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Abstract—Crop that are currently underutilized can play a 

major role in diversifying food sources and combating climate 
variability. One major obstacle for wider adoption of these 
species is the lack of information on the geographic areas where 
these crops are currently grown. These crops are typically grown 
in marginal lands through subsistence agriculture. At present, 
there is no global database and no efficient procedure that allows 
users to acquire cropping patterns of underutilised crops. The 
proposed solution identifies underutilized cropping patterns 
using online search engine data. The target is to determine global 
public interest in underutilised crops over time through search 
engine data. This identifies possible crop utilisation patterns, 
trends and interest pertaining to underutilised crops over time. 
As a proof of concept, we collected a set of keyword synonymous 
of Bambara groundnut (BG), from local and international 
databases and research publications. Using the Google AdWords 
service and 40 different terms for BG, we were able to gather 
search event data for two years, at the city level. Preliminary 
analysis done through a software prototype shows that the data 
provides new insights as to how BG search events are distributed 
and how this data can be used to delineate current areas where 
BG grows and what are the characteristics of their value chains. 
For evaluation purposes, we compared our BG results with the 
crop’s known network of BG growers and researchers, and 
confirmed that the results not only matched known regions of the 
network but also proposed several new ones that need to be 
evaluated. The results suggest that the proposed solution 
provides significant indicators for possible cropping patterns 
and/or research interests around the world. 
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I. INTRODUCTION 

Given the importance of agricultural biodiversity, species 
that are currently underutilised, can play a major role in 
diversifying food sources and combating climate variability 
[4]. Recent research into biodiversity is significantly increasing 
and contributing towards the development of a confined data 
repository and knowledge base [1]. Establishing a database of 
the current regions and localities where these crops are grown 
can help scientists, farmers and other decision makers, to 
rapidly establish a global network for information exchange. 
The established network will in turn help with the data 
collection of local agricultural practices and value chains for 
these crops that will streamline wider adoption and inclusion in 
agricultural diversification plans worldwide [23]. 

The current advancement of research on and adoption of, 
underutilised crops is crucial. Significantly it can help in 
mitigating the effects of global problems like climate change, 
nutrition deficiency, food security and to decrease developing 
countries’ dependency on imported crops [7]. The research on 
underutilised crops will contribute to the achievement of the 
United Nations Sustainable Development Goals (No Poverty, 
Zero Hunger and Climate Action) [9]. Data on major crops like 
rice, wheat, maize and soybean are significantly available 
given the fact that they have their own dedicated research 
centres such as IRRI for rice [21] and CIMMYT for maize 
[16]. 

Underutilised crops suffer from a lack of dedicated research 
centres which leads to unavailability of centralized and 
organized data. Research on underutilised crops requires 
identification of the places where the crops are grown, planted 
and used as food, feed or in commercialized products. This will 
lead to the detection of existing value chains and communities 
that are involved. The first goal of this research involved 
identifying the various naming conventions used for the target 
crop. For this purpose, an experiment was conducted to collect 
and verify all possible names for the crop before extracting 
search engine data based on those keywords. 

Every crop can have many varieties, e.g.: the apple fruit has 
more than 7500 varieties [7]. The same varieties of apple can 
be referred to by different names in different languages. 
Moreover, it can be called different names in the same 
language based on geographical locations. Varieties, local 
names, synonyms and landrace names are different names that 
can define certain crops [24]. For major crops like rice and 
maize, most of the names have been documented. Most of their 
varieties have their genetic sequences stored in gene banks 
[19]. This is not the case for most underutilised crops. Their 
varieties, landrace and cultivar names and their cropping 
patterns are not well documented. Solving this problem 
requires an expert study on underutilised crop names. This 
study constitutes a preliminary step in this research. Web 
crawling and data mining approaches are particularly useful in 
ascertaining social trends [22], and have also proven to be 
useful in biological and agricultural sciences. Van der Velde et 
al. (2012) have used search volume data to generate crop 
specific planting and harvesting information, integrating 
climate and soil data [23]. Search engine data has also been 
used in health care to predict trends and disease hotspots [2], 
[10]. 
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This research is focused on identification of possible 
cropping patterns of underutilized species using online search 
engine data. The target is to collect and analyse search engine 
data that can be categorized per location and over time. This 
will identify the possible crop utilization patterns as well as 
trends and interest on underutilised crops over time. 

II. BAMBARA GROUNDNUT DATA 

A. Choice of Bambara groundnut 

Crops For the Future (CFF) is a dedicated research centre 
for underutilised crops. Bambara groundnut is one of the main 
crops that CFF is researching [14]. CFF established the 
BamYield network to link various research centres and 
institutions that are working on Bambara groundnut. This 
research is using Bambara groundnut as an example of using 
the Google AdWords tool to identify cropping patterns by 
investigating global public interest through search engine 
requests of various Bambara groundnut names. The existing 
data from the CFF BamYield program will help to validate the 
results of the research. 

B. Bambara groundnut Names 

The initial stage of this research was to identify Bambara 
groundnut names, scientific names, synonyms, varieties, 
landraces, cultivars and local names in different languages. The 
process of investigating Bambara groundnut names involved 
several experts, extracting names from the literature and 
integrating them with local and international databases. The 
international databases that were used in this research consisted 
of United States Department of Agriculture, Germplasm 
Resources Information Network USDA-GRIN [15], Global 
Biodiversity Information Facility GBIF [20], Food and 
Agriculture Organization AGROVOC [3], and CFF 
CropBASE [12], [13]. The initial list of Bambara groundnut 
names that had been composed from international databases 
and the literature contained several incorrect names. The 
reason for these inaccuracies stems from the limited interest in 
those crops. A manual process was employed to filter and 
enhance this list. Table 1 lists the verified Bambara groundnut 
names. 

TABLE I. BAMBARA GROUNDNUT NAMES 

Bambara groundnut names 
Group 1 Group 2 

Bambara groundnut kacang bogor 
Bambara Bean ถ่ัวหรั่ง 

Bambara-bean バンバラマメ 
Bambara Erdnuss Feijão jugo 
Bambara-Erdnuss 班巴拉花生 
Bambarra groundnut Congo goober [6] 
Guisante bambarra Erderbse 
Madagascar groundnut jinguba-de-Cabambe 
Jugo bean 비그나서브테라네아 

vigna podzemní Pisello di terra 

Voandzeia subterranean Pois arachide 
Vigna subterranean Voandzou 
Glycine subterranean kacang poi 
Maní de bambarra бамбарский земляной орех

III. METHOD 

Every day billions of search requests are performed on 
search engines from all over the globe. Recently several 
research efforts from various disciplines used search engine 
data to extract valuable information and indicators [18]. These 
keyword search logs and statistics, which are essentially crowd 
data, are normally provided by the search engines in different 
formats. 

A. Google Keywords Tool 

Google processes over 3.5 billion requests per day [11]. 
Given the multitude of Google and its collaborative search 
engines users, the search event data from these databases can 
be used to demonstrate public interest in particular subjects [2], 
[10], [23]. The Google AdWords application is used by 
companies to allow customers to monitor their business. 
Google AdWords provides several planning tools. Keyword 
planner [8] for example is used to decide which keyword to 
link to customer business. One function of this tool is to get the 
current trend on any desired keyword. Keyword planner takes 
certain words or phrases as input and the output is the number 
of search requests that happened in certain locations and 
certain periods of time. 

B. Google Trends Tool 

The Google Trends tool has been studied in this research. It 
provides detailed trends on specific search keywords [5]. 
Several research efforts in various disciplines started to use 
Google trends as a tool to investigate social interactions with 
their experiments [22]. However, this tool has a limitation 
which consists of displaying trends as percentages rather than 
raw counts. Google Trends takes the highest search result 
count in a specific time or place and represents it as 100%. All 
other search results will be percentages relative to this 
maximum result. In other words, Google Trends never displays 
the actual search request raw counts. Google Trends also has a 
minimum threshold for search request counts in order to 
display the trends. If the counts are less than this threshold, no 
data will be displayed. Since underutilised crop searches tend 
to involve significantly small counts, as will be shown in the 
results section, Google Trends can’t be used as the main tool of 
this research. However, it was used to verify Google keyword 
results, and it was also used to get extra keywords that appear 
in the recommendation list of the tool. 

C. Using Google Keywords Tool 

This section describes in detail the steps taken and 
configurations used in the Google Keyword planner tool to 
extract counts of search requests for specific keywords. 

 Input. The Google Keywords application takes specific 
keywords in text or csv format as input. The list of 40 
Bambara groundnut names that were stated above were 
uploaded as a csv list. 

 Configuration. Target output: volume data. Search 
engine choice: Google search engine and its partners. 
Geographical location: all locations. Chosen period of 
time: from July 2014 to June 2016. The tool has to be 
run manually for each country. 
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 Output. The tool provides a list of search request counts 
per country and per month. The tool breaks down the 
results to show the count per device that was used for 
searching (i.e. desktop, mobile or tablet). 

IV. RESULTS AND DATA ANALYSIS 

The extracted data consists of 230 csv files. Each file 
contains a list of search request counts in the specified country, 
per month, per device, per keyword. The 230 files were 
processed using shell scripting on Linux Centos to extract 
cropping patterns. 

A. Top Countries that Search BG 

A geographical web interface was constructed to present 
the data geographically using Google GeoChart. The map in 
Fig. 1 shows the average search request counts for Bambara 
groundnut names per country for the period of (July 2014 – 
June 2016). Top countries are (Indonesia, 1110), (Thailand, 
470), (United States, 400), (South Africa, 320), (Malaysia, 
320), (Nigeria, 260) and (United Kingdom, 220). 

B. Local Names and Langagues for BG 

Bambara groundnut in Indonesia is a commercialized crop. 
Customers can buy its products from the market [17]. The local 
name for Bambara groundnut in Indonesia is “kacang bogor”. 
This name is the highest searchable keyword from the list of 
Bambara groundnut names. Kacang bogor takes 91% of the 
search requests in Indonesia from all Bambara groundnut 
names. Thailand is the second in the list. The most searchable 
name on Google for Bambara groundnut names is “ถัว่หรัง่”. 
The United States of America is the third country in the list. 
We assumed that this was mostly due to research institution’s 
search requests and expected accordingly that the top 
searchable name was Vigna subterranean, which is the 
scientific name of Bambara groundnut. Surprisingly the top 
two names that are used in the United States in search requests 
are Bambara groundnut and Bambarra groundnut (with double 
“r”). Preliminary investigation shows that African Americans 
are starting to reconnect with their ancestors’ crops, including 
Bambara groundnut. Both the United Kingdom’s and South 
Africa’s top searchable name is Bambara groundnut. 
Malaysia’s top searchable name is the local name: “Kacang 
poi”. 

C. Temporal Analysis of Google Search Requests Data 

Time is the second parameter that the Google Keywords 
tool generates. Temporal analysis provides the ability to show 
search trends over time. The graph in Fig. 2 indicates the trend 
of search requests in a period of two years (July 2014-June 
2016). The blue line shows the Indonesian trend. There are two 
main peaks in March 2015 and March 2016. After 
investigating those two peaks with Bambara groundnut experts, 
they confirmed that those peaks happen around harvest time 
each year. The Indonesian search trends show a significant 
increase of interest from 2015 to 2016. This probably means 
that there is an increase of public interest in Bambara 
groundnut and its products overtime. Similar trends have been 
observed in Thailand around November 2015 and October 
2016, however we were not able confirm whether this 
corresponds to harvest time in Thailand. 

D. Search Request per Device 

The third element in the tool’s set of results consists of the 
device used to initiate search requests. The graph in Fig. 3 
shows the average number of search requests per month, per 
device (Desktop/Mobile). The primary assumption is that a 
higher number of desktop-based searches might be linked to 
research institutions, while a higher number of mobile and 
tablet search requests might indicate high usage from the 
common public and farmers. Indonesia, Thailand and Malaysia 
show higher numbers of search requests from mobile devices 
which suggests there is significant interest by the common 
public. 

 
Fig. 1. Average Google search requests for BG. 

 
Fig. 2. Top countries for Bambara groundnut Google search. 

 
Fig. 3. Top countries for Bambara groundnut Google searches (Desktop vs 

mobile). 



Future Technologies Conference (FTC) 2017 
29-30 November 2017| Vancouver, Canada 

 

666 | P a g e  
 

These results are consistent with the fact that Bambara 
groundnut is commercialized in those countries and several 
products depend on it.  However, the United States and South 
Africa have a higher number of search requests from desktops 
which suggests a higher interest from the research and industry 
sectors. 

V. DISCUSSION 

The Google AdWords tool was proven to be a valuable 
source of information for the cropping patterns of underutilised 
crops. Google AdWords has a limitation when the search 
requests are below ten requests per month. Average search 
requests per month are depicted as multiples of ten, which can 
be interpreted as the tool’s rounding mechanism. Thus, 
studying countries with small numbers of monthly search 
requests was ineffective because of the tool’s rounding 
mechanism. 

When using Google’s search engine, users typically type 
phrases, not only keywords. This was not considered in this 
research due to the generally small number of search requests 
involved. However, the Google trends tool provides top 
phrases or similar keywords that people might use for certain 
topics. This option was studied in this research in order to get 
similar search keywords or phrases. However, this was shown 
to be ineffective because of the significantly small number of 
search requests for underutilised crops. 

The  United States of America appeared to be number 3 in 
the top list of search requests. This finding is new to the 
BamYield network and shall be considered in the coming 
analysis of Bambara groundnut countries to explore. In spite of 
Bambara groundnut originating from and currently being 
utilized in Africa, the search request counts from African 
countries are too small, which makes it impossible, at this 
stage, to extend the analysis and validation to this broader 
context. One possible extension of this research involves 
utilizing other social network data that might complement 
Google AdWords data. Future work will include more 
underutilized crops like Moringa (Moringa olifera) and Winged 
bean (Psophocarpus tetragonolobus), and might also include 
the validation of results using alternative crowdsourced data. 
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