast data were aggregated to
monthly to provide insights into the monthly variation. The interview data
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were also sorted and analysed to determine the acceptability of IPF. The
workshop data was used to validate the preliminary results of the interviews
and the indigenous forecast data collected. Details of the data analysis are
presented in section 5.3.5.1 and 5.3.5.2
5.3.5.1 Integrating forecast and testing reliability
Before the integration of IF, indigenous ecological indicators (IEIs) were
identified and farmers’ rainfall forecasting techniques were explored. Results
show that farmers base their forecast on observing and interpreting IEIs and
their long term personal experiences. Farmers ensure that there is ample
evidence to support their forecast and they do so by observing different IEIs.
For example, a farmer would not forecast “no rain” just because of the
disappearance of ants but would also refer to other possible indicators.
In addition to IEIs identification and the exploration of indigenous forecast
techniques, skills in farmers’ forecast were evaluated using a binary forecast
verification method to test the reliability of both forecasts. This method
analyses rainfall forecasts in the form of yes/no rain and uses the contingency
table to score hit rates against miss rates (Barnston, 1992; Ward & Folland,
2007). According to Hammer et al., (1996), using this method of forecast
verification is of practical value in the sense that forecast users often have to
make a yes/no decision to act on the information provided. Moreover, users
do not generally change their practices unless there is a significant shift in
probabilities away from random expectation. Integrating SF and IF at daily
and seasonal timescale followed the following two stages:
Stage 1: Constructing and Consolidating forecast probabilities for IF and
SF
While weather and seasonal climate forecast from SF are issued with the
likelihood of rainfall occurrence, IFs are not. The probabilities of daily IF
were calculated based on the number of expert farmers forecasting ‘Yes rain’.
For the seasonal time scale, the probabilities were calculated based on the
number of people who indicate above, below, and near-normal rainfall (see
table 5.1). The corresponding probabilities of occurrence constructed for IF
and SF were merged to form a combined forecast (IPF) using a simple
weighted average method. A demonstration of this at the seasonal timescale
is depicted in Table 5.1
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Table 5.1: Formulae for integrating IF and SF; the example of seasonal
climate forecast
Type
of Above normal
Below normal
Near-normal
forecast
Indigenous
Ai = An/T (%)
Bi= Bn /T (%)
Ni = Nn /T(%)
Forecast
(IF)
Scientific
As (%)
Bs(%)
Ns(%)
Forecast
(SF)
Integrated
 (%) =
 (%)
 (%)
 (%) (%)
 (%) +  (%)
 (%) +  (%)
Probability
=
=

Forecast
+
+
(IPF)
Where
A, B and N denotes above-normal, below-normal and near-normal rainfall
respectively.
T denotes the total number of people who provided an indigenous forecast only (T
for SF=1)
An, Bn and Nn denote the number of people who forecast category A, B and N
respectively.
Ai (%), Bi (%) and Ni (%) denote the probability of occurrence of the indigenous
forecast for category A, B and N respectively.
As (%), Bs (%) and Ns (%) denotes the probability of occurrence of the scientific
forecast for category A, B and N respectively
Ac (%), Bc (%) and Nc (%) denote the probability of occurrence of combine forecast
for category A, B and N respectively. These are the mean of each category for the
indigenous and scientific forecast.
α is the weighted value for IF and β is the weighted value of SF

Stage 2: Evaluating forecasts (IPF, IF and SF) against observation
To assess the reliability, each forecast (IPF, IF and SF) was compared with
observations. The percentage of hit rates for each forecast type were
calculated for a probability of ≤0.5 and >0.5. Using equation 1, a weighted
value estimated from the results of the skills assessment of IF and SF were
assigned to each probability. The values were of 0.3 and 0.34 hit rate for IF
and SF respectively. Also, this study hypothetically considered each farmer
as a kind of forecast model and their forecast techniques and skills adequately
evaluated. The weight assigned to each forecast addresses the tendency to
lose the value placed on each forecast during the combination.
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 =

  


…………………………………………….. Eqn. 1

Where X1 is the probability of indigenous forecast (IF) and X2 is the
probability of scientific forecast (SF). α is the weighted value for IF and β is
the weighted value of SF
5.3.5.2 Analysis of interview and workshop data for acceptability
Data from the questionnaire were coded and analysed using R statistics,
Statistical Package for Social Sciences (SPSS) version 25 and Microsoft
Excel 2016. Data from the questionnaire were categorical in nature and so
informed our choice of the analytical technique. Analyses of interview data
was framed around the hypothesis that farmers will accept an integrated
probability forecast. Demography of the respondents in addition to the
frequency of the types of forecast used are found in table D1.
First, an index for acceptability was computed from three questions (see
question 17-19 of the questionnaire) and collinearity appropriately checked.
To do this, the three questions were measured on the same scale and combined
into a single measure by taking an average of each respondents’ response.
Results of the analysis are in table D3. Price (2012) posit that multipleresponse measures are generally more reliable than single-response measures.
However, it is important to make sure the individual dependent variables
correlated with each other. Therefore, before the combination of multipleresponse measures the reliability of the variables was checked using
Cronbach’s Alphas. This test verifies the internal consistency of the variables
before proceeding to determine whether farmers will accept an integrated
probability forecast or not. Results showed an acceptable Cronbach’s Alphas
of 0.68 (see Table D3 for detailed result). A Cronbach’s alpha value of 0.6 is
considered as a high reliability and acceptable index (Nunnally and
Bernstein, 1994; Wim et al., 2008). The workshop data were sorted and
structured into an inferential discourse. Some salient comments were isolated
and presented to improve the narrative. All data collected were anonymously
handled.
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5.4 Results
5.4.1 Performance of Indigenous, Scientific and Integrated Probability
Forecast
Monthly analyses of the daily forecast data showed that on average the IPF
performed better than IF and SF (Figure 5.3). In September and October IPF
performed better than IF and SF. In July and August, IF performed better than
IPF, and IPF also performed better than SF. In June, SF performed better than
IF and IPF (see Table D4).

Figure 5.3: Performance of IF, SF and IPF at a resultant probability of >0.5
(details of ≤0.5 in table D5). IF recorded no hit for probability >0.5 in months
September and October.
For the seasonal timescale, IF generally performed better than IPF and SF.
IPF also performed better than SF. Interestingly, IPF was able to deal with
the contradicting forecasts of IF and SF pointing at different directions in both
years. For instance, in 2017, whereas IF predicted near-normal rainfall, SF
predicted above-normal rainfall. This contradicting forecast which often
confuses farmers in their decision making was dealt with by IPF (Table 5.2).
Also in 2018, IF predicted above-normal rainfall and SF predicted an equal
chance of rain for both above and near-normal rainfall. With this confusing
information, IPF was able to forecast accurately the above-normal rainfall
observed (Table 5.2).
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Table 5.2: IF, SF, and IPF and observation for the 2017 and 2018 seasons.
A: above-normal; N: near-normal; B: below-normal. Near normal range of
740-1230 mm (GMet, 2017). Values in bold show the highest forecast
probability by each forecast system

Indigenous
Forecast(IF)
Scientific
Forecast(SF)
Integrated
Probability
Forecast (IPF)

2017
A
N

B

33

58

9

40

35

25

36.3

45.8

17.5

Observed

A

N

2018
B

50

33

17

35

35

30

42.0

34.1

23.9

N

Observed

A

5.4.2 Acceptability of integrated forecast by farmers
To assess the acceptability of integrated forecasts, a number of questions from
the structured interviews were analysed to test our hypotheses “farmers will
accept integrated probability forecast”. Results of the acceptability analysis
show that cumulatively the majority (96%) of the farmers accept the
integrated forecast but with varying degrees of agreement (Figure 5.4). About
53% of them ‘agree’ and 43% ‘strongly agree’. However, it is expected that
a number of factors would influence the acceptability of the integrated
forecast. Trust of forecast information significantly correlates (r=0.65) with
the acceptability of integrated forecast (Table D5). The majority (96%) of
farmers trusted IPF more than their complementary method. However, 99%
of farmers would only use IPF if it proves reliable (Table D6).
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Figure 5.4: Measure of acceptability of integrated forecast obtained from the
average of multiple questions in table D3 (Strongly disagree: 1-1.9, Disagree:
2-2.9, Neutral: 3-3.9, Agree: 4-4.9, strongly agree: 5-5.9, I don't know: >66.9).
5.4.3 Farmers’ forecast preferences and approach to integration
Results from the interviews showed that farmers (93%) already use SF and IF
for decision-making, using a complementary technique. The complementary
method refers to the act of comparing both forecasts based on farmers’ own
experience in order to choose the best. This method differs from the IPF
method, which combines the two forecast into a single objective forecast. For
instance, when farmers receive weather and or seasonal climate forecast
information from GMet, they compare it to their own IF and choose the most
appropriate information to make predictions for the upcoming farming
season. The prediction is use to plan to when and how to carry out almost all
their farm activities such as nursing, planting, fertiliser application, weed, and
pest and diseases control. However, 3% of the farmers claimed they integrate
forecasts by a combination approach in order to produce a single forecast.
While they could not explain the process for such a combination, an attempt
to do so revealed that they often actually practice the complementary
approach. The remaining 4% of the farmers could not tell which kind of
integration they do. Overall results of the interview showed that the majority
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(93%) of farmers prefered an integrated forecast that is combined than used
in a complementary manner (see table D7 for detail results).
Considering how farmers already use SF and IF, farmers do not have any
established method for integrating both forecasts. They explained that the
selection of the best forecast at a given time and circumstance is based on
personal discretion which largely depended on the experience and the degree
of confidence they have in each forecast. One farmer said “even though
we(farmers) have much hope in our own forecast, they don’t often work,
sometimes the Indigenous Ecological Indicators upon which we base our
predictions are not so clear for you to depend on for any decision. Under
these circumstances, you have no option than to act based on the scientific
forecast you received”. The continuous change in climate and land use has
caused changes in the landscape and thus affected the migration and
extinction of certain animals and trees that were before used for IF.
When asked why they integrate (complementary) the forecasts, farmers
mentioned several reasons, which can be summarized into three main points.
First, farmers recognised that IF has become less reliable over the years and
in most cases especially for seasonal predictions, accuracy is not guaranteed.
Meanwhile, SF has its own intrinsic weakness that limits its efficacy. Yet both
can perform well when used together. Therefore, using both forecasts in a
complementary manner help improve their decisions. Secondly, confusion
arises when SF and IF are confidently pointing in opposite directions. For
example, at a daily weather forecast, where IF expects rain and SF indicate
no rain or at seasonal time scale when IF forecast near-normal season and SF
forecast above-normal season at a higher degree of probability. Under such
contradictory circumstances, they compare both forecasts and select one.
They do so by first recollecting occasions when such conflicting situations
had occurred in the past and the possible outcomes. Thirdly, besides
comparing both forecast and selecting the best, farmers also compare SF and
IF in order to confirm information from each source. Confidence to act is
boosted when they compare and realise both forecasts are pointing in the same
direction. However, an interesting question to explore is whether they will
still look at all three forecasts for comparison once a combined one is issued.
According to the farmers, although the complementary approach of
integrating forecasts has been useful in making farm decision, this also comes
with some limitations. They, therefore, found the idea of combining two
forecasts into a single forecast most appropriate. They foresee such
integration to be helpful in ways that their complementary approach could
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not. For example, the combination approach (IPF) could eliminate the
confusion associated with contradicting forecast and perhaps increase
accuracy. One farmer said “If you people (referring to researchers) are able
to combine the two into one, then, it is good news for us. Because when SF
and IF confidently provide different forecasts, it becomes very difficult to
make a decision based on one. Most of the times, we fail even when we
compare and choose one.” Another farmer said “To be honest our IF has
helped us just like the one from GMet, and if we are able to combine them
into one, then, it will be good. In fact, our elders say two heads are better
than one.”
Having realised farmers’ preference for integrating SF and IF, the most
preferred integration method was examined. Describing the three main
methods to farmers: the consensus and science integration methods from
literature and our proposed integrated probability (IPF) method. Results
showed that farmers’ most critical concern is not in the type of integrated
method but in receiving reliable forecast that can help them take effective
decisions. Nonetheless, farmers find it necessary for their IF knowledge is
incorporated in forecast generation but were concerned about regular
meetings that consume a lot of time. As a result, most (75%) farmers’
preferred the new IPF method. In comparing IPF to the other methods,
farmers found the opportunity to incorporate their IF knowledge in the
forecasting process, with minimal meetings and workshops that saves time
very appealing. Considering the fact that IF is adaptive and evolves based on
specific events, one may wonder how to guarantee that less frequent meetings
to gather IF does not affect updates and the quality of information gathered
for IPF. First, it’s a fact that the IEIs used by farmers for IF changes just as
initials conditions (wind direction, surface pressure) used in scientific
forecasting models change. Therefore, farmers also adapt and evolve their
forecast accordingly. However, with appropriate feedback mechanisms
created, farmers will inform researchers on any new changes that had
occurred in the use of IEIs. Moreover, according to the farmers, observed
changes in IEIs for IF are not frequent; they happen after several years due to
changes in landscape, environment and climate. Therefore, irregular meetings
would not affect IF. Moreover, the feedback mechanisms created will keep
farmers and researchers connected in order to share new updates about
changes in IEIs, thus IF.
One farmer said, “now that you have understood how we make our forecast,
we can send them for you to analyse and give us the final forecast
information”. Another farmer said, “I don’t think there will be many
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differences in the outcome of forecast information even when we continuously
meet”. However, 25% of the farmers were in favour of the consensus method
because of the degree of engagement and frequent meetings and workshops.
One farmer in support of this method said, “I like this method because I want
to always be part of the learning process” another also said, “I think when we
meet continuously, new ideas to improve the forecast information will
emerge”. When asked why none of them preferred the science integration
method, the farmers’ responses pointed to the fact that the idea of temporarily
collecting their IF as a hypothesis for building predictive models and not
engaging them again in the future is troubling. They believe this will affect
the quality of the forecast generated. One farmer said, “You can’t expect the
situation to be the same all the time when it comes to the rains. It is good that
we keep on monitoring and sending you what is happening in our village so
that the information can be accurate.
5.5 Discussion
This study is a proof of concept that aimed to develop and test a method that
combines indigenous forecasts (IF) and meteorological scientific forecast
(SF) into a consolidated reliable forecast acceptable by farmers. The analysis
started with the hypothesis that an integrated forecast probability (IPF)
method can improve the reliability and acceptability of forecast information
among farmers. The need for such combined forecast emerged from the idea
that SF and IF individually, have inherent weaknesses that affect the accuracy
of forecast information and forecast are sometimes contradicting. Therefore,
integrating both forecasts could resolve these issues (Nyadzi et al., 2018;
Kolawole et al., 2014). Moreover, the potential value of IFs are becoming
widely recognised (Nyadzi et al.,2019; Jiri et al., 2016; Manyanhaire &
Chitura, 2015), while meteorological scientific forecast (SF) have also
advanced (Njau, 2010).
5.5.1 Conceptualising integrated probability method (IPF)
The IPF method used for this proof of concept is a simple weighted average
of the conditional probabilities of SF and IF assumed they both do not have
an equal likelihood. This was done in recognition of the fact that each forecast
has its own skills. However, in our study, this did not produce any significant
outcome since the estimated weights used (based on skills assessment of SF
and IF) were almost the same. Other comprehensive methods have been
suggested to objectively combine SF and IF. For instance, Andrade &
Gosling, (2011) suggested using long-term indigenous ecological indicators
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combined with observed initial conditions of the atmosphere (atmospheric
pressure etc.) as input into deterministic predictive models. Chand et al.,
(2014) proposed documentation of ecological indicators (e.g. flowering of
mango trees) that correlate with weather and seasonal climatic conditions
combined with data from meteorological stations (e.g. rainfall) to build
probabilistic models. These methods may be promising but difficult to
operationalise. This is perhaps the reason they have not been carried out.
Results show that SF and IF did not produce the same forecast accuracy at
both daily and seasonal timescale, indicating a need to combine both methods
into a single objective forecast (i.e. IPF). IPF combined the strengths of SF
and IF and subsequently improved their reliability. Our analysis showed that
IPF generally performed better than any of the individual forecasts. IPF
showed improved reliability at both daily and seasonal timescale although IF
performed better at seasonal timescales. The high performance of IF may be
attributed to the aggregation of different farmers’ forecast. This implies that
the number of farmers involved in the process could potentially influence IF
quality. However, IPF may be slightly better in terms of reliability but has far
greater acceptability potential. This is because farmers preferred method of
integration which combines IF and SF into a single forecast than
complementary method that does not resolve the issues of contradicting
forecast information.
5.2 Acceptability of integrated probability method (IPF)
Results indicated that farmers found IPF as the best way to objectively
combine SF and IF. To them, IPF possesses potentials that surpass their own
complimentary integration approach and the other methods discussed in the
literature (i.e. consensus and science integration methods). Besides, they find
the co-production approach of generating reliable and acceptable weather and
climate forecast information very vital. However, the relevance of forecast
reliability exceeds the choice of integration method. The method of
integration also becomes a concern when it consumes much of their time. In
the end, a large number of farmers prefer the IPF method to the consensus
and science integration methods described by Plotz et al., (2017). Farmers’
concern about time consumption of an integration method was related to the
consensus and science integration method and not the IPF. Nonetheless, their
concern for IPF to generate reliable forecast still stands. To achieve a reliable
integrated forecast, adjustment is required from both scientists and farmers.
Farmers need to be consistent in IF provision and scientists must do thorough
evaluation to include only the best local forecasters in the combination.
152

Weather and climate services that integrate indigenous and scientific forecast

From the analysis, we found that trust of forecast information is a significant
determinant for uptake. Farmers trust IPF because it combines the best of
scientific and indigenous forecasts. Furthermore, the IPF method keeps
farmers up to date on activities and emerging issues such as forecast
uncertainties and risks. Kasperson et al. (2012) and Renn & Levine (1991)
stated that communicating risk is an important part of risk management that
revolves around trust. However, farmers trust and preference for IPF over SF
and IF does not guarantee uptake, unless IPF information proves reliable for
taking farm decisions to reduce risks and increase yield. Furthermore, we
expect that building trust among farmers in the study area does not only
depend on the confidence they have in forecast information but also the
source of the information. In line with this, Steelman et al., (2014) mentioned
that the credibility of the source of information could have an effect on how
users of information view and respond to messages about environmental
risks. Therefore, we propose a transparent and credible co-production process
that continuously involves and informs farmers on day-to-day activities.
5.3 Opportunities and limitations of combining indigenous and scientific
forecast
Some previous studies have questioned the possibility of combining IF and
SF because of the significant differences between the two (see Agrawal,
2002; Plotz et al., 2017). Others, however, have mentioned that both IF and
SF converges in some aspects of content and method (Roncoli et al., 2001).
Here, we show as a proof of concept that if you collect quantitative data on
IF, it is possible to integrate it with SF using the IPF method. To validate the
reliability of the IPF method, we used a relatively short dataset. We
acknowledge that a longer time series is needed for a more robust validation.
Adding more data will provide a more solid basis for validating the reliability
of the method. However, it is important to recognise that, long term IF
datasets do not exist and the length of our project only made it possible to
collect IF data for a single year (in 2017) for the daily forecast analysis and
two years (2017 and 2018) for the seasonal analysis. Yet for science-based
forecasts it is possible to generate long term datasets using hind-cast methods,
this is unfortunately not possible for IF.
Generally, we observe that for both scientists and farmers, the reliability of
the forecast is essential and once this is achieved they will probably rally
behind the combined forecast irrespective of their inclination to use scientific
forecast or indigenous forecast. Therefore, several opportunities exist in
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combining IF and SF. However, there are some limitations of the combined
forecast. First, If the best IF experts are not included in the forecast data
collection, then this can introduce errors in the combined forecasts. Secondly,
the probability of SF as issued by GMet is also associated with a degree of
subjectivity. The best meteorological forecasters are able to produce a more
precise probability of rainfall occurrence. Therefore, generating an improved
rainfall forecast must be high on the agenda of scientists and meteorological
centers including the training of forecasters. Thirdly, to improve the quality
of the combined forecast, the spatial resolution at which SF is issued should
be as fine as IF. SFs in Ghana are only issued at a regional scale while IF is
issued at the village level. This requires an improvement in the use of existing
forecasting models and technologies. Fourth, if the combination approach is
unclear to both scientist and farmers, they will become sceptical about the
combined forecast. Under these circumstances, farmers’ attitude to risk
becomes an additional factor in using the combined method while scientist
open-mindedness becomes important to accept it.
5.4 Implications for knowledge integration and climate services
Finally, findings from this study support the argument that SF and IF have
some unique characteristics that make both relevant especially when
combined (see also Alexander et al., 2011; Armatas et al., 2016; Nyadzi et
al., 2018). Meanwhile, previous studies considered this as either inappropriate
or impossible because of possible differences between them (Agrawal, 2002).
Therefore, the implications of this study are important for the field of weather
and climate services. First, it sets the pace for finding answers to the persistent
call by scientists and policy-makers to find ways to objectively integrate SF
and IF (Kalanda-Joshua et al., 2011; Hiwasaki et al., 2014; Hoagland, 2016)
Secondly, IPF provides an opportunity for both scientists and policy makers
to bridge the forecast information gap and thus meet the climate services
demands of farmers, particularly in areas where scientific instruments and
records are insufficient (Mahoo et al., 2015; Basdew et al., 2017; Nyadzi et
al., 2018). Thirdly, IPF could help eliminate the presence of possible human
errors associated with a subjective combination of the forecast from
meteorological models and indigenous people.
5.5 Recommendations for practice
Previous studies have already proposed frameworks and approaches to be
followed when combining indigenous and scientific knowledge, yet they do
not have to be static (Plotz et al. 2017). Attempts to combine IF and SF come
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with different challenges due to the method, location and context related
issues. Therefore, for a successful engagement. We recommend the
following;
Local communities should be engaged from the beginning until the end(cocreating), both defining the problem and designing the solution. Also, the
short and long term objectives of the project should be clearly communicated.
Regular workshops and meetings with local communities offer a greater
opportunity to engage farmers. Together, researchers and farmers should
agree on who should be involved as an expert forecaster based on forecast
skills and how long they are available to provide IF using mobile phones.
Since rainfall variability could impact both SF and IF predictions, this can
also re-define who is actually a “forecast expert”. This could be the case in
the future when the variability becomes so difficult for so-called expert
farmers to predict, because the ability of a farmer to interpret IEIs under a
varying climatic condition to predict rainfall accurately is a determinant of
his or her expertise.
Researchers should ensure that the understudied communities already use
indigenous forecast and they have a better understanding of how IF is
generated from IEIs. This includes consistency and common understanding
of the use of scientific terminologies by both researchers and farmers as
described in section 5.3.
6.0 Conclusion
This paper describes a proof of concept showing the possibility of combining
weather and seasonal climate forecasts using both scientific and indigenous
forecast systems. Our study concludes that there is an opportunity to increase
forecast reliability and usefulness for farmers if quantitative data on IF is
collected and integrated with SF using the IPF method. The IPF method
introduces some objectivity into integrated forecast compared to other
existing methods.
The most important limitation of the study is the short datasets. With several
studies calling for the integration of forecast from IF and SF systems, there is
a need to collect long-term datasets for rigorous analysis to substantiate our
results. Furthermore, this study directs future research that goes beyond the
integration of IF and SF to understanding the consequences of using combine
forecast. In particular, the risk of using combined forecast rather than
indigenous and scientific forecast in a complementary way by researchers
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who are more inclined to using scientific methods and farmers who are more
comfortable using indigenous methods.
Finally, the insights gained from this study will be relevant for scientists and
policy makers in bridging the forecast information gap and thus meet the
climate services needs of farmers, particularly those in areas where limited
meteorological instruments and records.
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Abstract
Rice farmers in Northern Ghana are susceptible to climate variability and change
with its effects in the form of drought, water scarcity, erratic rainfall and high
temperatures. In response, farmers resort to weather and seasonal forecast to manage
uncertainties in decision-making. However, there is limited empirical research on
how forecast lead time and probabilities influence farmer decision-making. In this
study, we posed the overall question: how do rice farmers respond to forecast
information with different probabilities and lead times? We purposively engaged 36
rice farmers (12 rainfed, 12 irrigated and 12 practising both) in Visually Facilitated
Scenario Mapping Workshops (VFSMW) to explore how lead times and
probabilities inform their decision-making. Results of the VFSMW showed rainfed
rice farmers are most sensitive to forecast probabilities because of their over reliance
on rainfall. An increase in forecast probability does not necessarily mean farmers
will act. The decision to act based on forecast probability is dependent on which
farming stage there is. Also, seasonal forecast information provided at 1 month lead
time significantly informed farmer decision-making compared to a lead time 2 or 3
months. Also, weather forecast provided at a lead time of 1 week is more useful for
decision-making than at a 3 day or 1 day lead time. We conclude that communicating
forecasts information with their probabilities and at an appropriate lead time can help
farmers manage risks and improve decision-making. We propose that climate
services in Northern Ghana should aim at communicating weather and seasonal
climate forecast information at 1 week and 1month lead times respectively. Farmers
should also adapt their decisions to the timing and probabilities of the forecast
provided.
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Nyamekye, A. B., Nyadzi, E., Werners, S. E., Biesbroek, R. G., Dewulf, A.,
Van Slobbe, E., Termeer C. J.A.M. & Ludwig, F. (under review) Forecast
probability, lead time and farmer decision-making in rice farming systems
in Northern Ghana.
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6.1 Introduction
Agriculture development in many parts of Africa is heavily impacted by
climate variability and change (Benin et al., 2011; Müller et al., 2011). The
increasingly unpredictable and erratic nature of weather and climate
conditions on the continent is expected to compromise agricultural production
and rural livelihoods, especially in smallholder systems with little adaptive
capacity ( Kurukulasuriya et al., 2006; Cooper et al., 2008). For instance,
changes in rainfall onset, duration and cessation have already caused
significant adjustment to farming activities (Jotoafrika, 2013; Salack et al.,
2015).
Ghana is one example of such countries facing these challenges. An enormous
number of its farmers rely solely on rainfall, with less than 1% of land under
irrigation (World Bank, 2010; Armah et al., 2011; De Pinto et al., 2012). The
Savanna belt of the country is most impacted throughout the year with
irregular rainfall, high temperatures and water scarcity conditions (Akudugu
& Dittoh, 2012; Quaye, 2008; Rademacher-Schulz et al., 2014). The advent
of climate variability and change has deepened the woes of farmers who
mostly rely on rainfall to meet water needs at the farm level. Irrigated farmers
are equally threatened when water levels in reservoirs are too low for
irrigation (Nyadzi et al., 2018). As a result, rice production in the north of
Ghana is severely impacted due to its high crop water requirement (KranjacBerisavljevic et al., 2003). Yet, rice is a staple food and the need to meet
demand under rapidly changing and varying climatic conditions in the area is
a major concern (SARI, 2011).
As part of efforts to manage uncertainties, rice farmers seek forecast
information on weather and seasonal climatic conditions (rainfall amount,
rainfall distribution, onset, cessation etc.) for informed decision-making
(Grothmann & Patt, 2005; Nyamekye et al., 2018). Forecast information is
expected to improve farmer decision-making by informing choices on how
and when to plant, fertilize and plan supplementary irrigation, amongst others
(Defiesta et al., 2014; Risbey et al.,1999).
Currently, farmers in Northern Ghana obtain forecast information from the
Ghana Meteorological Services and private information service providers
such as ESOKO and Farmerline (Nyamekye et al., 2019). However, the
assumption that all seasonal and weather forecast information made available
to farmers are useful and used in decision making has been questioned due to
a number of challenges (Adiku et al., 2007). First is the timeliness of
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information. Meteorological information is not made available at the right
time could be of limited value to farmers in decision-making. Second is the
reliability of meteorological information and how the probability of an event
occurring also informs farmer decision-making. Important questions that
must be addressed include: How does lead time inform farmer decisionmaking? At what probability will farmers decide to act or otherwise given
meteorological information received? Thus, establishing how farmers make
sense of meteorological information considering lead times and probabilities
is valuable in ensuring information uptake.
In this study, we build onto the work of Nyadzi et al. (2019) and Nyamekye
et al. (2018) who studied forecast information needs and decision making in
the Kumbungu district in Northern Ghana respectively. From Nyadzi et al.
(2019) we see rice farmers considering hydro-climatic information needs
affirming challenges of unreliability and non-applicability of information
currently made available especially rainfall. Nyamekye et al. (2018), also
explored farmer adaptive decision-making and re-iterate how choice making
amongst farmers is highly dependent on the type of meteorological
information available. Both studies affirm the need to understand the
information-decision-making relationship in rice farming systems in
Northern Ghana to improve productivity at the farm level. Building on these
studies, we address the overarching question “how do rice farmers respond to
forecast information with different probabilities and at different lead times?”
To answer this, we pose three specific research questions:
1. How does forecast probability influence farmers’ willingness to
take decisions?
2. How does seasonal forecast lead time influence farmers’
decisions?
3. How does weather forecast lead time influence farmers’
decisions?
6.2 Theoretical Framework
In farming systems, farmers as decision makers aim to understand complex
conditions such as climate variability and change and its consequences on
their choices in their effort to maximize utility (Gigerenzer & Selten, 2002;
Olsson et al., 2004; Smit & Wandel, 2006; Buytaert et al., 2010; Termeer et
al., 2011). Thus, meteorological information as a resource informs decision
dynamics through a process of (re)framing to reduce risks (Barnes et al.,
2013; Wallace & Moss, 2002). Where available, the degree to which
meteorological information, especially on rainfall, is timely and reliable
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determines farmers’ willingness to act and the kind of decisions they take
(Verbeke, 2005; Weaver et al., 2013; Dewulf & Biesbroek, 2018; Gbangou
et al., 2019). In climate change literature, uncertainty and forecast lead times
have been highlighted in bridging climate information usability gaps in
decision-making (Podestá et al., 2002; Lemos et al., 2012; Mase & Prokopy,
2014; Roudier et al., 2014).
This study sought to test three hypotheses in understanding the relationship
between meteorological information (focusing on rainfall) and farmer
decision-making although there are a lot of factors that determine farmer use
of meteorological forecast (Vogel, 2000; Ziervogel, 2004). First, that the
higher the probability associated with a forecast, the more farmers are willing
to act on their decision at every stage of decision-making within the farming
cycle. In this case, although the probability of a forecast cannot be 100
percent, farmers irrespective of practising rainfed or irrigated farming will act
out their intended decision when rainfall probability is high. Weisheimer and
Palmer (2014) opine that probabilistic reliability should be the foremost
measure of the ‘goodness’ of a forecast. Herewith, the ‘goodness’ of a
forecast is a contextual question requiring the positioning of its interpretation
in specific farming systems. Letson et al., (2001) concur with reference to
their findings on obstacles to greater use of climate information. (Langford &
Hendon, 2013) affirm and buttress how unreliability remains an impediment
to the uptake of climate related information.
Our second hypothesis is that seasonal forecast communicated at different
lead times has consequences on the choices farmers make in seasonal
decision-making. Thirdly, we also posit that weather forecast made available
at different lead times significantly drives in-season decision making.
Forecast communicated with a ‘sufficient’ lead time has a positive correlation
with productivity (Zinyengere et al., 2011). Seasonal climate forecast has no
intrinsic value except for their ability to influence decisions of users
(Hammer, 2000). Sub-seasonal-to-seasonal forecasting range seen as
‘predictability desert’ due to initial difficulties has gained attention in the bid
to bridge the gap between weather forecasts and seasonal outlooks (Vitart et
al., 2012). Randomizing probability, seasonal and weather information
variables in the context of rice farming systems requires holding other
conditions (finance, land, labour, etc.) that influence decision-making
constant.
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6.3 Methodology
6.3.1 Study area
The study was undertaken in the Kumbungu District in the Northern region
of Ghana as shown in Figure 6.1. The district, located within the Guinea
Savannah agro-ecological zone covers a land area of 1,599km2 with
Kumbungu as its capital. The District shares boundaries to the north with
Mamprugu/Moagduri district, Tolon and North Gonja districts to the west,
Sagnerigu Municipal to the south and Savelugu Municipal to the east (AbdulMalik & Mohammed, 2012). Farming is the mainstay of inhabitants
cultivating cereals, tubers and vegetables including rice, millet, sorghum,
groundnut, tomatoes and pepper. Average annual rainfall is 1000mm with the
main cropping season stretching over the period of May to late October
(Quaye et al., 2009). The temperature is warm, dry and hazy between
February and April. The district is drained by the White Volta and other
smaller rivers and their tributaries with most drying up in the dry season. The
Bontanga Irrigation Scheme located within the district also supports irrigated
farming with crops such as rice and vegetable mostly produced within the
scheme.

Figure 6.1: Map showing the study location
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6.3.2 Research Design
Scenario Workshops (SW) have roots in technological assessments and
originally designed to facilitate engagement between scientists and citizens in
the appraisal of new technologies (Andersen & Jaeger, 1999). SWs have also
dominated planning circles for giving a participatory foresight to resource
management and also used in engaging citizens in testing technological
solutions (Andersen & Jæger, 1999; Mayer, 1997; Rinaudo et al., 2012). The
study adopted a Visual Facilitated and Scenario Mapping Workshops
(VFSMW) (Hatzilacou et al., 2007; Mexa, 2002) focused on three main
groupings of farmers; irrigated, rain fed and those who practised both.
A total of five workshops were organised. The first workshop was a kick-off
workshop with the objective to select and familiarise with the participants and
explain to them the rationale of the study. The kick-off workshop also aimed
at grouping farmers, setting up the environment with the required tools as
well as agreeing on dates for the rest of the activities. In addition, rules of
engagement were communicated to the participants and opportunities created
for questioning and clarifications. The second, third and fourth workshops
were the VFSMW specifically focused on engaging different farmer groups
directly to test the different information variables (see section 3.3) and what
they mean for farmer decision-making. Here, farmers were given a cardboard
and spinning wheels showing the source of information, certainty and forecast
lead-times. On the cardboard was a matrix showing the cropping cycle (See
figure E1 in supplementary materials) for easy representation and
understanding considering literacy levels of the participants. Individually,
participant(s) were taken through seven decision points of the cycle.
Participant(s) were randomly exposed to three spinning wheels with each
wheel focusing on a key information variable (probability; lead time
(seasonal); lead time (weather). Each variable also had three main indicators
for which farmers were required to indicate what decision they will make
considering these indicators. The purpose of the wheel is to allow for
randomization of the information to be tested (See figure E1 in supplementary
materials). The fifth workshop was a validation and feedback workshop. At
this workshop, preliminary results were communicated and discussed.
Participants feedback on key findings were also noted. The process for
VFSMW is summarized in Figure 6.2.
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Figure 6.2: Stepwise approach to the VFSMW
6.3.3 Sample and sampling approach
With the support of the leadership of farmer associations and the extension
officer in the area, a total of thirty-six (36) rice farmers (3 from each
community engaged in either rainfed, irrigated or both) were purposively
sampled from 12 different communities for the VFSMW workshops (See
Figure 6.1). The VFSMW was used to test three (3) main variables and twelve
(12) indicators fashioned out of research questions. The variables include; (i)
Probability of rainfall forecast information for decision-making (ii) Lead
times of weather forecast for decision-making (iii) lead times of seasonal
climate forecast for decision-making. For each of these three variables, a
couple of indicators and their influence on decision-making was established
focusing on rainfall and what prevails under normal conditions. Farmers were
engaged in what decisions they will take under different scenarios. The
experiment was carried out in this order: first, the probability of forecast and
farmers’ decision-making, secondly seasonal forecast lead times and farmer
decision-making and thirdly weather forecast lead times and farmer decisionmaking.
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Variable 1: Probability of rainfall forecast and Farmer decision-making
The degree of certainty associated with weather and seasonal climate
information is expected to inform farmers’ information uptake and adaptive
decision-making. Here, participants received information on the probabilities
of forecast information categorised as (1) low (x<0.5), (2) medium (0.5>x
<0.75) and (3) high (x>0.75). Interactions were based on the assumption that
it will rain but at these different probabilities. For each of these probabilities,
we recorded whether farmers would act or not given. We treated the
probabilities in each case as the independent variable and the decision “will
act” and “will not act” as dependent variables.
Variable 2: Seasonal (rainfall) forecast lead times and farmer decisionmaking
The timing of information provision at seasonal timescale affords decisionmakers, in this case, farmers to have either more or less room in deciding
what decisions to take. We deduce which decisions farmers take given
different lead times (1 month, 2 month and 3 months) under ‘normal’
conditions and whether there is a substantive difference in actions adopted by
farmers in this regard. The dependent variables in this test were also “will
act” and “will not act” and the independent variables were the three lead
times.
Variable 3: Weather (rainfall) forecast lead times and farmer decisionmaking
Building on from the rationale behind the testing of variable 2, the
participants were exposed to varying lead times of weather forecast
information. Here, we tested which decision farmers will take given lead
times of 1 day, 3 days and 1 week. Unlike variable 2, the dependent variables
in this test were the decision options of farmers and the dependent variables
were the three lead times.
6.3.4 Data Analysis
We employed both qualitative and quantitative methods in data analysis. The
data gathered from the workshop were coded and entered into SPSS version
23 for analysis. The decisions gathered during the workshop were grouped
given key expressions and then coded for easy analysis in SPSS. Results of
the analysis are presented in frequencies and percentages.
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6.4 Results
6.4.1 Forecast Probability as a Determinant of Risk Acceptance Level
Our study findings point to different sensitivities to probability depending on
what activities farmers had to undertake. The study showed a positive
correlation between forecast probabilities and farmers’ decision to act in the
pre-season and planting. It emerged that, as probability increased, farmers
were willing to take action on forecast information received (see Figure
6.3A). However, an inverse relationship between forecast probability and
decision making was observed during the remaining stages of the farming
cycle. Farmers would rather withhold intended action at the point of land
preparation, weed control and fertilizer application when the probability of
rainfall forecast is high (see Figure 6.3B). Clearly, the aforementioned
farming stages are very sensitive to the rains and cannot be favourably
completed when rains are expected. For example, farmers indicated that
fertilizers do take a while to be absorbed in the soil and undertaking such in
the moment of expected rainfall could result in the fertilizer being washed
away. Thus, although high probability is a good indicator of rainfall
occurrence, it also results in non-action taking as a response.

Figure 6.3: The general influence of forecast probabilities on farmers’
decision to act (n=36 farmers). [A. Preseason and planting B. Land
Preparation,1st and 2nd weed control, 1st and 2nd fertilizer application and
harvesting]
A further disaggregation given different farming type showed that irrigated
rice farmers and to an extent those who practised both were least sensitive to
different forecast probabilities compared to rainfed farmers (see figure 6.4A
and 6.4B). For irrigated farmers, this can be alluded to the option of meeting
water needs through supplementary irrigation. Farmers who practised both
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might also have lesser risk since they may still count on their irrigated farms
should the rains failed. Rainfed farmers however, remain sensitive because
they have no option except to face their lost and thus are sceptical in their
decision making.
At the pre-season and planting stages in Figure 6.4A, irrigated farmers will
act irrespective of the probability of the forecast information given. More
rainfed farmers and both will act given a forecast information with higher
probability. However, during land preparation, weed control and fertilizer
application forecast with high probability were faced with negated action by
all group of farmers (see Figure 6.4B). For example, irrigated farmers will
also not fertilize if rainfall expectations are high because will result in
washing away of fertilizer as mentioned earlier.

Figure 6.4: The impact of forecast probabilities on different types of farmers’
decision to act (n=36 farmers) [A. Preseason and planting B. Land
Preparation,1st and 2nd weed control, 1st and 2nd fertilizer application and
harvesting]
Furthermore, interaction with farmers at the group level provided further
evidence to the results obtained at the individual level decision making. A
higher probability (above 0.75) helps farmers in concreting their decisionmaking through choice making on whether to take action or withhold
undertaking an intended activity with the ultimate aim of maximizing yield
and productivity. Thus, farmers’ respond to communicated forecast
probabilities depends on farmers estimated risk aversion. Nevertheless,
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several external factors including financial capacities and personal attributes
(family size, belief, gender) also frame farmer decision-making. Outcomes of
group engagement also suggest that uncertainty in forecast information which
is currently not communicated to farmers by service providers such as
ESOKO and Ghana Meteorological Agency is the reason for non-uptake as
compared to lead times.
6.4.2 Seasonal Forecast Lead Time and Farmers Decision-Making
The results of the study showed seasonal forecast provided at a 1 month lead
time significantly informed farmer decision-making as part of preparatory
arrangements before the season begins. Much also, irrespective of farming
type, farmers agree that a lead time of 3 months is of least relevance as the 3
month pre-season period could come with much greater variation in expected
seasonal conditions and also the fact that the majority of farmers will do
nothing given a 3 month window of opportunity. From the data, there was
more agreement between irrigated rice farmers and rainfed rice farmers on
how seasonal forecast at different lead times influence their decision-making.
This is shown in Figure 6.5.

Figure 6.5: Farmers willingness to act given seasonal forecast at different lead
times (n=36 farmers) [None of the farmers involved in both indicated they will
act on a 3 month seasonal forecast]
Focusing on farming systems dynamics, it emerged that 100% of irrigated and
rainfed farmers will act when forecast information is communicated at a lead
time of 1 month as compared to those engaged in both (58%). Also, 83%, 68%
and 33% of farmers engaged in irrigated, rainfed farming or both respectively
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confirmed they will act given seasonal forecast at a lead time of 2 months.
Forecast information provided at a 3 month lead time is of less relevance to
farmers with about 68% of farmers involved in either rainfed or irrigated rice
farming confirming they will not take any initiative with such information (See
Figure 6.6). All farmers practising both indicated that they will not act on
seasonal forecast information at a 3 month lead time as it is too early a period
to pursue any farm related activity. (see Table E1 in supplementary materials
for more details).

Figure 6.6: Percentage of farmers indicating that they will take a decision to
act or not under different seasonal forecast lead times (n=36 farmers).
Further interactions at the group level during workshops showed that although
seasonal forecast is important for farmers decision-making, 92% of farmers in
all group deliberations confirmed strongly that forecast information at a 3
month lead time is of little relevance for them. Nevertheless, farmers indicated
that some important deliberations occur at the household level within this 3
month period. Most of the deliberations focus on financial planning for both
farm and non-farm related expenditures such as school fees, medical bills and
payment of outstanding loans. Pre-season decisions also entailed arrangements
for farm labour and tractor acquisition. However, seasonal forecast presented
at 3 months and 2 months lead time were not relevant for such decisions as
compared to 1 month with 90% of farmers confirming such.
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6.4.3 Weather Forecast Lead Time and Farmer Decision-Making
The results revealed that farmers take different decisions given weather
forecast information at different lead times (Table 6.1). At the point of land
preparation, 89% of all farmers indicated given rainfall forecast information
at a 1 day lead time, they will prepare their lands using a tractor. Similarly,
75% of farmers engaged still indicated they will clear their farmlands using a
tractor should they receive rainfall forecast at a 3 day lead time. However, 73%
indicated that they will use manual labour to clear their lands when rainfall
forecast is provided at a one week lead time.
Regarding decision-making on planting, majority of farmers showed a
preference for broadcasting seeds. The findings showed that 89% of farmers
will broadcast their seeds when rainfall forecast is provided at a lead time of 1
day. Also, 70% and 64% will broadcast upon receiving rainfall information at
a lead time of 3 days and 1 week respectively.
The decision on fertilizer application is one of the most sensitive to water
availability conditions. Majority of farmers (97% at 1 day lead time, 83% at 3
days lead time) will apply fertilizer rather after rainfall using placement
method and sprinkle in case they intend to apply fertilizer before the rain when
such information is communicated. However, given rainfall forecast
information at one week lead time, farmers will apply fertilizer by placement.
Thus, a 1 week lead time offers much flexibility in decision-making.
The application of weedicide was less sensitive to rainfall with about 92%, 97
% and 100% indicating they will apply weedicide before rainfall when forecast
information is communicated at a 1 day, 3 days and 1 week respectively. This
is attributable to the fact that farmers only need a few minutes to a couple of
hours to complete the task of spraying weedicides although that is also
dependent on the size of farmland under cultivation.
The second stage of fertilizer application also pointed to the need for soil
moisture or ample time to apply fertilizer before the rains. The results suggest
similar practices as the first phase of fertilizer application. Here, 89% of
farmers indicated they will apply fertilizer by placement after the rains when
forecast information is communicated at a 1 day lead time. Similarly, more
farmers (56% and 60%) will prefer to apply fertilizer by placement after
rainfall given forecast at a lead time of 3 days and 1 week respectively. Thus,
the sensitivity of farmer decision to water availability conditions is more
severe at the first stage of fertilizer application than the second. Farmers face
a greater risk of crop loss within the period of the first fertilizer application
than the second.
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Farmers indicated that harvesting is less sensitive to rainfall conditions but
more defined by access to harvesting tools and machinery. In effect, given
forecast information, 75% of farmers will harvest with a combine harvester at
a 1 day, 3 day time and 64% of farmers will use the same method at 1 week
lead time.
Indicatively, weather forecast provided at different lead times came with
choices farmers found most appropriate that minimise their risk and chances
of completing activities at each stage in time. At no point did farmers point to
not do anything given forecast at different lead times. Table 6.1 presents the
percentage to which a particular choice was made by farmers at a particular
farm stage. A more detailed information is presented on Table E2 of the
supplementary material.
Table 6.1: Farmer decision making under different weather forecast lead
times.
Farming
stages

Decision Choice

Land
Preparation

Will clear the land using
manual labour
Will clear land using a tractor
Will broadcast seeds
Will nurse and transplant
seedlings
Will plant using the dibbling
method
Will apply fertilizer by
broadcasting before the rain
Will apply fertilizer by
placement after the rains

Planting

1st
Fertilizer
Application
Weed
Control

Will apply weedicide after the
rains
Will apply weedicide before
the rains

% of
% of
% of
Responses Responses Responses
(One
(Three
(One Day
Week
Day Lead
Lead
Lead
Time)
Time)
Time)
11.1
25
72.3
88.9
88.9
11.1

75
69.5
16.7

27.8
63.9
19.4

-

13.9

16.7

2.8

16.6

47.2

97.2

83.4

52.8

8.3

2.8

100

91.7

97.2

-
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2nd
Fertilizer
Application
Weedicide
Control
Harvesting

Will apply fertilizer by
broadcasting before the rain
Will apply fertilizer by
placement after the rains
Will apply weedicide by
spraying after the rain
Will apply weedicide by
spraying before the rain
Will harvest with a sickle
Will harvest with a combine
harvester

11.1

44.4

36.1

88.9

55.6

60.4

80.5

13.9

5.6

19.2

86.1

94.4

25
75

25
75

36.1
63.9

Generally, forecast provided at 1 week lead time better position farmers to
decide on acting or not followed by 3 days and then 1 day. Farmers argued
that 1 day lead time is too short a period to undertake most farm activities
except weedicide application for weed control and broadcasting in the case of
planting. For example, providing forecast information 1 day before land
preparation and also fertilizer application leaves limited room to adjust
decisions. A 3 day lead time, however, offers more time for farmers to act
compared to 1 day.
6.5 Discussion
This paper sets out to understand how different forecast sources, lead times
and probabilities influence farmer’ decision making. We explored this
relationship using different information scenarios and groups of farmers
within rice farming systems in a bid to investigate how seasonal and weather
information could be tailored to farmer information needs in farming systems.
In this section, we discuss inferences from our research findings in relation to
other scholarly works on addressing weather and seasonal climate
information needs in rice farming systems in Northern Ghana.
Firstly, our findings reveal that communicating forecast information with
different probabilities in Northern Ghana significantly informs farmer
decision-making thereby addressing the research question 1. We, however,
reject the first hypothesis that claims that the higher the probability associated
with a forecast, the more farmers are willing to act on their decision at every
stage of decision-making within the farming cycle. This hypothesis was
rejected because framers respond to different forecast probabilities is
dependent on the farming type. For instance, there is a positive correlation
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between increasing forecast probability and farmers’ decision to act during
pre-season and planting stages. Meanwhile, a negative correlation exists
between increasing forecast probability and the decision to act during Land
Preparation, weed control, fertilizer application and harvesting. Furthermore,
we discover that farmers understood that 100% certainty in weather and
seasonal climate forecast information is non-achievable due to the erratic
nature of events and are thus adaptive in their response to forecast
probabilities. Breuer et al., (2000) and O’Brien & Vogel, (2003) concur that
the probabilistic nature of weather and seasonal climate forecasts present
particular challenges. Hence, for effective use of forecast information,
decision-making must take into account the probability of forecast. Also,
although all farmers expressed the need to minimize uncertainty, farmer
response varied and was dependent on the farming system being practised and
the estimated risk that had to be managed. For instance, due to water
availability for supplementary irrigation within the irrigation scheme, rice
farmers operating within the scheme face lower risk levels and will act even
when forecast probabilities are less than 0.5. This was contrary in the case of
rainfed farmers. Thus, forecast probabilities must be clearly communicated to
farmers.
In communicating forecast probabilities one needs to reflect on the ways in
which they are presented. From our experience, using simple graphics with
appealing colours to represent forecast probabilities is an effective way of
making farmers understand what is been communicated. For instance, each
farmer type deals with forecast probability differently and so forecast
probability could be communicated based on different types of farmers. Less
sophisticated farmers will prefer simpler information. Moreover, how one
describes forecast probabilities must fit into the domain of farmers’ local
knowledge, therefore it is essential to understand how farmers generate and
describe probabilities. More so, ascertain whether their personal feelings of
risk and vulnerability influence their definition. It is important to also
communicate change in probabilities in simple terms and in languages that
are best understood by farmers. Further follow-ups on how a change in
probability impact farmer decision-making or practices will enhance our
understanding of the pros and cons of a failed forecast on farmers’ livelihood.
Secondly, the study outcome also confirms a part of our first hypothesis given
the findings that given different lead times of weather and seasonal climate
forecast, farmers made different decisions. However, not all lead times
contribute to a change in decision-making. For example, seasonal forecast
information provided 3 months ahead of time is irrelevant in taking pre175
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season decisions. What is strongly recommended is seasonal forecast
information at a lead time of 1 month. In our context, this is the period within
which most pre-season arrangements (farm machinery, labour, seeds, etc.)
and decisions happen. Crane et al., (2010) following their engagement with
38 farmers in Northern Georgia made similar conclusions that farmers are
less likely to rely on seasonal forecast with longer lead time. They
acknowledge that lead time must conform to users’ needs and priorities.
Essentially, the lead time for communicating seasonal forecast must be
estimated through the lens of farmers. Similarly, not all lead times for
communicating weather forecast information can contribute to informed
farmer decision-making. As evident in our results, activities such as fertilizer
application and planting are highly sensitive and difficult to undertake when
forecast information is communicated with a 3 day or 1 day lead time. Also,
the period of fertilizer application is the most water sensitive stage of the
farming season. Thus, a lead time of 1 week offers more flexibility for farmers
to react to weather forecast information. This is however of least significance
in the context of decision-making on weed control and harvesting.
The use of Visually Facilitated Scenario Mapping Workshops also renders
the opportunity to explore how a future functioning hydroclimatic virtual
observatory providing farmers with forecast information under different
conditions could inform their decision-making. The approach creates a
hypothetical environment for establishing farmer response to information
from climate services or hydroclimatic virtual observatory as proposed by
Nyadzi et al., (2018). Therefore, the results from this exercise could slightly
differ from real time events depending on conditions where social and
biophysical conditions of farmers could vary. Scenario workshop
methodologies originated in technological assessments and were designed to
facilitate engagements between scientists and citizens in the appraisal of new
technologies (Mayer, 1997; Andersen et al., 1999). We give more of a visual
spin to the methodology which can be applied in other contexts in coproduction and citizen science experiments on climate services.
Our methodology also had a number of limitations. First, maintaining other
external factors (finance and resource availability, etc.) constant could not
depict a vivid environment for which farmers make decisions. Results could
be different should we consider the interaction of these factors. Secondly, the
experiment focused on rainfall without consideration for other atmospheric
variables (temperature, humidity, etc.) which also could have influence
farmers’ decision outcomes. Hence, a similar study with a broader look at
other variables could produce different results in different contexts. Thirdly,
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our test of focused on farmers’ decision making under normal conditions
performing this experiment under extreme situations could afford the
opportunity to analyse comparatively what decisions farmers take under
different situations.
In a nutshell, the results of this study have critical implications for the design
and operation of climate services particularly in Northern Ghana and also
answers our third research question. First, the results confirm that different
farm types (irrigated, rainfed and both) in the study area requires forecast
information at specific lead times and probabilities. Hence, operators of
weather and seasonal climate information services must understand their
audience. Also, for effective decision making, farmers have much preference
for weather and seasonal climate information at 1 week and 1 month lead
times respectively. This means in the provision of information, emphasis must
be placed on the quality of forecast information at these lead times in order to
meet farmers’ needs. This nevertheless is valid in rice farming systems and
hence could though hardly vary in other systems. Thirdly, communicating
forecast probabilities to farmers is essential. Different types of farmers relate
differently to forecast uncertainty or probabilities. Farmers especially those
into rainfed farming have little room for taking huge risk and will only use
forecast information with higher probabilities. Hence understanding these
dynamics can extensively improve acceptance and uptake of weather and
seasonal information making climate services more useful and impact
oriented.
6.6 Conclusion
Based on the evidence provided in this study, we conclude that
communicating forecast information at the appropriate lead times and
probabilities has the potential of making climate services more useful for
farmers. More specifically, we discover that, first, an increase in forecast
probability does not necessarily mean farmers will act. The decision to act is
also dependent on which farming stage there is. Secondly, weather and
seasonal climate forecast information at 1 week and 1 month lead time
respectively most conveniently informed farmer decision making. Secondly,
fertilizer application and planting decisions stages of rice farming are most
sensitive to rainfall. Thirdly, irrigated rice farmers have comparatively lower
risk level and will act irrespective of forecast probabilities. Farmers should
also adapt their decisions to the timing and probabilities of the forecast
provided. Finally, user-driven climate services should aim at engaging end-
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users in the framing of information and content rather than assume the
universality of the usefulness of what is presented for uptake.
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7.1 Introduction
The observation that climate information services are considered as an
essential part of the climate change adaptation agenda (e.g. Orlove et al.,
2004; Vaughan & Dessai, 2014; Lourenço et al., 2016) was the starting point
of this dissertation. In the past decade, substantial progress has been made in
the provision of scientific forecast (SF) information at different timescales to
support farmers’ decision-making. Yet given the substantial gaps in SF,
studies have shown that farmers in rural Africa, complement SF with their
own indigenous forecast (IF) and in most cases are more inclined to use IF
compared to SF. Several scholarly works have therefore proposed the
integration SF and IF to bridge the forecast information gap especially in
areas where scientific instruments and records are insufficient (Gagnon &
Berteaux, 2009; Chang et al., 2010; Ziervogel & Opere, 2010; Mafongoya,
2017; Nyadzi et al., 2018). In addition, there has been a pressing call in recent
times to shift from climate information services that are science-driven and
user-informed to a more collaborative approach where both scientist and endusers co-produce. This is what has been referred to in this dissertation as a
shift from first to second generation of climate information services, drawing
inspiration from the work of Karpouzoglou et al. (2016) on second generation
Environmental Virtual Observatories (EVOs).
This study, therefore, sets out to improve climate services in Ghana through
co-production by integrating scientific and indigenous forecasts to support
farm decision making. To achieve this, I aim to answer five research questions
which are defined in chapter 1 and addressed in chapter 2 ‐ 6. Answers to
these five research questions are presented in section 7.2. In section 7.3, I
elaborate on the results and discussed how they contribute to the main
objective of the dissertation and fit into the broader literature. In addition, the
contribution to science and society, key strength and limitations and an
outlook for further research on this topic are given.
7.2 Answering the research questions
RQ1. What is the potential of climate information services to support rice
farming systems? (Chapter 2)
This research question explored the design and operationalization of second
generation climate information services that moderate the existing socio-
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ecological challenges in rice production systems in Northern Ghana. Using
research literature and documents analysis, interviews and focus group
discussions, I engaged different stakeholders, and gathered and analysed
primary and secondary data.
I conclude that a second generation climate information service is potentially
relevant for rice farming systems in Northern Ghana. This is because it has
the potential to respond to biophysical (climate variability and water
unavailability) challenges that affect farmers daily and seasonal decision
making. Also, the analysis of the socio-institutional issues including
information delivery platforms informed the design of the services in a
manner that enhances stakeholder interaction and information exchange and
use. The proposed second generation climate services framework has the
potential to address the challenges associated with existing information
services such as user unfriendliness, relevance and inaccuracies of forecast
information, managing user expectation, weak collaboration between
information providers and users. Moreover, an important driver of success to
the development of this framework is the intensive and collective interaction
of scientist and farmers. Citizen science has been identified as a means of
engaging farmers in data collection and information exchange. The structure
and mechanism of the second generation climate services framework are
supportive in this regard.
Finally, reflecting on the proposed framework using the four principles of
responsible innovation (anticipatory, inclusive, reflexive and responsive)
revealed some possible future eventualities that allowed the discussion of
plausible solutions at an early stage in the design process. One of such key
challenge anticipated was the continuous reliance on farmers for data
collection. I argue that both rainfed and irrigated farmers in the area are
motivated by the awareness of climate variability and limited water
availability and therefore, urgently need action to improve farm decision
making. However, it remains unclear how much time in the future will
farmers devote to this process. I suggested that limited commitment of
farmers can potentially reduce data availability and quality and therefore both
scientist and farmers must be realistic about the time needed for regular,
meetings, data and information exchange. Thus, specific attention to openness
and transparency in the design process will allow participants to freely share
their opinions and concerns. At the same time, researchers need to be
proactive and perceived to be serious with the process through their active
engagement. Moreover, motivating farmers will maintain their continuous
interest and participation in the process.
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RQ2. How successful can seasonal climate forecast meet farmers’
information needs? (Chapter 3)
This research question aimed to gain insights on demand-driven climate
service for rice farmers’ adaptive decision making. To do this, I used
interviews and workshops to identify information needs for each stage of rice
farming for the different types of farmers in the area (rainfed, irrigated and
both rainfed and irrigated). This informed the second step where I carried out
skills assessment of the state of the art ECMWF System 4 seasonal climate
forecast system, discussing the potential of the forecast in meeting these
needs.
Results show that farmers’ key information needs are related to rainfall and
temperature. The information needs are linked with specific farming
decisions and stages of the growing season, which makes the timing of
providing information relevant. The information needs of rice farmers in
Northern Ghana are homogeneous although some of these needs are ranked
higher than others depending on the frequency of use and farming type.
Farmers ranked rainfall distribution, temperature and dam water level as their
most important information needs, followed by total rainfall amount and
onset as fairly important before the cessation of rainfall. Wind speed and
direction were considered the least important information need. Temperature
and precipitation patterns were found relevant by all farmers irrespective of
geographical location or type of farming practised except dam water level
which was top on the list of irrigating farmers.
ECMWF-S4 exhibited skills that were mostly independent of the variable,
season and lead times. This is promising for meeting farmers’ needs at their
most preferred lead time of 1 months, ensuring proper planning and decisionmaking. Generally, ECMWF-S4 is able to simulate well the inter-annual
variability, of rainfall, minimum and maximum temperature for all seasons
and lead times. This has great implications for farmers’ decision making since
increasing rainfall variability results in higher risk for farmers. Although at
the time of finishing this dissertation the new ECMWF-S5 was launched (see
Johnson et al., 2019), my findings already demonstrate the potential use of
model based seasonal forecasts and the value of linking forecast information
to farm-level decision making, which is an essential step to improving climate
services.
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RQ3. What are the skills in indigenous and scientific forecast to promote
effective climate services? (Chapter 4)
This research question seeks to establish how accurate indigenous forecasts
of farmers are and what are the underlying mechanisms behind farmers’
forecasting techniques. I resolved this question in two ways; first, I captured
farmers’ mental model of how indigenous ecological indicators (IEIs) are
used to predict the daily and seasonal climate rainfall. Secondly, I used binary
or dichotomous forecast verification measure to determine the skills in
farmers’ rainfall forecast compared with Ghana Meteorological Agency
(GMet) forecast with no intention of discrediting neither of the forecasting
systems.
I found that observational changes in IEIs in addition to historical rainfall
patterns serve as the fundamental template that allows farmers to form
expectations for the coming season. Farmers have an established mental
model of how IEIs influence the prediction of different weather and seasonal
climate events. On average, both farmers and GMet are able to accurately
forecast one out of every three daily rainfall events. Monthly analyses
indicated that GMet performed better than farmers in the months of April,
July, August and September while farmers performed better in May June and
October. At the seasonal scale, one out of every three farmers was able to
accurately make onset prediction while two out of every five farmers are able
to get 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. I also found that indigenous forecast is not
intuitive but a skill rationally developed which improved with age and
experience. This result, therefore, informs the next step which aimed at
finding a quantitative method to integrate farmers indigenous forecast and
scientific forecast (from GMet).
RQ4. How can the integration of indigenous and scientific forecast
improve reliability and acceptability of climate services? (Chapter 5)
This research question aimed at showing whether it is possible to integrate
indigenous forecast (IF) and scientific forecast (SF) into a single forecast and
whether it will improve the reliability and acceptability of forecast
information among farmers in Northern Ghana. I did this by first reviewing
and analysing existing literature to determine the strength and weakness of
existing integration methods. Secondly, I developed an integrated probability
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forecast (IPF) method, tested its reliability compared to IF and SF and
evaluated the acceptability of the proposed IPF method.
The answer to this research question was positive. The IPF method combines
the strengths of IF and SF and subsequently improves their reliability.
Therefore, IPF performed generally better than any of the individual
forecasts. Specifically, IPF showed improved reliability at both daily and
seasonal timescale although IF performed better at seasonal timescales.
Furthermore, the IPF method had far greater acceptability potential among
farmers (93% of farmers accept) because it combines IF and SF into a single
forecast, resolves the issues of contradicting forecast information, requires
less meeting time and improves forecast reliability.
Finally, as a proof of concept, I demonstrated that it is possible to combine IF
and SF into a single objective forecast despite the potentially significant
differences between them. I also showed that using the IPF method to
integrate IF and SF improves the reliability and acceptability of the resultant
forecast information among farmers.
RQ5. How do weather and climate information influence farmers’
decision making? (Chapter 6)
For this research question, I investigated how timeliness (lead times) and
certainty (probability) of forecast information will influence farmers’
decision making. I explored this using Visually Facilitated Scenario
Workshops (VFSW).
I found that different types of farmers (irrigated, rainfed and both) respond
to forecast probabilities in different ways depending on their perceived risk
levels. For instance, irrigated rice farmers have comparatively lower risk level
and will take decisions irrespective of forecast probabilities. Also, given
different lead times of weather and seasonal climate forecast, farmers take
different decisions. Weather forecast provided at 1 week and seasonal climate
forecast provided at 1 month lead times have the most influence on rice
farmers’ decision making. Also, unlike weed control and harvesting, farming
decisions such as fertilizer application and planting are highly sensitive to
forecast lead times because they are critical stages of rice farming that are
water sensitive.
Finally, forecasts lead times and probabilities are essential for farmers’
decision making, yet for existing climate services in Ghana, either
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information are not provided at the appropriate time or probabilities are not
communicated. Therefore, I argue that for climate services to be useful,
forecast information needs to be timely provided and probabilities properly
communicated to the different groups of farmers, bearing in mind the varying
differences in the sensitivity of each group and farm stages. However, for
farmers to benefit from this depends on their flexibility and willingness to
adapt farm decisions to the timing and probability of the forecast provided.
7.3 Connecting the dots: discussion of the main findings
In this section, I reflect on the link between the research questions and
provide a broader perspective on the results.
7.3.1 Contribution to a “second generation” climate services to support rice
farmers
The anticipatory, inclusiveness, reflexivity and responsiveness of the
proposed framework in Chapter 2 shows the efficiency and robustness for
making climate information services useful. This conclusion was drawn from
the results of the four dimension of responsible innovation which was used to
evaluate the proposed second generation climate services framework in
chapter 2. The framework is therefore recommended for the development of
a second generation climate services to improve the current practice of
climate information provision for rice farmers in Ghana. The information
exchange element within the framework offers an additional feature that
distinguishes it from current climate information services. Farmers can be
actively engaged in the co-production process where they can share their
forecast information and receive tangible information and advice for their
adaptive farm decision-making. The ICT part of the framework allows for
easy and automated data handling activities such as indigenous and scientific
data collection, processes, analysis, and visualization once an algorithm is
built. Further, the framework, unlike any other affords the opportunity to
include indigenous forecast data and information into climate services.
The framework also introduced citizen science as a principle that enables the
co-production of climate services. General application and benefit of citizen
science have been well documented in literature as an approach to engage
non-scientist to gather scientific data and generate knowledge (Gura, 2013).
However, its application and value for climate services have not been well
explored. A typical example is Community Collaborative Rain, Hail and
Snow Network (CoCoRaHS) where volunteers of all ages and backgrounds
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from United States, Canada, and the Bahamas are engaged to measure and
map rain, hail and snow (Phillips et al., 2019). In chapter 4, I demonstrated
the value of citizen science as an approach for collecting indigenous forecast
and local rainfall observation. I did this by experimenting with rice farmers
who recorded and sent in forecast and observed rainfall for a period of time
(daily forecast for seven months in 2017 and seasonal forecast for 2017 and
2018). Moreover, in using citizen science, I have shown that knowledge
possessed by local people can contribute to climate services by offering
observations and interpretation at a much finer spatial scale with considerable
temporal depth, and by highlighting aspects (in this case indigenous
ecological indicators) that may not be considered by climate scientists in
developing climate services and climate change adaptation practices.
The use of sapelli mobile app as a tool for citizen science provided some
benefits; first, it ensures spatial and temporal monitoring of indigenous
forecast data (i.e. the date, time and location of data). Secondly, it provides
insight into how farmers with low literacy levels could interact with ICT
based tools for future information exchange. Third, it helps to collate large
and detailed data sets over a period for analysis. Furthermore, the results
presented in chapter 4 confirms that farmers, when trained, are comfortable
and able to use smartphones.
7.3.2 Bridging the gap in forecast integration for improved climate services
Progress has been made in providing climate information services especially
in areas where meteorological instruments are inadequate. Yet there are still
substantial gaps with regards to providing location-specific forecasts that is
reliable and acceptable by smallholder farmers. Consequently, farmers resort
to using indigenous forecast (IF) where local ecological indicators and
experiences are used to forecast weather and seasonal climatic conditions
(Radeny et al., 2019). Sometimes they use IF alongside scientific forecast
(SF) (Nyantakyi-Frimpong, 2013; Nyadzi et al., 2018) which in most cases
has their own unique challenges thereby leading to the call for integrating IF
with SF at the local level (Kolawole et al., 2014; Mahoo et al., 2015).
Chapter 2 of this dissertation provides insight into the fact that farmers in
Northern Ghana use both scientific and indigenous forecast information for
their daily and seasonal decisions. In chapter 1 (section 1.3), one could
appreciate that IF and SF have a distinct weakness which causes challenges
for their use. First, as discussed in chapter 4 and 5, farmers are often confused
about what decision to take when IF and SF are both provided, especially in
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cases where they produce contradicting forecasts information. Second,
chapter 2 and 3 show that SF issued by GMet are at a coarse spatial scale
compared to IF and therefore does not meet the farmers’ local information
needs. Third, the qualitative nature and the presence of presumed spirituality
of IF that is absent in SF have created a bad reputation among policymakers
and scientists who view IF with much scepticism. Meanwhile, local farmers
have difficulties embracing SFs because of the absence of a sense of
ownership and lack of trust in the service provider, affecting uptake. The
cynicism of climatologists and meteorologists towards farmers’ IF and vice
versa limits the opportunity for integration. Moreover, in chapter 5, it was
observed that forecast information will be more acceptable by farmers when
IF and SF are integrated. Furthermore, information is more acceptable by
local people when it is embedded within the context of their existing
knowledge.
In spite of the call to integrate IF and SF, one question that remained
unanswered is whether combining both IF and SF is even possible? (see
Agrawal, 2002; Plotz et al., 2017). In chapter 3, evidence for the use of
indigenous forecast by farmers for their farm decision making are shown.
Chapter 4 presents an understanding of farmers’ techniques and for the first
time quantitatively determining the skills of the indigenous forecast. I
demonstrated that, in Northern Ghana, the accuracy of farmers’ indigenous
forecast is generally as good as scientific forecast provided by Ghana
Meteorological Agency (GMet). In chapter 5, I tested and accepted the
hypothesis that integrated probability forecast (IPF) method improve the
reliability and acceptability of forecast information among farmers. Results
show that leveraging on the strength of IF and SF, IPF in general, provided
reliable forecast information at both daily and seasonal timescale with far
greater farmers acceptability potential. Therefore, in this dissertation, I have
shown that combining IF and SF into a single forecast is not only possible but
has greater potential for acceptability among farmers in Ghana than SF and
IF individually.
7.3.3 Improving uptake of climate information services for agriculture
decision-making
In most cases where climate information services are introduced, the
disconnect between providers and farmers has resulted in low uptake of
information. Inadequate knowledge on ways to successfully engage farmers
for their information needs, identify appropriate timeframe and medium to
deliver information, communicating probability of uncertainties, improving
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accuracy of information, integrating indigenous knowledge and
understanding how information influence decision making have been listed
as part of the problem of low uptake of climate services (Lemos et al., 2012;
Kniveton et al., 2015; Ouedraogo et al., 2018; Singh et al., 2018; Nyamekye
et al., 2019). Given the existing gap leading to reduced uptake of climate
information, the five research questions of this dissertation aimed at
highlighting the importance of co-producing ‘farmer-useful’ climate
information.
Chapter 2 present an overall set up for effectively developing climate services
that are useful for rice farming systems in Northern Ghana by identifying and
addressing the socio-ecological challenges of the study area in addition to
factors that limit the efficiency of existing information systems. Results
demonstrated that a two-directional model of climate services where farmers
are active in all stages of the process has potential for forecast information
uptake. The one-way approach, which is still present in existing information
systems has been criticized for its monopoly on the production of knowledge
by researchers. In fact, lessons from existing information systems show that
the degree of participation of farmers in developing such systems for that
matter climate services was often inadequate (Nyadzi et al., 2018; Ouedraogo
et al., 2018). In many cases, local people were not involved in data gathering
and interpretation. Participation was often limited to a couple of workshops
where the aim of the information systems is communicated, giving
researchers the choice to determine the problem, gather and interpret the
scientific data and plan the approach of information delivery with little
consideration for farmers own indigenous knowledge and information need.
Providing seasonal forecast at a lead time of a month and beyond has
previously been a problem even for the best models limiting its usefulness for
farmers (Hansen, 2002). I demonstrated in chapter 3 that it is possible to help
farmers’ seasonal decision making at their most preferred lead time of one
month and beyond with the state-of-the-art ECMWF-S4 ensemble forecast
product. The key lessons discussed in chapter 3 are that using an
interdisciplinary approach to connect forecast products with information
needs for farm management can contribute to the successful uptake of
forecast information by farmers. This is important because, existing works
either concentrate on bottom-up fashion focusing on farmers’ access and use
of forecast information and potential challenges they encounter or focusses
on technical and top-down approaches, assessing the skills of existing
forecasts for several regions across the globe. Combining both approaches in
an interdisciplinary manner in this dissertation allowed the identification of
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pertinent rice farmers’ decisions and which information is required to support
these decisions.
The utilization of local knowledge and practices in this study provides a range
of benefits that the scientific community with their weather and seasonal
forecast models could not offer. Engaging farmers throughout the study
addresses the challenges of credibility, legitimacy, scale, cognition, familiar
institutional practices and complex decision-making currently affecting the
uptake of climate information services that focus on scientific information
only, as detailed by Patt & Gwata, (2002) and Nyamekye et al. (2019).
Earlier, the scale of forecast is mentioned as a common constraint of forecast
uptake. In most cases, this concern arises when the forecast information
issued is an average covering a wide geographical area such that local details
are left out or remains unclear. A number of scientific techniques (either
statistical or dynamical) exist to translate forecast information from a coarser
to finer resolutions, collectively known as downscaling. However, these
techniques are limited by model inadequacies or the availability and quality
of observed data from metrological stations which in most cases are
inadequate and unrepresentative in local communities (Caffrey & Farmer,
2014). Farmers, as shown in chapter 3, were well capable of recording local
rainfall with tailor-made rain-gauges and in providing indigenous forecast at
the community level. They also provided some perspective into the
interpretation of local data which might be overlooked by scientists.
Moreover, in chapter 4, I observed that indigenous forecast is finer in
resolution and more valuable at the community level than GMet forecast
which is coarse and issued at a regional level. Kniveton et al. (2015), posit
that rather than trying to improve on inherently uncertain scientific forecasts,
the techniques of knowledge timelines and participatory downscaling that use
local knowledge to understand and downscale scientifically based climate and
weather information in time, space and information type to a range of
outcomes and risks can be used. In doing so, the authors hoped that this
process will extend the ownership of uncertainty to the wider community of
users.
The timeliness and probability of forecast information present certain
challenges to the uptake of weather and climate information for decision
making. I have demonstrated the validity of this observation in chapter 6. In
that, forecast lead times and probabilities influence which decision farmers
take given forecast information. For instance, the credibility of the forecast
can be influenced by the lead time at which the forecast is provided. Forecasts
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that give enough lead time allow more flexibility and efficient adjustments of
farm decision. More so the credibility of forecast becomes a concern when
the forecasts are communicated in deterministic rather than probabilistic
form. Predicting future atmospheric conditions are inherently uncertain for a
number of reasons including, for example, the chaotic nature of the
atmosphere and inadequacies of forecasting models (Kniveton et al., 2015).
Estimating forecast certainty and communicating them is not only an
expected scientific practice but are also potentially useful to everyday
decision‐making. Yet, in Ghana, as at the time of this research, only seasonal
climate forecast is issued with forecast probabilities. Weather forecast for
daily decision making are deterministic in nature, provided as a single value
for parameters such as rainfall and temperature. In recent times, studies have
called for the inclusion of uncertainty in forecast information despite the
concerns that forecasts uncertainty will not be well understood by end‐users
and thus translate into it having no influence on decision making (Joslyn &
Savelli, 2010). Farmers decision making is framed around the probability of
the forecast given. Therefore, communicating forecast probability supports
farmers in taking better decision, proper planning and reducing unrealistic
expectations of forecast accuracy and reliability of climate service in general.
In chapter 6, I have shown that contrary to popular belief that communicating
uncertainty information undermines farmers’ confidence in the service, it is
rather reassuring and creates a sense of transparency and honesty that boost
farmers’ confidence that forecast information is objectively provided.
However, it is essential to tailor the certainty information in a way that
farmers can comprehend regardless of their literacy level.
7.4 Scientific contribution
Relatively few studies have explored the application of indigenous ecological
knowledge for weather and seasonal climate forecasting (Roncoli, Ingram, &
Kirshen, 2002; Manyanhaire, and Miriam Chitura, & and, 2015). A minority
of scholars have identified and discuss indigenous ecological indicators used
for IF, but there remains a lack of clarity and empirical evidence for (1) the
cognitive underlying mechanism for generating IF and (2) the accuracy
(skills) of IF expressed quantitatively. This dissertation, to the best of my
knowledge, is the first to use mental modelling approach to establish how
farmers use indigenous ecological indicators to predict atmospheric events
such as rainfall onset, amount and cessation. It is also the first to quantitatively
evaluate the accuracy (skills) of IF. The use of mental model theoretically
shows the cognitive process involves in farmers forecast decision making.
This is vital for a scholarly debate that focuses on whether generating IF is an
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intuitive or rational process. In this thesis, I have shown that the process is
rational. The skills or accuracy of IF as I have demonstrated contributes to
theories and scientific literature that seek to make a case for the validity and
possibility of transferring indigenous knowledge for improved climate studies
and effective management of ecosystems in general. It is important to mention
that citizen science and the mental modelling methods are hardly used in the
context of climate change adaptation and thus form an important part of the
methodological contribution of this dissertation.
Existing literature suggests that the methodological toolkit is expanding
beyond approaches of collecting indigenous knowledge to methods that bring
different sources and forms of knowledge together (Bohensky & Maru, 2011).
Earlier efforts have proposed a subjective method and more sophisticated
untried science integration method (Plotz et al., 2017). Yet in this dissertation,
I have developed and tested a simple objective method (integrated probability
method) that combine SF and IF into a single forecast for farm decision
making. Results from this dissertation have contributed to the theory of
knowledge integration that is cognizant of culture and context.
This study is the first to introduce a framework for second-generation climate
services that include citizen science as a means of achieving co-production.
To improve the degree of engagement between scientist and farmers at data
collection and exchange, I employed citizen science approach where local
farmers were trained to record rainfall with tailor-made rain gauges while
providing their rain forecast using mobile apps. The use of citizen science and
mobile apps as an enabling platform for engaging farmers offers a new
opportunity for research. For example, downscaling and improving spatial
resolution forecast information for climate impact studies. Also, empowering
marginalized knowledge systems and facilitating social learning.
This study shows (in chapter 3) that, for climate information services to be
useful for farmers, it is essential though not quite simple to understand the
various farm actions and decisions that are taken and match them with the
required information. Using an interdisciplinary approach to evaluate
farmers’ information needs and carry out skills assessment of forecast product
enabled a broader contextualization of existing research which is often done
in isolation. Also been able to show that seasonal climate forecast up to lead
month 2 can be provided to meet the needs of farmers in Northern Ghana is
essential for recognising the scientific potential for model based seasonal
climate forecast. To my knowledge, no previous studies have done this. Also,
this study has used what it called visually facilitated scenario mapping to
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show that, aside providing farmers with the required information need,
communicating forecast at appropriate lead times and with its uncertainty or
probabilities have substantial influence on which decision farmers will take.
The results can be used by researchers who develop climate services for
agriculture. The results could also provide a template for making climate
services actionable for other sectors.
The notion that second-generation climate information services can improve
forecast reliability and acceptability invites a fundamental question that must
be continually revisited: are there locally specific social-ecological issues that
will hinder or promote operationability of such information services? This
dissertation theoretically advocates that climate information systems are
place-based and context-sensitive, requiring a thorough understanding of
local socio-ecological issues that has the potential to affect co-production and
uptake of information. The dissertation is also the first to argue for making
climate services responsible by applying the four dimensions of responsible
innovation as proposed by Stilgoe et al. (2013), to reflect on the novelty as
well as unforeseen implications climate information services on society.
Therefore, results obtained have provided insights to conceptualize
Responsible Innovation in the context of climate information services. This
provides opportunities for case studies to address potential challenges and
consequences of developing actionable climate services in a more detailed
manner.
Overall, this is the first study that has proposed a framework for a second
generation climate services in Ghana. It contributes to addressing the gap that
affects the actionability and uptake of climate services provided by the Ghana
Meteorological Agency (GMet) and other information providers such as
ESOKO. The methodological approach and results of this study could
contribute to research that focus on climate services in Ghana.
7.5 Societal contribution
This study unpacks a number of issues that society could benefit from. First I
have provided evidence of ways to improve acceptability and usability of
weather and seasonal climate information for farmers. For instance,
embedding scientific weather and seasonal climate information into farmers
cultural and social context is a sure way to get this information accepted. Also,
matching information with needs, communicating forecast at the appropriate
lead time and with the level of uncertainty will improve forecast uptake.
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Secondly, farmers in Northern Ghana have complained about the reliability
of available scientific weather and seasonal climate forecast. Uptake of
climate information services is dependent on its accuracy. This dissertation
has proposed that integrating scientific forecast with indigenous forecast will
improve the reliability of the existing forecast. This knowledge will help
advance climate services in Ghana in ways that have not been initially thought
about. For instance, this study can serve as a template for the Ghana
Meteorological Agency (GMet) to improve the spatial resolution of their
forecast and thereby improving its reliability for farmers. Moreover, there is
currently no guidance on how to engage farmers in collecting and handling
their indigenous forecast as well as integrating it with a scientific forecast.
Third, knowledge generated from this dissertation will help to improve the
design and/or implementation of agriculture climate services. Documenting
the challenges of existing information services in this dissertation is critical
for providing insights that improve the design and delivery of climate
services. Therefore, it is essential for climate services developers to consider
in their design and information delivery practice, (1) the user unfriendliness
for easy access and interpretation by farmers especially illiterate farmers, (2)
accuracy of forecast information by providing forecast with better skills and
at a finer resolution targeting a specific location (3) relevance of forecast
information tailored to specific needs and timely provided, (4) managing user
expectation by engaging end-users very early in the design process making
them familiar with the various limitations as well as communicating
uncertainty and (5) strengthening collaboration among scientists, farmers and
other key stakeholders by regular consultation and transparent process for all.
Importantly, engaging farmers throughout the project life and involving them
in data collection has helped build their capacity and empower them as well
as deepen their awareness of the difficulties in predicting atmospheric events.
Given their new knowledge and capacity, farmers would be more
understanding of the challenges that come with climate services.
Finally, this study will be beneficial to climate services projects carried out in
Ghana and elsewhere. While this study focused on rice farmers, the approach
could also be adapted for other kinds of farmers. Results from this study also
show that rice farmers could potentially improve their production if they have
accessible and usable weather and seasonal climate information. Moreover,
the state-of-the-art ECMWF-S4 forecast system is skilful at predicting
rainfall, minimum and maximum temperature in Northern Ghana.
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7.6 Reflecting backwards; strength and limitations of the research
The adoption of multimethod research approach in this dissertation ensures
the validity of the research designed to better understand empirically, ways to
improve the reliability and acceptability of climate services. This section
reflects on the methodological choices, the overall research validity, and
limitations of the study.
The citizen science method employed in this study deepened the
understanding of the role of local people in improving climate services. The
method offered a robust approach of gathering and quantitatively interpreting
local data in a finer resolution that might be difficult to achieve by the
scientific community. However, the citizen science process was laborious and
expensive when it comes to using smart mobile phones, training farmers and
accessing forecast data.
The validity of indigenous forecast (IF) data was achieved by comparing
farmers’ observed rainfall data with GMet data. Obtaining a similar pattern
in both datasets increased confidence in the quality of IF data provided by
farmers. However, using a relatively short dataset to validate the IPF method
could not allow stronger claims of results although good enough to prove our
concept. Unlike, science-based forecast where long term datasets are
available, this is unfortunately not possible for IF. Therefore, longer time
series data needs to be collected for a more robust analysis of temporal and
spatial variability of forecast and for validating IPF method.
To ensure that quality IF data was collected for the analysis, a rigorous
participatory process was used to purposively select 12 expert farmers who
were trained to understand and use scientific terminologies and tools to
provide data. The sampling method and sample size were relevant
considering the fact that not all farmers are good forecasters. Also, it allowed
in-depth study of the indigenous people’ forecast techniques and skills as well
as the use of smart mobile phones. Nevertheless, increasing the number of
expert farmers will allow the analysis of the variation of results within and
between communities. Therefore, subsequent studies should increase the
number of farmers in each community. More so, an expansion in the use of
smart phones and better cell phone coverage will make it easier to repeat this
with more farmers in future studies.
Using the Fuzzy-logic Cognitive Mapping approach with the aid of a
computer-based software (Mental Model), I was able to capture the
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underlying process behind the indigenous forecasting. The mental model
revealed the cognitive mechanism behind farmers use of indigenous
ecological indicators for predicting weather and seasonal climate. This
method fulfilled an important function of demonstrating that farmers do not
generate indigenous forecast intuitively, rather use a rational process where
each indicator has a degree of influence on the expected event. The method
lay emphasis on the abstraction of farmers thought and perception to
anticipate events by providing an imaginary picture of how farmers produce
their forecast.
The participatory methods (interviews, focus group discussion, workshops)
employed in the study offered the opportunity for the respondent to construct
versions of reality in an interactive interplay with the interviewer. However,
I acknowledge the possible subjectivity of the data provided by respondents
and participants (Gill et al., 2008; Gubrium & Holstein, 2012). This obviously
has implications for data validity and reliability. To address this, I embarked
on various measures that address both internal and external validity. The
protocols for the participatory methods were pre-tested among the target
group to ensure unambiguity and clarity. In all circumstances, changes were
made to the final protocols based on received feedback. The original protocol
for these methods containing the questions in English was translated into the
local popular Dagbani language. The validity of the collected data was
increased by the response from the feedback workshops that allowed
reflection and discussions of results by participants to reduce interpretation
bias. Also, the inclusion of open-ended questions allowed further probing for
clarity and certainty. The document and literature review method provided a
set of secondary data and information that served as a baseline for the research
and at the same time gave new insight into data collection and analysis.
Additionally, using interviews to determine farmers’ information needs in
chapter 3 and acceptability of integrated forecast in chapter 5 had some
limitations. A more comprehensive design of the questionnaire might have
allowed for a more advanced statistical analysis in search of other possible
explanatory variables. I suggest that such an extended analysis is warranted
for further studies. For example, understanding how socio-economic factors
could affect the acceptability of integrated forecast could provide better
context into forecast acceptability and use. Also, in chapter 6, using an exante evaluation approach through the Visually Facilitated Scenario
Workshops (VFSW) might not have provided realistic and detail analysis of
decision farmers will take, given different forecast lead times and
uncertainties. An analysis of real-time information provision and farmer’s
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decision making could provide better insight. Further research is needed to
evaluate real-time weather and seasonal climate information services that
communicate forecast probabilities and information at different lead times.
Doing this will provide a comprehensive understanding of the real-time effect
of these two factors on forecast uptake.
The forecast verification methods used in this study provided insights into the
quality of ECMWF-S4 over Northern Ghana. Moreover, to first compare
WFDEI data to locally observed GMet data ascertain the validity of WFDEI
data for the verification exercise. While this analysis was based on system 4,
far before system 5 was released, this limits the usefulness of your results.
However, it might be easy and useful to repeat the analyses with S5. The
Waterapps project (http://www.waterapps.net/en-us/home/) is currently
analysing system 5 forecasts, following the same methodology.
Also in this study, I argued that the existence of skill in ECMWF-S4 forecast
showed potential for predicting identified information needs. Nonetheless
using seasonal average as a proxy to assess performance and discuss the
possibility of meeting farmers’ needs in chapter 3 does not allow for the
evaluation of the predictability of each of the information needs identified.
For example, onset and cessation are expressed in calendar dates while the
dam water level requires a hydrological method to determine its
predictability. As a result, the conclusions on the predictability of information
needs are fuzzier rather than objective. Therefore, to make stronger claims on
the predictability of each information need with ECMWF-S4, further specific
predictability studies are required.
Finally, the proposed framework for second-generation climate services in
chapter 2 has only been explored and proposed for Northern Ghana. Yet not
practically implemented although several aspects of its elements tested.
Therefore, in order to make stronger claims about its potential to improve
forecast uptake compared to existing systems, there is a need for further
testing.
7.7. Future outlook and directions for further research and
policymaking
Interdisciplinary research on societal problems raises many new questions as
it seeks to provide answers. This research is in no way different. Based on the
findings, I observed the need for further investigation in different areas. In
this section, I will translate conclusions drawn from the scientific and societal
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contributions in addition to the research strength and limitation into a set of
recommendations.
First, the suggested second-generation climate services framework in chapter
2 needs to go beyond a conceptual framework. The empirical testing of the
framework could refine the underlying assumptions that underpin the current
design and operational logic, thereby allowing a better understanding of the
framework in providing climate services that are actionable and influence
farmers decision making. Applying this framework to different climate
services project will reveal which element within the framework needs
adjustment and which needs improvement. Already the Wateraps project been
implemented in the south of Ghana has adopted this framework to provide
weather and seasonal climate information to peri-urban farmers.
Secondly, if one message becomes apparent from this dissertation it is that
indigenous forecast has potential value for climate services. However, to
enhance the understanding and advancement of this field, long-term data sets
are crucial. The amount of data used and the number of farmers engaged in
chapter 4 and 5 did not allow making stronger claims. I suggest the need to
build a database to collect indigenous forecast for a longer period for analysis.
Also, increasing the number of farmers for IF data collection offers the
opportunity for analysing variation within and between communities. With
Waterapps project, such endeavour is possible as a mobile app is developed
with the aim to continue collecting indigenous forecast data. Furthermore, it
is expected that climate change will have an impact on land cover and
landscape. Therefore, there is a need to investigate how climate variability
and change will affect the indigenous indicators used for indigenous
forecasting.
Finally, in Ghana, agriculture water management and food production is
constrained by climate variability and change. Effective climate services can
be crucial to improving farmers’ decision making, developing water
management strategies and ultimately ensuring food security. Yet climate
services/information are scarcely mentioned in agricultural policy documents
(Naab et al., 2019). While this study focuses on improving the reliability and
acceptability of forecast information by local farmers, mainstreaming climate
services should be at the forefront in ensuring resilient agriculture. Ample
evidence already suggests the contributory value of climate services in the
agriculture sector. However, further research is required to evaluate the actual
impact of climate services on farmers’ livelihood and to determine how
climate services may influence agriculture policy formulation. In addition,
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this research could play a role in providing scientific evidence and more
reliable information about climate services as an adaptation tool against
climate variability and change. Policymakers should, therefore, be open to
including this in the formulation of policies for the sector. I suggest the
following actions as a way of using climate services to enhance climate
adaptation and improve the resilience of agriculture systems in Ghana:
-

Incorporating climate services into National Agricultural policy for
managing climate risk and uncertainty. Results from this research can
inform on-going research projects by helping adjust research activities
and approaches to address climate risks and explore adaptation options.

-

Building a national database for relevant indigenous knowledge and data
to improve scientific knowledge and data for effective facilitation of
research on weather and climate services towards impacts and adaptation
practices.

-

Strengthening the capacity of farmers to use advanced tools (such as
smartphones and rain gauges) to share their knowledge and data through
citizen science to effectively study locally observed phenomenon such as
rainfall patterns.

-

The Ghana Meteorological Agency should effectively communicate
uncertainties (probabilities) to manage expectations as well as provide
timely forecast information for flexible farm decision making.

-

Improving institutional and governance (formal and informal) structures
and arrangements will enhance the operations of GMet in reaching every
farmer with useful forecast information that informed decision making.

Finally, this dissertation supports pleas for a more integrated, co-learning and
co-production approach to climate services away from the current focus on
climate science-driven and user-informed climate services projects. The
approach implemented in this dissertation is important in the effort of
combating climate change, partly because it allows the inclusion of
indigenous people who are often overlooked for several reasons including
illiteracy. By involving farmers throughout the process, this exclusion is
avoided. One needs to understand that indigenous people know their terrain
and have different know-how and opinions that are valuable for climate
services. This knowledge needs to be recognized and accorded respect,
otherwise, little to no success will be achieved if the so-called scientific
knowledge is imposed on people living in rural areas of the world. In the case
of this study, it is claimed that even though indigenous and scientific forecast
differs from each other, they can be seen as two opposite sides of a coin whose
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strength complement each other’s weakness. It is especially important to
highlight this because indigenous knowledge is often viewed as less reliable
among certain positivists in the scientific community. Establishing the
underlying mechanism, understanding the techniques, quantifying the skills
behind IF such that they are included in scientific studies might refute such
perceptions.
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• Verifies the practical relevance and
applicability of scientific results

• Promotes better transfer of research results
into practice through early involvement of
societal actors
• Democratizes the discursive meaning of
science
• Strengthens civil society and government
agencies

A. General Introduction (Chapter 1)
Table A1: The benefits of citizen science
Benefits for Science
Benefits for Society
• Inspires new research topics by
• Generates and communicates socially
inviting new ideas, questions,
relevant research topics
methods, and societal knowledge
• Creates large datasets (spatially and • Allows co-creation of transparent research
temporally) that can be adapted to
various uses
• Allows diverse evaluation
• Allows society to take on responsibility for
capacities including photos, scans
research
and video sequences
• Increases public acceptance of
• Introduces all participants to new
research results
perspectives
• Promotes public evaluation of
• Develops opportunities for societal
research
transformation, e.g. towards sustainability

• Is fun and promotes sharing

• Allows critical examination of
scientific results
• Promotes a better environment and a
better society

• Introduces innovative ideas into
science
• Facilitates participation in political
decision-making through scientific
contributions
• Contributes ideas and suggestions
for alternatives

• Improves understanding of science
and sometimes advances scientific
qualifications
• Increases understanding of complex
problems

Benefits for Participants
• Allows contributions to scientific
discoveries

Supplementary information

Both describes the state of
the weather and climate

Scientific forecast
Forecast information is written and
formally documented

The scientific forecast is from the
simulation of dynamic numerical
models that are representative of the
earth system or statistically generated
Systematic, objectively produced

Factors
Mode of
transmission

Source

Very fine and locality specific.
Mental modelling

Course and a bit wider in area
linear modelling as a first
approximation

Resolution
approach

Skill
acquisition

Generation

non-systematic and subjectively
produced
It is system-based and universally
Holistic (not compartmentalized)
validated
and based on a specific locality
Theories and mathematical
social values, observance of
ecological indicators and sometimes
Spiritual
Rapid acquisition and through formal Long term experiences through
education
learning by doing

Approach of
production
context

There is a logic system
behind both forecast and
they are very much
analytical
Both fall in the domain of
statistics

Both are verified through
repetition
Both forecasts are done in
probabilistic terms

Both change over time

The forecast is based on peoples
Both are based on long
long term experience and
term observation
observation of indigenous indicators

Indigenous forecast
The forecast is Orally transmitted
and visually confirmed

Major Similarities

Table A2: Differences between indigenous and scientific forecast
Major differences
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Scientific forecast

assumed to be the best
approximation
analytical, based on subsets of the
whole
integrated, based on a whole
system

explanations based on changes in
ecological indicators, stories,
parables and sometimes
supernatural and intuitive
assumed to be the truth

Indigenous forecast

Nature of
Issued in quantitative terms
The forecast is often qualitative
forecast
Data storage Written
Oral and visual
Source: (Lalonde, 1993; Stevenson, 1996; Baker et al., 2001; Brascoupé et al., 2001; Tsuji & Ho, 2002)

Derivation

Reliability

Underlying
Explanations are based on
Explanations hypothesis, theories, laws

Factors

Supplementary information

Supplementary information

Figure A1: The map of Ghana showing the new regional divisions as at January
2019
B. Verification of seasonal climate forecast towards hydroclimatic information
needs of rice farmers (Chapter 3)

Figure B1: Taylor diagram showing the Comparative statistics of WFDEI and
GMET (Tp, Tmin and Tmax data) for MAM(A), JJA(B) and SON(C).

251

Figure B2: Year to year average Tp (mm/day), Tmin (°C/day), Tmax (°C/day) and Tave. (Average temperature of both Tmin
and Tmax) of WFDEI and GMET from 1981-2010 for MAM, JJA and SON at Tamale station.
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Figure B3: Mean bias in Rainfall (mm/day) forecasts from ECMWF-S4 against the
verifying observations of JJA, MAM and SON from WFDEI for 1981-2010. Positive
and Negative denotes forecast over estimation (wet bias-green) and underestimation
(dry bias-brown) respectively for 0, 1 and 2 months prior to start of each season

Figure B4: Correlation of ensemble mean rainfall forecast (ECMWF System 4) and
observations (WFDEI) from 1981 to 2010 for JJA, MAM and SON for 0, 1 and 2
month lead times. Cross show areas of significant correlation at 95% level.
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Figure B5: Mean bias in minimum Temperature forecasts from ECMWF-S4 against
the verifying observations of JJA, MAM and SON from WFDEI for 19981-2010.
Negative (positive) showed cold (warm) biases for 0, 1 and 2 months prior to start
of each season.

Figure B6: Correlation of ensemble mean minimum temperature forecast
(ECMWF System4) and observations (WFDEI) from 1981 to 2010 for JJA, MAM
and SON
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Figure B7: Mean bias in maximum temperature forecasts from ECMWF-S4 against
the verifying observations of JJA, MAM and SON from WFDEI for 19981-2010.
Negative (positive) showed cold (warm) biases for 0, 1 and 2 months prior to start
of each season.

Figure B8: Correlation of ensemble mean Maximum Temperature forecast
(ECMWF System4) and observations (WFDEI) from 1981 to 2010 for JJA, MAM
and SON
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XXX

X

XX

Normal

Below

MAM

XX
XXX

MAM
X

Above

Tmin
Tmax
Tercile

Prcp

Variables
SON
XXX

XXX

X

XX

XXX

X

XX

XXX
X
X
XX
Seasons
JJA
SON

Seasons
JJA
XX

XXX

X

XXX

MAM-0

X
XXX

MAM-0
X

XX

XXX

XX

X

XX

X

XXX
X

XXX

XXX

XXX

XX

X

XX

X

XX

X

XXX
XX
X
XX
X
XXX
Tercile skills of Prcp (Lead times )
MAM-1 MAM-2
JJA-0
JJA-1 JJA-2

XX
XX

XXX

XX

XXX

SON-0

XXX
XXX

Generalized discrimination skills(GDS) (Lead times )
MAM-1 MAM-2
JJA-0
JJA-1 JJA-2
SON-0
XX
XXX
XX
X
XXX
XXX

X

X

XX

SON-1

XX
XX

SON-1
XX

Table B1: Farmers’ ranking of hydro-climatic information based on importance (n=12).
Rank
Information about
Very
Moderately
Slightly
Not
Important
Important
important
Important
Important
Total rainfall amount
17%
33%
25%
8%
17%
Rainfall distribution
67%
25%
8%
0%
0%
Rainfall onset
25%
50%
8%
8%
8%
Rainfall cessation
17%
17%
50%
8%
8%
Dam water level
75%
17%
8%
0%
0%
Temperature
58%
42%
0%
0%
0%
Winds speed
0%
0%
8%
8%
83%
Wind direction
8%
8%
8%
8%
67%
Bolded values represent the highest percentage per information need.
Table B2: Summary of skills (xxx indicates most skilful followed by xx and then x) per season and lead times

XX

XXX

XX

SON-2

X
X

SON-2
X
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Table B3: Questionnaire for interviews
Kindly read out the following introduction and consent note to the respondent, and
ensure that he/she understands and thus give his or her consent before beginning
interview.

1.
2.
3.
4.
5.
6.

Hello Sir/Madam,
My name is ………………………. from Wageningen University and Research in
Netherlands. We have permission from the irrigation managers and office of the
district assembly. We are currently working on a research project about seasonal
hydrological and climate information services to rice farmers. Most of this research
is being carried out in Northern Ghana, and you have been selected by our sampling
method to ensure we received a representative picture views.
We would like to ask you some one-on-one questions that should take not more than
thirty minutes. Your answers to these questions will be invaluable for the study. We
will use this information to help farmers in their decisions during planting and
growing rice and other crops. If you agree to participate, all the information you
provide will be completely anonymous and confidential. Your answers will not affect
any benefits or subsidies you may receive now or in the future. Do you consent to
be part of this study? You may withdraw from the study at any time and if there are
questions that you would prefer not to answer, we will respect your right not to
answer them.
Questionnaire No: ……………… Community name:
…………………………………………
SECTION 1:
PERCEPTION OF CLIMATE VARIABILITY
What kind of rice farming do you do? � irrigated
� rain-fed
� both irrigated
and rain-fed
a. Do you grow other crops aside rice? � Yes � No
b. If yes, which crops? …………………………………
c. which of them is your maize crop? ......................................................
In your experience, has the TEMPERATURE for the last 30 years in this area stayed
� the same � has increased � has decreased � is different every year � do not know
In your experience, has the average RAINFALL for the last 30 years in this area stayed
� Same � has increased � has decreased � different every year � do not know
Do not answer question 5 and 6 if you indicated “same” for question 3 and 4
In the next 10 years, do you think there will be more variability in the climate?
� YES
� No
� Do not know
In your own opinion, what do you think might have caused this variability in the
climate? ................
SECTION 2:
HYDRO-CLIMATIC INFORMATION NEEDS AND DECISION MAKING
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7. When would you prefer to receive climate forecast information before a farming
season?
� 1 month � 2 months � 3 months � 4 months �5 months
�other…………...
8. When would you prefer to receive hydrological (dam water level)
information forecast before a farming season? � 1 month � 2 months � 3
months � 4 months �5 months �other
9. a. Do you use weather/climate forecasts information now? � YES � NO
b. If no, please why not? ……..
10. How would good hydro-climatic forecast information affect you?
� Good seed usage � high yield � appropriate water management � save
money �enough food for my family � others …………………
11. What are the key reasons for you to use a climate forecasts?
� Too much climate variability already � my existing forecast methods
are unreliable
� Hope it improves crop yield
� for better water management
� Others
12. What are possible reasons / barriers for you not to use climate forecasts?
� Too complex for me to understand
� Not realistic in projections
� I don’t believe it is useful/don’t care � I have bad experiences with
forecast information
� I did not know forecasts existed
� the way I do it now works fine
� I don’t have access to this information �others ………………
13. There are a number of actions and key decisions needed for rice farming, for
each decision; you might need particular type of information to make it better. Please
indicate for each decision which information you need most. Rank the most
important type of information with 3, followed by 2 and 1. If the information is not
relevant, please leave the column blank.

Preseason
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Buying seeds
Seed variety
Land size
and
allocation
Labour size

Dam water
levels
Temperatur
Wind speed
Wind
direction
do not know
/ none of
these
Other(more
specifically)

Decision

seasonal
rainfall
amount
Seasonal
rainfall
distribution
Rainfall
Rainfall
cessation

Information
Action

Supplementary information

Land
preparat
ion

When to
clear Land
When to
plowing
When to
harrowing

Planting

When to
nurse seeds
When to
transplanting
When to do
direct
seeding
Sowing
method e.g.
broadcast by
hand or
machine.

Irrigatio
n

when to do
supplementar
y irrigation
Amount of
water to use
for irrigation

Fertilize
r
applicati
on

The kind of
fertilizer to
buy
When to
carry out first
fertilizer
application
When to
carry out
second
fertilizer
application

Weed
control

The kind of
weedicide to
apply
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When to
carry out first
weed control
When to
carry out
second weed
control
Which time
to spray
weedicide
Which weed
control
method to
choose(e.g.
hand or
weedicide)
Pest
control

The kind of
pesticide to
buy
When to
carry out first
pest control
When to
carry out
second pest
control

Harvesti
ng

When to start
harvesting
Which
method of
harvesting to
choose(e.g.
by hand or
machine)

14. Which medium do you prefer to receive information stated in question 13?
� Radio � mobile phone (text messaging) � Extension officer � Irrigation
manager � TV� Internet � Head of Farmers Association � specially trained
personnel � other ……………………
SECTION 3:
BRIEF BIOGRAPHICAL INFORMATION
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15. Name…………………………………………………………………………
16. How old are you (age in years)? � 21-30 � 31- 40 � 41-50 � 51-60 �
61-70 � above 70
17. Gender? � Male � Female
18. What is your highest educational level attained?
� Elementary /primary � Middle school certificate/JHS � SSS/Olevel/WASSCE
� Tertiary � No formal Education
19. a. What is your farm size on the irrigation scheme (in acres)? � less than 1 �
1 – 1.9 � 2 - 2.9
� 3-3.9 � 4–4.9 �5 -5.9 �
others…………………………………………………………
b. What is your farm size outside the irrigation scheme (in acres)? � less than 1
� 1 – 1.9 � 2 -2.9
� 3 -3.9 4–4.9 �5 -5.9 � others………………………….
20. What is your household size? � 1-5 � 6- 10 11-15 � 16-20 � 21-25 �
above 25
21. How long have you been doing rice farming (years)? � 1-5 � 6- 10 � 11-15
� 16-20 �21-25
� Above 25
22. Would you like to stay involved in our work? � YES � NO
23. Would you be interested in participating in a feedback workshop on this
survey? � YES � NO
24. Is there anything else you would like to share with us? Something we should
look into in more detail? ……………………………
THANK YOU FOR PARTICIPATING
(To be filled by the interviewer)
Specific circumstances observed during interview (e.g. whether interviewee was
struggling with questions or could answer easily. Whether interviewee seemed
particularly interested and a good candidate to follow up with)
……………………………………………………………..............................
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Figure C1: The sum of accumulated observed rainfall per annum and month in the communities against GMET for the period of
study (April – October 2017).

C. Techniques and skills of indigenous weather and seasonal climate forecast (Chapter 4)
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Indicators

Reliability

Figure C2: Reliability and Usability of indicators for low, medium and high Rain forecast.
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Supplementary information

Figure C3: The stepwise interface of Sapelli android mobile app for recording and sending forecast.
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Supplementary information

A

B

Figure C4: Communal mental model of degree of influence of IEIs used for weather
(A) and seasonal climate (B) forecast. The matrix of these relationships are in Table
S12 of supplementary material, Participants assign probability of 0.25 (low),
0.5(medium) and 1 (high) for each IEI. The probability is depicted by the thickness
of the arrow (the bigger the arrow the higher the probability).
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Table C2: Frequency of low, medium and high rain days recorded by farmers and GMET
Low
Medium rainy
High rainy
Community / Station
rainy
Days
Days
Days
Gbugli
16
17
3
Yipeligu
19
13
4
Wuba
5
14
6
Kushibo
14
9
17
Gbulun
0
2
19
Saakuba
25
3
2
Kpalsogu
10
19
8
Voggu
12
14
5
Kukuo
11
22
8

36
36
25
40
21
30
37
31
41

Total rainy Days

Table C1: Explaining and agreeing to key meteorological terms.
Type of rainfall
Agreed explanations
No Rain (0 mm/day)
When rain does not fall at all
Low: (0.1 -18.8 mm/day)
From drizzling to rains that does not wet the soil to capacity
Medium: (18.9 -36.7 mm/day)
Rains that wet the soil to capacity
High: ( > 36.8 mm/day)
Rains that gathers water in farms and sometimes makes crops fail
Above normal
When the season will have more rains than often observed and get very wet than normal
(mostly with more yield)
Below normal
When the season have less rains than observed get very dry than normal(mostly with low
yield)
Near Normal
When the season will be just as it often is with normal experienced (mostly normal yield)
Onset
When the rain start (When you will start planting)
Cessation
When the rain will end ( Often harvesting start)

Supplementary information

15
39
6
14
53
42

13
9
7
12
11
11

8

5

8

8

8

10

Gbulun

Saakuba

Kpalsogu

Voggu

Kukuo

Yes
rain/
Yes
Rain

Kushibo

Community
/ Stations

Hit

31

23

29

22

16

32

No
rain/
Yes
Rain

Miss

41

43

43

57

38

38

Yes,
rain/
No
Rain

False
Alarm

132

140

134

127

155

136

No rain/
No Rain

Correct
Rejection

forecast/observation

41

31

37

30

21

40

Yes
Rain

173

183

177

184

193

174

No
Rain

24

26

22

27

24

Seven
months
Hit
Perform
ance
(%)
20

Total observe
(n=214)

25
0
0
0
0
60

0
0
25
0
33

May
(%)

0

April
(%)

Table C3: Performance of Farmers and GMET in Rainfall Weather Forecast

Dalun
Zangbalun
Tibung
Average of farmers
Tamale (GMET)[ >0.1 mm/day]
Tamale (GMET)[ >1 mm /day]

67

29

14

33

20

42

June
(%)

67

33

25

17

20

14

July
(%)

0

33

60

0

100

25

August
(%)

30
49
22
33
67
57

29

0

20

33

20

0

September
(%)

Monthly Hit performance

2
1
9
7
3
3

33

67

0

100

100

0

October
(%)

Supplementary information
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21

44

6

17

9

4

23

Tibung

Gbugli

Yipelgu

Wuba
Average
Community
(%)
GMET(Tam
ale) at ( >0.1
mm/day)

27

19

16

19

30

Zangbalun

17

13

Dalun

35

34

48

44

50

54

59

112

155

130

134

142

111

125

67

25

36

36

22

49

30

147

189

178

178

192

165

184

0
23
20

33
22
33

16
30
34

25

47

40

25

0
33

67

60

0

25

33

75

27

61

43

13

40

20

40

38

40

55

83

46

34

20

11

63

43

44

50

56

30

0

33

33

0

75

0

56

21

0

0

40

0

75

29

20

46

33

67

33

0

67

50

Supplementary information
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Table C4: Performance of GMET Rainfall Weather Forecast Within the communities
(GMET forecast against community observation)
GMET forecast/ farmer
observation
Total observe (n=214)
Correct
False
Hit
Miss
Alarm Rejection
Yes
No
Yes
Hit
rain / rain /
rain /
No rain / Yes No
Performance
Yes
Yes
No
No Rain Rain Rain
(%)
Rain
Rain
Rain
9
31
49
125
40
174
23
11
10
47
146
21
193
52
12
18
46
138
30
184
40
15
22
43
134
37
177
41

Community

Kushibo
Gbulun
Saakuba
Kpalsogu
Voggu

11

20

47

136

31

183

35

Kukuo
11
Dalun
7
Zangbalun
15
Tibun
6
Gbugli
11
Yipelgu
11
Wuba
7
Average
Performance (%)

30
23
34
16
25
25
18

47
51
43
52
47
47
51

126
133
122
140
131
131
138

41
30
49
22
36
36
25

173
184
165
192
178
178
189

27
23
31
27
31
31
28
32

Table C5: Agreement and disagreement of Farmers and GMET rainfall weather forecast
Commu
nities

Kushibo
Gbulun
Saakuba
Kpalsogu
Voggu
Kukuo

Bo
th
hit

bot
h
mi
ss

1
3
4
4
3
6

12
10
15
9
11
7

Agree
both
false
alar
m
24
8
14
18
15
17

both
corre
ct
reject
ion

GME
T hit,
farmer
miss

GME
T
miss,
Farme
r hit

99
118
96
100
104
93

8
8
8
11
8
5

7
2
4
4
5
13

disagree
GMET
false
alarm,
farmer
correct
rejection
37
37
31
34
36
40

GMET
correct
rejection,
Farmer
false alarm

Tot
al

26
28
42
34
32
33

214
214
214
214
214
214
269
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Dalun
Zangbalu
n
Tibun
Gbugli
Yipelgu
Wuba
Average

3
9

16
17

13
13

90
85

4
6

10
21

35
26

43
37

214
214

0
5
2
2
3

14
10
14
10
12

10
13
18
16
15

104
97
97
114
100

6
6
9
5
7

6
12
7
2
8

38
37
33
41
35

36
34
34
24
34

214
214
214
214
214

Hit: Both Forecast Yes Rain and observed Yes Rain. Miss: Both Forecast Yes Rain and
observed No Rain. False Alarm: Both Forecast Yes Rain and observed No Rain. Correct
Rejection: Both Forecast No Rain and observed No Rain.
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2

-

3

4

3

3

6

8

0

Gbulun

Saakuba

Kpalsogu

Voggu

Kukuo

Dalun

Zangbalun

Tibun

L/
L

Kushibo

community

1

3

0

6

2

0

0

1

0

M/
M

Hit

0

0

0

-

0

0

1

2

1

H/
H

6

16

6

7

9

6

19

-

11

N/
L

4

3

10

11

10

16

2

1

8

N/
M

Miss

6

0

1

4

4

7

1

15

13

N/
H

2

3

2

11

2

2

0

0

1

L/
M

1

0

1

4

1

0

0

2

3

L/
H

35

20

34

23

25

19

31

16

24

L/
N

0

14

1

3

0

0

3

-

0

M/
L

2

1

0

0

2

1

0

0

0

M/
H

14

32

14

17

0

13

13

12

5

M/
N

False Alarm

0

1

2

-

16

0

0

-

1

H/
L

-

0 1

0 2

1 11

-

0 0

1 11

1 13

0 10

0 9

H
H/
/
N
M

Forecast/Observation

Table C6: Farmers ability to detect low, medium and high Rain Forecast signal

142

111

125

133

140

134

127

155

136

N/
N

CR

6

39

15

11

12

10

25

0

14

L

7

9

13

22

14

19

3

2

9

M

N

9

1

2

8

5

8

2

192

165

184

173

183

177

184

19 193

17 174

H

Total observed

0

21

40

27

25

40

12

-

14

L

6

H

0

50

0

14

0

33 0

0

27 -

14 0

0

0

50 11

0

M

Performanc
e (%)
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1

0

Yipelgu

Wuba

3

1

4

0

0

0

4

16

9

11

8

7

6

3

3

0

4

6

0

1

0

8

31

24

1

2

5

0

0

0

16

15

17

0

0

0

0 10

0 2

0 3

155

130

134

5

19

16

14

13

17

6

4

3

189

178

178

0

5

6

Average
performanc
17
e (%)
L=Low Rain, M =medium Rain, H=High Rain, N = No Rain, CR=Correct Rejection, - = such forecast was not made, 0 = no
count

1

Gbugli
0

0

16 6

21 0

8

24

Supplementary information

Sun
Ant
Bird Sound
Butterflies
Caterpillars
Clouds
Cow
Duck
Earthworm
Fog
Frog
Hot Weather
Moon
Mosquitoes
Soil
Wind

Indicators

sure
0(0%)
6(11%)
5(17%)
1(9%)
1(8%)
3(3%)
1(6%)
1(6%)
1(2%)
3(6%)
2(11%)
10(8%)
3(8%)
4(14%)
1(8%)
2(4%)

So sure
4(13%)
1(2%)
2(7%)
4(36%)
3(23%)
13(11%)
1(6%)
2(13%)
6(12%)
4(8%)
1(6%)
18(14%)
5(14%)
5(18)
0(0%)
5(9%)

Hit
Yes/Yes Rain
Very sure
0(0%)
2(4%)
2(7%)
0(0%)
0(0%)
4(3%)
0(0%)
0(0%)
2(4%)
0(0%)
0(0%)
1(1%)
1(3%)
1(4%)
0(0%)
2(4%)

sure
14(47%)
23(42%)
9(31%)
4(36)
1(8%)
44(37%)
7(44%)
1(6%)
7(14%)
13(27%)
6(33%)
51(38%)
14(39%
10(36%)
3(23%)
20(36%)

So sure
11(37%)
17(31%)
5(17%)
1(9%)
5(38%)
38(32%)
6(38%)
10(63%)
24(47)
23(48%)
7(39%)
39(29%)
12(33%)
4(14%)
7(54%)
22(40)

Miss
Yes/No Rain
Very sure
1(3%)
6(11%)
6(21%)
1(9%)
3(23%)
16(14%)
1(6%)
2(13%)
11(22%)
5(10%)
2(11%)
14(11%)
1(3%)
4(14%)
2(15%)
4(7%)

30
55
29
11
13
118
16
16
51
48
18
133
36
28
13
55

Total number of
times used

Table C7: Certainty of using indicators for Yes/No Rain Forecast (Sure =high certainty, so sure= higher certainty, Very sure =
Highest Certainty)

Supplementary information

273

274

Observed

High Rain
Sun
Ant
Bird Sound
Butterflies
caterpillars
clouds
earthworm
Hot Weather
Moon
Mosquitoes
Wind
Low Rain
Sun
Ant
Bird Sound
Butterflies
caterpillars
clouds
cow
0
0
0
0
0
1
0
0
1
0
0
0
0
1
0
0
1
0

0
0
0
0
1
0
0

Very sure

0
0
0
0
0
0
0
0
0
0
1

So
sure

High Rain

0
0
0
0
0
0
0

0
0
0
0
0
0
1
0
0
0
0

sure

2
1
2
0

1
1

1
0
1
1
0
1
0
0
1
1
0

So sure

Forecast

0
1
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0

Very sure

Low Rain

3
2
0
0
1
0

0
1
1
0
1
0
0
2
1
1
0

sure

1
1
1
4
1

2

0
0
0
0
0
1
0
0
1
0
0

So sure

0
1
1
0
0
0
0

0
0
0
0
0
1
0
0
0
0
0

Very sure

Medium Rain

Table C8: Certainty of using indicators for low, medium and high Rain forecast (Sure =high certainty, so sure= higher
certainty, Very sure = Highest Certainty)

0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0

sure

Supplementary information

Duck
earthworm
fog
Frog
Hot Weather
Moon
Mosquitoes
Wind
Medium Rain
Ant
Bird Sound
Butterflies
clouds
cow
Duck
earthworm
fog
Frog
Hot Weather
Moon
Mosquitoes
soil
Wind
No Rain
Sun
Ant

0
0
0
0
0
0
0
0
0
0
0
0
0
0
1
0
0
0
0
0
0
0
0
1

0
0
0
0
0
1
0
0
0
0
0
2
0
0
0
0
0
0
0
0
0
0
1
0

2
2

0
0
0
0
0
0
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0

2
12

0
0
0
0
0
0
0
0
0
5
1
1
0
1

0
1
2
0
4
1
0
0

1
4

0
0
0
0
0
0
0
0
0
0
0
0
0
1

0
0
0
0
1
0
0
1

9
19

1
2

2
2
1
1
0
0
0
0
1
6
1

1
0
2
1
0
0
2
0

0
0

0
1
0
0
0
0
0
0
0
0
0
0
0
0

1
2
0
1
8
0
1
1

12
35

2
3
1
1
0
0
0
0
1
11
2
1
1
4

0
0
0
0
0
0
0
0

8
5

0
0
0
3
0
1
3
2
0
1
0
2
0
2

0
0
1
0
0
1
1
0
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Bird Sound
Butterflies
caterpillars
clouds
cow
Duck
earthworm
fog
Frog
Hot Weather
Moon
Mosquitoes
soil
Wind

1
1
2
10
1
2
3
2
0
2
3
0
1
5

1
1
0
6
0
2
3
2
0
2
1
1
1
0
0
0
7
0
0
2
1
0
1
3
1
0
0

3
0
1
6
3
3
2
10
3
26
3
3
3
10

2
0
2
5
1
0
3
2
1
9
0
3
1
1

5
3
0
26
4
1
2
12
5
44
5
5
3
15
0
0
0
0
0
0
1
0
2
1
0
0
0

10
3
3
37
8
4
7
25
9
81
9
11
7
26

276

2
22
2
5
19
11
4
11
6
1
3
7

1

Supplementary information

Near
Normal

Near
Normal

Gbulun

Saakuba

Kushibo

Total
Rainfall
amount
forecast
above
normal

communi
ties

Total
Rainfall
Observe
d
1563

Normal
492
appearance of the
sun

The hotness of the 1243
weather over the
dry season has
been moderate

a large number of
migrating
butterflies

Indicators Used

4th
Week
April

3rd
Week
April

2nd
Week
April

Onset
Forecas
t

The
flowering of
the Baobab
tree and the
emergence
of new
leaves
The hotness
of the
weather/
temperature

large flocks
of swallow
birds
migrating
with a loud
sound

Indicators
Used

2nd
Week
October

4th
Week
October

2nd week
may

Cessati
on
Forecas
t
1st
Week
October

3rd week
April

4th week
April

Onset
Observed

Table C9: Farmers and GMET 2017 seasonal forecast against observation in each community
Cessatio
n
Observe
d
No
clear 1st Week
sign. Used October
previous
experience
and
total
rain
forecast
No
clear 1st Week
sign. Used October
previous
experience
and
total
rain
forecast
No
clear 1st Week
sign. Used October
previous
experience
and
total
rain
forecast

Indicators
Used

Supplementary information
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278

above
normal

Near
Normal

Near
Normal

Below
normal

Kpalsogu

Voggu

Kukuo

Dalun

2nd
Week
April

1243

3rd
Week
April

3rd
Week
April

4th
Week
April

879

982

birds built nest 519.5
close to dam

Only a few
Woolly bears
Caterpillars have
emerged

1. A large number
of Hornbills with
a loud singing
noise
2. Frequently
occurring wind
swirling at a high
frequency
Saw crows flying
in groups

Rapid
increase in
anthills

the
appearance
of a large
number of
migrating
butterflies
swirling
wind at a
high
frequency

A rapid
increase in
anthills

1st
Week
October

3rd
Week
October

2nd week
April

1st week
April

1st
Week
October

2nd
Week
October

3rd week
April

4th week
April

No
clear
sign. Used
previous
experience
and
total
rain
forecast
No
clear
sign. Used
previous
experience
and
total
rain
forecast

1st Week
October

2nd
Week
October

No
clear 1st Week
sign. Used October
previous
experience

No
clear 1st Week
sign. Used October
previous
experience
and
total
rain
forecast

Supplementary information

above
normal

Near
Normal

Near
Normal

above
normal

Zangbalu
n

Tibun

Gbugli

Yipelgu

moon are covered
by cloudlike
appearance

Saw crows flying
in groups

Normal
appearance of the
sun

flowering of
Baobab tree and
leaves emergence
moon are covered
by cloudlike
appearance

774

862

587

606

3rd
Week
April

2nd
Week
April

4th
Week
April

3rd
Week
April

large
number of
migrating
butterflies

Burning
heat from
the high
temperature
s

Hearing an
owl hooting
in the
evening is
an
indication of
the rain
onset
High
temperature
that leads to
profuse
sweating
4th
Week
October

1st
Week
October

4th
Week
October

3rd
Week
October

1st week
April

1st week
of June

1st week
April

4th week
April

No
clear
sign. Used
previous
experience
and
total
rain
forecast
No
clear
sign. Used
previous
experience
and
total
rain
forecast
No
clear
sign. Used
previous
experience
and
total

3rd Week
October

1st Week
October

1st Week
October

No
clear 1st Week
sign. Used October
previous
experience
and
total
rain
forecast
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280

Near
Normal

Near
Normal

Wuba

GMET(Ta
male)

3rd
Week
April

4th week
April1st week
of May

The number of 784
migrating
butterflies
is
normal

forecast
model 741.8
simulations and
statistical
estimation results

2nd week
may

4th week
April

Burning
heat from
the high
temperature
s
forecast
model
simulations
and
statistical
estimation
results

rain
forecast
No
clear
1st
sign. Used
Week
October previous
experience
and
total
rain
forecast
End of forecast
October model
simulations
and
statistical
estimation
1st Week
October

1st Week
October

Supplementary information

Table C10: Summarised matrix of the communal mental model of degree of influence of IEIs used for weather and seasonal
climate forecast. Participants assign probability of 0.25 (L=low), 0.5(M=medium) and 1 (H=high) for each IEI. “ –“ means no
relationship.
Weather
Seasonal Climate
Indicators
Low
Medium
High Indicators
Onset
Above
Below
Normal Cessation
Rain
Rain
Rain
normal normal rain
rain
rain
Clouds
L
M
H
Birds
H
H
M
H
Mosquitoes
L
M
H
Frog
H
H
Hot Weather
L
H
H
Dogs
H
H
Cow
M
H
L
Hot Weather
H
Butterflies
L
M
H
Ants
H
H
L
M
H
Moon
L
M
M
Moon
H
H
L
M
Frog
L
M
H
Stars
H
Caterpillars
L
L
H
Baobab Tree
H
H
L
M
Duck
M
H
H
Cows
H
Fog
H
M
L
Duck
H
Soil
M
M
L
Reptiles
H
Birds
M
H
H
Wind
H
H
L
M
Ant
M
M
H
Sun
H
L
M
Earthworm
M
H
H
Clouds
H
Sun
L
H
M
Lightening
H
Wind
L
M
M
Mosquitoes
H
Butterflies
H
H
L
M
Caterpillars
H
H
L
H
-
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Table C11: Descriptive statistics of IEIs used
Statistics

Value

Mean
Standard Error
Median
Mode
Standard Deviation
Sample Variance
Kurtosis
Skewness
Range
Minimum
Maximum
Sum
Count
Confidence Level (95.0%)
lower bound
upper bound

42.375
9.202298173
30.5
55
36.80919269
1354.916667
2.630349998
1.749922916
126
11
137
678
16
19.61423426
22.76076574
61.98923426

C1. Mental modeller and Fuzzy-logic cognitive mapping (FCM)
Fuzzy-logic cognitive mapping (FCM) is a semi-quantitative modelling approach
used to understand behaviours of many complex systems (Glykas, 2010). They
collect and standardize individual and collective community knowledge using
simple modelling tasks (Ozesmi and Ozesmi, 2004; Gray et al., 2012) in a real-time
and participatory modelling environment (Gray et al., 2013). FCMs are capable of
collecting qualitative information from stakeholders and quantitatively assigned
weighted edges usually between -1 and 1, to define mathematical pairwise
associations. The pairwise relationships between concepts are used to calculate the
cumulative strength of connections between elements with weighted edges,
highlighting any domain as a system. Further, developed semi-quantitative scenarios
allow scenario analysis of plausible outcomes (Özesmi and Özesmi, 2004). This
approach is becoming an increasingly popular way to incorporate local or expert
knowledge into ecological decision-making (Nyaki et al., 2014; Halbrendt et al.,
2014). Mental Modeller uses a participatory modelling approach to capture both
individual and group mental models using a fuzzy-logic cognitive mapping (FCM).
It describes how a person views the world and how those views affect their
interactions (Giordano et al., 2005). The mental modeller is widely used in
facilitating group decisions and consensus in risk analysis, natural resource
management, and climate change adaptation (Biggs et al., 2011). It depends on social
and cultural influences, to understand the factors that influence the decision-making
of cultural groups (Biggs et al., 2011) such as farmers (Halbrendt et al., 2014).
However, the location of interviews used in the development of mental models can
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have an effect on outcomes. Despite these shortcomings, perhaps one of the most
important characteristics of this approach is that it affords transparency to
information gathering and knowledge transfer between science and policy (Kolkman
et al., 2005). This research uses representations of knowledge and belief systems
held by rural farmers in Northern Ghana to forecast seasonal and weather rainfall.
Through a multi-step process based on Fuzzy-logic Cognitive Mapping (FCM), we
captured the underlying mechanism for farmers to forecast the weather (low,
medium and high rainfall) and the seasonal climate (above, below and normal
rainfall, onset and cessation), using a novel computer-based FCM software called
Mental Modeler (Gray et al., 2013).
C2. Deterministic Binary forecast Verification
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
and Mason 2012). For this study, we used a 2 × 2 possible outcomes (contingencies)
presented in table 1 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).
Table 1: Schematic contingency table for deterministic forecasts of a sequence of n
binary events. The numbers of observations/forecasts in each category are
represented by a, b, c and d.
Event forecast

Event observed
Yes

No

Total

Yes

a (Hits)

b (False alarms)

a+b

No

c (Misses)

Total

a+c

d
(Correct
c+d
rejections)
b+d
a+ b + c + d = n

C3. Sapelli android mobile app for collecting forecast
Collecting farmers’ indigenous forecast could be done via different methods;
primarily paper-based or mobile-based recording. We resorted to using a mobile
phone approach for two main reasons: first, it helped us monitor when farmers send
their forecast based on date and time and location. Secondly, to appreciate how
farmers with low literacy levels interact with ICT based tools for future information
exchange. Several options exist for using a mobile-based platform because a growing
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number of mobile data collection platforms have emerged in the last decades.
CyberTracker (Liebenberg et al., 1999), EpiCollect (Aanensen et al., 2009) and Open
Data Kit (Anokwa et al., 2009) are some few examples. These platforms generate
large and detailed data sets and make it possible for scientists to have instant access
to all the information gathered over a period. However, in our research, we selected
an android mobile app called Sapelli (Stevens et al., 2013). Sapelli is an open-source
project that facilitates data collection across language or literacy barriers through
highly configurable decision-tree of a pictorial icon-driven user interface. According
to Stevens et al. (2014) Sapelli has a powerful visualisation 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. While all
other platform allows offline data collection, postponing data transmission to a later
stage, only Sapelli does not rely on an Internet connection. This function makes it
possible to use in areas where network connectivity is rare, unstable, slow or
expensive, and when users lack phone experience. Vitos et al., (2013) for example,
used Sapelli to Support non-literate people to monitor poaching in Congo. The
project was coded in XML and uploaded to Sapelli android platform. The app
presented a simple iterative process with an interactive interface showing images
agreed upon with farmers (see Figure 3 in the manuscript). The farmer first has the
chance to predict yes or no rain. Should he predict a yes rain, he has the option of
selecting if the predicted rain will be low, medium or high rain. He further indicates
the particular indicator upon which he based his prediction. Next, he indicates the
degree of certainty (sure, so sure and very sure) of his predictions. He finalizes the
prediction process by saving the data for export else, he cancels and re-start the
process. While farmers are sometimes able to combine different ecological indicators
for a particular forecast, the process was focused on the use of one indicator and a
short stepwise process to avoid possible complications likely to be associated with a
laborious process. Moreover, farmers have low literacy in smartphone usage and
therefore called for simple, easy and effortless processes that require less
engagement and technical competencies.
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Plate C2: Training farmers on how to use the rain gauges (left) and record rains in the logbook (right)

Plate C1: Identifying ecological indicators, interpretations of their signs and their reliability (left) and developing a communal
mental model for weather and climate forecast techniques using the mental modeler software (right)
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Plate C3: Farmers asking questions for clarity during a workshop (Left), Rain gauge mounted in a Farmer’s house (middle) and
training farmers on how to use the Sapelli mobile app to send their forecast (Right).

Supplementary information

286

Figure D1: The stepwise interface of Sapelli android mobile app for recording and sending forecast.

D. Towards weather and climate services that integrate indigenous and scientific forecast to improve forecast reliability
and acceptability (Chapter 5)
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72
28

Male
Female

18
32
23
19

Household Size
1-5 persons
6-10 persons
11-15 person
16-20 persons

69
12
12
5

8
0

34
32
14

40-50
50-60
>60

21-25 persons
>25 persons
Educational Level
No education
Primary education
Secondary education
Tertiary education

4
17

<30
30-40

Age

%

Characteristics
Gender

Characteristics

%

Yes(literate)
16
No (illiterate)
65
Somehow (partially literate)
17
I don't know
2
Farm size in acres (Rainfed farmers
only. N=36)
<1
6
1-1.9
33
2-2.9
8
3-3.9
11
4-4.9
17
5-6
17
>6
8
Farm size in acres (Both irrigated and
rain fed farmers only. N=36)
<1
6
1-1.9
28
2-2.9
8
3-3.9
6
4-4.49
22
5-6
17
>6
14

Literacy

Table D1: Background characteristics of respondents (N = 108)

Very often
Sometimes
Rarely
Never

Type of forecast use (scientific)
Always
Very often
Sometimes
Rarely
Never
Type of forecast use (Integrated)
Always

Always
Very often
Sometimes
Rarely
Never

Characteristics
Type of forecast use(Indigenous)

52
37
5
1

6

7
74
17
3
0

60
35
5
0
0

%
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3
Farm size in acres (irrigated farmers
only (N=36)

Hello Sir/Madam. My name is…. from Wageningen University and Research in the Netherlands. We are currently working on
a research project that focuses on weather and climatic information services that integrate indigenous and scientific forecast
for rice farmers’ decision making. You have been selected by our sampling method for the interviews. All the information you
provide will be treated with confidentiality. You may withdraw from the study at any time and if there are questions that you
would prefer not to answer, we will respect your right not to answer them.
Do you consent to be part of the study?...................
Questionnaire No: ………….
Part A: Personal characteristics
Question
Response
1. Name of the village
(a) Male (b) Female
2. Sex of the respondent?
(a) 1-5 (b) 6- 10 (c) 11-15 (d) 16-20
(e) 21-25
(f) >
3. Household size (Number of people living in one house
and under your care)?
25
(a) <30 (b) 30-40 (c) 41-50 (d)51-60 (e) >60
4. How old are you (In years)?
(a)No education (b)Primary education
(c) Secondary education (d)Tertiary education
5. What is your highest level of education?
(e)Non-formal (Adult education)

<1
11
1-1.9
44
2-2.9
39
3-3.9
6
4-4.49
0
5-6
0
>6
0
Table D2: Questionnaire for Acceptability of Integrated Forecast among Farmers

Non-formal
Education (adult
education)
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(a)Yes [Literate] (b) No [Illiterate] (c) Somehow [Partially
literate] (d) I don’t know
(a) < 1 (b)1 – 1.9 (c) 2 -2.9 (d)3 -3.9 (e)4–4.9 (f)5 -6
(g) >6

8. Was there any natural hazard(s) (e.g. flood, drought) that
(a) Yes (b) No (c) I don’t know
affected your yield level in recent years?
Part B: Forecast sources and usage
From our earlier interactions, we realised three sources of forecasts information for farm decision making. 1. Scientific
forecasts, provided by GMet. 2. Indigenous forecasts which are based on observation of traditional environmental indicators,
such as ant movement and cloud formation etc. 3. Integrated forecast based on using both scientific and indigenous forecast
together. We will be asking you a number of questions about the use of these forecasts.
(a)Always (b) Very Often (c)Sometimes
9. I use Indigenous forecast
(d )Rarely (e) Never
(a)Always (b) Very Often (c)Sometimes
10. I use Scientific forecast
(d )Rarely (e) Never
(a)Always (b) Very Often (c)Sometimes
11. I use Integrated forecast
(d )Rarely (e) Never
12. Imagine you are at the beginning of the cropping season (a) GMet scientific forecast
(b) indigenous forecast
and you need to know when the rains will start in order
(c) integration of GMet scientific and indigenous forecast
to start land preparation. Which of the following
(d) I don’t care (e) I don’t know
sources would you seek information from?
(a) I will use it only when it is proven to be reliable
13. Imagine you have rainfall forecast information from
(b) I will use it even if it is proven to be unreliable
only an integrated forecast to help you decide when to
transplant/plant your rice. Which of the following would (c) I won’t use whether I consider it to be reliable or not
(d) I don’t know
you do?
(a) Put them together as one forecast [combine] (b) compare
14. How do you integrate scientific and indigenous forecast? both and chose one based on my experience
[complementarily] (c) I can’t tell

7. What is your farm size (In acres)?

6. Can you read the local newspaper and weather forecasts
on your phone?

Supplementary information

(1) Strongly disagree (2) Disagree (3) Neutral (4) Agree
(5) Strongly agree
(6) I don’t know

(1) Strongly disagree (2) Disagree (3) Neutral
(4) Agree (5) Strongly agree (6) I don’t know
(1) Strongly disagree (2) Disagree
(3) Neutral (4) Agree
(5) Strongly agree (6) I don’t know
(1) Strongly disagree (2) Disagree (3) Neutral
(4) Agree (5) Strongly agree (6) I don’t know

1)Strongly disagree (2) Disagree (3) Neutral (4) Agree
(5) Strongly agree (6) I don’t know
(1) Strongly disagree (2) Disagree (3) Neutral
(4) Agree
(5) Strongly agree
(6) I don’t know
(1) Strongly disagree (2) Disagree (3) Neutral
(4) Agree (5) Strongly agree (6) I don’t know
(a) After 1 farming season (b) after 2 farming seasons
(c) after 3 farming seasons (d) after 4 farming seasons
(e) Others……………… (f) I don’t know
Table D3: Multiple questions that measured acceptability integrated forecast

15. I prefer an integrated forecast that is combined than used
complementarily
16. If I am not certain about the scientific and indigenous
forecast information, I will try to integrate or combine
both
17. Scientific and indigenous forecasts are not always
aligned, for example, GMet scientific forecast says it
will rain and my own forecast saying it won’t rain. In
those cases, I become confuse and find it problematic.
18. I will accept information from an integrated forecast
more because it combines the best of scientific and
indigenous forecasts.
19. In making farming decisions, I prefer to have integrate
scientific and indigenous forecasts rather than separate
20. I prefer to use indigenous forecasts over scientific
forecasts when possible
21. I will only accept an integrated forecast after using it for
a while
22. If you agree to question 20 above, how long will it take
for you to accept an integrated forecast?

Part C: Acceptability of integrated forecast
On a scale of 1-6, with 5 being "strongly agree" and 1 being "strongly disagree," and 6 being “I don’t know”. Please
describe your feelings:
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Scientific and indigenous
forecasts are not always
aligned, for example, GMet
scientific forecast says it will
rain and my own forecast
saying it won’t rain. In those
cases, I become confuse and
find it problematic.
Frequency
Percent

I will accept information
from an integrated forecast
more because it combines
the best of scientific and
indigenous forecasts.

N
108

0.9
1.9
26.9
70.4
100.0

Percent

In making farming
decisions, I prefer to have
integrated scientific and
indigenous forecasts rather
than separate

Frequency
Percent
Frequency
Responses
Strongly Disagree
2
1.9
2
1.9
1
Disagree
3
2.8
1
.9
Neutral
1
0.9
31
28.7
2
Agree
23
21.3
73
67.6
29
Strongly Agree
79
73.1
1
.9
76
I don’t know
Total
108
100.0
108
100.0
108
Table D4: Reliability of the three questions for measuring Acceptability
Reliability Statistics
Cronbach's Alpha
Cronbach's
N of Items
Alpha Based on
Standardized
Items
0.686
0.682
3
Item Statistics
Mean
Std. Deviation
Scientific and indigenous forecasts are not always aligned, for
4.61
0.807
example, GMet scientific forecast says it will rain and my own

Questions

Supplementary information

0.733
0.614

4.62
4.66

108

108

Table D5: Monthly Performance of IF, SF, and IPF probability forecasts (Bolden values are the highest performed values under
each probability).
Probability of
Indigenous
GMet
Integrated
rainfall
Performance (%)
Performance (%)
Performance (%)
occurrence
Yes Rain
No Rain
Yes Rain
No Rain
Yes Rain
No Rain
June
≤0.5
52
48
36
64
50
50
>0.5
56
44
63
37
55
45
July
≤0.5
38
63
45
55
33
67
>0.5
67
33
40
60
46
54
August
≤0.5
40
60
13
88
24
76
>0.5
100
0
35
65
60
40
September
≤0.5
32
68
25
75
33
67
>0.5
0
100
35
65
83
17
October
≤0.5
17
83
16
84
14
86

forecast saying it won’t rain. In those cases, I become confuse
and find it problematic
I will accept information from an integrated forecast more
because it combines the best of scientific and indigenous
forecasts.
In making farming decisions, I prefer to have integrated
scientific and indigenous forecasts rather than separate
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0

35.8
44.6

>0.5

≤0.5
>0.5
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64.4
55.4

100

17
83
Monthly Average Performance
27
73.2
38
62
30.8
58.8

50
69.2
41.2

50
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Table D6: Relationship between Acceptability of integrated probability forecast
(IPF) and trust
Trust = I will accept information from an integrated forecast more because
it combines the best of scientific and indigenous forecasts
Acceptability
Trust
Spearman's
correlation

Acceptability Correlation
Coefficient
Sig. (1-tailed)
N
Trust

Correlation
Coefficient
Sig. (1-tailed)
N

1.000

0.652**
0.000

108

108

0.652**

1.000

0.000
108

108

**. Correlation is significant at the 0.01 level (1-tailed).
Table D7: Farmers’ acceptability of integrated forecast based on Trust and
reliability
I will accept information from an integrated forecast more because it combines the
best of scientific and indigenous forecasts
Strongly disagree
2
1.9
Disagree
1
0.9
Agree
31
28.7
Strongly agree
73
67.6
I don't know
1
0.9
Total
108
100
Imagine you have rainfall forecast information from only an integrated forecast to
help you decide when to transplant/plant your rice. Which of the following would
you do?
Frequency
Percentage
(a) I will use it only when it is
106
99
proven to be reliable
(b) I will use it even if it is
2
1
proven to be unreliable
(c) I won’t use whether I
consider it to be reliable or not
(d) I don’t know
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Supplementary information

Table D8: Farmers’ choice of forecast type and integration approach
Questions

I prefer to use indigenous
forecasts over scientific
forecasts when possible

I prefer an integrated
forecast that is
combined than used
complementarily

If I am not certain
about the scientific
and indigenous
forecast information,
I will try to integrate
or combine both
Frequency Percent
-

Responses
Frequency
Percent Frequency Percent
Strongly
1
0.9
Disagree
Disagree
Neutral
3
3
2
2
Agree
34
32
32
30
27
Strongly
70
65
69
64
81
Agree
I don’t know
5
5
Total
108
100
108
100
108
How do you integrate scientific and indigenous forecast?
Frequency
Put them together as one forecast [combine]
3
compare both and chose one based on my experience
101
[complementarily]
I can't tell
4
Total
108
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25
75
100
Percent
2.8
93.5
3.7
100.0

Decision Card Board

Figure E1: Farming stages as shown on the cardboard
Wheel 1: Forecast probability Wheel 2: Forecast Lead Time (Seasonal) Wheel 3: Forecast Lead Time (Weather)

E. The influence of weather and seasonal climate forecast information on rice farmers’ decision-making (Chapter 6)

Supplementary information
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Table E1: Seasonal forecast lead time and farmer decision-making.
One Month Lead
Two Months Lead Three Months Lead Time
Time
Time
Frequency Percent Frequency Percent Frequency Percent
Will Act

31

86.1

22

61.1

8

22.2

Will not
Act

5

13.9

14

38.9

28

77.8

Table F2: Weather lead time and farmer decision-making
Farming
stages
Land
Preparation

Decision Choice

Will clear the land
using manual labour
Will clear land using a
tractor
Planting
Will broadcast seeds
Will nurse and
transplant seedlings
Will plant using
dibbling method
1st Fertilizer Will apply fertilizer by
Application broadcasting before the
rain
Will apply fertilizer by
placement after the
rains
Weed
Will apply weedicide
Control
after the rains
Will apply weedicide
before the rains
nd
2
Will apply fertilizer by
Fertilizer
broadcasting before the
Application rain
Will apply fertilizer by
placement after the
rains
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One Day
Lead Time
Freq. %

Three Day
Lead Time
Freq.
%

One Week
Lead Time
Freq. %

4

11.1

9

25

26

72.3

32

88.9

27

75

10

27.8

32
4

88.9
11.1

25
6

69.5
16.7

23
7

63.9
19.4

-

-

5

13.9

6

16.7

1

2.8

6

16.6

17

47.2

35

97.2

30

83.4

19

52.8

3

8.3

1

2.8

36

100

33

91.7

35

97.2 -

4

11.1

16

44.4

13

36.1

32

88.9

20

55.6

2

60.4

-
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Weedicide
Control

Harvesting

Will apply weedicide
by spraying after the
rain
Will apply weedicide
by spraying before the
rain
Will harvest with a
sickle
Will harvest with a
combine harvester

29

80.5

5

13.9

2

5.6

7

19.2

31

86.1

34

94.4

27

25

27

25

13

36.1

9

75

9

75

23

63.9
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Local communities are adaptive and have in the past managed different risk
(such as droughts and floods, disease and pest outbreaks, and famines). Yet,
in recent times, many of these communities are overwhelmed by the impact
of climate variability and change on their farming activities. Ghanaian
farmers particularly those in the North are faced with many decision making
dilemmas due to water and climate variability. They struggle about decisions
such as which seed variety to plant, when to plant, when to fertilize, when to
do supplementary irrigation and sometimes when to harvest. In discussing
possible spheres of enhancing farmers’ adaptive capacity to deal with these
challenges, mainstreaming climate services into agriculture is tipped to have
great potential. However, climate information service in Ghana has had no
intrinsic value for farmers as it is unable to influence their farming decisions.
Thereby making farmers rely on their own indigenous forecast for daily and
seasonal farm decision making.
This thesis, therefore, explored ways to make climate services useful for
farmers in the Northern region of Ghana. It aimed at improving the reliability
and acceptability of forecast information by integrating indigenous and
scientific forecast. I formulated five iterative research questions with each
question informing the other and in whole address the objective. They are:
1. What is the potential of climate information services to support rice
farming systems? (Chapter 2)
2. How successful can seasonal climate forecast meet farmers’
information needs? (Chapter 3)
3. What are the skills in indigenous and scientific forecast to
promote effective climate services? (Chapter 4)
4. How can the integration of indigenous and scientific forecast improve
reliability and acceptability of climate services? (Chapter 5)
5.

How do weather and climate information influence
farmers’decisionmaking? (Chapter 6)

I adopted a multi-method approach where a number of concepts are combined
and different qualitative and quantitative methods were used for data
collection and analysis to gain understanding into the research objective. This
PhD dissertation consists of seven chapters. Chapters 1 and 7 are respectively
meant to provide a general background to the study and a synthesis of the
major findings. The remaining chapters (Chapter 2 to 6) addresses the five
research questions, each chapter is independently written to address one
research question.
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In Chapter 2, I carried out a diagnostic of the existing socio-ecological issues
including the limitations and strengths of agriculture information systems in
rice production systems in Northern Ghana. I did this by first conducting
literature and documents review, followed by interviews and focus group
discussions with different relevant stakeholders. The central part of this
chapter is the proposed framework for second generation climate services that
when adopted and implemented could improve the uptake of forecast
information services. The framework was evaluated with the four dimensions
of responsible innovation (anticipatory, inclusive, reflexive and responsive)
and found to be robust for effective climate services in the area. The
framework is developed to ensure the provision of relevant and accurate
forecast information via a user friendly platform in a way that manages user
expectation and strengthens collaboration between information providers and
users. The diagnostics also revealed some essential issues that affect the
uptake of climate information services in the region. These issues form the
basis for the subsequent chapters. They include (1) the mismatch between
forecast information and farmers need (2) poor quality of forecast information
(3) the disconnect between forecast information providers and farmers (4)
management of unrealistic expectations of farmers.
Building on the challenge of mismatch between forecast information and
farmers need, Chapter 3 was aimed at ensuring that forecast information
meets the desired needs of farmers. Using interviews and workshops, farmers’
hydroclimatic information needs were identified and evaluated according to
farming types; rainfed, irrigated and both rainfed and irrigated. Findings show
that farmers need rainfall distribution, temperature variations, dam water
level, total rainfall amount, onset and cessation, wind speed and direction.
However, some information needs are ranked higher than others depending
on the frequency of use and farming type. Also, information needs are linked
to the type and timing of farm decision making and that farmers would work
with up to lead time 2 seasonal forecast information although prefer lead time
1 the most. Thus, I evaluated the performance of the state of the art ECMWF
System 4 seasonal climate forecast system up to lead time 2 and discussed the
potential of meeting these the identified needs. The skill analysis shows the
possibility of meeting farmers’ need at their most preferred lead time of 1
month allowing time for proper planning and decision-making. Therefore,
model based seasonal forecasts have the potential to provide relevant
information required for farmers’ farm-level decision making if information
providers ensure that information meets the expected needs. However,
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inaccurate forecast information will negatively affect the reliability even if
relevant information is provided.
Chapter 4 and 5 focused on the second and third issue identified during the
diagnostics; improving the quality of forecast information and connecting
forecast providers and farmers to co-produce. The two chapters focussed on
the reliability and acceptability of scientific forecast information using
farmers’ indigenous forecast and in the process improve co-production of
climate services. The call to integrate indigenous and scientific forecast is
not new, yet attempt to achieve this is at its infancy stage. A glance through
the literature on the subject reveals that very few studies have explored the
underlying mechanism (techniques) for generating indigenous forecast and
none has particularly tested quantitatively the skills in indigenous forecast as
well as develop an objective method to integrate it with scientific forecast.
Therefore, in chapter 4 I first explored the techniques for generating
indigenous forecast (both weather and seasonal forecast) using a mental
modeling approach and assessed the skills in these forecast comparing it to
GMet forecast. This form the basis for the integration of indigenous and
scientific forecast in addition to testing the reliability and acceptability of
integrated forecast among farmers in chapter 5.
In chapter 4, I first used a fuzzy expert system called mental model to
investigate the underlying process behind farmers indigenous forecasting
techniques. Results show that farmers use observational changes in
indigenous ecological indicators (IEIs) in addition to historical rainfall
patterns to predict the coming season. In particular, there is a relationship
between these observational changes and event predicted (rainfall onset,
cessation and amount [below, normal and above] for seasonal forecast or low,
medium and high rainfall for weather forecast). The technique to make these
predictions are not intuitive but rational and improves with age and
experience. Secondly, I employed the concept of citizen science that allowed
the collection and exchange of data and knowledge between scientists and
farmers, enhancing the co-production process that is currently absent in
climate services in the area. Further, I quantitatively evaluated farmers
forecast using the World Meteorological organization’s acceptable binary
forecast verification measure vis-à-vis GMet’s forecast. Results show that on
average, both farmers and GMet are able to accurately forecast one out of
every three daily rainfall events. At the seasonal scale, one out of every three
farmers was able to accurately make onset prediction while two out of every
five farmers are able to get rainfall amount and cessation right. Similarly,
GMet was able to predict rainfall amount accurately in one out of every three
305

Summary

communities and one out of every four communities for onset but was unable
to accurately predict cessation for the communities. This result, therefore,
informs the integration of farmers’ indigenous forecast and scientific forecast
(from GMet) in chapter 4.
Chapter 5 showed that it is possible to integrate indigenous and scientific
forecast into a more reliable forecast that is acceptable by farmers in Northern
Ghana. First, following a review of existing literature to determine the
strength and weakness of existing integration methods, I developed an
integrated probability forecast (IPF) method that is able to integrate both
indigenous and scientific forecasts into an objective and reliable forecast
information compared to each in isolation. Specifically, The IPF method
combines the strengths of IF and SF and subsequently improves their
reliability at both daily and seasonal timescale. Secondly, result of an
interview with farmers shows that the IPF method had far greater
acceptability potential among farmers (93% of farmers accept) because it
combines IF and SF into a single forecast, resolves the issues of contradicting
forecast information, requires less meeting time and improves forecast
reliability.
In chapter 6, I used a Visually Facilitated Scenario Workshops (VFSW) to
investigate the impact of forecast probability and lead times on farmers’
decision making. Results show that based on their varying degree of risk
different types of farmers (irrigated, rainfed and both) respond to forecast
probabilities in different ways. Rainfed rice farmers have high risk level and
a forecast probability of less than 0.5 will make them hesitate in taking
decisions. Weather forecast provided at 1 week and seasonal climate forecast
provided at 1 month lead times have the most influence on rice farmers’
decision making. Also, fertilizer application and planting are highly sensitive
to forecast lead times because of their reliance on water. Finally, for climate
services to be useful, forecast information needs to be timely provided and
probabilities properly communicated to the different groups of farmers,
bearing in mind the varying differences in the sensitivity of each group.
Chapter 7 conclude the dissertation by synthesising the salient findings and
providing some recommendations. This dissertation has pushed the agenda to
move to a second-generation climate service to support farmers. The
anticipatory, inclusiveness, reflexivity and responsiveness nature of the
proposed framework in Chapter 2 shows the efficiency and robustness for
making climate information services useful for farmers. The framework
champions co-production of climate service where farmers are actively
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engaged in the design, creation and production process. The framework did
so by introducing citizen science as a principle that enables the co-production
of climate services. This dissertation also provides a novel insight into how
to collect, handle, quantitatively evaluate and integrate indigenous and
scientific forecast in an objective manner such that the reliability and
acceptability of forecast information are achieved for farmers’ benefit. The
development of the Integrated Forecast Probability (IPF) method provides an
answer to the long awaiting question of whether it is possible to integrate
indigenous and scientific forecast? My dissertation has not only shown that it
is possible but then it also improves the reliability and acceptability of
forecast information among farmers. Lastly, findings from this study
contribute to improving the uptake of climate information services for
agriculture decision-making. Results demonstrated that a two-directional
model of climate services where farmers are actively involved in all stages of
the process has the potential for forecast information uptake. Showing the
potential of providing seasonal forecast at farmers prefered lead time of 1
month and beyond which was previously problematic for even the best
models is useful to support farmers’ decision in a more flexible manner. Also,
I have demonstrated that forecast information with the best possible accuracy
will still remain invaluable to farmers if does not meet their farming needs.
Therefore, using an interdisciplinary approach to connect forecast products
with information needs will contribute to the successful uptake of forecast
information by farmers. Furthermore, the utilization of farmers in this study
provides fresh insights into the interpretation of local data and methods which
otherwise may not be possible to generate in the scientific community even
with their best models. For instance, I observed that indigenous forecast is
finer in resolution and more valuable at the community level than GMet
forecast which is coarse and issued at a regional level. Rather than using
scientific downscaling techniques (often limited by model inadequacies and
unavailability of observed data) to transform forecast information from a
coarser to finer resolutions, local knowledge could be helpful. In addition,
communicating forecast information at the appropriate lead time and with the
probability of occurrence have a positive influence on farmers to take better
decision, proper planning and reducing unrealistic expectations of forecast
accuracy and reliability of climate service in general.
The most important recommendation of this thesis, therefore, is to test and
incorporate the proposed second generation climate services into National
Agricultural policy. Doing this will not only offer the opportunity to manage
climate risk and uncertainty in practice but also create a new perspective that
will advance our scientific understanding of climate information services.
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