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ABSTRACT
Agricultural product prices are crucial to the income and livelihoods of millions worldwide, making accurate

forecasting essential for market participants. The European Union regularly reports agricultural product prices
through an online databank, ensuring up‑to‑date price information is widely available. This study evaluates the
effectiveness of Facebook Prophet, a modern forecasting tool, in predicting tomato prices in Greece from 2013 to
2024.The results show that FacebookProphet outperforms traditional forecastingmodels, providingmore accurate
predictions with lower Mean Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE) values. Notably,
the model exhibited superior performance in forecasting tomato prices over a six‑month horizon compared to con‑
ventional seasonally adjusted models. This demonstrates Facebook Prophet’s potential to signiϐicantly improve
decision‑making in agricultural markets, offering reliable price forecasts to stakeholders such as farmers, traders,
and policymakers. Furthermore, the study incorporated feedback from market participants, which provided valu‑
able insights into market practices and conditions. This integration of practical knowledge with advanced forecast‑
ing techniques enhanced the interpretation of the results, making them more applicable to real‑world scenarios.
Overall, the ϐindings suggest that Facebook Prophet holds considerable promise for future agricultural price fore‑
casting, with potential applications across various commodities. These insights pave the way for more precise
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agricultural forecasts, beneϐiting all market participants by supportingmore informed and timely decision‑making.
Keywords: Tomato Price; Greece; Prophet; Market; Time Series; Forecast Models; SARIMA

1. Introduction
Tomatoes are a cornerstone of Greek agriculture,

both economically and culturally, serving as a staple in
the Mediterranean diet and a key ingredient in numer‑
ous traditional dishes. Greece’s climate and geography
make it an ideal location for tomato cultivation, which
signiϐicantly contributes to both domestic consumption
and export markets. This study investigates the price
ϐluctuations and market trends of tomato production in
Greece, informed by empirical data collected through in‑
terviews with producers and traders during the second
quarter of 2024 [1].

The tomato holds a central place in Greek cuisine,
forming the basis of dishes ranging from the iconic Greek
salad to a variety of sauces and stews. Recognized for
its health beneϐits, the Mediterranean diet emphasizes
fresh vegetables, with tomatoes being a daily staple in
Greek households. Consequently, ϐluctuations in tomato
production or pricing can have wide‑reaching effects on
consumers, the food industry, and the agricultural econ‑
omy at large [2].

Tomato cultivation in Greece is structured around
twoprimaryplanting seasons,which alignwith the coun‑
try’s climatic conditions and agricultural practices. The
ϐirst planting season occurs in October, predominantly
in Crete, where traditional greenhouses are utilized. De‑
spite being less technologically advanced, these green‑
houses beneϐit from Crete’s mild winter climate, allow‑
ing for a prolonged growing season that produces high‑
quality tomatoes during the off‑peak months.

The second planting season begins in April, involv‑
ing both open‑ϐield cultivation and the use of advanced,
climate‑controlled greenhouses. These greenhouses are
primarily located in southern continental Greece, with
signiϐicant operations also present in central and north‑
ern regions. This seasonal planting schedule closelymir‑
rors those of major European Union (EU) and non‑EU
tomato producers, including Belgium, the Netherlands,
Spain, and Italy. The synchronization of planting sched‑

ules across these regions is driven by the tomato plant’s
life cycle, local climatic conditions, and market‑driven
factors such as holidays and vacation periods, which
create predictable peaks and troughs in supply and de‑
mand [3].

In Greece, tomato production is concentrated in
two major regions: the Peloponnese peninsula in south‑
ern Greece (around 37° N latitude) and the island of
Crete, just north of 36° N. The Peloponnese is character‑
ized by a mix of traditional greenhouses and open‑ϐield
cultivation, whereas Crete is renowned for its extensive
greenhouse production. Central and northern Greece,
while hosting fewerproducers, arenotable for theirmod‑
ern, technologically advanced greenhouses that signif‑
icantly contribute to the country’s overall tomato out‑
put [3].

As depicted in Table 1, the area of land dedicated
to open‑ϐield tomato cultivation varies signiϐicantly over
time. This variability is largely attributed to the rela‑
tively low investment required to switch between dif‑
ferent types of vegetable crops in open ϐields. In con‑
trast, greenhouse cultivation, which is capital‑intensive,
shows little variation in the area over time. However,
switching betweendifferent cropswithin greenhouses is
feasible and contributes to variations in cultivated areas.
The decision to grow tomatoes in open ϐields is heavily
inϐluenced by the “expected” income from sales, which,
in turn, affects the availability of the product during pe‑
riods when open‑ϐield cultivation is possible due to fa‑
vorable weather conditions. This trend is evident in the
productivity data presented in Table 1.

Market participants, including producers and
traders, indicate that the surplus of open‑ϐield toma‑
toes during the spring period (April to June), whenmost
open‑ϐield production reaches the market, exerts signif‑
icant downward pressure on prices. This seasonal over‑
supply contrastswith themore stable output fromgreen‑
house production, which beneϐits from controlled grow‑
ing conditions [2, 3]. Unfortunately, detailed monthly pro‑
duction data by cultivationmethod (open ϐield vs. green‑
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Table 1. Evolution of open ϐield cultivation versus greenhouse production for tomatoes in Greece.

Year

Open Field Tomatoes Greenhouse Tomatoes

Area Volume Productivity Overall Volume Area Volume Productivity Overall Volume

(ha) (tn) tn/ha % (ha) (tn) tn/ha %

2000 22.449 931.857 41.5 83% 3.742 186.371 49.8 17%
2001 21.840 969.205 44.4 78% 4.368 271.377 62.1 22%
2002 22.365 941.250 42,1 78% 3.550 263.550 74.2 22%
2003 21.120 895.000 42.4 83% 3.520 179.000 50.9 17%
2004 21.420 940.000 43.9 83% 3.570 188.000 52.7 17%
2005 18.000 835.000 46.4 83% 3.000 167.000 55.7 17%
2006 17.400 775.000 44.5 83% 2.900 155.000 53.4 17%
2007 16.080 711.950 44.3 83% 2.691 142.960 53.1 17%
2008 15.000 669.300 44.6 83% 2.520 134.931 53.5 17%
2009 16.320 822.550 50.4 83% 2.720 164.510 60.5 17%
2010 14.440 699.039 48.4 71% 2.568 288.191 112.2 29%
2011 9.759 349.882 35.9 54% 2.783 293.164 105.4 46%
2012 8.819 319.633 36.2 50% 2.804 325.762 116.2 50%
2013 9.019 325.924 36.1 47% 2.981 365.079 122.5 53%
2014 8.880 279.114 31.4 42% 3.064 384.190 125.4 58%
2015 6.425 236.075 36.7 41% 2.819 340.768 120.9 59%
2016 6.264 243.026 38.8 43% 2.591 321.721 124.2 57%
2017 6.597 232.942 35.3 43% 2.666 309.661 116.2 57%
2018 8.466 191.317 22.6 37% 2.690 327.072 121.6 63%
2019 7.896 169.923 21.5 37% 2.610 293.281 112.3 63%
2020 8.625 195.033 22.6 32% 2.716 405.988 149.5 68%
2021 4.974 184.512 37.1 32% 3.109 397.892 128.0 68%

* Source: Ministry of Agricultural development and Food.

house) are not available, which limits a more granular
analysis of these effects.

The Greek tomato market is characterized by a
high degree of fragmentation, with production scat‑
tered among numerous individual producers. Unlike in
some other agricultural sectors, few tomato producers
in Greece are unionized or engage in collective bargain‑
ing. This decentralized structuremeans thatmost signif‑
icant growers market their products independently, of‑
ten under their ownbrand names and through their own
sales networks. This independence can lead towide vari‑
ations in pricing andmarketing strategies, depending on
the producer’s capacity and market reach [4].

On the demand side,major retailers inGreecemain‑
tain their procurement processes, sourcing tomatoes ei‑
ther directly from large‑scale producers or through in‑
termediaries and traders. Despite the lack of a for‑
malized, regulated market, tomato trading is monitored
by government authorities, primarily through two ma‑
jor wholesale markets located in Athens and Thessa‑
loniki. These markets play a crucial role in price discov‑
ery and distribution, with market prices being reported
weekly. This pricing information is collected through a
European‑wide network and made available on an on‑

line platform, providing transparency and helping to sta‑
bilize the market.

Given the structure of the market, Greece’s tomato
industrydoesnot operate in isolation. The country’s pro‑
duction and pricing are inϐluenced by trends in neigh‑
boring countries that are either major producers and
exporters of tomatoes or those that require imports to
meet domestic demand. Within the EU, Greece’s primary
trade partner in the tomato sector is Turkey. Although
Greece is an EU member state, its proximity to Turkey
and the latter’s signiϐicant agricultural output makes it a
key source of imports, especially during periods of short
supply in Greece.

In terms of intra‑EU trade, data availability is lim‑
ited, but interviews with market participants suggest
that a substantial percentage of tomato imports into
Greece originate from the Netherlands and Belgium.
These countries are known for their high‑tech green‑
house production, allowing them to supply tomatoes
year‑round, often ϐilling gaps in the Greek market dur‑
ing off‑peak seasons or when domestic production falls
short. The overall trade status from 2013 until 2024 is
presented in Table 2 and is indicative of the effect that
seasonal production has on the overall performance of
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the cultivation of tomato in a macroeconomic level. The
country is exporting large quantities of tomato but si‑
multaneously imports signiϐicant quantitiesmaintaining
a trade surplus in terms of volume. At the same time
a trade deϐicit is recorded for several years in values
of goods traded. This may be attributed to the perish‑
able nature of the product and limitations in bargaining
among sellers and buyers of the product in the region.

Current research on agricultural prices is revied ex‑
tensively in [5] where most available methods for fore‑
casting are presented. A large portion of literature dis‑
cusses the price asymmetry [6–8] observed between con‑
sumer and producer prices, mainly utilizing the macroe‑
conomic indicators of PPI and CPI (producer price in‑
dex and consumer price index) [4]. Empirical analysis
is also utilized in some instances to capture the mo‑
mentum of local markets [9, 10]. Recent studies have ex‑
plored the use of seasonal time series and non‑linear
models for forecasting prices of similar crops, including
perishable vegetables [11], as well as commodities that
exhibit more stable price behaviors [12]. Understanding
the roles of different players along the value chain in
shaping the ϐinal price is essential when selecting the
appropriate forecasting model and conducting price dy‑
namics analysis. The inϐluence of various stakeholders—
such as traders, retailers, and consumers—on price for‑
mation varies depending on the characteristics of the
crop. For goods that can be stored for extended periods,
traders tend to have greater control over pricing, as they
can regulate supply by adjusting inventory levels. Con‑
versely, for highly perishable goods with shorter shelf
lives, consumers and retailers play a more signiϐicant
role in price determination, as immediate demand and
quick turnover are critical. These differences in price
formation dynamics also affect the choice of forecasting
methodology, as noted in prior research [13].

The aim of this paper is to investigate the forecast‑
ing power of econometric models, well established in
literature, and also evaluate the novel algorithms from
Facebook Prophet as a quick and open‑source alterna‑
tive to complicated prediction software. The forecasts’
performance against six monthly values actualized dur‑
ing the study period will also be discussed and the em‑
pirical aspects will be presented.

The conclusions of this research can be valuable
for various market participants in assessing and reϐin‑
ing their risk management practices. For farmers, while
they may not directly utilize the ϐindings due to lim‑
ited access to or understanding of advanced analytical
tools, they can beneϐit through their cooperatives or
collective organizations, which can provide them with
up‑to‑date price forecasts. This collective approach en‑
ables farmers to make more informed decisions about
production and sales. For traders and retailers, the
study’s outcomes can support more effective procure‑
ment planning and better‑informed contractual agree‑
ments, both upstream (with suppliers) and downstream
(with retailers and consumers). Accurate price forecasts
allow for improved inventorymanagement, reducing the
risk of overstocking or shortages. Finally, policymak‑
ers should carefully examine these forecasts, recogniz‑
ing that macroeconomic issues such as trade deϐicits, if
left unaddressed, can have long‑term negative impacts
on the market. Effective policies are needed to prevent
market stagnation resulting from poor planning. These
policies could include investments in or initiatives to ex‑
pand controlled‑environment agriculture (CEA), such as
greenhouse farming, to reduce relianceonopen‑ϐield cul‑
tivation. Such measures would help stabilize product
availability, reduce seasonal price volatility, and ensure
a more consistent supply to the market.

2. Data and Methodology

2.1. Data and Software
Data used in the present study were downloaded

from the ofϐicial European Union database for fruit and
vegetables price data modiϐied to a monthly time‑series
from January of 2013 to December of 2023, accessed in
August 2024. Additionally, trade data were obtained by
the same source’s special page for tomato trade and in‑
clude traded volumes and values aswell as price per unit
of traded goods [14]. Timeseries were downloaded and
manipulated with standard spreadsheet software. All
tomato price and trade data refer to “round tomatoes”
as this is the most popular variety in Greece.

To analyze the complex interactions, the study will
utilize the time‑series data and apply econometric anal‑
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Table 2. Greek trade balance in volume and value.
Import Export Trade Balance

Year Volume (tns) Value (€,000s) Volume (tns) Value (€,000s) Volume (tns) Value (€,000s)

2013 8.125 4.558 20.667 11.594 12.542 7.036
2014 18.491 12.946 78.122 33.718 59.631 20.772
2015 12.350 7.918 35.704 13.384 23.354 5.466
2016 18.226 13.044 41.366 13.908 23.140 864
2017 18.057 13.280 36.779 12.619 18.722 −661
2018 29.774 22.603 37.691 12.744 7.917 −9.859
2019 17.897 14.989 35.548 10.844 17.651 −4.145
2020 13.625 10.793 36.371 10.884 22.746 91
2021 19.670 19.192 38.823 12.337 19.153 −6.855
2022 15.750 16.407 32.049 14.307 16.299 −2.100
2023 26.077 27.772 36.847 19.303 10.771 −8.469
2024 8.151 8.928 31.315 15.274 23.164 6.346

* Data supplied on request from the Greek Statistical Authority (www.statistics.gr). Year 2024 data are temporary.

ysis using EViews 12 software suite. Standard statistical
tools will also be employed to identify patterns and cor‑
relations betweenvarious factors inϐluencing the tomato
market.

Additionally, for the forecasting of tomato price,
Facebook Prophet was utilized to offer comparison
among different forecasting methods.

2.2. Applied Methods

Prior to performing ϐitting of any of the forecast‑
ing methods discussed in detail below, the tomato price
time series as published on agridata.eu databank, is eval‑
uated. The descriptive statistics of the series are shown
below in subsequent Tables 3 and 4.

The time series was found to be stationary on all
tests performed. The stationarity tests for the time se‑
ries are as follows:

Based on the analysis, stationarity for all time se‑
ries is conϐirmedusing theADFandPP tests, whereas the
KPSS test indicates stationarity only after taking the ϐirst
differences of the original series and its log‑transformed
version. Additionally, a reviewof the correlogram for the
tomato price (TP) time series suggests that the data ex‑
hibit seasonality.

2.2.1. SARIMA – Seasonal Autoregression
Integrated Moving Average Model
Forecasting

The ARIMA model can be extended to include sea‑
sonality, leading to the Seasonal ARIMA (SARIMA) or

ARIMA(p,d,q)(P,D,Q)s model, where s represents the sea‑
sonality period, and P, D, Q are the seasonal counterparts
to the autoregressive (AR), differencing (I), and moving
average (MA) terms. The SARIMA model incorporates
both non‑seasonal and seasonal components [15, 16]. The
notation ARIMA(p,d,q)(P,D,Q)s refers to the following:

p: the number of non‑seasonal autoregressive terms
d: the number of non‑seasonal differences to make the
series stationary
q: the number of non‑seasonal moving average terms
P: the number of seasonal autoregressive terms
D: the number of seasonal differences
Q: the number of seasonal moving average terms
s: the seasonal period (for example, s = 12s = 12s = 12
for monthly data with annual seasonality)

The non‑seasonal part of the SARIMA model is the
standard ARIMA model, which is expressed as:

∆dyt = c+
∑p

i+1
ϕi∆

dyt−i + et +
∑q

j=1
θjet−j (1)

Where:

ϕi are the coefϐicients of the autoregressive (AR) terms.
θj are the coefϐicients of themoving average (MA) terms.
d is the number of non‑seasonal differencing terms to
make the time series stationary.
et is white noise.

The seasonal part introduces additional AR, differ‑
encing, and MA components, but applied at the seasonal
level. For a time‑series with seasonality of period s (e.g.,
s = 12s = 12s = 12 for monthly data with annual season‑
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Table 3. Descriptive statistics of tomato price in Greece time series.
Timeseries Mean Median Maximum Minimum St.Dev. Skewness Kyrtosis Jarque‑Bera Probability

Tomato
Price Greece 0.78 0.75 1.34 0.37 0.20 0.61 2.82 7.73 0.021

Table 4. Unit root test results.
t‑Test Values Augmented Dickey Fuler (ADF) Philips Perron (PP) Kwiatkowski–Phillips–Schmidt–Shin (KPSS)

TP −5.596 (−2.884) −5.625 (−2.884) 0.919 (0.463)
log(TP) −5.786 (−2.884) −5.828 (−2.884) 0.969 (0.463)
D(TP) −8.026 (−2.884) −31.524 (−2.884) 0.378 (0.463)

D(log(TP)) −7.878 (−2.884) −32.516 (−2.884) 0.301 (0.463)
* numbers in parenthesis indicate 5% acceptance level.

ality), the seasonal ARIMA model is written as:

∆D
s yt =

∑P

k=1
Φkyt−k·s + et +

∑Q

l=1
Θlet−l·s (2)

Where:

• Φk are the seasonal autoregressive (SAR) coefϐicients.
•  Θl are the seasonal moving average (SMA) coefϐi‑

cients.
• D is the number of seasonal differences to achieve sta‑

tionarity at the seasonal level.
• s is the length of the seasonal cycle.

The seasonal differencing operator ∆D
s is deϐined

as: ∆D
s yt = yt − yt−s.
If higher‑order seasonal differencing is required (D

> 1)∆D
s yt = ∆D−1

s yt −∆D−1
s yt−s.

The complete SARIMA model combines both non‑
seasonal and seasonal components. It is written as:

ϕ (B)Φ (Bs) (1−B)
d
(1−Bs)

D
yt =

θ (B)Θ (Bs) et
(3)

Where:

• ϕ (B) = 1−ϕ1B− .....−ϕpB
p is the non‑seasonal AR

part.
• Φ (Bs) = 1−Φ1B

s − .....−ΦpB
sP is the seasonal AR

part.
• θ (B) = 1+ θ1B+ .....+ θqB

q is the non‑seasonal MA
part.

• Θ (Bs) = 1+Θ1B
s + .....+Θ:B

s: is the seasonal MA
part.

• (1−B)
d is the non‑seasonal differencing operator.

• (1−Bs)
D is the seasonal differencing operator.

• B is the backshift operator: Byt = yt−1, B
2yt =

yt−2 . . . . . . .B
syt = yt−s

Thus, SARIMA incorporates both short‑term (non‑
seasonal) and long‑term (seasonal) patterns by combin‑
ing AR, MA, and differencing for both types of compo‑
nents [17, 18].

ARIMAmodel estimation of TP time series was per‑
formed with EViews 12 software suite. The built‑in au‑
tomatic ARIMA estimation was used to specify the AR
and MA orders of the model, including seasonal compo‑
nents. The time series’ correlogramwas examined to as‑
sess stationarity and seasonality of thedata in levels. Sta‑
tionaritywas achieved in 1st differences, but seasonality
remained, according to the relevant correlogram. The
hyperparameters were input to the software with max‑
imum values of four for the AR andMA components, two
for the respective seasonality factors with periodicity of
12 andmaximumdifferencing of two for the original and
logged values of the time‑series. Selection criterion was
KPSS with 5% threshold, with hyperparameters selec‑
tion using the maximum likelihood estimation method.
The total estimated models were 225 and the proposed
modelwas SARIMA (0,1,2) × (1,1,1)12, with the following
estimation equation:(

1− 0.981B12
)
∆yt = 0.003+

(1− 0.498B − 0.502B2)(1 + 0.882B12)et
(4)

This estimationwas used to forecast the next 12 pe‑
riods of TP (12 months of 2024), and the output and rel‑
ative graph are shown in the results section.

2.2.2. Ratio to Moving Average Multiplica‑
tive Adjustment Method – Moving Av‑
erage Model

The Moving Average model is a simple and widely
used statistical approach for forecasting time series data
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which focuses onmodeling the error terms (shocks or in‑
novations) of a time series rather than the values them‑
selves [19, 20]. It accounts for multiplicative seasonality
where the seasonal variation changes with the trend, as
appears to be the case of the original time‑series. Data
are decomposed into trend cycle, seasonal and shock or
innovation components. The centered moving average
(CMA) is calculated from the following equation and iso‑
lates the trend cycle component.

CMA (t) =
yt−5 + yt−4 + · · ·+ yt+6

12
(5)

The trend cycle is removed by calculating the ratio
of the reported tomato prices to the CMA and the sea‑
sonal components are isolated as follows:

Ratio (t) =
yt

CMA (t)
(6)

The software then automatically performs group‑
ing and averaging of the seasonal indices and relative
normalization for amonthly dataset, to construct the de‑
seasonalized time‑series. In our case, the original time‑
series was seasonally adjusted with simple moving aver‑
age, as described above, then the ϐirst differences of the
logged values were subjected to the process described
in Section 2.2.1, but the selection method was now per‑
formed according to the least squares estimation. The
estimated SARIMAmodel order is (2,1,4) × (2,1,1)12, and
the respective estimation equation is the following:(

1− 0.748B12 + 0.087B24
)(

1− 1.323B + 0.956B2
) (

1−B12
)

(1−B)∆logyt = 0.003+
(1 + 1.818B − 1.355B2 + 0.108B3+

0.326B4)(1 +B12)et

(7)

The output and relative graph is shown in the re‑
sults section.

2.2.3. TRAMO/SEATS
The TRAMO/SEATSmodel is a widely usedmethod

for time series decomposition and seasonal adjustment.
It was developed by the Bank of Spain and stands for
“Time Series Regression with ARIMA Noise, Missing Ob‑
servations, and Outliers” (TRAMO) and “Signal Extrac‑
tion in ARIMA Time Series” (SEATS). In the ϐirst step
(TRAMO) the original time‑series is modeled with an

ARIMA process and then corrected for outliers, missing
or seasonal data. In the SEATS process, the time‑series
produced on the TRAMO step, is decomposed into four
components, trend, cycle, seasonality and noise,

Yt = Tt + Ct + St + It (8)

Where:

Tt: is the trend component
Ct: is the cycle component
St: is the seasonal component
It: is the irregular component

Then using the state‑space representation of the
ARIMAmodel the components are estimated through ϐil‑
ters. The equations used are:

Zt = FZt−1 +Get (9)

and
Xt = HZt + ut (10)

Where:

Zt: is the state vector
F: is the state transition matrix
G: is the noise operator vector
H: is the observation matrix
et: is the noise from the ARIMA model
ut: is the observation noise

Then the seasonality is removes by applying the ϐil‑
ter to the seasonal component Ŷt = Yt − St where Ŷt is
the ϐinal seasonal adjusted series.

WithEViews12, theperformanceofTRAMO/SEATS
forecast is an automated process, which was imple‑
mented in our research.

In our case, tomato price was manipulated with
TRAMO/SEATS followed by the estimation of a SARIMA
model of the ϐirst differences of the logged values of the
outcome time‑series, with order (1,1,3) × (1,1,1)12, with
the maximum likelihood method and other parameters
as described in Sections 2.2.1 and 2.2.2, and the respec‑
tive estimation equation is:(

1− 0.0559B12
)
(1 + 0.965B)

(
1−B12

)
(1−B)∆logyt = −0.003+ (1− 0.563B−

0.763B2 + 0.430B3)(1 +B12)et
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The next 12 monthly prices were forecasted for
2024, and the relevant values and graph are shown in
the results section.
2.2.4. STL (Seasonal‑Trend Decomposition

Using Loess)
The STLmodel is a method for decomposing a time

series into three components: seasonal, trend, and resid‑
uals [22–24] similarly to the above‑mentioned principles.
In this instance, the Loess process is implemented to as‑
sist on the decomposition of the time‑series in its trend,
seasonal and residual components.

Yt = Tt + St +Rt (11)

Where:

Tt: is the trend component
St: is the seasonal component
Rt: is the residual component

Loess is an acronym for Locally Estimated Scat‑
terplot Smoothing and algorithmically estimates a
smoothed version of the time‑series without the as‑
sumption of a speciϐic model, but instead by focusing
on the individual datapoints and their linear regres‑
sion [15]. The datapoints are included in the estimation
window for seasonality smoothing. The parameters in‑
serted in EViews 12 dialog box were 35 for season, 19
for trend and 13 for the robustness parameter. Since
STL cannot be used for forecasting, similarly to the pro‑
cesses demonstrated above, ARIMA [25] estimation is per‑
formed on the ϐinal, seasonally adjusted time‑serieswith
EViews 12 and the order of the model is (4,1,2), deriv‑
ing from the process of model selection with maximum
likelihood method estimation described previously for
uniformity. The estimation equation is as follows:

∆Yt = 0.003+ 1.161∆Yt−1−
0.634∆Yt−2 + 0.081∆Yt−3 − 0.215∆Yt−4−

1.650et−1 + 0.864et−2 + et

(12)

The forecasted values and graph are shown in the
results section.
2.2.5. Facebook Prophet

Facebook Prophet forecasts were performed in
Python environment, with themultiplicative forecast op‑
tion [26]. The software utilizes trend, seasonal effect and

holiday data to scale up or down the effects of holidays
depending on the underlying trend. This translates to
seasonality or holidays having a proportional effect on
the overall trend. For example, if the trend in tomato
prices rises, the seasonal increase (such as a summer
spike in prices) also grows proportionally larger. Con‑
versely, when the trend is lower, the seasonal impactwill
diminish accordingly. The estimation is in the form of
three time series combined with the following equation:

y(t) = T(t)⋅(1+ S(t) + H(t)) + ϵt  (13)

The software estimates upper and lower bound‑
aries for the forecast and plots the output as shown in
the results section.

What makes Facebook Prophet different from the
traditional time‑seriesmodeling – ϐitting and forecasting
processes, is the presence of the Logistic Growth Model.
According to the original white paper introducing the al‑
gorithm to the broader scientiϐic community, this is a fea‑
ture required from the original scope of the algorithm,
whichwas to predict the number of users and other time‑
series related to the Facebook social network. In nature
these numbers are usually limited by physical factors
such as the total people living in a given area, or people
with internet access etc.

g (t) =
C

1 + exp(−k(t−m)
(14)

Where:

g(t) is the predicted value (growth) at time t,
C is the carrying capacity, which represents the upper
limit or maximum possible value that the series can
grow to,
k is the growth rate, which controls how quickly the
growth happens,
t is time,
m is the offset parameter, which shifts the time at which
the maximum growth rate occurs,
exp(−k(t−m)) is the exponential decay term.

In our study, the carrying capacity C can be inter‑
preted as either themaximum “allowed” price of tomato
or the minimum possible price of tomato, given that
when the system reaches this capacity, themarket forces
explained previously will act to affect the direction and
value of the growth rate of the time‑series in question.
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2.2.6. Forecasting Averaging
Two simple but universally accepted methods for

averaging forecasts are employed: simple mean and
trimmed mean [27]. The simple mean method calculates
the arithmetic mean of all forecasts, without giving pri‑
ority or weight to any of them. It is a simple yet effective
method for combining forecasts when all forecasts are
considered equally reliable.

ŷmean =
1

n

∑n

i=1
ŷi (15)

ŷi is the i‑th forecast,
n is the number of forecasts.

The trimmed mean is a variation of the simple
mean that aims to neutralize the effect of outliers that
could inϐluence the accuracy of the combined forecasts.
This technique removes a certain percentage of extreme
forecasts from both the high and low ends before calcu‑
lating the mean.

ŷtrim =
1

n− 2k

∑n−k

i=k+1
ŷi (16)

ŷi is the i‑th forecast (after sorting the forecasts)
n is the total number of forecasts
k is the number of forecasts trimmed from both the top
and bottom, based on the trimming percentage [28].

In the present research, only the highest and lowest
values forecasted for the TP time‑series were excluded
for the estimation of the trimmed mean value.
2.2.7. Forecast Evaluation

Three simple methods for the evaluation of the
forecast models were employed. During the study in
the beginning of 2024, six monthly prices of tomato in
Greece materialized and they are used to evaluate the
performance of the tested models. First, the Root Mean
Square Error (RMSE) is calculated between actual and
forecasted values of each forecasting method.

RMSE =

√
1

n

∑n

i=1
(y1 − ŷi)

2 (17)

This simple calculation offers an easy to compare
measure for each forecast method employed. Secondly,
Mean Absolute Error (MAE) is demonstrated as the

mean of the absolute differences between the actual val‑
ues and the predicted values according to the formula

MAE =
1

n

∑n

i=1
|yi − ŷi| (18)

Finally, the Mean Absolute Percentage Errors
(MAPE) method is applied by applying the following for‑
mula to all forecast model outputs.

MAPE =
1

n

∑n

i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ · 100 (19)

The model with the lowest among the calculated
values is considered the best performing and, the respec‑
tive evaluation results with all above methods and for
each forecasting process are shown in Table 5.

Table 5. Values of adjusted R2 and Akaike Information Criteria
for the developed models.

Adjusted R2 AIC

SARIMA 0.383 −0.934
MOVING AVERAGE 0.369 −0.741
TRAMO/SEATS 0.362 −0.844
STL 0.229 −1.229
PROPHET 0.533

3. Results and Discussion

3.1. Results

The results of the EViews 12 forecasting process
are shown below for the price of tomato in Greece. Fol‑
lowing the steps described above in the methodology
section, the forecasted values and graphs are presented
in Figures 1–5.

Figure 1. SARIMAmodel forecast graph.
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Figure 2. TRAMO/SEATS seasonally adjusted time series and
forecast graph.

Figure 3. Seasonal‑Trend decomposition using Loess season‑
ally adjusted time series and forecast graph.

Figure 4. Moving average seasonally adjusted time series and
forecast graph.

The initial evaluation of themodels is done by com‑
paring the resulting adjusted R2 values for each individ‑
ual model. The models ϐitted with EViews 12 the val‑
ues are automatically reported after model ϐitting, but
for FBPROPHET the valuewas calculated after the report
using standard spreadsheet applications. The reported
values indicate a better performance for FBPROPHET

which presents the highest adjusted R2 value, as shown
in Table 5. An indication of model performance is also
evident by the values of Akaike Information Criteria
shown for the ARIMA based models. For FBPROPHET
this criterion is non‑applicable.

Figure 5. Facebook Prophet forecast of time series values.

The output of the employed forecasting models is
shown in Table 6. The table is populated with the
tomato prices made available for the ϐirst semester of
2024, along with the estimated prices from various fore‑
casting models.

Although informative, the table above does not pro‑
vide clear information on the performance of various
models, thereforeTable 7 is constructed to demonstrate
the results of the comparisonmethods based on squared
differences and absolute variation between forecasted
and actual tomato prices.

3.2. Discussion

The employed forecasting models’ evaluation
demonstrates prophet algorithm superiority for the pre‑
diction of tomato price in Greece, even against combined
forecasts with simple and trimmed means in which the
prophet predictions participate. This observation can
be explained by the built‑in information regarding the
behavior of the time series regarding seasonality and
trend along with the multiplicative principle.

The reliability of the mathematical forecasting as
demonstrated is limited by the information included in
the time series. However, the availability of market data
affecting the price is limited, however estimated to be
very high. As per the interviews with market partici‑
pants, the area of tomato grown in open ϐields is deter‑
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Table 6. Forecast models’ outputs and actualized values.

  TRAMO STL Moving Average
Model ARIMA FBPROPHET Simple

Mean
Trimmed
Mean

6M2024
Actuals

Jan‑24 1.21 € 1.20 € 1.21 € 1.26 € 1.15 € 1.21 € 1.21 € 1.23 €
Feb‑24 1.03 € 1.18 € 1.02 € 1.11 € 1.06 € 1.08 € 1.07 € 1.23 €
Mar‑24 1.12 € 1.20 € 1.06 € 1.11 € 1.03 € 1.10 € 1.10 € 0.99 €
Apr‑24 1.11 € 1.20 € 1.08 € 1.27 € 1.26 € 1.18 € 1.19 € 1.14 €
May‑24 1.07 € 1.18 € 1.04 € 1.09 € 0.99 € 1.07 € 1.05 € 0.82 €
Jun‑24 1.05 € 1.17 € 1.02 € 1.01 € 0.91 € 1.03 € 1.03 € 0.76 €
Jul‑24 0.99 € 1.17 € 1.00 € 1.09 € 1.00 € 1.05 € 1.04 €  
Aug‑24 0.96 € 1.18 € 0.97 € 1.07 € 0.97 € 1.03 € 1.02 €  
Sep‑24 1.02 € 1.19 € 0.98 € 1.07 € 0.86 € 1.02 € 1.02 €  
Oct‑24 1.04 € 1.20 € 1.05 € 1.15 € 0.75 € 1.04 € 1.08 €  
Nov‑24 1.02 € 1.21 € 1.09 € 1.08 € 0.69 € 1.02 € 1.06 €  
Dec‑24 1.08 € 1.21 € 1.08 € 1.17 € 0.68 € 1.05 € 1.12 €  

Table 7. Performance comparison of forecast models.

Comparison Method TRAMO STL Moving Average
Model ARIMA FBPROPHET Simple

Mean
Trimmed

Mean

RMSE 0.18 0.24 0.17 0.17 0.13 0.18 0.17

Absolute differences

0.02 0.03 0.02 0.03 0.08 0.03 0.02
0.20 0.06 0.22 0.12 0.18 0.16 0.17
0.13 0.21 0.07 0.12 0.04 0.11 0.10
0.03 0.05 0.06 0.13 0.12 0.04 0.05
0.25 0.36 0.22 0.27 0.16 0.25 0.22
0.29 0.42 0.26 0.25 0.15 0.27 0.27

MAE 0.15 0.19 0.14 0.15 0.12 0.15 0.14
MAPE 17% 22% 15% 17% 12% 15% 14%

mined by individual growers and cannot be monitored
in real time but is only reported on a yearly basis by the
authorities. In other words, the availability of product
in. i.e., May or June, is determined when the decision
to grow tomatoes in open ϐields by thousands of grow‑
ers in March. It is worth mentioning that the elasticity
on cultivated area of open ϐield tomatoes is higher than
this of greenhouse tomatoes as shown in the data of Ta‑
ble 1. Having not included this information to a fore‑
castmodel limits the possibility of a reliable forecast. On
the other hand, since growers take into consideration
the previous prices observed, in the form of Price Ex‑
pectations, the lags or previous prices are expected to
affect their decision, and by including these prices in a
forecasting model inserts this information to the model.
Similarly, greenhouse growers can switch among some
options, i.e., tomato varieties, peppers or cucumbers de‑
pending on their Price expectations.

Another parameter that can limit the effect of open
ϐield tomatoes on the overall price is of course climate.
Even if the decision to grow tomatoes in open ϐields is
taken by a signiϐicant number of growers bounding area

for tomato cultivation, the produce of this area is very in‑
ϐluenced by the climate conditions in the comingmonths.
Hence, if the weather is favorable, the produce will be
higher and the supply of product in the market will be
increased pushing the prices to the threshold. If the
weather conditions prove unfavorable, the produce will
be limited and thus the supply will be limited pushing
the price to the ceiling.

The threshold and ceiling prices are dictated by sev‑
eral factors as well as the other factors discussed. The
threshold price is estimated to be theminimumprice for
which the product will leave the producer covering har‑
vest and transportation cost. This price is affected by the
overall economic environment, labor costs and availabil‑
ity, energy prices etc. The ceiling price is the maximum
price a trader or retailer is willing to pay the producer
before they seek alternatives in EU or non‑EU suppliers.
These two prices are not known or forecasted as they re‑
late to other markets and macroeconomic factors, thus
cannot be included in the forecast. Again, by utilizing
time series, some of this information is included in the
previous prices and are included in the trends of the time
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series of the price of tomato, but their effect cannot be
decomposed and studied individually.

The graph below (Figure 6), provides a valuable il‑
lustration of the relationship between import volumes,
import prices, and the cumulative price of tomatoes in
Greece from 2013 to mid‑2024. It reveals that during
periods of high import volumes, the import price tends
to act as a ceiling for the overall price, often crossing
above it. Another notable observation is that import vol‑
umes increase when import prices are low, while they
drop to nearly zero when import prices exceed domes‑
tic prices. This pattern highlights the strong intercon‑
nection between domestic tomato prices and those in ex‑
ternal markets, suggesting that price movements in con‑
nected markets signiϐicantly inϐluence local pricing dy‑
namics.

Figure 6. Tomato volume imports and prices.
* Source: Statistical authority of Greece, data on demand (www.statistics.gr).

Finally, there is a discrimination between competi‑
tive products inϐlows from different origins. As per the
market participants, the substitute of open ϐield toma‑
toes produce aremainly neighboring open ϐield products
mainly from Turkey, whereas for the greenhouse prod‑
ucts the substitutes are mainly EU producers of green‑
house products. This is in part because of the estab‑
lished procurement networks of retailers buying mainly
greenhouse products with access to alternative EU sup‑
pliers. An overview of the market and climate forces im‑
pact on tomato price based on empirical data is shown
in Table 8.

The Facebook Prophet algorithm’s ability to incor‑
porate the Logistic Growth Model enhances its forecast‑
ing process by better capturing dynamic factors that
are often qualitative in nature and difϐicult to quantify.
These factors, such as market saturation or shifts in

growth rates, are critical in real‑world scenarios but
are often excluded from traditional models due to their
complexity. Prophet addresses this by allowing ϐlexi‑
ble growth modeling through parameters like carrying
capacity, growth rate, and changepoints, enabling the
model to reϐlect non‑linear growth patterns more accu‑
rately. The interconnected nature of the markets and
characteristics of the product (such as perishability and
dispersed production locations) shift price determina‑
tion factors toward the consumer and retailer side. This
makes the forecasting model more aligned with the tar‑
get market for which the Facebook Prophet algorithm
was originally designed. While this novel algorithmmay
not be expected to outperform traditionalmodels in fore‑
casting other types of agricultural products, such as com‑
modities, further research is needed to explore its poten‑
tial in this area. However, the inclusion of these quali‑
tative factors into forecasting models poses signiϐicant
challenges. These aspects, often derived from empirical
knowledge, are not easily measured or integrated into a
formal model. Future studies should focus on reϐining
methods for incorporating such parameters, potentially
leading to more accurate forecasts. By doing so, stake‑
holders in various markets—such as business analysts,
economists, and policymakers—could beneϐit from im‑
proved forecasting precision, enabling better decision‑
making and resource allocation.

Table 8. Forces inϐluence on production and price of tomato in
Greece.

Open Field
Production

Greenhouse
Production

Climate High Medium
Price expectation High Medium
Intra EU trade price Low High
Extra EU price High Medium
Macroeconomic factors High High
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