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Abstract

Peruvian fresh blueberry exports have expanded rapidly since 2012, yet strong season-
ality and price-volume fluctuations continue to complicate trade planning and export
decision-making, thereby threatening the long-term economic sustainability of the sector.
Using monthly series for 2012-2025, this study compares three forecasting approaches to
export value (FOB), export volume and unit price: (i) a seasonal Markov chain with Monte
Carlo simulation (Markov-Monte Carlo), (ii) a log-linear growth model, and (iii) a seasonal
ARIMA (SARIMA) model estimated using logarithmic data. The models are evaluated
under a common train-test design, with the last 12 months (September 2024-August 2025)
reserved for out-of-sample assessment. Model performance was evaluated through stan-
dard metrics, specifically Mean Absolute Error (MAE) and Root Mean Square Error (RMSE),
while model adequacy was examined through residual diagnostics, including Ljung—Box
tests. For the Markov-Monte Carlo approach, simulated distributions were also used
to characterize forecast uncertainty. Findings indicate that the log-linear growth model
provides the most accurate short-term point forecasts for FOB values, and the SARIMA
model performs better for export volume; the Markov—-Monte Carlo approach, however,
yields the best performance for export prices and provides additional insights into sea-
sonal regimes. Overall, these results suggest that no single model dominates across all
dimensions of the export chain. Instead, the combined use of forecast approaches offers a
more comprehensive basis for sustainable trade management, export planning, and risk
management in dynamic agricultural export sectors.

Keywords: agricultural exports; blueberries; economic sustainability; Monte Carlo simulation;
sustainable trade management

1. Introduction
1.1. Background and Motivation

Global agricultural markets have become increasingly influenced by geopolitical
tensions, post-pandemic disruptions, and climate-related shocks. The COVID-19 crisis
and the Russia-Ukraine war, which intensified in 2022, generated significant volatility
in international trade flows and price levels, with some commodities experiencing price
increases above 50% [1-3]. Under such conditions, export trajectories are rarely linear
or homogeneous, while FOB values and exported volumes may expand rapidly, unit
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prices decline in response to intensified competition, supply expansion, and changes in
cost structures.

Agricultural commodities are structurally exposed to fluctuations in production cycles,
international prices, exchange rates, logistics constraints, and trade policy adjustments.
These dynamics are especially pronounced in emerging export industries characterized by
accelerated growth followed by phases of market adjustment and intensifying global com-
petition [4,5]. Nonetheless, agricultural trade systems may also display heterogeneous re-
silience under external shocks, depending on product structure and market conditions [6,7].

The Peruvian fresh blueberry sector illustrates this trajectory [8], it accompanied by
a significant expansion in the European Union and U.S. market [9]. Since 2012, Peru has
evolved from a marginal exporter to the world’s leading supplier, with export values
exceeding USD 2 billion in recent years and a significant share of global markets [10].
However, this expansion has been accompanied by episodes of marked volatility, such as
the 2023 campaign, when reduced global output constrained volumes but elevated prices,
generating sharp variations in total FOB value [11].

For exporters and policymakers, the interaction between strong seasonality, structural
transformation, and price-volume dynamics complicates strategic planning. Decisions
related to harvest scheduling, logistics contracting, pricing strategies, and risk management
require forecasting tools capable of capturing both trend persistence and potential regime
changes [12,13].

In practice, producers, trade associations, and managers often rely on relatively simple
tools, such as average growth extrapolations, short-window linear projections, or basic
comparisons across previous seasons. Although improved knowledge of export perfor-
mance helps reduce losses and enhance success prospects [14], many empirical analyses
still depend on correlation-based approaches grounded in a linear view of the data. These
methods tend to replicate the same linear logic when generating forecasts, which conflicts
with the evolving requirements of export market orientation—EMO [15]. In such contexts,
linear projections often fail to adequately capture abrupt shifts in export volumes and unit
prices, particularly in highly seasonal and rapidly expanding agricultural sectors.

While such approaches provide an initial approximation to long-term trajectories,
they are poorly suited to capturing shock episodes—such as the 2023/24 campaign, or
structural shifts in export markets. This mismatch between the complexity of export
dynamics and the simplicity of commonly used tools underscores the need to evaluate
richer, yet tractable, forecasting frameworks capable of representing temporal dynamics
and quantifying uncertainty over one- to two-year horizons.

So, this study compares three forecasting approaches using monthly data for 2012-2025
and a common train—test design in levels and logarithmic scales.

1.2. Forecasting Approaches in Export Analysis

Forecasting approaches in international trade and agri-food markets can be grouped
into three methodological categories. In applied forecasting, these include autoregressive
time-series models, deterministic growth specifications, and regime-based frameworks,
each designed to capture different aspects of temporal dynamics [16].

Autoregressive models are used to represent persistence and seasonal structures in
monthly export series. Deterministic growth models, including semi-logarithmic speci-
fications and compound annual growth rate estimators, provide interpretable measures
of long-term expansion trends but may be less flexible under changing growth regimes.
Regime-based approaches, including Markov chains, allow export performance to evolve
across discrete states rather than along a single continuous trajectory.
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Although each approach captures distinct dimensions of export dynamics, systematic
comparative assessments across value, volume, and unit price within a single agricultural
export chain remain limited.

1.3. Research Gap and Research Questions

The literature on time series forecasting in agriculture and international trade has
relied predominantly on univariate models such as ARIMA and SARIMA. These models
have been widely applied to the forecasting of food prices, agricultural commodities, and
specific export series, showing good performance in capturing trend and seasonality [17].
However, many of these studies focus on a single variable, as the domestic price of a
crop, and adopt a single methodological approach, without systematically comparing their
performance against alternative models.

Recent empirical research on agricultural exports, especially from 2024 onwards, has
relied on semilogarithmic specifications and compound annual growth rates (CAGR) to
analyze long-term growth patterns and their stability. In several applications, these growth
measures are combined with indicators of revealed comparative advantage to assess export
potential in selected agricultural commodities [18,19]. Although these models are intuitive
and transparent, they tend to summarize dynamics into a single average growth rate, which
limits their ability to capture policy changes, external shocks, or episodes of high volatility.

In parallel, models based on Markov chains have gained prominence as tools for
analyzing market share dynamics, trade direction, and persistence in destination markets
through nonlinear representations of export behavior [20-22]. Additional applied studies
further confirm the usefulness of Markov chain approaches for analyzing stability and
destination dynamics in agricultural export markets [23]. Applications to marine products,
fresh onions, coconut, and other agricultural commodities employ transition matrices to
study changes in importer-country shares and to evaluate the stability of trade flows over
time [24-26]. Some contributions further combine Markov approaches with growth and
competitiveness measures to identify winning and losing markets [27]. Nevertheless, the
explicit use of Markov chains as quantitative forecasting tools, combined with Monte Carlo
simulations and directly compared with ARIMA /SARIMA and log-linear growth models,
remains scarce in the literature on agricultural and food products.

Accordingly, a specific research gap can be identified. There is still limited empirical
evidence that jointly compares the performance of (i) a Markov-Monte Carlo model, (ii) a
log-linear growth model, and (iii) a seasonal SARIMA model, when these approaches are
simultaneously applied to three dimensions of the same export value chain, FOB value,
export volume, and unit price, and evaluated under homogeneous criteria of forecast
accuracy and residual diagnostics. This gap is relevant for emerging economies with
dynamic agricultural export industries, e.g., Peru’s blueberry industry.

Based on this gap, the present study addresses the following research questions:
(i) Which forecasting approach is more reliable and exhibits lower short-term (12-month)
forecast errors? (ii) To what extent do the results differ when the series are modeled in
levels versus logarithmic scale, and what are the implications for business and policy
decision-making? (iii) Do models that exhibit lower forecast errors also display better
residual properties and greater robustness? These research questions guide the design of
the study and frame the comparison of results across the different modeling and forecasting
approaches applied to the case of Peruvian fresh blueberry exports.

1.4. Contributions and Structure of the Study

This research offers complementary insights into modeling and forecasting approaches
for agricultural products. First, it proposes an integrated comparative framework that
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evaluates three forecasting methods, in particular a Markov—Monte Carlo model, a log-
linear growth model, and a seasonal SARIMA model, applied to the same agro-export
value chain in an emerging economy.

Second, the study jointly analyzes three dimensions of export performance: FOB
value, export volume, and unit price, it makes possible to assess the robustness of conclu-
sions regarding the best-performing model when shifting from one variable to another. In
addition, both level specifications (millions of USD or kilograms) and logarithmic transfor-
mations are considered, allowing an evaluation of how scale affects forecast accuracy and
residual stability.

Third, the analysis combines standard forecast error metrics (MAE and RMSE) with
a detailed examination of residual behavior and statistical robustness. This includes
residual autocorrelation tests using the Ljung—Box statistic, inspection of ACF and PACF
patterns, and comparisons of residual dispersion and distributional shape across models.
Furthermore, the Markov—-Monte Carlo framework enables the derivation of risk-related
measures based on the simulated distribution of outcomes (e.g., 5th and 95th percentiles),
augmenting the evaluation capacity of the scenario and risk management process.

Finally, from an applied perspective, the search offers practical implications for agri-
cultural export companies and policymakers, by identifying which forecasting approaches
are more accurate and robust across different contexts (value, volume, and unit price;
level versus logarithmic scale). These findings can inform decision-making related to
crop planning, contract negotiation, logistics capacity planning, and the design of risk
management instruments.

The remainder of the paper is organized as follows: Section 2 describes the method-
ology, including the construction of states and transition matrices for the Markov chain,
the implementation of the Markov-Monte Carlo model, the specification of the log-linear
growth model, and the estimation of SARIMA models, as well as the forecast evaluation
metrics and residual diagnostics. Section 3 reports the empirical results, comparing model
performance in level and logarithmic specifications for FOB value, export volume, and
unit price. Section 4 discusses these findings in light of the existing literature and the
implications for management and policy. Finally, Section 5 presents the conclusions, the
main limitations of the study, and directions for future research.

1.5. Literature Review
1.5.1. Markov Chains and Stochastic Processes in Applied Research

Markov chains have been increasingly used across different disciplines to model
stochastic processes that evolve over time. In the field of health sciences, for exam-
ple, Ocafia-Riola shows that homogeneous Markov chains are more suitable than non-
homogeneous ones for describing clinical trajectories and evaluating transitions between
states, reinforcing their usefulness as a discrete-time modeling tool [28].

In management and administrative sciences, stochastic processes and Markov chains
allow the representation of a variable that moves across mutually exclusive states, under the
assumption that transition probabilities depend solely on the current state and not on the
past trajectory [29]. This approach facilitates the analysis of system stability or instability
by examining both the probability of remaining in a given state and the probability of
transitioning to another.

More recently, Jiménez proposed a spatial Markov chain model for population growth,
comparing its performance with four other statistical forecasting tools [30]. His study
highlights two aspects that are particularly relevant for the present research: (i) the ability
of Markov chains to capture regime changes or “jumps” between levels, and (ii) their
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potential use as quantitative forecasting models in contexts where dynamics are nonlinear
over time.

From a broader econometric perspective, regime-based approaches have also been
formalized in the literature through Markov-switching models, which allow time series to
move between different latent states characterized by distinct dynamic patterns [31]. These
models have proven useful in contexts where structural breaks, persistence, and abrupt tran-
sitions coexist, such as commodity and financial markets. In this regard, Alizadeh et al. [32]
show that Markov regime-switching structures can provide a flexible framework for mod-
eling state-dependent behavior under changing market conditions. Taken together, these
contributions reinforce the relevance of Markov-based approaches for representing discon-
tinuities, persistence, and regime changes in applied forecasting problems.

Although the present study adopts a parsimonious discrete-time Markov-chain frame-
work rather than a full latent-regime Markov-switching specification, this broader econo-
metric literature remains relevant it shows that regime-based forecasting can extended
beyond standard transition matrices toward richer state-dependent structures and latent
dynamics [31-33].

1.5.2. Forecasting Models in International Trade and Agricultural Exports

In international trade and agricultural export analysis, forecasting has relied on a
diverse set of methodological approaches, each designed to capture different features of
export dynamics. Among the most widely used are autoregressive time-series models,
particularly ARIMA and SARIMA, which are well suited to representing persistence,
seasonality, and short-term dependence in monthly trade series [34,35]. Their application
has been especially relevant in agricultural contexts, where export flows often exhibit
recurrent seasonal patterns and changing short-run dynamics.

A second line of research has employed deterministic growth models, including
semi-logarithmic specifications and compound annual growth rate (CAGR) estimators, to
describe long-term export expansion and evaluate changes in growth performance [36,37].
These approaches offer clear economic interpretation and are useful for identifying broad
expansion trends, although their ability to represent sudden adjustments or unstable
growth paths is more limited in highly volatile markets.

A third strand of literature focuses on Markov-based and regime-oriented approaches,
which are particularly useful for analyzing export stability, destination persistence, and
transitions across performance levels. In agricultural trade studies, Markov chains have
been applied to identify nonlinear changes in export trajectories and to evaluate how
products or destination markets evolve across discrete states over time [38,39]. Addi-
tional applications to coconut and cocoa exports further confirm the usefulness of these
approaches in agricultural trade settings [24,40]. Such models are especially relevant when
export systems do not follow a smooth trajectory, but instead shift across states associated
with seasonality, structural transformation, or market volatility.

More recently, forecasting research has expanded toward hybrid and regime-sensitive
specifications that combine autoregressive structures with state-dependent dynamics. These
developments are particularly relevant for commodity and agricultural markets exposed to
abrupt transitions, concentration effects, and external shocks [32,33]. Together, these contri-
butions suggest that export forecasting cannot be reduced to a single methodological logic:
autoregressive models are better suited to recurrent temporal dependence, deterministic
models to parsimonious trend representation, and regime-based frameworks to nonlinear
and state-dependent adjustments.

Despite this methodological diversity, most empirical studies still apply these ap-
proaches separately, often to a single variable or a single market. As a result, there remains
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limited evidence comparing deterministic, autoregressive, and regime-based models within
the same agricultural export chain and across multiple export dimensions.

In parallel, the forecasting literature has increasingly recognized forecast combination
methods as an additional strategy for improving predictive robustness. Instead of relying
on a single model, these approaches combine forecasts generated by alternative specifica-
tions in order to reduce model-specific risk and exploit complementary strengths across
methods. Recent reviews and applied studies indicate that combined forecasting models
can outperform individual specifications in contexts characterized by structural instability,
heterogeneous dynamics, or limited model certainty, including agricultural markets and
commodity prices [41-43].

Although the present study focuses on a comparative evaluation of individual ap-
proaches rather than on formal forecast combination, this strand of literature is relevant
because it suggests that autoregressive, deterministic, and regime-based models may be
interpreted not only as competitive alternatives, but also as potentially complementary
sources of predictive information.

1.5.3. Fresh Blueberries, Export Dynamics and the Peruvian Case

Blueberries have become an increasingly relevant commodity in global agri-food trade
due to their high commercial value, expanding international demand, and the impor-
tance of counter-seasonal supply windows. Originally associated with temperate regions,
their cultivation has progressively expanded into tropical and subtropical areas, allowing
Southern Hemisphere exporters to strengthen their position in international markets [5].

In the Peruvian case, fresh blueberry exports have exhibited extraordinary growth
reports that between 2013 and 2021 the export value of blueberries grew at an annual
rate close to 70%, increasing from USD 17 million to more than USD 1.18 billion [44].
This expansion enabled Peru to capture approximately 25% of the global market and to
transition from a largely marginal role to becoming the world’s leading exporter of this
product during that period.

However, this trajectory has not been linear or homogeneous. While FOB values and
exported volumes increased sharply, unit prices exhibited a downward trend associated
with intensified competition, supply expansion, and changes in cost structures.

As a result, nonlinear tools, including Markov-based approaches, have increasingly
been employed to analyze commodity price dynamics [45]. In the case of fresh blueberries,
empirical evidence shows that international price behavior and export performance are
closely linked to market structure, concentration, and competitiveness across exporting
countries. The rapid expansion of new suppliers and the reconfiguration of global market
shares have introduced additional volatility and structural changes, reinforcing the need
for analytical frameworks capable of capturing regime shifts and nonlinear dynamics in
export series [46].

In this context, the case of Peruvian fresh blueberry exports provides a particularly
suitable setting to combine: a state-based analysis of export value, volume, and price using
discrete-time Markov chains; the explicit incorporation of seasonality through meteorologi-
cal seasons; and a direct comparison of alternative forecasting models as Markov—-Monte
Carlo, log-linear growth, and SARIMA applied to the same agro-export value chain.

2. Materials and Methods
2.1. Data and Variables

The RStudio software (version 2026.01.1+403, Posit Software, PBC, Boston, MA, USA)
was employed for all statistical computations and the development of forecasting models.
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2.1.1. Period and Frequency

The study uses a monthly time series of Peruvian agri-food exports covering the period
from January 2012 to August 2025, yielding a total of 160 valid observations. The reduced
number of observations relative to the full calendar period reflects the absence of exports
between April and July 2012. The dataset was constructed using official international trade
records and includes only shipments corresponding to Harmonized System (HS) code
08.10.40 (fresh blueberries).

Although the series were compiled from more than one official source across sub-
periods, the dataset was harmonized into a consistent monthly database before model
estimation. The underlying economic definitions of FOB export value, export volume,
and unit price were preserved across sources, and no source-specific transformation was
introduced beyond standard data cleaning, date alignment, and construction of comparable
monthly series. Therefore, while minor reporting differences cannot be entirely ruled out,
no major consistency issue was identified for the comparative forecasting exercise.

For each month ¢, the dataset contains the following variables: monthly export FOB
value expressed in U.S. dollars (USD), export volume measured in kilograms (kg), and an
implicit unit price. The unit price was computed as the ratio between FOB value and export
volume. For the years 2012 and 2013, the unit price was calculated using a direct ratio of
monthly FOB value to total exported volume, as shown in Equation (1). For the period
2014-2025, the unit price corresponds to the monthly average of shipment-level prices, as

defined in Equation (2):
PRICE; = Ifs ! (1)
t
1y
PRICE; = nl Y Px,t )
t x=1

where Px,t denotes the unit price of shipment x in month ¢, and n; represents the number of
export shipments recorded in that month.

To improve the interpretability of the results and to avoid numerical scaling issues,
export value and export volume are expressed in millions of USD and millions of kilograms,
respectively. This normalization does not alter the temporal structure of the series or the
relationships among variables, but it facilitates visual inspection and numerical comparison
across forecasting models.

2.1.2. Logarithmic Transformations

Because all three variables exhibit relatively rapid growth patterns in the initial phase
and episodes of high dispersion, the analysis is conducted using both level and logarithmic
specifications. For each variable Y; € {FOB;, KG;, PRICE;}, the following transformation
is defined:

In(Y,)=log(Y:) 3)

where the natural logarithm is employed. In the few initial months in which the FOB
value or export volume is equal to zero or practically negligible, those observations were
excluded from the logarithmic estimations in order to avoid undefined values. In practice,
this adjustment affects only a small number of months in 2012 (from April to July) and does
not alter the main analysis period or the set of observations used for the forecasting models.
The treatment of zero values in log-related transformations requires particular caution in
empirical applications [47].

The logarithmic series In(FOB;), In(KG;), and In(PRICE;) were then used both for
the definition of states in the Markov chain model and for the estimation of the log-linear
growth and SARIMA models.
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2.1.3. Seasons and Seasonal Regimes

To capture seasonality in a transparent and reproducible way, each month was assigned
to one of the four meteorological seasons defined for Peru by National Meteorology and
Hydrology Service—SENAMHI: summer (December—February), autumn (March-May),
winter (June-August), and spring (September-November) SENAMHI [48]. Although
biological harvest and export windows in blueberries may not coincide perfectly with fixed
meteorological boundaries, USDA-FAS reports confirm that Peruvian blueberry exports
are strongly concentrated in specific periods of the year, reflecting a marked seasonal
production and commercialization pattern [11].

Therefore, the meteorological classification was used as a consistent and exogenous
seasonal framework, while acknowledging that minor differences with biological crop
timing may exist without materially altering the comparative forecasting results.

This seasonal classification is applied consistently throughout the entire study period
to ensure coherence with the labels used in state coding (e.g., summer_St1, winter_St4).
Seasonality is explicitly incorporated into the Markov framework through the construction
of combined season-level states, and, in the case of SARIMA models, through a seasonal
component with a periodicity of 12 months.

2.2. Markov Chain Model and Monte Carlo Simulation
2.2.1. Definition of States in Logarithm Scale

To avoid results that depend on arbitrary cutoff points and to obtain a balanced
partition of the sample, the states of the Markov chain are defined using empiri-
cal quantiles of the logarithmic series. Specifically, for each variable where Z; €
{In(FOB}),In(KG¢),In(PRICE;)}, the 25th, 50th, and 75th percentiles are computed and
denoted by q0.25, 050, §0.75, respectively.

These quantiles are used to classify each monthly observation into one of four discrete
states [49], as follows:

St1 (Low level) : Z; < qo.s,
St2 (Medium level) : go25< Z; < qo.50,
St3 (High level) : qoso < Zt < qo.75,
Std (Very high level) : Z; > go.75.

4)

In this way, each variable and each month are assigned a discrete label indicating
the relative level of the observation within its historical distribution. This classification
is applied consistently to FOB value, export volume, and unit price in logarithmic scale,
preserving the same four-state structure across all variables.

2.2.2. Seasonal Regimes and Combined States

In order to explicitly incorporate seasonality into the dynamics of the Markov chain,
combined season-level states are constructed. For each observation, composite state
variables are defined, for example: FOB_SS = “summer_5St3”, KG_SS = “winter_St2”, and
PRICE_SS = “spring_St4”, where

e  The first component (summer, autumn, winter, spring) denotes the meteorological
season, and

e  The second component (St1-5St4) indicates the corresponding level of FOB value, export
volume, or unit price.

In this way, each variable generates a Markov chain with 16 possible states
(4 seasons x 4 levels). Not all states necessarily occur with the same frequency; how-
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ever, this structure allows both seasonality and level shifts to be captured within a single
state space [31,50].

To estimate transition probabilities, consecutive pairs of observations in time (t, t + 1)
are considered, and the current-state and next-state variables are constructed accordingly—
for example: FOB_SS; and FOB_SS.1, KG_SS¢ and KG_SSy,1, PRICE_SS; and PRICE_SSy4;.

2.2.3. Estimation of Transition Matrices

Based on the observed state sequences {FOB_SS;}, {KG_SS;}, and {PRICE_SS;}, em-
pirical transition matrices are estimated for each variable using frequency counts. The
procedure consists of the following steps:

1. A 16 x 16 contingency table is constructed to count the number of transitions from
each state 7 at time f to each state j at time ¢ + 1.

2. Each row of the contingency table is normalized by the total number of observed
transitions originating from state iii, yielding a row-stochastic transition matrix.

The resulting transition probabilities satisfy:

16
Pj=Pr(Sp1 =j|Si=1i), ) Pj=1 (5)

j=1

This estimation procedure is applied separately to FOB value, export volume, and
unit price. In addition, to facilitate interpretation, aggregated 4 x 4 transition matrices
are derived to summarize transitions across levels (St1-5t4), independently of the season,
following standard Markov chain aggregation methods [49].

In principle, the season-state structure yields 16 possible combinations for each vari-
able. However, in the KG series one theoretical combination (autumn_St4) was not observed
in the estimation sample. So, the transition matrix for KG was projected over the 15 ob-
served states.

2.2.4. Monte Carlo Simulation for Forecasting

Once the transition matrix P has been estimated for each variable, a Monte Carlo
simulation is employed to generate future forecasts under the dynamics of the Markov
chain [51]. The procedure follows these steps:

1. The initial state is identified as the last observed state at the end of the training period
(e.g., ST = winter_St3)

2. Starting from this initial state, N independent trajectories of the Markov chain are
simulated (e.g., N = 10,000) over a forecast horizon of H months (in this study, H = 12
and H = 24).

3. Ateachstep h =1,..., H, the simulated state St is generated according to the
probability distribution given by the corresponding row of the transition matrix P.

A convergence check was performed by comparing simulations based on 5000, 10,000,
and 20,000 trajectories. For In(FOB), forecast means showed only negligible differences
across simulation sizes, while the p5 and p95 percentile bands remained unchanged
(0.0-0.5%). PRICE displayed similarly limited variation (1.1-2.5%), whereas KG showed
somewhat greater sensitivity in the lower-tail percentile (p5), although differences in fore-
cast means remained moderate (2.3-2.8%). This pattern is consistent with the fact that the
KG transition matrix was estimated over 15 real states, as one theoretical seasonal-level
combination (autumn_st4) was not observed in the estimation sample. Overall, these re-
sults support the use of 10,000 simulations as a reasonable compromise between numerical
stability and computational efficiency (see Supplementary Table S10).

https://doi.org/10.3390/su18094529


https://doi.org/10.3390/su18094529

Sustainability 2026, 18, 4529

10 of 31

To translate the simulated states back into values expressed in levels (millions of USD
or kilograms, or USD/kg), each state k is associated with a historical mean value of the
variable in level, computed over the set of observations belonging to that state. The point
forecast at horizon # is then obtained as the average of the simulated values:

ovc _ Lo ()
T = Y Y, (6)
n=1
where Y;’i)h denotes the value associated with the simulated state in trajectory n at horizon

h. In addition to point forecasts, the simulated distribution is used to derive risk measures,
such as the 5th and 95th percentiles [52], which are reported in Section 4 to characterize the
uncertainty surrounding the forecasts.

2.3. Log-Linear Growth Model
2.3.1. Specification and Estimation

The log-linear growth model is employed as a parsimonious benchmark to capture the
long-term trend of exports. For each variable on Yt € {FOB;, KG;, PRICE;} the following
logarithmic specification is considered:

In(Yy) = a+ Br + e )

where

e tisatime trend variable (with ¢ = 0 corresponding to the first month of the sample),

« is the intercept,
B: represents the average growth coefficient, and
€; is an error term.

The parameter f is estimated by ordinary least squares (OLS) using the training
sample [36]. The corresponding average percentage growth rate is computed as:

CAGR =~ (eﬁ - 1) x100 8)
The model is estimated separately for FOB value, export volume, and unit price.

2.3.2. Forecasting and Back-Transformation

Forecasts in logarithmic scale are obtained as:
In(Yrp) = &+ B(T+h) 9)

Forh=1, ..., H. To enable comparison with the other forecasting approaches in terms
of levels, the inverse transformation is applied:

YEROWTH — exp (In(Y741)) (10)

It is acknowledged that, in the absence of an explicit log-normal bias correction, this
back-transformation may slightly underestimate the mean in levels when residual variance
is relatively large [36,53]. However, given the comparative nature of the study, the same
transformation criterion was applied consistently across all three variables and forecast
horizons. In the present application, this choice is not expected to alter the qualitative
ranking of models, although level forecasts derived from logarithmic specifications should
be interpreted with this caveat in mind.

https://doi.org/10.3390/su18094529


https://doi.org/10.3390/su18094529

Sustainability 2026, 18, 4529

11 of 31

2.4. SARIMA Model
2.4.1. Identification and Estimation

To flexibly capture both trend and seasonality, SARIMA models are applied to the
logarithmic series. In general terms, a SARIMA (p,d, q) x (P, D, Q)g model can be
written as:

p (LS) (1-L)(1-L)PIn(v;) = 0 (Ls)Gq (L)e; (11)

where L denotes the lag operator, s = 12 represents monthly periodicity, and et is a white-
noise error term.

In practice, the identification of the orders (p, d, g, P, D, Q) was carried out by combin-
ing graphical inspection of the series and their autocorrelation and partial autocorrelation
functions (ACF/PACEF), together with automatic model selection criteria such as AIC and
BIC, while restricting the seasonal periodicity to 12 months [34,54].

The final retained specifications were SARIMA (1,0,0)(0,1,1)1, with drift for In(FOB),
SARIMA (1,1,1)(1,1,0)1; for In(KG), ARIMA (2,0,0) with non-zero mean for /n(PRICE).
These models were selected using AIC/BIC as primary criteria, complemented by graphical
inspection and post estimation residual diagnostics, in order to balance goodness of fit,
parsimony, and forecasting adequacy. Notably, the final specification for In(PRICE) did not
require a seasonal component, indicating that its short run dynamics were better captured
by a non-seasonal autoregressive structure. Model adequacy was assessed through residual
diagnostics, including Ljung-Box tests for autocorrelation and graphical analyses (residual
ACF and Q-Q plots), as detailed in Section 3.5.

2.4.2. Forecast Generation

Once the SARIMA models were estimated, forecasts were generated for the test
horizon of H = 12 months:

In(Yr) ™ h=1, .. 12 (12)

As in the case of the log-linear growth model, inverse transformations were applied to
obtain forecasts in levels:

vSARIMA
YT+h

~ SARIMA) (13)

= exp (In(Yr4)

As in the log-linear growth model, this inverse transformation does not include an
explicit log-normal bias correction. Therefore, when residual variance is relatively large,
the resulting forecasts in levels may slightly underestimate the expected mean. Since the
same back-transformation rule was applied consistently across models and variables, this
issue does not compromise the comparative evaluation of forecasting performance.

The prediction intervals associated with SARIMA forecasts are used primarily to eval-
uate forecast dispersion and to support visual comparison with the alternative modeling
approaches [16].

2.5. Forecast Evaluation and Residual Diagnostics
2.5.1. Train-Test Split

To ensure homogeneous evaluation across forecasting approaches, a common training—
testing design was adopted. The training sample includes observations from January 2012
to August 2024 (148 months), while the test sample corresponds to the subsequent
12 months (September 2024 to August 2025), which are reserved exclusively for out-of-
sample evaluation.
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This scheme was applied consistently across the three variables (FOB, KG, and PRICE)
and the three forecasting models (Markov—-Monte Carlo, log-linear growth, and SARIMA),
in both level and logarithmic specifications were applicable.

2.5.2. Error Metrics

Forecast performance is evaluated using two standard accuracy measures: the Mean
Absolute Error (MAE) and the Root Mean Squared Error (RMSE). Let Yr,1, ..., Y14n
denote the observed values and Y7, their corresponding forecast. The error metrics are

defined as: .
MAE = Y |y — Y74 (14)
h=1
1 & f 2
RMSE = | = Y (Yryn — Yrin) (15)
H =

These metrics are established for: (a) each variable (FOB, KG, PRICE); (b) each fore-
casting model (Markov—Monte Carlo, log-linear growth, and SARIMA); and (c) each scale
(levels and logarithms), depending on the specific case.

2.5.3. Residual Analysis

In addition to forecast errors, residual diagnostics are conducted to assess the statistical
adequacy of the models. For the SARIMA and log-linear growth models, residuals are
defined as:

& =1In(Y;) — In(Yy) (16)

Ljung-Box tests are applied at multiple lags to evaluate the absence of significant
autocorrelation, and residual ACF/PACEF plots as well as Q-Q plots are inspected to
assess the degree of approximation to normality [55]. The objective is not to impose
strict normality, but rather to verify that no systematic patterns remain unexplained by
the models.

For the Markov-Monte Carlo approach, diagnostics are based primarily on:

e the consistency of the estimated transition matrices with the observed dynamics,

o the seasonal behavior of the simulated distributions (by comparing different sets of
simulations), and

e the comparison of simulated mean forecasts and their uncertainty bands with
observed realizations.

2.5.4. Risk Measures from Markov-Monte Carlo

Finally, the Markov-Monte Carlo framework allows the derivation of forecast risk
measures from the simulated distribution of outcomes. For each forecast horizon #, in
addition to the simulated mean forecast Y7, percentiles measure such as the 5th and 95th.

ps,n = Sth percentil of {y(l) Y@ } 17)

T+h’ "7 "T+h

posn = 95th percentil of {Y(l) Yy 18)

Th "7 T+h}

These values define a range of possible scenarios (pessimistic-optimistic) that are used
in Section 3 to discuss the risks faced by exports over one- and two-year horizons, thereby
complementing the pointwise comparison based on MAE and RMSE.
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3. Results

Peruvian fresh blueberry exports started in 2012 with very low FOB values and
volumes, followed by a period of accelerated growth that extended until 2024. Export
volumes exhibited a similar expansion pattern, whereas export unit prices showed a
declining trend over most of the period under analysis.

3.1. Descriptive Analysis of Peruvian Fresh Blueberry Exports

Table 1 summarizes the evolution of Peruvian fresh blueberry exports in terms of FOB
value, export volume, and unit price between 2012 and 2025. The series shows a clear
expansion in both FOB value and volume, from marginal levels in the early years to more
than USD 2 billion and over 300 million kilograms in 2024, respectively. By contrast, the
unit FOB price follows a more unstable trajectory, with a general downward trend until
2022, followed by a temporary recovery and subsequent adjustment. In addition, Figure A1
(Appendix A) shows that export activity is markedly concentrated in the second half of the
year, confirming the strong seasonal profile of the sector.

Table 1. FOB value, export volume and unit price of Peruvian fresh blueberries (2012-2025).

Year FOB Value Export Volume (kg) Unit Price (USD)
2012 465,204 47,916 9.71
2013 17,386,084 1,513,091 11.49
2014 29,968,033 2,902,124 10.33
2015 96,657,493 10,350,511 9.34
2016 241,285,935 28,154,433 8.57
2017 371,929,426 43,070,773 8.64
2018 546,287,357 74,021,076 7.38
2019 814,640,081 125,044,529 6.51
2020 974,514,809 160,361,099 6.08
2021 1,188,163,440 206,708,660 5.75
2022 1,326,654,134 277,018,073 4.79
2023 1,683,222,584 208,036,387 8.09
2024 2,235,165,160 330,529,889 6.76
2025 641,924,682 94,082,969 6.82

Note: Data for the years 2012-2014 were sourced from UN-Comtrade. Values for the period 2015-2025 were
obtained from Veritrade.

Figure 1 confirms that export value and volume moved broadly in the same direction
throughout most of the period, reflecting the rapid scale-up of the sector. At the same time,
the divergence between both series in selected years is consistent with the weaker and
more volatile behavior of unit prices.

In addition, Table 2 complements this evidence by showing Peru’s growing position in
global fresh blueberry exports and the widening number of destination markets. Between
2012 and 2024, export destinations increased from 7 to 44, while the product moved
from a marginal rank in Peru’s export basket to a top-five position, confirming both the
international consolidation and the strategic relevance of the sector.

Table 2. Peru’s Export Ranking and Number of Destination Markets for Fresh Blueberries (2012-2024).

Year Rank PE Countries
2024 4 44
2023 5 44
2022 9 33
2021 10 35
2020 8 35
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Table 2. Cont.

Year Rank PE Countries
2019 9 36
2018 14 29
2017 19 31
2016 21 27
2015 42 20
2014 101 18
2013 161 15
2012 i 7

Note: Data on Peru’s national export ranking (Rank PE) was obtained from SUNAT, while information on the
number of destination markets was sourced from MINCETUR. *** indicates that, In 2012, the product ranked
below the 499th position in the national export ranking.

Peruvian fresh blueberries
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Figure 1. Export value and volume in kilograms of Peruvian fresh blueberries (2012-2025).

3.2. Growth, Seasonality and Price Dynamics

To characterize the evolution of export value and volume, arithmetic mean, geometric
mean, and compound annual growth rate (CAGR) weighting methods were examined.
The results show that the arithmetic mean is highly sensitive to extreme observations,
particularly in months with rapid shifts from very low to very high export levels, whereas
the geometric mean provides a more stable summary but is less responsive to smaller
month-to-month variations (see Supplementary Tables S6 and S7 for the higher average
dispersion implied by both methods). For this reason, CAGR-based comparisons were
used as a more informative descriptive benchmark.

The geometric mean exhibits greater stability in weighting; however, it is less sensitive
to small variations, especially during the second half of the year from August to December.

A specific issue arises in 2012, when several months recorded zero exports. To avoid
undefined percentage-growth calculations in the descriptive comparison of CAGR-based
monthly variations, a temporary pseudo-count of 1 kg was assigned to those observations.
This adjustment was used exclusively for descriptive growth comparisons and was not
employed in the logarithmic estimations or in the forecasting models. Table S8 shows
the descriptive CAGR comparison including the 2012 zero-export months, while Table 3
reports the comparison starting in 2013.
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Table 3. Compound annual growth rate (CAGR) of FOB value and export volume (2013-2019).

Months FOB Value % Export Volume %
Jan 190.7 211.2
Feb 1271 138.6
Mar 57.5 68.2
Apr 17.5 34.8
May 30.6 49.5
Jun 84.4 91.4
Jul 146.2 158.6
Aug 120.2 135.7
Set 96.2 119.4
Oct 86.8 110.6
Nov 83.4 101.5
Dec 75.7 90

Note: CAGR denotes the compound annual growth rate, calculated over the specified subperiods based on FOB
values and export volumes.

Together, these results indicate that including the 2012 zero-export months produces
much larger average variations, whereas the series becomes notably more regular when the
comparison starts in 2013. This confirms that the post-2013 period provides a more stable
basis for interpreting export growth dynamics. Such treatment is consistent with the broader
literature noting that zero values require special handling in log-related transformations
and growth comparisons [47,56].

Figure 2 reveals an inverse pattern relative to the joint evolution of FOB value and
export volume. While both variables expanded over time, the unit price followed a broadly
declining trajectory, reaching its highest level in 2013, falling until 2022, and then showing
a partial recovery followed by a new adjustment. This divergence justifies treating value,
volume, and price as related but distinct dimensions of export performance.

Unit price by kilogram
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Figure 2. Trend in FOB unit price of fresh blueberries (USD/Kg).

3.3. Definition of States and Classification in the Markov Model

This subsection presents the tables used to construct the base transition matrix for the
Markov chain, starting from the minimum and maximum observed values of the export
variables (Table 511). Four discrete states were defined for FOB value, export volume, and
unit price (Table 4). State thresholds were determined based on the 25th, 50th, and 75th
percentiles of the empirical distribution (Table 512), given the presence of extreme values
in the series.
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Table 4. Percentiles and states defined under the Markov Chain framework.
Variable State 1 (Low) State 2 (Medium) State 3 (High) State 4 (Very High)
Ln (FOB value) InFOB < p25 p25 < InFOB < p50 p50 < InFOB < p75 InFOB > p75
Ln (Export volume) InKG < p25 p25 < InKG < p50 p50 < InKG < p75 InKG > p75

Ln (Unit price) InPRICE < p25 p25 < InPRICE < p50 p50 < InPRICE < p75 InPRICE > p75
Note: States were defined based on percentile thresholds of the logarithmic transformation of each variable.

In addition, in Table S13 (Supplementary Materials) natural logarithmic transforma-
tions were applied to the three variables in order to improve stability and suitability for
Markov chain analysis.

Table 5 reports the classification results for the year 2012. In total, 160 valid obser-
vations were considered. Because export value and volume exhibited extreme values,
logarithmic specifications were employed for subsequent projections and modeling tests.
Table 5. States and observed values for FOB value, export volume and unit price (2012).

t FOB (USD) Kg Price Ln-FOB Ln-Kg Ln-Price  Month FOB-St Kg-St Price-St
0 2569 1100 2.34 7.85 7.00 0.85 January Stl Stl Stl
1 122 913 0.13 4.80 6.82 —2.01 February Stl Stl Stl
2 34 258 0.13 3.54 5.55 —2.02 March Stl Stl Stl
3 23,358 1953 11.96 10.06 7.58 248 August Stl Stl St4
4 149,337 12,524 11.92 11.91 9.44 248 September Stl Stl St4
5 125,229 11,535 10.86 11.74 9.35 2.38 October Stl Stl St4
6 81,499 9758 8.35 11.31 9.19 212 November Stl Stl St3
7 83,056 9876 8.41 11.33 9.20 2.13 December Stl Stl St3

Note: States were defined based on percentile thresholds of the logarithmic transformation of each variable.

3.4. Seasonal Markov Transition Matrices for FOB, Export Volume, and Unit Price

Table 6 shows that seasonal transitions are dominated by persistence, as the probability
of remaining in the same season exceeds 65% in all cases. When transitions do occur, they
are concentrated in the adjacent seasonal shifts that reflect the underlying agricultural
calendar, especially from summer to autumn, autumn to winter, winter to spring, and
spring to summer. This pattern supports the view that blueberry export dynamics evolve
within a stable but cyclical seasonal framework.

Table 6. State of season transition probability matrix (2012-2025).

Stations Summer Autumn Winter Spring Total

Summer 65.85% 34.15% 0.00% 0.00% 100.0%

Autumn 0.00% 65.00% 35.00% 0.00% 100.0%
Winter 0.00% 0.00% 66.67% 33.33% 100.0%
Spring 33.33% 0.00% 0.00% 66.67% 100.0%

Note: Transition probabilities were estimated from observed state transitions over the period 2012-2025. Rows
represent the current state, while columns represent the subsequent state.

Table 7 indicates that the autumn transition structure is not uniform across the three
export dimensions. FOB value and export volume remain comparatively stable, especially
in the lower states, suggesting stronger persistence during this season. Unit price, however,
displays a more mobile transition pattern, with relevant movements between upper ad-
jacent states, particularly from the high to the very high state (44.4%) and from the very
high to the high state (40.0%). This suggests a more volatile price dynamic relative to value
and volume.
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Table 7. Autumn state transition probabilities for FOB value, export volume and price.

From\To  Low (St1) Medium (St2) High (St3)  Very High (St4) Total
Matrix probability Ln-FOB (Autumn)

Stl 89.5% 10.5% 0.0% 0.0% 100.0%
St2 33.3% 60.0% 6.7% 0.0% 100.0%
St3 0.0% 0.0% 100.0% 0.0% 100.0%
St4 55.0% 35.0% 7.5% 2.5% 100.0%
Matrix probability Ln-Kg (Autumn)
Stl 88.9% 11.1% 0.0% 0.0% 100.0%
St2 38.9% 50.0% 11.1% 0.0% 100.0%
St3 0.0% 75.0% 25.0% 0.0% 100.0%
St4 0.0% 0.0% 0.0% 0.0% 100.0%
Matrix probability Ln-Price (Autumn)
Stl 40.0% 50.0% 0.0% 10.0% 100.0%
St2 9.1% 45.5% 36.4% 9.1% 100.0%
St3 0.0% 22.2% 33.3% 44.4% 100.0%
St4 0.0% 10.0% 40.0% 50.0% 100.0%

Note: The table reports transition probabilities estimated from observed autumn state transitions during 2012-2025.
Rows correspond to the current state, whereas columns correspond to the subsequent state.

This pattern also varies across seasons. Spring appears to be the most stable season
overall, as FOB value and export volume remain in the same state with persistence probabil-
ities ranging from 85.7% to 100% and from 91.7% to 100%, respectively (Tables A1l and A?2).
Unit price follows the same general pattern, although at lower levels, with same-state
persistence ranging from 63.2% to 85.7% (Table A3). Winter, by contrast, is especially
notable in the very high state (St4): FOB value and export volume remain fully persistent
at 100%, whereas unit price shows a somewhat lower but still substantial persistence of
70.0% (Tables A1-A3).

Table 8§ provides a synthetic view of the main state changes across seasons and confirms
that the three export dimensions do not evolve under a common transition logic. FOB value
and export volume are mainly driven by corrections between adjacent or upper states,
whereas unit price displays more diverse movements across the state distribution. This
heterogeneity suggests that seasonal state dynamics differ substantially between value,
volume, and price, supporting the need for a comparative forecasting framework rather
than a single uniform modeling strategy.

Table 8. Main seasonal state transitions across FOB value, export volume, and unit price.

Value (FOB Value) Export Volume Unit Price Season

Medium to low 33% Very high to high 60% Very high to medium 100% Summer
Very high to low 55% High to medium 75% Low to medium 50% Autumn
Medium to high 82% Medium to high 82% High to very high 42% Winter
Very high to high 14% Very high to high 8% Medium to low 60% Spring

Note: Transition probabilities were estimated from observed state transitions over the period 2012-2025.

3.5. Forecast Comparison: Markov—Monte Carlo, Log-Linear Growth and SARIMA

To assess the relative forecasting performance of the three modeling approaches, out-
of-sample forecasts were generated and evaluated using standard accuracy metrics. Table 9
provides a consolidated comparison of forecast accuracy across FOB value, export volume,
and unit price, in both level and logarithmic specifications, allowing a direct assessment
of how model performance varies across scales. The results show that no single model
dominates across all dimensions: log-linear growth performs best for FOB, SARIMA for
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export volume, and Markov-Monte Carlo for unit price. Figures 3-5 complement this

comparison by illustrating the corresponding forecast trajectories in level terms. The

analogous visual comparisons in logarithmic scale are reported in Figures 51-53, while the

associated error-metric summaries are presented in Figures A2-A4.

Table 9. Comparative forecast accuracy of Markov-Monte Carlo, log-linear growth, and SARIMA models.

Variable Scale Model Rank MAE RMSE
Level LLG 1 54.82 80.8
Level MMC 2 62.59 91.01
FOB Level SARIMA 3 99.12 159.44
value Logarithmic LLG 1 1.0018 1.1431
Logarithmic SARIMA 2 1.1843 1.4143
Logarithmic MMC 3 3.378 3.5813
Level SARIMA 1 73.28 93.97
Level MMC 2 118.94 168.58
Export Level LLG 3 350.18 378.11
volume Logarithmic SARIMA 1 1.3072 1.544
Logarithmic MMC 2 1.7973 2.0954
Logarithmic LLG 3 2.987 3.6157
Level MMC 1 0.49 0.74
Level SARIMA 2 0.94 1.11
Unit Level LLG 3 7.66 7.74
price Logarithmic MMC 1 0.0686 0.1099
Logarithmic SARIMA 2 0.1254 0.1466
Logarithmic LLG 3 0.208 0.2343

Note: The table reports out-of-sample forecast errors for the 12-month test period. Rank is based on RMSE within
each variable-scale combination. Bold values indicate the lowest error within each variable-scale combination.
LLG denotes the log-linear growth model, MMC the Markov—-Monte Carlo model, and SARIMA the seasonal
autoregressive integrated moving average model.

FOB forecast — level

Actual vs Markov—Monte Carlo, log-linear growth and SARIMA
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Figure 3. FOB value forecast in levels with observed series. The solid blue line represents the

observed series. The shaded band corresponds to the simulated 5th-95th percentile range of the

Markov-Monte Carlo forecasts.
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Figure 4. Export volume forecast in levels with observed series. The blue solid line represents the ob-
served series. The shaded band corresponds to the simulated 5th-95th percentile range of the Markov—
Monte Carlo forecasts. The remaining lines show the point forecasts of the competing approaches.

Unit price forecast — level
Actual vs Markov—Monte Carlo, log-linear growth and SARIMA

Series -+ CAGR — MCMC =— Real — SARIMA
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Figure 5. Unit price forecast in levels with observed series. The blue solid line represents the observed
series. The shaded band corresponds to the simulated 5th-95th percentile range of the Markov—Monte
Carlo forecasts. The remaining lines show the point forecasts of the competing approaches.

In the main-text forecast figures, uncertainty is represented using the simulated
5th-95th percentile band of the Markov-Monte Carlo forecasts. This choice provides
an explicit visual summary of forecast uncertainty while maintaining a clear and compa-
rable presentation of the three competing approaches. Complementary logarithmic-scale
comparisons are reported in the Supplementary Material, whereas the corresponding
error-metric summaries are presented in Appendix C.

3.5.1. Forecast Performance for Export Values (FOB)

The comparative evaluation of the three forecasting approaches reveals clear differ-
ences in predictive accuracy for FOB values. As shown in Table 9, the log-linear growth
model achieves the lowest MAE and RMSE in both level and logarithmic specifications,
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indicating that the strong trend component of export values dominates short-term fluctua-
tions over the evaluation horizon. Figure 3 confirms this result visually, as the log-linear
growth trajectory follows the observed path more closely than the alternative models.

3.5.2. Forecast Performance for Export Volumes

For export volume, the results differ from those obtained for FOB values. Table 9
shows that SARIMA provides the lowest MAE and RMSE in both level and logarithmic
specifications, suggesting that volume dynamics are more strongly influenced by recur-
ring seasonal patterns and short-term dependence than by a smooth deterministic trend.
Figure 4 supports this interpretation, as the SARIMA trajectory more closely tracks the
observed series over the test horizon than the competing approaches.

3.5.3. Forecast Performance for Export Prices

Unit price displays a distinct forecasting pattern relative to FOB values and export
volume. According to Table 9, the Markov-Monte Carlo approach yields the lowest MAE
and RMSE in both level and logarithmic specifications, outperforming both SARIMA
and the log-linear growth model. This result suggests that price dynamics are more
sensitive to state-dependent changes and nonlinear adjustments than to deterministic trend
extrapolation. Figure 5 visually reinforces this finding, showing that the Markov—-Monte
Carlo forecasts remain closer to the observed trajectory than the alternative models. The
uncertainty band shown in Figure 5 further illustrates the distributional range associated
with the Markov-Monte Carlo forecasts.

3.6. Robustness and Sensitivity Checks

This subsection evaluates the robustness of the forecasting results through residual
diagnostics and sensitivity checks. In particular, residual behavior is examined to assess
whether model assumptions are satisfied and whether forecast accuracy is supported by
adequate statistical properties.

3.6.1. Residual Diagnostics on the Full Sample (2012-2025)

The residual behavior of the SARIMA models estimated over the full sample period
(2012-2025) was first examined. Figures 54-56 display the residual diagnostics for the
In(FOB), In(export volume), and In(unit price) series, respectively, including the time path
of residuals, the autocorrelation function, and the histogram with normal density overlay.
Visual inspection shows that residuals fluctuate around zero without systematic patterns
or pronounced residual seasonality.

Table 10 summarizes the Ljung—Box test results for the SARIMA residuals computed
at 24 lags over the full sample period. For all three variables, the associated p-values remain
above the conventional 5% significance threshold, indicating no evidence against the null
hypothesis of white noise.

Table 10. Ljung-Box test results for SARIMA residuals in the full sample.

Variable Q-Statistic df p-Value
FOB Value 21.50254 24 0.608932
Export Volume 15.69989 24 0.898603
Unit Price 10.92558 24 0.989533

Note: Ljung—Box test statistics were computed to assess residual autocorrelation at 24 lags. The null hypothesis is
that residuals are not serially correlated.
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3.6.2. Residual Diagnostics on the Training Period

The residual analysis was then replicated using only the training period employed
for forecast evaluation. Figures S7-S9 present the residual diagnostics for the SARIMA
models estimated over this subsample, while Table 11 reports the corresponding Ljung—-Box
test results. Consistent with the previous analysis, residuals remain centered around zero
and show no evidence of significant autocorrelation at 24 lags with p-values above the
conventional 5% significance threshold.

Table 11. Ljung-Box test results for SARIMA residuals in the training period.

Variable Q-Statistic df p-Value
FOB Value 20.86797 24 0.6465011
Export Volume 15.45075 24 0.9068744
Unit Price 10.48890 24 0.9922162

Note: Ljung-Box test statistics were computed to assess residual autocorrelation at 24 lags for the training
subsample. The null hypothesis is that residuals are not serially correlated.

3.6.3. Comparison of Residual Patterns Across FOB, Volume and Price

The comparison of residual patterns across the three variables reveals notable dif-
ferences in their underlying dynamics. For In(export volume), residuals are more tightly
concentrated around zero and the histogram closely approximates a normal distribution,
resulting in relatively low Q* statistics and high p-values.

For In(FOB value), a higher degree of dispersion is observed, together with isolated
peaks in the autocorrelation function. These features are consistent with episodes of
volatility associated with international price shocks and fluctuations in exported volumes.

In the case of In(unit price), residuals display moderate asymmetry, suggesting that
although the seasonal and trend components are adequately captured, idiosyncratic price
shocks remain that are not fully explained by the univariate specification. Nevertheless,
across all three variables, the overall diagnostics are consistent with approximately uncor-
related residuals and stable variance.

3.6.4. Implications for Forecast Risk and Robustness

Residual diagnostics complement the evidence on forecast accuracy reported in pre-
vious subsections. In level specifications, the log-linear growth model achieves lower
point forecast errors for In(FOB value) and In(export volume), whereas the Markov-Monte
Carlo approach tends to produce higher error values. By contrast, SARIMA models exhibit
favorable statistical properties of the residuals, including the absence of significant autocor-
relation and stable variance, supporting their use for the construction of forecast intervals
and risk assessment.

From a forecast risk perspective, the combination of moderate error levels (MAE
and RMSE) with residuals behaving as white noise indicates that forecast uncertainty
is primarily driven by unpredictable shocks rather than by systematic model bias. This
feature is particularly relevant for In(FOB value), where residual volatility is consistent
with periods of heightened instability in international markets. For In(export volume), the
lower dispersion of residuals suggests more regular underlying dynamics, resulting in
comparatively stable projections under the SARIMA framework.

For In(unit price), the presence of mild residual asymmetry points to the potential rele-
vance of extensions that allow for regime changes or heteroskedasticity, such as SARIMA-
GARCH models, in future research. Nevertheless, the current results remain statistically
acceptable for scenario analysis purposes.

Overall, residual diagnostics confirm that the SARIMA models employed in this study
are statistically consistent over both the training sample and the full sample period. While
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the log-linear growth model often provides better point accuracy in terms of MAE and
RMSE, SARIMA models offer a solid basis for uncertainty quantification and risk analysis,
which supports their joint use with the Markov-Monte Carlo approach and compound
growth measures in the evaluation of export strategies.

4. Discussion

The findings of this study reveal substantial differences in the performance and
suitability of alternative forecasting approaches for Peruvian fresh blueberry exports,
depending on the variable under analysis and the evaluation criterion applied. When
deterministic benchmarks such as log-linear growth models are employed, the resulting
trajectories tend to be smooth and trend-dominated, closely reflecting the strong expansion
path observed in FOB export values during most of the sample period. This result suggests
that, in contexts characterized by sustained growth, parsimonious trend-based models
remain effective for short-term point forecasting, particularly for aggregate export values.

At the same time, the empirical evidence confirms that blueberry exports exhibit pro-
nounced seasonality and regime-dependent behavior, consistent with the biological cycle of
production and the organization of international logistics. The seasonal Markov transition
matrices show a high degree of persistence within states and systematic transitions aligned
with the agricultural calendar. Winter months display a higher probability of upward
transitions in export value and volume, whereas summer and spring are more frequently
associated with lower states. These results are in line with previous agricultural trade
studies [38,39] that emphasize the usefulness of Markov chains for identifying persistence
and transition dynamics across export performance levels.

From a forecasting accuracy perspective, the comparison across models highlights that
no single approach dominates across all variables. For FOB export values, the log-linear
growth model yields the lowest MAE and RMSE in level specifications, indicating that
the dominant trend component outweighs short-term fluctuations over the evaluation
horizon. This finding is consistent with classical econometric evidence [36,37] suggesting
that, in rapidly expanding export sectors, deterministic growth models can provide reliable
short-run approximations.

In contrast, for export volumes and especially for unit prices, stochastic models per-
form more favorably. SARIMA models exhibit superior accuracy for export volumes and
display strong residual properties, including the absence of significant autocorrelation
and stable variance. These results support earlier contributions that highlight the suitabil-
ity of seasonal ARIMA specifications for monthly agricultural and trade-related series,
particularly when seasonality and short-term dependence are relevant [57].

Price dynamics show a distinct pattern. Export unit prices are more volatile and
exposed to international market shocks, which reduces the explanatory power of simple
trend-based models. In this context, the Markov—Monte Carlo approach outperforms both
SARIMA and log-linear growth models in terms of forecast accuracy. This result is consis-
tent with the literature on commodity prices and regime-switching behavior [21,33], which
documents that price series often follow nonlinear dynamics characterized by persistence
within regimes and abrupt transitions driven by external shocks.

The Markov—-Monte Carlo framework, while not always minimizing point forecast
errors, provides additional insights that are not captured by purely deterministic or linear
stochastic models. By explicitly modeling discrete states and seasonal regimes, it allows
the identification of persistence patterns, transition probabilities, and risk bands derived
from simulated distributions. This feature is particularly valuable for scenario analysis
and risk management, even when conventional error metrics penalize the dispersion of
simulated paths.
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Residual diagnostics further reinforce these conclusions. SARIMA models display
residuals that behave approximately as white noise across both the training and full
samples, supporting their statistical adequacy and their use for uncertainty quantification.
The higher dispersion observed in FOB residuals is consistent with episodes of international
market instability, whereas export volumes exhibit more regular dynamics. For prices,
mild residual asymmetry suggests that future extensions incorporating regime-switching
volatility or heteroskedastic structures could further improve model performance.

Overall, the evidence supports a complementary interpretation of forecasting tools.
Deterministic growth models are effective for capturing dominant trends in aggregate
export values, SARIMA models offer a robust framework for seasonal adjustment and
risk assessment, and Markov-Monte Carlo approaches enrich the analysis by capturing
regime dependence and nonlinear dynamics. Their combined use therefore provides a
more comprehensive representation of agricultural export behavior than any single method.
To make this interpretation more directly applicable, Table 12 presents a simplified decision
framework indicating the conditions under which each model is most informative, its main
practical strength, and the export dimension for which it performed most favorably in the
present study.

Table 12. Simplified decision framework for forecasting model selection.

Model Best Suited for Key Strength Best Result
LLG Stable growth paths Simplicity FOB value
SARIMA Seasonal dependence Statistical fit Export volume
MMC Regime shifts Risk insight Unit price

Note: LLG = log-linear growth; MMC = Markov—-Monte Carlo. “Best suited for” summarizes the dominant data
condition under which each model is more informative. “Best result” identifies the export dimension for which
the model performed most favorably in the present study.

Beyond differences in statistical performance, the three forecasting approaches also
involve distinct computational and practical trade-offs. Log-linear growth models are the
most parsimonious and easiest to implement, requiring minimal specification decisions and
offering highly interpretable short-term extrapolations. Seasonal SARIMA models involve
greater modeling effort, including order selection, residual checking, and sensitivity to
specification, but they provide a stronger framework for representing monthly dependence,
seasonality, and statistically coherent forecast intervals.

Markov-Monte Carlo models require the highest degree of design and computational
effort, since their performance depends on state construction, transition-matrix estimation,
and the stability of simulated trajectories. However, this additional complexity is compen-
sated by their ability to capture regime persistence, nonlinear adjustment, and uncertainty
ranges that are especially valuable for scenario analysis and export-risk assessment.

From a theoretical standpoint, the findings support a plural modeling view of ex-
port forecasting, in which predictive adequacy depends on the temporal structure of
the variable under analysis rather than on the unconditional superiority of any single
methodological class.

5. Conclusions

This study examined the export dynamics of Peruvian fresh blueberries by jointly
applying and comparing three forecasting approaches—Markov-Monte Carlo, log-linear
growth, and SARIMA—to export value (FOB), export volume, and unit price over the
period 2012-2025. By integrating descriptive analysis, seasonal Markov transition matrices,
forecast accuracy metrics, and residual diagnostics, the research provides a comprehensive
evaluation of model performance across multiple dimensions of the export value chain.
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The results demonstrate that no single forecasting model uniformly outperforms the
others. Log-linear growth models yield accurate and parsimonious short-term forecasts
for export values, reflecting the strong trend component associated with Peru’s rapid
expansion as a global blueberry exporter. SARIMA models show superior performance
for export volumes and exhibit favorable statistical properties, making them particularly
suitable for uncertainty quantification and risk analysis. Markov-Monte Carlo models,
while less competitive in terms of point forecast errors, provide valuable insights into
seasonal regimes, persistence, and state-dependent dynamics, especially for unit prices.

Seasonality emerges as a central determinant of export behavior. The seasonal Markov
transition matrices reveal high persistence within states and systematic transitions aligned
with the agricultural calendar, underscoring the importance of explicitly accounting for
seasonal regimes when modeling Agricultural export series. Differences across export
value, volume, and price highlight the heterogeneous nature of the export chain, with
prices displaying greater volatility and benefiting more from nonlinear and regime-based
modeling approaches.

Residual diagnostics confirm the statistical consistency of the SARIMA models and
indicate that remaining forecast uncertainty is largely driven by exogenous shocks rather
than systematic misspecification. This reinforces the importance of combining forecast
accuracy measures with diagnostic analysis when evaluating competing models.

From an applied perspective, the findings suggest that exporters and policymakers
should not rely on a single forecasting tool. Instead, a combined framework that integrates
deterministic growth benchmarks, seasonal SARIMA models, and Markov—Monte Carlo
simulations offers a more flexible and informative basis for decision-making. Such an
approach supports production planning, logistics coordination, market access strategies,
and risk management in dynamic agricultural export sectors.

From a practical standpoint, the results suggest a simple decision framework for
model selection. Log-linear growth models are most appropriate when export series are
dominated by a stable expansion trend and the main objective is parsimonious short-term
point forecasting, as in FOB export values. Seasonal SARIMA models are preferable when
monthly seasonality and short-run dependence are central to the data-generating process,
as in export volumes. Markov-Monte Carlo models are especially useful when the analyst
is interested not only in point forecasts but also in regime dependence, transition patterns,
and uncertainty bands, particularly in more volatile dimensions such as unit prices.

While this study does not implement a formal forecast combination procedure, the
results are consistent with the broader forecasting literature, suggesting that different
models capture distinct dimensions of export dynamics. In this sense, subsequent studies
could evaluate whether weighted or hybrid combinations of log-linear growth, SARIMA,
and regime-based forecasts improve predictive stability across FOB value, export volume,
and unit price [41,42,58].

Future research could extend this framework by incorporating multivariate specifica-
tions, regime-switching volatility models, or exogenous drivers such as climate indicators,
logistics constraints, and international price indices. These extensions would further en-
hance the ability of forecasting models to capture structural changes and extreme events in
global agricultural markets.

Although the empirical results are specific to Peruvian fresh blueberries, the compara-
tive forecasting framework proposed in this study may be transferable to other agri-export
commodities and exporting countries that share similar characteristics, such as marked
seasonality, rapid export growth, structural breaks, or regime-sensitive price behavior. Prod-
ucts exposed to concentrated harvest windows, volatile international prices, and changing
market-access conditions may benefit from a similar comparison between deterministic,
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autoregressive, and regime-based approaches. At the same time, the external validity of
the substantive findings should be interpreted with caution, since model performance is
likely to depend on the maturity of the export sector, the stability of seasonal patterns, and
the availability of sufficiently consistent time-series data.

Limitations: An additional methodological limitation is that forecasts estimated in
logarithmic scale were back-transformed using the simple exponential function, without
an explicit bias correction. Although this may slightly underestimate level forecasts when
residual variance is high, the effect is unlikely to modify the comparative interpretation
of model performance because the same transformation rule was applied consistently
across competing models. Another limitation is that the analysis compares individual
forecasting models but does not estimate formal forecast combination schemes, which
could be explored in future research to integrate deterministic, autoregressive, and regime-
based predictive information [41,43].
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Figure A1l. Cumulative exports of fresh blueberries by month (2012-2025). The pattern confirms
the strong seasonal structure of Peruvian blueberry exports, characterized by low volumes in the
first half of the year and a rapid accumulation of shipments during the main export window in late
winter and spring.

Appendix B

Table Al. Seasonal transition probability matrix for FOB value by season.

From\To Low (St1) Medium (St2)  High (St3) Very High (St4)
Summer (Dec-Feb)

Stl 83.30% 16.70% 0.00% 0.00%
St2 33.30% 66.70% 0.00% 0.00%
St3 0.00% 43.80% 56.30% 0.00%
St4 0.00% 0.00% 40.00% 60.00%
Autumn (Mar-May)

Stl 89.50% 10.50% 0.00% 0.00%
5t2 33.30% 60.00% 6.70% 0.00%
St3 0.00% 0.00% 100.00% 0.00%
St4 55.00% 35.00% 7.50% 2.50%
Winter (Jun—Aug)

Stl 50.00% 50.00% 0.00% 0.00%
5t2 0.00% 18.20% 81.80% 0.00%
St3 0.00% 0.00% 33.30% 66.70%
St4 0.00% 0.00% 0.00% 100.00%
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Table A1. Cont.

From\To Low (St1) Medium (St2)  High (St3) Very High (St4)
Spring (Sep—Nov)

S5t1 100.00% 0.00% 0.00% 0.00%

St2 0.00% 80.00% 20.00% 0.00%

St3 0.00% 0.00% 80.00% 20.00%

St4 0.00% 0.00% 14.30% 85.70%

Note: Seasonal transition matrices were constructed by conditioning state transitions on meteorological seasons,
as defined by SENAMHI.

Table A2. Seasonal transition probability matrix for export volume by season.

From\To Low (St1) Medium (St2)  High (St3) Very High (St4)
Summer (Dec-Feb)

Stl 83.30% 16.70% 0.00% 0.00%
5t2 0.00% 100.00% 0.00% 0.00%
St3 0.00% 41.20% 58.80% 0.00%
St4 0.00% 0.00% 60.00% 40.00%
Autumn (Mar-May)

Stl 88.90% 11.10% 0.00% 0.00%
5t2 38.90% 50.00% 11.10% 0.00%
St3 0.00% 75.00% 25.00% 0.00%
St4 0.00% 0.00% 0.00% 0.00%
Winter (Jun—Aug)

Stl 50.00% 50.00% 0.00% 0.00%
5t2 0.00% 18.20% 81.80% 0.00%
St3 0.00% 0.00% 33.30% 66.70%
St4 0.00% 0.00% 0.00% 100.00%
Spring (Sep—Nov)

Stl 100.00% 0.00% 0.00% 0.00%
5t2 0.00% 100.00% 0.00% 0.00%
St3 0.00% 0.00% 100.00% 0.00%
St4 0.00% 0.00% 8.30% 91.70%

Note: Seasonal transition matrices were constructed by conditioning state transitions on meteorological seasons,
as defined by SENAMHI.

Table A3. Seasonal transition probability matrix for unit price by season.

From\To Low (St1) Medium (St2)  High (St3) Very High (St4)
Summer (Dec-Feb)

Stl 76.20% 19.00% 4.80% 0.00%
St2 22.20% 55.60% 11.10% 11.10%
St3 30.00% 10.00% 40.00% 20.00%
St4 0.00% 100.00% 0.00% 0.00%
Autumn (Mar-May)

St1l 40.00% 50.00% 0.00% 10.00%
St2 9.10% 45.50% 36.40% 9.10%
St3 0.00% 22.20% 33.30% 44.40%
St4 0.00% 10.00% 40.00% 50.00%
Winter (Jun—-Aug)

St1l 50.00% 0.00% 0.00% 50.00%
St2 6.70% 60.00% 26.70% 6.70%
St3 0.00% 0.00% 58.30% 41.70%
St4 10.00% 20.00% 0.00% 70.00%
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Table A3. Cont.

From\To Low (St1) Medium (St2)  High (St3) Very High (St4)
Spring (Sep—Nov)

St1 85.70% 0.00% 14.30% 0.00%

5t2 60.00% 40.00% 0.00% 0.00%

5t3 12.50% 37.50% 50.00% 0.00%

St4 0.00% 0.00% 36.80% 63.20%

Note: Seasonal transition matrices were constructed by conditioning state transitions on meteorological seasons,
as defined by SENAMHI.

Appendix C

Forecast error metrics for FOB value
Comparison across level and logarithmic specifications

Metric [l MAE RMSE

Level Logarithmic
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Figure A2. Forecast error metrics for FOB value in level and logarithmic scale. Bars compare MAE
and RMSE across the three competing models under level and logarithmic specifications. Model
abbreviations are as follows: LLG = log-linear growth; MMC = Markov—-Monte Carlo.

Forecast error metrics for export volume - KG
Comparison across level and logarithmic specifications

Metric [ll MAE RMSE

Level Logarithmic
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Figure A3. Forecast error metrics for Export volume in level and logarithmic scale. Bars compare
MAE and RMSE across the three competing models under level and logarithmic specifications. Model
abbreviations are as follows: LLG = log-linear growth; MMC = Markov-Monte Carlo.
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Forecast error metrics for unit price
Comparison across level and logarithmic specifications

Metric [l MAE RMSE

Level Logarithmic
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Figure A4. Forecast error metrics for Unit price in level and logarithmic scale. Bars compare MAE
and RMSE across the three competing models under level and logarithmic specifications. Model
abbreviations are as follows: LLG = log-linear growth; MMC = Markov-Monte Carlo.
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