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Abstract—In this paper, we are going to present some work in
progress results to study and analyze the price variation among
different citric varieties in Valencia province from Comunitat
Valenciana region (Spain). A data-driven approach is used to
represent each citrus variety and season using 5 features for
comparing its prices trends using a correlation analysis. Those
findings provide the foundation for implementing clustering
algorithms, such as k-Medoids, to classify citrus varieties and
seasons based on profitability and market behavior.
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I. INTRODUCTION

The agriculture sector plays an important role in achieving
multiple Sustainable Development Goals (SDGs). Its impact
ranges from eradicating hunger (SDG2) and poverty (SDG1),
to protecting the environment (SDG12) and promoting health
(SDG3). Thus, the transformation towards sustainable agri-
culture is essential to achieve these goals [1], [2]. In this
sense, the citrus fruit sector is of great importance both in
the Valencia Region (Comunitat Valenciana) and in Spain.
Indeed, the Comunitat Valenciana is the main citrus fruit
producing region in Spain. In 2022/2023, the production was
around 67% of Spain’s citrus (the main varieties grown being
oranges, mandarins, and lemons) with a production of around
2.8 million tonnes. In this period, 1.8 million tonnes were
exported (out of 4.3 million tonnes in Spain) with an economic
value of around 2 million euros (out of 3.4 million euros in
Spain) [3], [4].

On the other hand, data science and Artificial Intelligence
are tools that, as in other areas, are already being used in
the agriculture sector [5], [6]. In this sense, it is important to
highlight that the interpretability of Artificial Intelligence (AI)
algorithms in general, and of machine learning algorithms in
particular, is crucial when models are to be used for decision-
making. Thus, interpretability not only increases confidence
in the models (and their results) but also their validation.
One of the most common and easy-to-interpret clustering
algorithms is k-Means. In these algorithms, it is common to
use the Euclidean distance because it is easy to understand
the proximity of the vectors for the formation of the clusters.
However, other distances (such as that associated with the
correlation between vectors) and similar algorithms (such as
k-Medoids) can be used.

Citrus prices can experiment changes across seasons and
between seasons, depending on factors such as weather condi-
tions, supply and demand, and production costs, among others,
see for instance [7]. In this work, we study the price trends of
the citrus fruits in the Valencia province over the period 2015-
2022. For this purpose, we identify different varieties of these
citrus fruits by means of a vector consisting of 5 features. A
correlation analysis of these vectors then allows us to study
the trends, which allows us to classify citrus fruits according
to their profitability.

In a future work, this first trend analysis will allow us to
implement clustering algorithms (such as the aforementioned
k-Medoids) based on correlations. This analysis could be a
valuable tool for planning, decision-making, risk mitigation
and revenue optimization in the agricultural sector. It provides
key information that can be used by producers, traders, policy
makers, investors and other market actors to improve the effi-
ciency and economic stability of the sector and, as mentioned
above, a tool to achieve some of the SDGs.

The rest of the paper is structured as follows. Section
II presents the database and the methodology used for this
analysis. Obtained results are presented in Section III, while
the analysis limitations, discussion and conclusions are drawn
in Section IV. Finally, the stages of upcoming research are
presented in Section V.

II. MATERIALS AND METHODS

The starting point (and usually critical point) in all data
science projects is the collection of data. In our case, we use
the “Reports of the Valencian Agricultural Sector" (Informes
del Sector Agrario Valenciano, in Spanish), which contain
temporary information (with annual breakdown) on the agri-
food situation in the Comunitat Valenciana since 2015 (ac-
tually since 1998). These reports are divided into different
chapters containing both meteorological data (Chapter III) and
agricultural (Chapter IV) and livestock (Chapter V) statistics,
as well as agricultural prices (Chapter VI). We would like to
point out here that these reports consist of 20 documents in
Excel format for each of the available years, which means
that they are not easy to use [8]. Fortunately, a file (in csv
format) containing much of the necessary information can be
found in [9]. This file contains weekly prices of agricultural
products (not only citrus fruits) since 2017. Together with the
files downloaded in [8] the data have been completed to have

7Copyright (c) IARIA, 2024.     ISBN:  978-1-68558-324-8

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

CADAT 2024 : The First International Conference on Accessible Digital Agriculture Technologies

https://orcid.org/0000-0003-2544-8875
https://orcid.org/0000-0001-8398-8664
https://orcid.org/0000-0003-0160-3770
https://orcid.org/0000-0002-1299-8467


information since 2015 (from earlier dates there was missing
data). Hence, we have filtered the data (to have only citrus
fruits), as well as transformed the dates. So, at the end, we
have a database containing 6745 rows corresponding to the
weekly price of 9 citrus products (different kinds of Oranges
such as, for instance, Navel, Blancas, etc., but also Lemons
and Clementines). The 9 products have 43 different varieties.
Unfortunately, there were some varieties that were not priced
for many weeks (even years) so we decided not to use them
and only use the data of 27.

After data curation, several features were extracted in order
to form a vector that will characterize each year, so that annual
trends are analysed to facilitate subsequent decisions taken by
producers.

In this work, we have focused on 5 data features extracted
for each analysed year. Even so, we are currently analysing
and working on some additional ones so that we can obtain
a more custom-made characterization. Since citrus products’
season in Valencia region generally starts in September and
ends in July, we are not focusing on natural years. From now
on, we will refer to the year of the month when the product
season started as year indicator.

As each citrus product has a different season length, and
we have the data information of prices sampled by weeks, the
first feature to be considered is the duration d (in number of
weeks) that each specific product season lasted each year. The
second and the third features were the minimum (m) and the
maximum (M ) prices paid each season per kilo of product.
Another feature to be considered was the variance, calculated
as

σ2 =

N∑
i=1

(xi − µ)
2

N
, (1)

where xi is the price paid for the product on the i-th week of
the season and N is the number of weeks that we have data
information per season. Finally, we consider the coefficient

Q =
M −m

d
, (2)

calculated per season, so that a measure of the distribution of
the data is also considered.

With the purpose of comparing the tendencies and be-
haviours of the product prices during each season, we study
the correlation of the vectors formed by the extracted features.
That is, if X = (x1, x2, . . . , x5) and Y = (y1, y2, . . . , y5)
represent a fixed variety and a season each, we compute

corr(X,Y ) =
cov(X,Y )

σX · σY
=

5∑
i=1

(xi − x̄) · (yi − ȳ)√√√√ 5∑
i=1

(xi − x̄)2
5∑

i=1

(yi − ȳ)2

.

(3)
A correlation value close to 1 indicates a strong linear corre-
lation between observations, while a value close to -1 signifies

a linear correlation, but in opposite directions. A value near 0
suggests that the observations are not linearly correlated. This
measure, related to the so called cosine similarity, allows us
to identify the relation between price tendencies.

III. RESULTS

When computing the previous features, the 1513 prices
observations from [8] and [9] result in a dataframe consisting
of 27 varieties of citrus, with its correspondent features for
each seasons from 2015-2016 to 2020-2021, since the 2021-
2022 data is uncompleted and not used. After removing the
observations for which a variety in a concrete season has
less than 5 prices recorded, only 19 varieties from Valencia
province are considered, each one corresponding to Oranges,
Mandarins, and Clementines varieties in a season, and the 5
features extracted. As an example, the first 10 rows can be
seen in Table I, where the duration is computed as a portion
of a year instead of number of weeks, for convenience.

Figure 1. Autocorrelation of features corresponding to “Clausellina/Okitsu"
across seasons.

Some correlation results can be seen in Figures 1 and 2.
In Figure 1 we show the correlation of “Clausellina/Okitsu"
variety, for which the season 2019/2020 is totally uncorrelated
with the other 5 studied, probably due to the COVID-19
pandemic, which altered the prices at the end of the season.
Also, 2017-2018 season has a tendency of its own, while
the other four seasons are fully correlated with each other.
In Figure 2, the relation between different varieties is shown.
For example, it could be thought that oranges and clementines
would present similar trends among them, but one can see
that clementine “Clementina Clemenules" variety has a more
similar price tendency to oranges than other clementines
varieties, which would be the beforehand expected behaviour.

IV. DISCUSSION AND CONCLUSIONS

In this paper, we have presented some work in progress
results that show how weekly prices can be analyzed in order
to find significant patterns and correlations. This is done across
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different varieties of citrus in Valencia province in seasons
from 2015 to 2021. We have found that each variety can be
identified with a numeric vector of 5 features, which allows for
the comparison of varieties with different numbers of recorded
prices. This vector can be used as a tool to reveal the behavior
of several citrus varieties along different seasons and two
comparisons of its prices trends are shown.

However, it is necessary to recognize some limitations.
Seasonal variations influenced by external factors, such as the
COVID-19 pandemic, have affected the consistency of corre-
lations for certain varieties, as exemplified by the 2019/2020
season of the “Clausellina/Okitsu" variety. While this effect
is shown in the study, those external disruptions may make
it necessary to integrate additional methods, such as time
series forecasting, to adapt the study to irregular market con-
ditions. Moreover, correlation-based similarity, while effective
in capturing relative trends, may lack the intuitive clarity of
Euclidean-based clustering, resulting in a less interpretable
methodology.

To our knowledge, there are no similar studies in the context
of agricultural price analysis, although clustering studies (com-
paring the aforementioned k-Medoids) do exist in the field of
identification of management zones in precision agriculture
[10]

V. FUTURE WORK

The vector identification found will be first step to find an
AI-based model that can help to classify products in terms
of profitability. More specifically, with the feature vector that
identifies each product and the correlation metric (actually
1 minus the correlation to make it a dissimilarity function),
we can apply clustering techniques such as k-Medoids, which
is part of the on-going work. While it is true that this may
produce some loss of interpretability, this technique may be
useful: (1) for being less sensitive to differences in absolute
magnitudes between features and, (2) to obtain a pattern
of relationships between variables, rather than in absolute
distances (as seems to be our case).

In this future work, other metrics added to the correlation
as well as time-series analysis will be considered, including
an extension of the database to include more features and
products, which would be one limitation of the current study.
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TABLE I. FEATURES FROM THE 10 FIRST OBSERVATIONS OF THE DATAFRAME (DETAILS IN SECTION II).

Variety Season Duration m M Q σ2

Clausellina/Okitsu 2015-2016 0.12 0.20 0.27 0.61 0.00089
Clausellina/Okitsu 2016-2017 0.15 0.16 0.26 0.65 0.00123
Clausellina/Okitsu 2017-2018 0.13 0.23 0.26 0.22 0.00019
Clausellina/Okitsu 2018-2019 0.21 0.15 0.25 0.47 0.00138
Clausellina/Okitsu 2019-2020 0.87 0.20 0.29 0.10 0.00093
Clausellina/Okitsu 2020-2021 0.10 0.23 0.27 0.42 0.00023
Clementina Arrufatina 2015-2016 0.12 0.27 0.34 0.61 0.00079
Clementina Arrufatina 2016-2017 0.15 0.22 0.38 1.04 0.00189
Clementina Arrufatina 2017-2018 0.21 0.29 0.36 0.33 0.00045
Clementina Arrufatina 2018-2019 0.12 0.23 0.30 0.61 0.00054

Figure 2. Mean correlation of Orange (“Naranja"), Clementines (“Clementina") and Mandarins (“Mandarina") varieties on the different seasons.
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