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ABSTRACT Global interests in organic foods are of importance to researchers and the food industry.
Traditional questionnaire-based methods do not provide a broad picture. To meet this need, worldwide
interests in organic foods were studied by integrating query data from the Google search engine and deep
learning methods. The results show that organic oil, organic milk, organic chicken, and organic apples are
the most interested organic foods; people from Singapore, US, New Zealand, Australia, United Kingdom
and Canada care about organic foods the most; consumers’ interest in organic foods has no correlation
with GDP and life expectancy but has significant correlations with other dimensions of culture such as
individualism, uncertainty avoidance, and long-term orientation. A recurrent neural network (RNN) model
structure is useful in predicting people’s interests in major organic foods over time.

INDEX TERMS Organic food, search engine, search interest, neural network, data modeling, deep learning,
consumer behavior.

I. INTRODUCTION
The development of science and technology has been con-
tinuously improving human life. In parallel with the rapid
development of economy, consumers are increasingly con-
cerned with food safety and their health. Therefore, knowing
people’s interest worldwide in organic foods is useful for
food production and policy making (Wang & Liu, 2014).
Consumers’ preference for organic foods engenders an
important research topic, which has often been studied with
questionnaires (Briz & Ward, 2009; Honkanen et al., 2006).
However, covering multiple cities and regions by question-
naires can be a big challenge to attempts for a comprehensive
study. People from different locations have diverse back-
grounds and thus survey results from one location at a specific
time usually do not apply to other places. As a result, there
is a serious need on a global scale for determining sustained
interests in organic foods over time.
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With the development of increasingly convenient and
accessible search engines, people tend to rely on search
engine data (SED) to find information for preference recom-
mendations or research data collection. People who search
more times on an item tend to show more interests in it
than those who search fewer times. SED have been exten-
sively used in various studies, including detecting potential
influenza outbreaks (Ginsberg et al., 2009; Pelat et al., 2009),
predicting economic status (Choi & Hal, 2012), and ranking
universities (Vaughan & Esteban, 2014). In this work, not
only were SED used to investigate consumer interests in
organic foods world widely, but deep learning techniques
were applied to predict the trends in people’s interests over
time.

II. BACKGROUND
A. RESEARCH ON INTEREST IN ORGANIC FOODS
Many past efforts focused on consumer attitudes towards
organic foods. One of themajor features of these studies is the
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TABLE 1. Studies on organic foods across the world.

data collection in a local area at a specific time. Table 1 shows
selected studies related to organic food around the world
from 1995 to 2019.These researches were conducted in one
country or two countries for comparison at a specific time.

Davies (1995) and Schifferstein (1998) found that organic
food buyers considered themselves more responsible for their
own health and were more likely to undertake preventive
health actions than the general public. The organic food
consumers were best separated on the basis of education,
body mass index, scores on the health locus of control
scales, or interest in vegetarianism and naturopathy. The
differences between buyers and non-buyers on a multitude
of measures suggest that the consumption of organic foods
is a way of life, resulted from ideology and connected to a
particular value system, which affects personality measures,
attitudes, and consumption behavior. This research links the
education level and values of individuals to the consumption

of organic food. Ramesh & Divya (2015) conducted an
analysis through interviews, surveys, and data collection from
various journal articles to understand consumers’ awareness,
attitude and satisfaction towards selected organic food prod-
ucts in India. They found that the major reason for customers
to purchase organic foods in India is the expectation of a
healthier lifestyle and an environmentally-friendly means
of production. This was consistent with the findings of
Basha and Mohamed (2015) that food quality, environmental
concern and lifestyle are the most common motivations for
purchasing organic foods. For the emerging markets of China
and Brazil, survey data were collected in Guangzhou of China
and Porto Alegre of Brazil, and analyzed through structural
equation modeling (Thøgersen et al., 2015). The similar
conclusion has been drawn: beliefs about healthiness, taste,
and environmental friendliness are major determinants for
consumer purchasing of organic foods.
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Dias et al. (2016) evaluated the scale of consumer
loyalty for organic foods by collecting data through a
web-based survey and by subsequently solving structural
equations for data analysis. The researchers came up with a
one-dimensional validated scale consisting of eight questions
and a composite reliability level to measure the loyalty of
consumers for organic foods. The stability of value basis for
consuming organic foods in China from 2009 to 2014 was
studied (Thøgersen et al., 2016). Data from ordinary Chinese
consumers have also been collected in 2009 and 2012 outside
supermarkets in Guangzhou, China. Results showed that peo-
ple in this city purchased more organic foods in 2012 com-
pared to that in 2009. InNorway, a study based on two surveys
was carried out in 2000 and 2013, indicating that people
in 2013, compared to 2000, had a more positive tendency to
purchase organic foods and to appreciate the importance of
these foods in health (Vittersø et al., 2015). Although there are
no continuous data for all the years, it is evident that people’s
willingness to buy organic foods from available markets has
been increasing.

Researchers in Taiwan administered questionnaire surveys
in the context of decisional factors driving consumption of
organic foods and consumer purchase intentions (Teng &
Wang, 2015). The surveys were conducted of customers in
four main urban supermarkets and major health food stores
in three different cities. It was concluded that trust attitudes
about organic foods and the subjective norm exert a signifi-
cant influence on consumer purchasing behavior. Consumer
attitudes towards the mandatory EU logo for organic foods
and consumer willingness to pay for a variety of governmen-
tal organic labels and farmer association ones were analyzed
in a study conducted in Germany (Janssen et al., 2014). These
researchers also provided recommendations for governmen-
tal and private owners of organic certification labels. Findings
revealed that the awareness of the new EU logo, the trust for
the logo, and the understanding of the logo were supposed
to be key points for the EU to strengthen the organic sector.
During the 1990s in Sweden, the largest share of organic
food-related products was in dairy and about 3% of milk
sales in 1998 were labeled as organic (Cederberg &Mattsson,
1999). The large dairy producers doubled their organic milk
production. Cederberg et al., (2000) concentrated their work
on the most important categories of organic foods based on
sales in local areas. There are still such problems to research
in the next decade, which inevitably depend on geographical
locations and people’s living habits.

In recent years, many studies on organic food interests rely
on commercial data since purchase behavior can well reflect
people’s interest in the market. Hansen et al. (2018) shows
the interplay between consumer motivations and values influ-
ences organic food identity. Nguyen et al. (2019) focus on
studying the relationship between consumers’ personal fac-
tors and organic food purchases in food stores.

To sum up, the positive attitudes towards healthy lifestyle
and environment friendliness were the main factors for con-
sumers to purchase and consume organic foods. The food

choice is more influenced by the psychological interpre-
tation of product properties than their physical attributes
(Rozin et al., 1986). Consumers purchase organic foods for
different reasons, including concerns about the effects of
conventional farming practices on the environment, human
health, animal welfare, and perceptions that organic foods
are tastier than their conventional alternatives. To study the
psychology and interest of consumers, scientific experiments
and extensive data support will be required to arrive at global
scientific conclusions. The conclusions in the existing litera-
ture are often limited to the countries and products at a certain
time (Thøgersen et al., 2015).

B. GOOGLE SEARCH ENGINE DATA APPLIED IN
RESEARCH AND BUSINESS
As mentioned earlier, data from Google Trends can be col-
lected more easily than using a traditional survey ques-
tionnaire. It can be a valuable source of data or reference
for research after appropriate preprocessing. In addition,
the greater transparency and accessibility will improve data
reliability as an effective research tool (Sudhakar et al., 2014).

With high volume and accessibility, these data are used
by more and more researchers for their studies and analyses.
For example, the data have been extensively used in med-
ical studies (Ramos-Casals et al., 2015; Yao et al., 2015).
A large number of users search online for information on
diseases when they or their family members feel ill or are
diagnosed with a disease. The records on search engines
allow us to collect worldwide disease outbreak information,
which cannot be easily completed by other ways. Researchers
used the correlation data from Google Trends and autore-
gressive integrated moving average (ARIMA) models to
improve the quality of predictions on epidemics and found
that the result was consistent with the actual data during
the Zika epidemic period (Teng et al., 2017). This study
provides an evidence for the potential use of stream editor
in epidemic prediction. Another study on the Zika epidemic
collected Zika-related data from Google searches, Twitter
microblogs, and the HealthMap digital surveillance system
(McGough et al., 2017). Based on these historical data of
suspected cases, scholars found that the time span with
the best prediction performance for Google and Twitter is
2-3 weeks (McGough et al., 2017). This finding helps other
researchers to utilize these data in a more efficient way.

After a disaster, a traditional statistical method is inef-
fective for timely data collection and analysis. Information
from social media, such as Facebook and Twitter, can be a
powerful tool in disaster management (Kim&Hastak, 2018).
Researchers combined the social media data and SED to
explore the critical role of social media in emergency
information propagation, helping the emergency agencies
develop appropriate strategies for emergency responses.
Liu et al. (2017) studied the periodicity of consumer behavior
on an online search site for the US hotels and built a struc-
ture model to describe the SED-based behavior. Tang et al.
(2018) compared the periodic behavior of consumer online
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searches for restaurants in the US and China based on SED
and found that the online search behavior in the US is much
more strongly governed by weekly cycles than that in China.
Predicting the number of visitors to a place is important for
tourism management. Yang et al. (2015) used web search
query volume to predict the number of visitors for a popular
destination in China and compared with the actual number.
Yelowitz andWilson (2015) usedGoogle Trends data to study
determinants of interest in Bitcoin. Based on anecdotal evi-
dence about Bitcoin users, proxies for four possible clienteles
were built.Maringer et al. (2016) conducted research on using
the Google search engine for capturing the most popular and
widely used systems capable of integrating with other data
collection systems, in which, SED played an import role in
data collection and data analysis.

When looking for help or recommendations, more and
more people tend to use search engines for information and
advice, thus making the search history data increasingly valu-
able for studying a particular topic. Google search engine
data were widely used in business analysis field. However,
in organic food area, previous studies were mainly based on
manually collected datasets, and Google search engine data
were not applied for analysis.

C. RECURRENT NEURAL NETWORKS (RNN) AND LONG
SHORT-TERM MEMORY (LSTM) MODELS FOR DATA
ANALYSIS AND PREDICTION
Because the Google search engine provides search interests
over time, it is possible to build a deep learning model to
represent the search records and to predict the trend of peo-
ple’s interest in organic food, which cannot be easily achieved
by collecting data through traditional survey. Deep learning
can be applied in various fields such as medical research
(Litjens et al., 2017), geography studies (Zhao et al., 2015),
agricultural forecasts (Kamilaris et al., 2018), and market
analysis (Leng et al., 2018). Recurrent neural networks
(RNN) are one of the most popular deep learning algorithms
(Zhu et al., 2018), which can predict the trends in a time
series. In recent years, many researchers have shown that
the RNN is able to have good performance in modeling
time series data. The long short-termmemory (LSTM) model
composed of a cell, an input gate, an output gate, and a forget
gate is well suited for RNN-based classification, processing,
and predictions. Several recent studies on RNN and LSTM
models for predictions are summarized as follows.

A cell is a unit that takes an input and stores it for some
arbitrary intervals, and the three gates regulate information
flowing into or out of, or remaining in the cell, which corre-
spond to an input gate, an output gate, and a forget gate. The
number of cells and the weights for each cell are initialized
randomly (usually with values in a normal distribution) as
done in the literature (Thimm, et al., 1995). When an LSTM
neural network is trained, the differences between network
predictions and real values are measured by a loss function.
The training algorithm back-propagates the errors to the cells
for the three types of gates to control and adjust the weights

to optimize the output (Greff et al., 2017). In this work,
the commonly-used cross validation technique was used and
the data were divided into training and validation datasets.
We used historical data segments to train the LSTM network
and future data segments to validate the model as done in
Karpathy et al. (2015).

Fig. 1 illustrates the basic structure of an LSTM network,
which includes inputs, outputs, memory blocks, and activa-
tion functions (Gers et al., 1999; Shi et al., 2015).

FIGURE 1. An illustration of LSTM network. Xt: Input Vector. ht: Output of
current block. Ct−1: Memory from previous block. ht−1: Output of
previous block. Ct: Memory from current block. σ/ tanh: Activation
function.

There are RNN/LSTM models successfully applied in dif-
ferent areas. Tax et al. (2017) showed that data extracted
from historical event logs and used in an RNN/LSTM model
could outperform existing techniques in monitoring and pre-
dicting the business process. For business data analytics,
scholars proposed a new model based on an LSTM net-
work which performed well on real-world business datasets
(Gan et al., 2017). Stock price prediction has been a hot topic
for many years. Scholars from Japan proposed a sequential
learning model based on RNN or LSTM-RNN for prediction
of single-stock prices and it performed better than conven-
tional models based on corporate action event information
and macro-economic indices (Minami & Shotaro, 2018).

An LSTM model can also be combined with other meth-
ods. A hybrid method of wavelet transform and LSTM has
been proposed to predict nonlinear systems. The data were
first decomposed into constitutive series through wavelet
transform, and then an LSTMmodel was used to find the bias
vectors and weighting coefficients for prediction. This model
could obtain a higher accuracy than the wavelet transform
alone and had a shorter training time compared with an
LSTM-only model (Sugiartawan et al., 2017).

Based on the prior work, it is clear that RNN and LSTM
models are quite suitable for modeling of time series, and
thus this method was applied for predicting trends in organic
foods based on Google searches conducted in the present
work.
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III. MATERIALS AND METHODS
Google is the most popular search engine in the world.
Google Trends is a public web facility of Google Inc. Google
Trends based on Google searches shows how often a partic-
ular search term is used relative to the total search volume
across various regions of the world. In this work, a list of
organic foods-related search terms (all the data are available
by request) including organic milk, edible oil, meat, grains,
fruits, and vegetables was used as keywords for searches in
Google Trends for the past 10 years (1/1/2008 – 12/31/2017,
https://trends.google.com/trends/). Among these 6 major cat-
egories, there are 3 keywords in the milk category (milk,
baby formula, and soybean milk), 8 keywords in the grains
category (rice, corn, wheat etc.), 6 keywords in the edible oil
category (oil, coconut oil, olive oil etc.), 10 keywords in the
meat category (chicken, beef, meat, etc.), 14 keywords in the
fruits category (apple, fruit, orange, etc.), and 17 keywords
in the vegetables category (vegetable, garlic, pumpkin, etc.).
All the keywords in each category are listed in the pie charts
in Fig. 3. By visiting the webpage of Google Trends, we
may search by different keywords, compare search results
from different locations, define the search timeframe, and
download data in ‘‘.csv’’ format. Google Trends provides a
very friendly interface and clear instructions.

Google Trends provides search interest over time and
search interest over a region. Search interest with monthly
time resolution is provided if the search duration is set as
10 years. If daily search interest data are wanted, the longest
search duration should not be more than half a year. Since
the maximal search interest value for each half a year is
always scaled to 100 by Google automatically, other values
in this half a year is a relative number to 100. If we want to
compare the daily search interest in a time span longer than
half a year, we must normalize the daily search interest data.
In this work, we first retrieved the data for the 10 years and
summed up the data every 6 months. Then we used the 6-
month sums to normalize the daily search interests retrieved
with search duration set at 6 months. For the search interest
over a region, Google Trends provides search interest values
for all the subregions during the specified timeframe. Values
are scaled from 0 to 100, where 100 is the location with the
highest search frequency. For search interest over time, daily
search data in the past 10 years were collected. For search
interest in a region, thirty-two countries in 6 major categories
of organic food were collected. These data are all relative
search interests, which are adequate for comparative analysis
as done in this work.

To analyze the raw data and to find correlations between
them and other potential factors, data on GDP, life
expectancy, and educational attainment were collected from
the official website of the World Bank (https://datacatalog.
worldbank.org), whereas data on cultural dimensions
were obtained from the website at https://www.hofstede-
insights.com/models/national-culture. SPSS software (SPSS
Inc., Chicago, IL, USA) was used for the correlation
analysis. Deep learning was conducted in TensorFlow

(Abadi, Martín, et al. 2016). RNN and LSTM models were
developed to forecast trends in people’s interest in organic
foods a few weeks ahead. A suitable network architecture
was obtained by comparing the prediction results from varied
structures based on the relative fitting errors (RTF) as the loss
function.

IV. RESULTS
A. ORGANIC FOODS OF GREATEST INTEREST
Fig. 2(a) shows the relative search interest among nine major
categories of organic foods, in which keywords ‘‘organic oil’’
and ‘‘organic egg’’ receive the highest and lowest search
interest, respectively. Fig. 2(b) shows the variations in search
interest in some organic foods over the years (For clarity,
only six keywords are shown). Visually, the relative search
interests have remained relatively steady in the past ten years,
except for some fluctuations in fruits and vegetables, which
appear to be associated with seasonality.

FIGURE 2. The organic foods people are most interested in
(a) comparison of the search interest for nine keywords and
(b) search interest variations over the past 10 years for
six keywords.

The pie charts in Fig. 3 show the interest level of
each keyword within its category. In categories of milk,
grains, edible oil, meat, fruits and vegetables, the keywords
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FIGURE 3. Search interest in organic foods for each category and their relative search interest levels in their category: (a) milk, (b) grains, (c) edible
oils, (d) meat, (e) fruits, and (f) vegetables.

receiving the highest search interest are organic milk (85%),
organic rice (29%), organic oils (69%), organic chicken
(31%), organic apple (28%), and organic vegetable (34%),
respectively. Among them, the keywords for some specific
foods receive even higher search interest than the keyword
for the category. For example, the keywords of organic
rice, organic chicken, and organic apple respectively receive

higher search interests than the category words of organic
grain, organic meat, and organic vegetables.

B. WHO ARE INTERESTED
Fig. 4 shows the countries in which people are most interested
in organic foods in each category. From the results, it can be
observed that people from Singapore, the U.S., New Zealand,
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FIGURE 4. Countries in which people are most interested in organic foods for each category, (a) edible oils, (b) milk, (c) rice, (d) vegetables,
(e) chicken, and (f) fruits. The countries are shown by the standard internet domain names and the size of the dots indicates the level of interest.

Australia, the United Kingdom, and Canada pay more atten-
tion to organic foods compared to other countries.

C. CORRELATION OF SEARCH INTEREST IN ORGANIC
FOODS WITH OTHER FACTORS
Table 2 shows a correlation analysis of people’s interest in dif-
ferent kinds of organic foods with factors including geogra-
phy (latitude and longitude), GDP, life expectancy, education,
and culture (e.g., power distance, individualism, uncertainty
avoidance, and long-term orientation). By calculating the p-
value of people’s search times of organic foods and some
objective factors stated above, Table 2 reveals that the search
interest in organic milk, organic edible oils, organic chicken,

and organic vegetables have a significant correlation with the
cultural dimensions of individualism, uncertainty avoidance,
and long-term orientation. A significant correlation between
search interests in organic milk and organic edible oils with
education was found. However, people’s search interest in
organic foods had no significant correlation with GDP or life
expectancy. People at low latitudes often search for organic
vegetables, but the longitude has no significant correlation
with interest in organic foods. People with a higher education
degree care more about organic milk and edible oils. People
who live in low-power-distance countries also care more
about organic fruits. Besides, in general, people with higher
individualism tend to be more interested in organic prod-
ucts such as milk, edible oil, fruits, chicken, and vegetables.
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TABLE 2. Correlations between people’s interest in organic foods and some factorsa,b.

People who are in low-uncertainty-avoidance countries care
more about organic food materials of milk, edible oils,
chicken, rice, and vegetables. Finally, people with low lev-
els of long-term orientation generally care more about most
organic foods.

D. SEARCH INTEREST PREDICTION WITH LSTM MODEL
LSTM networks were trained for search interest prediction.
In order to reduce computation time, only parts of the data
(5-year data) from the original dataset (10-year data) were
used. The six categories of search interest data from
1 Jan 2013 to 1May 2017 were used to train models to predict
future search interest levels from 2May 2017 to 31 Dec 2017.
Optimized neural network structures were obtained exper-
imentally based on prediction performance measured with
a relative fitting error. The output of each model was the
weekly interest level for each category in the future period
of prediction. The relative fitting errors are given in Table 3
and the prediction performance is displayed graphically
in Fig. 5.

TABLE 3. Performance of LSTM networks for predicting search interest.

Predications for all six categories were close to the actual
values, indicating the usefulness of the models. The predic-
tion errors for grains and meats were relatively larger than the
errors for milk and oil, but they are still small. From the plots,
it is evident that, as staple foods, grains andmeats do not show
a clear periodic seasonality pattern as the other foods do and
thus lack the regularity makes prediction more difficult.

V. DISCUSSION
As stated earlier, the global sales of organic foods have
steadily increased in the last 18 years according to the
FiBL-IFOAM-SOEL surveys (Willer et al., 2018). Although
organic products make up a minor share of the world
food market, the proliferation of certified commodities and
their increasing availability in mainstream supermarkets have
made organic products one of the fastest growing segments
in the food industry (Raynolds, 2004). The customer analysis
in organic foods and the influencing factors and prediction
of consumer interests in organic foods can reveal business
opportunities. Given the relatively recent and unexpected
growth in organic foods, there are currently few sources of
comparable international data for analysis. Therefore, data
analysis based on Google search engine provides a useful
alternative research tool for studying interest in organic foods.

Vegetables, as an important food in daily diets, are
expected to receive very high search interests; nonetheless,
Fig. 1 shows that people’s interest in organic vegetables does
not appear in the top four. It was surprising that people’s inter-
est in organic foods does not have a significant correlation
with GDP. Although the prices of organic foods are generally
much higher than those of non-organic ones, this has not
hampered a globally growing interest in organic foods. There
is no significant correlation between people’s interest in find-
ing organic foods and life expectancy. However, the results
indicated that the people’s search interest in organic foods is
significantly correlated with education and several cultural
dimensions, such as individualism, uncertainty avoidance,
and long-term orientation. This is in excellent agreement
with results from traditional questionnaire-based research in
the literature (Ramesh & Divya, 2015; Schifferstein, 1998),
proving the reliability of using Google–SED to analyze peo-
ple’s interest in organic foods. Moreover, people’s interest
in organic foods can be practically forecast by a structured
RNN model. Planning food production, transportation, and
storage in a timely manner is important for the food industry.
An ability to predict people’s interest in organic foods is use-
ful for the food industry to make decisions on production and
inventory. Such information may be also useful for organic
food companies to determine when and where to advertise
their products. By using the method provided in this work,
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FIGURE 5. Actual (blue line) and predicted (red line) interest levels for each category of organic
food: (a) milk, (b) edible oils, (c) fruits, (d) grains, (e) meat, and (f) vegetables.
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consumers’ interest in more varieties of organic food for a
specific country can be investigated in details. In future work,
the correlation between people’s interest in organic food and
sales or sustainability issues can also be studied.

VI. CONCLUSION
A movement in consumption and popularity of organic
foods is occurring with the improvement of living standards.
Results of the current study on global interest in organic
foods based on query data from the Google search engine
showed that (i) Organic foods of the greatest interest include
organic edible oils, milk, chicken, and apples; (ii) People
from Singapore, the US, New Zealand, Australia, the United
Kingdom and Canada are most interested in organic foods;
(iii) People’s interest in organic foods has no significant
correlation with GDP and life expectancy, but has a signif-
icant relationship with education level and several cultural
dimensions; (iv) People with higher educational degrees pay
more attention to organic foods; (v) The cultural dimensions
of power distance, uncertainty avoidance, and long-term ori-
entation have negative correlations with people’s interest in
organic foods, while individualism shows a positive corre-
lation. These findings are in close agreement with results
obtained from conventional questionnaire-based research in
the literature. An RNNmodel structure can be used to predict
people’s interest in organic foods with small relative errors.
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