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Abstract

Accurate modeling of wheat supply chains is of great importance. The methods for fore-
casting them can be utilized as strategic planning tools to manage sustainable and balanced
supply chains, ensuring a high level of food security, economic growth, and social devel-
opment. In this paper, we focus on wheat international trade indicators, and a regression
model is a crucial component for the chain modeling. Trade indicators in the wheat market
are inherently complex and exhibit significant stochasticity and non-stationarity due to the
intricate interplay of various trade flows and factors, which pose challenges for accurate
market forecasting. We proposed a novel hybrid recurrent and graph-transformer-based
model to tackle these challenges. We collected and combined data from international
providers such as UN FAOSTAT and UN Comtrade for all the world’s wheat exporters.
The experiments show that the proposed model can accurately predict wheat export levels.
We have also analyzed how the proposed model can be utilized to predict exports in the
case of some pre-defined trade limitations. In the future, the proposed model could be
naturally extended to various derivative products of wheat, supporting real-world grain
chain models. Our forecasting methods could be used to create an analytical tool to support
strategic decision-making in cognitive situation centers, taking into account the national
interests and priorities of actors in the international wheat market.

Keywords: wheat supply chain; wheat trade forecasting; graph transformers; recurrent
networks; encoder-decoder architecture; strategic decision making; situational centers

1. Introduction

The global food market is a complex network of interacting factors that shape the
balance of supply and demand through the integration of global supply chains. Food trade
on the world market performs not only a commercial purpose but also solves the most
important task of ensuring global food security. Wheat occupies a special place among the
goods on the world market; it is one of the most traded commodities. In recent years, there
has been a surge in research on the global trade system as a network. In the case of the food
market, the reliance of diets on a small number of crops threatens global food security if
the production or trade of one or more of these crops is curtailed for any reason. Wheat,
maize, and rice comprise approximately half of all human diets and represent 86% of all
cereal exports [1]. Global production of these staple crops is highly concentrated in regions
known as breadbaskets. At least 72% of the global output of each of the four staple crops
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occurs in five countries [2]. Given the oversized role breadbaskets play in food production,
understanding their stability under anticipated warming is critical for global food security.
Applied to the study of food systems, network analysis indicates that crop trade networks,
the volume of trade, and the number of links between countries have increased during the
last decades [3-5]. Interdependence between countries leads to a high degree of complexity
in international trade [6]. It not only increases the possibility for countries to be influenced
by the global market [7] but also promotes the diversification of global supply risks [8].

At the same time, food supply chains should be considered within a larger scope as
food systems, involving not only the different (possibly international) actors from farmer
to consumer but also including all processes and infrastructure involved in ensuring a
population is fed, such as providing inputs, growing, harvesting, processing, transporting,
selling, consuming, and producing waste, within environmental, social, economic, and
political contexts, and dependent on human labor. Moreover, the spatial boundaries of
these systems are not always clear, and they are under stress from an increasing scarcity
of inputs and available land, soil degradation, and climate change [9-11]. The primary
results of previous research [12] point to a highly concentrated cereal network; therefore,
the dependency on a small number of exporters and a low diversification of imports lead
to a global cereal system vulnerable to shocks, such as weather extremes, economic shocks,
pandemics, and political uproar.

Wheat supply chains are large-scale complex adaptive systems containing multiple
countries/regions, multinational corporations, investors, and intermediaries [13]. The
methods used to model and forecast these chains can be used as strategic planning tools
to manage sustainable and balanced agri-food supply chains to ensure a high level of
food security, economic growth, and social development. To model and simulate such
large chains, one requires a framework that integrates a large-scale complex adaptive
system containing multiple countries/regions, multinational corporations, investors, and
intermediaries. To model and simulate such large chains, we require a framework that
integrates advanced multi-agent modeling tools and accurate trade-forecasting models.

Agri-food international trade indicators are inherently complex and exhibit significant
stochasticity and non-stationarity due to the intricate interplay of various trade flows,
factors that pose challenges for accurate market forecasting. In addition to this problem,
trade wars and sanctions increase the relevance of trade modeling, provided certain pre-
defined limitations are met, similar to a multi-agent setting [14]. The sustainability of food
systems requires the diversification of both production centers and trade routes, including
the development of re-export hubs in Asia and Africa. However, modern challenges are
exacerbating imbalances in global supply chains, which can lead to food shortages and
other problems.

Considering these complexities, our primary focus is on developing a solid theoretical
framework for building forecasting models. Namely, we investigated various autoregres-
sive forecasting techniques on fixed and limited global trade data to develop a reliable
wheat export forecasting model. Other factors, such as geopolitical risks, macroeconomic
shocks, or trade policy interventions, were not specifically considered in the study, as they
were deemed to be outside the scope of the research; therefore, they can be tested in the
future. The main contributions of our paper are as follows (Experimental code and data
are available at https://github.com/masterdoors/agro_graph_transformer (accessed on 5
November 2025):

e  We propose a hybrid model that combines a graph transformer and recurrent network
architectures to tackle the problems above. This model utilizes the transformer to
catch the interdependence between wheat export quantities in different countries. As
a recurrent network, the proposed model also generates hidden embeddings for each
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country and export direction and utilizes these embeddings from the previous step to
forecast exports. This way, the model summarizes the trading history via the hidden
embeddings and uses them to perform accurate export predictions.

e  We show how the proposed model can be applied to implement if-then scenarios in a
multi-agent-like setting.

This paper is structured as follows: Section 2 discusses the current state of the art in
international food trade forecasting. Section 3 describes the dataset we utilized to perform
the experiments. Section 4 contains the proposed hybrid wheat export forecasting model.
Section 5 provides the experimental results. Finally, Sections 6 and 7 contain the discussion
and conclusions.

2. Related Work

Much of the work in the forecasting of food production and trade flows uses linear
regression and autoregressive models such as seasonal ARIMA, which employ a limited
set of indicators, including basic climatic features (temperature, precipitation) and trade
indicators. This approach was used, for example, in [15]. Often, in addition to climatic and
trade indicators, Earth remote sensing data is also used, which helps forecast production
accurately. For example, in previous research [16], data from the Sentinel-2 database [17]
showed that remote sensing-based indicators can improve the accuracy of forecasts com-
pared to a basic model that considers only the planting area. One of the most established
methods for ensuring trade network topology in market forecasting is the VAR (Vector
Autoregression) model or its variants [18]. In VAR models, each output variable depends
on other variables, which reflect the modeled trade indicators of market players. In VAR
models, all the variables are treated as interdependent, which is the primary limitation of
the model. The original VAR model ensures a stationary time series, though there are some
ad hoc modifications mostly based on pre-defined linear or polynomial trend terms [19], or
even recurrent neural networks (LSTM) [20]. Another option here is the VECM (vector error
correction model) if the variables are cointegrated. For example, in a previous paper [21],
such a model is used to forecast price transmission.

In our opinion, the primary drawbacks of the VAR models are that they ensure only
linear dependencies between variables. Moreover, as the trade network and time lag grow
(which is very relevant for worldwide trade modeling), the model becomes very large and
tends to overfit. SC-VAR [22] tackles that problem by introducing sparsity to the model
parameters, though the explicit introduction of sparsity constraints might lead to a decrease
in modeling performance. It is worth noting that our Recurrent Graph-Transformer model
tackles the problem out of the box with an attention mechanism, which naturally makes
the dependencies between variables sparser.

PanelVAR and PanelVECM approaches introduce a cross-sectional dimension to the
modeling. A panel VAR is similar to large-scale VARs, which allow for both dynamic and
static interdependencies. For example, in a previous paper [23], countries are grouped into
four stages. They applied a panel VAR model to study the effects of the market shocks to
domestic product and fish production on fish consumption at the global and cluster levels.

In the case of medium-term and long-term food market forecasting, it is necessary
to consider a large number of interrelated characteristics, some of which are nonlinearly
related to the predicted value [24]. Therefore, nonlinear models are actively used. The most
common way to create such models is to use machine learning and neural network models.
For example, previous papers [25,26] presented several methods to forecast various crop
productions. They tested several methods, such as Ridge Regression, Gradient Boosting
Regression, and the Long-Short Term Memory recurrent network (LSTM). They noted the
relationship between the amount of accumulated historical data on crop production in the
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region and the accuracy of forecasts. Recent advances in modeling complex non-linear
dependencies are related to Kolmogorov—Arnold networks (KANSs) [27] and their modi-
fications to analyze time series (TKANSs) [28]. KAN uses spline-parametrized univariate
functions in place of traditional linear weights, enabling them to dynamically learn acti-
vation patterns and significantly enhancing interpretability. An interesting approach is
also proposed in [29], where they combine KANs with the Transformer architecture, which
helps consider long-term dependencies between indicators. Although this approach seems
to be strong in catching the dependencies, the model size grows with the time-series length,
which is a major drawback in the case of limited training data. Thus, in this paper, we
employ recurrent models to catch those dependencies.

In another paper [30], TKAN (EleKAN) was applied to forecast the Australian New
South Wales electricity market, which includes various features, including the total demand,
demand delay, power consumption, and temporal factors such as weekdays, holidays,
and time intervals. The experimental results demonstrated that EleKAN significantly
improves the precision and dependability of power demand estimates. Le et al. employed
TKAN [31] to forecast the world gold market. The results indicated that the proposed
model consistently outperforms other models, achieving the lowest forecasting errors
across various feature combinations.

Considering the complex non-linear dependencies between different features, which
affect food supply chains, much research focuses on utilizing Transformer-based neural
networks. These networks were initially designed to capture complex dependencies be-
tween text features. Recently, different approaches to make the Transformers applicable to
modeling continuous time series have been developed. For example, a previous paper [32]
proposed the time-series transformer to forecast crop production. Time-series transformers
closely follow the original transformer architecture adapted for time-series data. Since the
range of the time-series values is continuous, the time-series transformer uses a swappable
distribution head as its final layer. Namely, it models the parameters of a continuous
distribution of the target values and is trained by minimizing its corresponding negative
log-likelihood loss. Another paper [33] introduced a framework that integrates trade fore-
casting with time-series decomposition to split trade value sequences into seasonal, trend,
and residual elements, identifying a potential economic cycle. The framework utilizes a
Transformer-based model with a spatiotemporal encoder to process these components.
The experiments showed that the proposed approach overcomes other models in terms
of accuracy.

One of the novel frameworks to forecast highly stochastic trade flows is to enable
transformers to model the Fourier spectrum of the target values. Another paper [34]
proposed a Fourier neural operator, which enables efficient learning of mappings between
infinite-dimensional spaces using input-output pairs. The motivation here stems from the
image-processing domain [35]. The signal-to-spectrum conversion can be used to suppress
redundant or noisy frequency components and retain only those features that are beneficial
for the modeling [36]. Another paper [37] introduced a modification of the method from
reference [34] called the transformer-based neural operator. This model comprises several
multi-head attention mechanisms with a Fourier-decomposition-based neural spectral
regressor module. The results showed that the proposed model achieves better accuracy
than the original spectrum regression models.

Although the models above provide a helpful tool for dealing with interconnected
trade flows, they still lack a mechanism for utilizing information from past steps. A
previous paper [38] proposed a graph Transformer architecture for temporal data. First,
they learnt the structure of the graph that represents the spatial dependency between the
data. Then, they sparsified the standard transformer based on that structure. This approach
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significantly outperformed other models on the taxi ride-hailing demand task. However,
this approach leads to too large models, which are easily overfit for large graphs. Moreover,
the model topology is data-dependent; therefore, it cannot be utilized to process data
with a different dependency structure. In another paper [39], researchers combined graph
convolution and recurrent networks, which made it possible to model time series with a
rather compact model, though the recurrent network may suffer from gradient vanishing
effects on large time series. To deal with long-term dependencies, another paper [40]
proposed combining the graph convolution network with the self-attention mechanism
of transformers. They used a sliding window to catch temporary dependencies; therefore,
extending the size of the window for large time series leads to proportionate growth of the
model size. More studies [41,42] developed that approach with the STGformer architecture.
STGformer combines the attention mechanism with graph-convolution networks to build
spatial-temporal attention layers and consider both global and local data patterns. Unlike
other architectures that require multiple attention layers, this attention layer captures high-
order spatiotemporal interactions in a single layer, reducing computational cost. However,
the graph convolutions may lead to a lack of important information about the state of
particular countries and trade flows, and the size of the attention weight matrix still depends
on the length of the time series; therefore, the sequence length is limited. In this paper, we
mitigate this problem with recurrent transformers, which combine a graph transformer for
spatial dependencies with a recurrent layer for temporal ones. Another paper [43] utilized
a similar general idea, though they used a pre-defined function to explicitly estimate
edge weights based on the previous ones; therefore, the model can handle the graph’s
topology dynamics. In our case, edges are assigned to trade (export/import) between
countries, which makes that model useless for us. In contrast to that model, we encode
hidden temporal states for the vertices and edges, which are then used to predict the wheat
production and export, respectively.

Another related direction of research is the use of Transformer decoder networks to
model temporal data. A previous paper [44] suggested using the Transformer decoder as a
conditional quantile estimator to predict the quantiles of prediction residuals, which are
used to estimate the prediction interval. They show that the decoder benefits the estimation
of the prediction interval by learning temporal dependencies across past prediction resid-
uals. In this paper, we utilize the Transformer’s encoder—decoder architecture to model
conditional scenarios, where export volume level between some countries is limited to a
pre-defined value.

One approach is the use of log-linear gravity regressions. The test is performed by
adding a dummy variable representing the presence or absence of a particular policy [45].
Another approach has been to use computable and applied general equilibrium models
(CGE, AGE). These are large-scale models that can be commonly used to evaluate changes
in trade policy [46]. CGE modeling is typically used when the key purpose of the analysis is
to understand the impacts of policies (for instance, to understand how policy changes affect
the market [47]. The most significant works in this area include the multi-commodity, partial
equilibrium SWOPSIM framework [48], the Global Trade Analysis Project (GTAP) [49],
the International Institute for Applied Systems Analysis (IIASA) Model [50], the GTAP-
AGR model [51], the Common Agricultural Policy Regionalised Impact modelling system
(CAPRI) [52], and the GARCH-MIDAS model to study the influence of geopolitical risk
on the commodity markets [53]. Although those models are considered to be precise, they
require a great deal of manual labor and thorough analysis to run. There are also a lot
of indicators and scenarios, which are hard to analyze with such a framework, including
small-scale impacts, social welfare indicators, non-market factors, etc.
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In contrast, Agent-based modeling (ABM) is a quantitative framework that does not
need to compute optima, meaning they are simpler to run and more tractable, allowing a
higher level of realism. In this framework, agents (countries, etc.) make decisions using
heuristics, myopic reasoning, and/or learning algorithms. Recent research has developed
quantitative agent-based models that make time-series predictions, modeling a specific
economy at a specific point in time. For example, a previous paper [54] focused on modeling
trade wars considering four countries and the rest world as key participants. In [55], it
was shown that ABMs can compete with VAR and DSGE models in out-of-sample trade
forecasting. Unfortunately, ABMs are highly demanding of hardware resources, especially
in the case of world-scale trade modeling, which is why those models are simulations
by nature.

Autoregressive models can also be applied to counterfactual intervention studies. For
example, in [56], they proposed a VAR model and formulated the inference of a causal
model as a joint regression task, where, for inference, they used both data with and without
interventions. In this paper, we stick to a similar approach, also inspired by multiple
Masked language modeling frameworks in natural language processing, in which the
model learns to restore masked tokens based on the existing ones.

In summary, this study addresses the limitations of existing wheat trade forecasting
research, including the trade-offs between Fourier modules’ frequency and time resolutions,
the neglect of critical external factors (e.g., policies), and insufficient validation. This
framework addresses the drawbacks of spectral features through adaptive graph attention,
integrates key external variables to capture real-world market complexity, and enhances
validation, thereby directly resolving the gaps in prior work.

3. Dataset

In our data collection, we integrated open information about wheat trade flows and
production levels from the UN FAOSTAT and UN Comtrade databases [57,58] (Table 1).
We obtained trading and production data for N countries and G products in the time period
t. In this study, G = 1 (wheat), t = 1993-2023. That period is used because the earlier
indicators are not interpretable due to the large changes in the political world map from
1989 to 1993. Thus, an initial dataset was compiled on wheat exports from 245 countries
over a period of 30 years. This study focuses more on how models can utilize spatial and
temporal relationships to achieve better prediction accuracy; therefore, we deliberately
neglected complex features such as climate or global economy indicators. We filtered the
data to leave only significant wheat-exporting countries; therefore, the dataset contains
information about the export volumes, with a mean value for the 1993-2023 period of at
least 500,000 kilograms per year. After filtering, the number of remaining countries for
analysis decreased to 211 (N = 211). Thus, the final dataset contains 6330 records.

Table 1. Feature set for the wheat export forecast.

Feature Set  Frequency For Features Unit
Export quantity
Import quantit .

Trade flows Annual Pair of countries portq y Kilograms

Re-export quantity
Re-import quantity

Production Annual Country Production quantity Tonnes

We filtered all the unions and other non-country trade subjects from the dataset. The
collected data has a small number of gaps, especially for the 2022-2023 period. We utilized
several imputation techniques, including ARIMA, forward fill, linear interpolation, and
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model-based imputation to fill these gaps. During the model-based imputation, we trained
the same model that we tested (with the same hyperparameters) on the data that had been
preprocessed with forward fill. Then, we used the trained model to fill the gaps. Then,
we split the data into five-year-long non-overlapping ranges to obtain more time-series
samples for training and validation. Finally, we normalized all features and targets to the
interval [0.1] to prevent overflows during model training and inference.

As preliminary studies with the Kolmogorov-Smirnov test showed that the target
export values (except some extreme values close to zero) are expected to be Beta-distributed,
we tested several losses (Figure 1). First, we applied the mean squared error (MSE) of the
model output logit (presuming the logit is normally distributed) and binary cross-entropy
(BCE) as the losses to train all the models. To motivate BCE loss, one may imagine a binary
output Z, which has a Bernoulli distribution. The Beta-distributed model output Y would
define a probability for Z. Thus, we have a special case of Beta-Binomial distribution, which
collapses back to Bernoulli (see [59], page 17). We also tried to employ beta-regression loss
in a straightforward manner [60], but the performance was very low. We believe this is due
to optimization issues, because in our case, the Beta values and most of the outputs and
targets remain close to 0.

2500

2000 +

1500 ~

1000 +

500 ~

0 - T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Figure 1. Distribution of the normalized export values in the dataset.

4. Forecast Models
4.1. Baseline Regression Models

In this study, we consider wheat export forecasting as a time-series prediction problem.
In a food market, past-time indicators like the production level may have a great effect
on future values. A common approach to solving this problem is to utilize a regression
model, whereby the current output depends on the indicator values from previous time
steps. The essential choice in this case is to use an autoregressive model, such as ARIMA,
and a recurrent network. We utilized two well-known recurrent network architectures,
namely, Long-Short Term Memory (LSTM) and the Gated Recurrent Unit (GRU), as the
baselines [61,62]. These architectures apply gating mechanisms to solve the gradient-
vanishing problem, which may help in catching long-term relationships between indicators
and output values.
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Besides LSTM and GRU, we utilized the Temporal Kolmogorov—Arnold Networks
(TKANS) [28]. TKANSs are recurrent extensions of the Kolmogorov—Arnold Networks,
which have been empirically shown to be more accurate for many problems [27].

4.2. Recurrent Graph Transformer Model

The proposed hybrid regression model is based on a neural network with the Trans-
former architecture [63]. The transformer network allows one to consider the complex
inter-relationships between the trade and production indicators and the predicted values
for different countries. In this study, we extend the standard Graph Transformer architec-
ture proposed in a previous paper [64]. The general idea of the Graph Transformer is to
sequentially generate vector representations (embeddings) of graph vertices and edges,
considering embeddings of their neighbors in the graph. As in the previous paper [43],
we use temporal states for edges to create a recurrent model, i.e., to make the current
vector representations independent of the previous time steps, but we encode the states
in a hidden trainable embedding via a standard recurrent layer. In addition to the edge
embeddings, we also make the vertex embeddings independent of the previous time steps.
We use recurrent blocks (LSTM or GRU) to do so. In Figure 2b, h;; denotes an embedding
for the vertex i at step ¢, and ¢;;; denotes an embedding for the edge ij at step ¢. In our case,
the graph transformer operates not with the observable trade indicators or output values
but rather with the embeddings, which may be arbitrarily large to achieve the required
complexity of the model. Another difference is that we use Fast Fourier Transformation
(FFT) blocks to work with discrete spectral data instead of original values, which is prefer-
able for Transformers. We perform FFT on the time series, with a length of 5 and a step
value of 1; therefore, the frequency resolution is 1/5.

hiy <— > Exportjj @

€12t ‘\‘ €23t
FFNout €ijt N €24t V%
\ | /
T T €14t e34t
hit1 N |/

transformer

c _
Recurrent N Recurrent Recurrent J

block block block

T I T €ty | G231
T T [ I T

| FFT 3 | FFT ! 3 FFT i < €24t+1

i I I L | \ “

/
/

,,,,,,,,,,,, L —_— \ | /
T T T | Saa
Production;; Production; Export; \/

(a) (b)

ﬁ} N/
Graph s
h jt-1 ‘ N €ijt-1

Figure 2. The hybrid wheat export forecast model. (a) The model architecture. (b) Recurrent
dependencies (dashed lines) between hidden (latent) embeddings of the vertices (countries) and
edges (trade flows, colored lines) at steps t and f + 1.
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Figure 2a shows the architecture of the proposed model with N graph transformer
blocks. The model takes features of a pair of graph vertices i and j (production levels Prod;
and Prod; in the countries i and j, and features of the edge between these vertices (export
value Export;). First, we (optionally) apply the FFT blocks and add positional embeddings
A1, to the obtained representations (Expressions (1), and (2)). As in the standard Graph
Transformer, we use Laplacian eigenvectors to form the positional embeddings [38]. Then,
we use recurrent blocks (RNN) to create embeddings of the vertex features hgt, h?,t of
size h and edge features eg it of size e at each timestep t. We use output vertex and edge
embeddings from the previous time step h%—l/ eﬁfl as the hidden state embeddings in
the RNN (Expressions (3), and (4)).

Exportl/' = FFT (Export; ) + A1. (1)
Prod/f" = FFT(Prod;) + . @)
H, = RNN(Pmd{ f *,hgﬁ_l). 3)
e?]-,t = RNN(Export{;{? +A, 6%71) 4)

Next, we iteratively use graph transformer blocks GT (Expression (5)) to form the
output vertex and edge feature embeddings 1Y, h]-Nt, ef}] . [38]:

1 1 ! -1 41-1 -1
Wy byl = GT(hl.’t el ) )

The model has N graph transformation blocks; each of them contains H heads to create
linear projections of the inputs. Each transformer block works as follows: First, it applies
a standard multi-head attention mechanism [63,64] to edge embeddings. Next, it uses
the obtained edge attention weights to adjust vertex embeddings. Then, it processes the

W, hN, eN

embeddings with a residual network. In the next step t + 1, these embeddings £, it it

in 10
are used to obtain i, , |,

catch spatial dependences, while the RNN learns temporal dependencies (Figure 2b).

h? t1s e?j ; with RNN blocks. This way, the graph transformer helps

Finally, we utilize a multilayer feed-forward network FFN,,; with hidden relu
activations and sigmoid output activation to predict next export values Export;;,
(Expression (6)) based on the edge embeddings e%}{ "

Export;,;,; = FFNut (el ). ©6)

We use a dropout mechanism to regularize the networks. In the next sections, we will
refer to this model as “encoder”.

4.3. Recurrent Graph Transformer Encoder—Decoder Model

We enhance the proposed export forecast model with a decoder to provide conditional
forecasting. It might be helpful when, for example, one needs to predict the next export
values in a cluster of countries if the next year’s export between some of them is limited
to 0. During training, the decoder takes the current production and future export values

Prod;, Prod;;, Export, j++1- together with the current edge and vertex embeddings from the
N mN N
it Lt vt
feed-forward layer (Expressions (7), and (8)) instead of the RNN block to create edge and
I
FFT blocks for simplicity).

encoder, as inputs e (Figure 3). In contrast to the encoder, we use a simple linear

vertex embeddings h¢,, h?,, and e?j ; (in this description, we deliberately omit FFT/inverse

h, = FFNj,(Prod;; +A) )
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el = FFNjy (Exporty,  + 1) ®)
where d > N.

a
( ) Exportjja —> Loss

mask
FFNout

masky == 0,
mask;; == 1
> €jjt
N
5 hyt
Multihead attention
—>  hi
t
- FFNi"
S 1
| | |
Production;; Productionj Exportj;  Production; Productiony Exporty+1
(b) Export
FFNout
> Sit
N
L hjt
Multihead attention
—> by
Ti
- o
| ’ 1
Production;; Production; Exportjy  Productiony Production; ExportLimity.1

Figure 3. Encoder—decoder approach to ensure predefined constraints on the predicted export values.
(a) During training, the decoder takes export and production values from the current step t as input
(for example, production in countries i, j, and export between them), but for some randomly picked
countries k and 1, it takes export for the future step t + 1. The loss for these k, [ pairs is masked (red
dashed line). (b) During inference, the decoder takes current export and production values, but for
some countries k and I, it also takes our predefined limitations (for example, it takes the limit value
for the export from k to [, green line).

Then, we apply M blocks with the following structure: The block utilizes a standard

multihead attention Attention(Q, K, V') between the decoder vertex and edge embeddings
h‘ii,t/ h?,t, and e;'ij,t (as a query Q), and encoder embeddings el.]I\.]/ b hﬁ, h]N,t

V (Expressions (9), and (10)).

as keys K and values

Attention(Q, K, V) = softmax < (\Q/I;_Z) V. )
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HEH = Attention (Ht,Ht )—i—Ht, EFF1= Attention (Ed, EtN) +EY, (10)

where HY is the decoder vertex embeddings of a country cluster, HN is the encoder vertex
embeddings of the country cluster, E{ is the decoder edge embeddings of the country
cluster, and E} is the encoder edge embeddings of the country cluster. After that, the block
applies a graph attention, as in the encoder.

Finally, as in the encoder, we utilize a multilayer feed-forward network FFN with
hidden relu activations and sigmoid output activation to predict the next export values.

During training, we set some randomly picked decoder’s export inputs for the coun-
tries k and [ to Exporty, ; (e.g., to the values of the export from k to [ for the current period ¢,
not for the future period t + 1). As in BERT [65], a mask is used to hide all the decoder out-
puts related to the future export inputs E xport;;, ., during loss estimation. The best results
in tests have been obtained when we masked half (50%) of the decoder export inputs.

5. Experiment Results

First, we separate the dataset into the train and validation subsets. We use all the data
from 1993 to 2017 as the training dataset, and the data from 2018-2022 as the test dataset.
It is worth noting that the test dataset does not have any imputed target values. We use
cross-validation on the training subset to find the hyper-parameters (dropout level, number
of layers, size of the hidden layers, and learning rate) using the Optuna library. All the net-
works have been trained on a relatively large epoch number (1000). For the ARIMA model
(both for training and for data imputation), we used the AutoARIMA algorithm, which
conducts the Kwiatkowski-Phillips—Schmidt-Shin differencing test to define the order of
first-differencing, and then finds the model that optimizes the Akaike Information Criterion.
We applied the mean squared error MSE, mean average error MAE, MAPE, and coefficient
of determination R? as the validation scores (Expressions (11), (12), (13), and (14)). We used
two MAPE scores: MAPE,, is evaluated on the whole test dataset, while MAPE;,,, covers
only the exports, which are greater than 5% of the maximum wheat export between any
two countries in 1993-2023. We repeated all the tests on random subsets of the training and
testing datasets to obtain standard deviations of the scores.

1Y 0\ 2

MSE = ﬁ;(n - Yi) 11)

1 N

MAE = N;’ (12)
N v

MAPE = NZ% Yz (13)
*y 2

RZ—1-— M (14)

21’:1 (Yi - Y)

Appendix A contains all the detailed scores and additional comments for different
models and imputation parameters (ablation study). Table 2 shows the results for one-
year-ahead export predictions with the baseline ARIMA model and recurrent networks
on the test subset. The results confirm that recurrent neural network models significantly
outperform ARIMA on that task. Namely, LSTM achieves the best R? score of 0.80. We
believe this is because LSTM has the most complex gating mechanism to deal with gradient
vanishing. The novel TKAN model also shows a competitive R? score of 0.79.
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Table 2. Average wheat export trade forecasting errors for the baseline methods.
Model MSE, x10'7 kg? MAE, x108 kg MAPE,; MAPE ;. R?
ARIMA 1.99 4+ 0.13 1.82 4 0.09 (3.03 4 0.03) x 102! 0.46 + 0.02 0.72 £ 0.03
GRU 1.57 £ 0.57 1.53 £ 0.18 13.88 £+ 7.52 0.33 4 0.02 0.77 £ 0.04
LSTM 1.37 £ 0.34 1.52 £ 0.15 597 +3.47 0.32 £ 0.02 0.80 £ 0.03
TKAN 1.47 £0.35 1.52 +0.13 5.55 +2.71 0.32 4 0.02 0.79 4+ 0.03

The most accurate results are highlighted with bold font.

Representing all countries from the dataset as a single graph would make attention
weight matrices too large; therefore, the models would tend to overfit. Thus, we split all the
data into clusters and associate each cluster with one or several large wheat exporters and

a set of countries—-importers. Since the initial data for the clustering is generally a relatively
small, weighted graph, we applied the Affinity propagation algorithm, which can work
with such data out of the box and provide stable results [66]. We have set 10 top wheat
exporters as the preference parameter (“exemplars”, representatives of clusters), and as a
result, obtained 10 clusters, of which the sizes vary from 4 to 15 countries. Figure 4 shows
some examples of such clusters, which are related to the world’s top wheat exporters.
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Figure 4. Wheat trade clusters for some top exporters. Vertices are countries, and edges are sustained
trade flows. Edges are colorized as follows: red denotes trade flows that are above average, blue

denotes trade flows that are below average, and green denotes trade flows that are close to average.
(a) Australia; (b) USA; (¢) Russian Federation; (d) France.



Systems 2025, 13, 1026

13 of 24

Each cluster forms a graph to be processed with the Transformer-based models. Table 3
shows the scores of the proposed models on the test dataset. The recurrent graph trans-
former (in the single encoder configuration) achieved the best results in terms of the R?
score, significantly outperforming standard recurrent network-based models. The encoder—
decoder model shows similar results. Introducing spectral features (with the FFT block) led
to a very slight improvement in the modeling scores. We believe this might be related to
the small block length; therefore, in the future, we will try FFT before splitting the dataset
into time windows.

Table 3. Average wheat export trade forecasting errors for the proposed model.

MSE, x10Y7 MAE, x108

Model Kg? kg MAPE,; MAPE g R?2
Recurrent graph 101 £075 1264034 1354010 0312004 0.85=+0.09
transformer
Recurrent graph
transformer + 0.79 £+ 0.39 1134+026 6.32+395 0.25+0.05 0.88 =+ 0.05
spectral features
Recurrent graph
transformer 0.71+ 0.16 1.13+0.12 1746 4+2.06 0.26+0.05 0.88 £ 0.04

(Encoder-Decoder)
The most accurate results are highlighted with bold font.

Then, we analyzed the ability of the encoder-decoder model to deal with the assumed
limitation on the sale of grain to one of the importers. Trade flows between Australia
and China serve as a special case to illustrate the features of the model and demonstrate
experimental results. We have selected Australia as the largest player in the global wheat
grain market to perform calculations with the encoder-decoder model. According to
the Comtrade database, the share of global wheat trade in Australia in 2022 was 13%,
and it has the potential to expand exports at a level of +4.8% since, for the 2017-2022
period, it was classified as a fast-growing market segment. In many ways, Australia’s
export potential was facilitated by the deregulation of the grain market in 2008 and the
subsequent reform of the grain trading market. The key was the mandatory accreditation
of exporters in accordance with the Wheat Export Marketing Act 2008, which establishes
strict quality requirements, including compliance with international phytosanitary norms
and product safety standards. Australia has intensified the modernization of logistics
infrastructure and the implementation of innovations in logistics to optimize the operation
of port terminals, introducing the Wheat Port Code of Conduct to standardize it. This
has increased the transparency of capacity allocation and reduced downtime, which is
critical to meeting delivery times to key Asian markets (Indonesia, Vietnam, etc.). Australia
is focused on reforming its grain export supply chains and reviewing the approaches to
selecting exporters to remain competitive in the global grain market.

We have performed a retrospective forecast on the 2018-2022 interval to check two
scenarios with the encoder-decoder model:

e  Forecast of wheat grain exports without any limitations.
e  Forecast of wheat grain exports, providing the limitation on the sale of grain to one of
the importers.

We selected a wheat-importing country for the forecast calculations based on a combi-
nation of two parameters: (1) in the structure of Australia’s exports, the volume of wheat
grain trade should be at least 5% of the total export volume (to exclude the importers
with insignificant volumes); (2) the country should have a growing demand for wheat
grain. Thus, the conditions above describe China’s import of wheat grain. In 2018, China’s
share of Australian wheat exports was 6.1%. At the same time, for the 2017-2022 period,
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according to Comtrade, China was classified as a fast-growing market segment that has
the potential to expand exports at a level of +16%. Figure 5 shows the modeling results for
both scenarios.
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Figure 5. Modeling results for the Australian wheat export dynamics in 2018-2022. Left column
shows results without any limitations; right column shows the scenario where export to China is set
to zero.
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The left column of the picture is the forecast of exports without restrictions, and
the right column is the forecast of exports subject to restrictions on trade flows between
Australia and China. For clarity of the trade flow assessment in the diagrams, the maximum
volume of trade flows is colored in red (more than 20%), medium in yellow (at the level of
15-20%), low in green (5-15%), and very low in blue (less than 5%).

As part of the study, we considered a hypothetical example: the Australia—-China
zero-export experiment to assess possible risks and forecast export destinations when
trade restrictions (sanctions) are imposed. Given that this situation does not exist in the
real world, it is impossible to validate scenario forecasting using real historical trade data.
However, due to the volatility of international trade, any scenario cannot be completely
ruled out.

6. Discussion

The structural and dynamic analysis shows the resilience of the Australian market
to the introduction of sanctions, including the restoration of the market concentration
volume over the forecast period. The ratio of the export volume from the model without
limitations to the export volume from the model with the trade restrictions shows the
possibilities for restoring export flows. We propose a coefficient of the export recovery

potential, RecoveryExport (RE):

VexportTM

RE = (15)

VexportTMs
where Vexporttm is the export volume from the model without any limitations and Vexporttms
is the export volume from the model, which introduces the limitations.

The modeling shows that by the end of the forecast period (2022), the RE coefficient was
0.74, which allows us to discuss the restoration of Australian exports after the introduction
of restrictions on trade with China. In addition, the model provides feasible results,
redistributing flows among importers whose import volumes are significant and ignoring
ones who cannot meet the growing demand for wheat (island states, etc.). When adjusting
trade flows according to the model with restrictions on trade with China, Australia’s
export destinations could be redirected, with an increase in the volume of deliveries; the
bulk of deliveries could go to Indonesia (28.1%), Thailand (14.8%), Vietnam (20.3%), and
Yemen (11.15%).

Given the roughness of the tested models, this example, of course, should be con-
sidered a demo to show the model’s potential. In the future, we shall find appropriate
retrospective trade shock scenarios to perform a valid counterfactual study.

7. Conclusions

This study tackles the critical challenges of modern agrifood supply chains, charac-
terized by globally interconnected networks marked by escalating complexity and inter-
dependence. The main actors of the agrifood market have to place greater emphasis on
modern methods of forecasting supplier networks to streamline supply chain operations
and enhance overall performance. The high market concentration of key commodities
such as wheat amplifies vulnerabilities in trade-restricted environments, where supplier
selection directly impacts global food security.

This paper introduces a novel recurrent transformer architecture, extending graph
transformer frameworks to temporal data analysis in supply networks. Unlike existing
models, the model includes hidden temporal states at the vertex level, explicitly encoding
the dynamic production capacities of national actors of the wheat grain market. This ap-
proach enables key advancements: (1) capturing time-dependent patterns, such as seasonal
production fluctuations and long-term yield trends, allows the model to enhance its predic-
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tive accuracy in volatile markets; and (2) considering interconnections and dependencies
between agrifood importers and exporters via the graph attention mechanism.

Another feature is that the model follows an encoder—decoder architecture, which
enables, for instance, the ability to simulate alternative supplier configurations under trade
restrictions. This provides insights for policymakers and agribusinesses, particularly in
mitigating cascading risks from supplier concentration in grain markets. In contrast to
equilibrium or agent-based approaches, the proposed model is simple to obtain (as it
infers the required relationships from data) and run because it does not need hardware-
demanding numerical simulations.

In the future, we will test the model in multi-agent environments integrated with
behavioral economic factors (e.g., supplier risk preferences, policy response biases) to
refine its predictive power under market shocks and perform counterfactual studies on
retrospective data. However, critical questions remain to guide further exploration: How
might quantifying dynamic trust and collaboration patterns among suppliers alter the
model’s ability to forecast the redistribution of export flows after trade restrictions? Can
the framework be adapted to disentangle the overlapping impacts of climate extremes and
geopolitical tensions, two major drivers of wheat supply chain volatility rarely modeled
together? How might incorporating sub-national production data (e.g., regional yield
variations within export countries) enhance the granularity of resilience assessments?
Beyond these questions, the results of this study confirm the proposed model’s accuracy
in forecasting resilient wheat supply chains amid global uncertainties. Its novel hybrid
architecture also contributes to the discourse on sustainable agrifood systems by aligning
advanced forecasting methods with supply chain governance needs.
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Appendix A

Table Al provides the performance scores for all the baseline models. All of the runs
for all scenarios below have been repeated five times on random subsets (70% of the original
sets, without repeats) of the training and testing data; std scores are provided. There is no
significant difference between different imputation strategies, but the forward fill is slightly
behind the others. We provide two MAPE scores: MAPE; is evaluated on the whole
test dataset, while MAPE|;,, covers only the exports, which are greater than 5% of the
maximum wheat export between any two countries in 1993-2023 (i.e., it ignores all of the
blue lines in Figure 5). One can note that the MAPE; scores are poor for all the considered
combinations (the best result is 2.28), while the MAPE|,;,, scores are significantly better (the
minimum error score is 0.31). This means the models cannot predict small exports between
countries accurately, but perform better for large importers/exporters. It is worth noting
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that the use of BCE loss tends to improve R2 and MAPE|;, scores, but MAPE;; becomes
arbitrarily large.

Table Al. Performance scores for baseline forecasting models with various hyperparameters

and imputation.

Model Imputation Loss MSE, x10'7, kg> MAE, x108, kg MAPE,; MAPE ;e R?
TKAN Forward fill BCE 1.38 +0.40 1.73 £ 0.58 41.80 &= 71.80 0.35 £ 0.09 0.76 £0.11
TKAN Forward fill MSE(logit) 3.41 £ 3.02 214 £1.10 6.47 +9.36 0.43 + 0.23 0.58 + 0.36
LSTM Forward fill BCE 1.76 £ 0.18 1.57 £+ 0.06 10.28 £ 3.54 0.36 £ 0.02 0.73 £0.07
LSTM Forward fill MSE(logit) 1.97 £ 0.24 1.76 £ 0.17 2.56 £ 0.14 0.40 £0.03 0.74 £ 0.03
GRU Forward fill BCE 1.57 £ 0.57 1.53 £ 0.18 13.88 +7.52 0.33 + 0.02 0.77 + 0.04
GRU Forward fill MSE(logit) 233£0.71 1.85 + 0.24 264 £0.72 0.46 £ 0.02 0.65 £ 0.04
TKAN Interpolation BCE 1.61 = 0.47 1.60 = 0.16 7.06 £2.53 0.33 £0.02 0.78 £ 0.05
TKAN Interpolation MSE(logit) 1.85 +0.53 1.53 £ 0.19 2.28 £ 0.66 0.31 £ 0.02 0.74 £ 0.05
LSTM Interpolation BCE 1.37 £ 0.34 1.52 +£0.15 597 £3.47 0.32 £0.02 0.80 £ 0.03
LSTM Interpolation MSE(logit) 2.31 £0.55 1.87 £ 0.19 3.02£1.31 0.43 £ 0.06 0.67 £ 0.09
GRU Interpolation BCE 1.53 + 0.45 1.53 £ 0.15 11.34 £ 5.31 0.33 + 0.03 0.78 + 0.05
GRU Interpolation MSE(logit) 2.54 £1.03 1.93 £+ 0.32 3.19+171 0.48 £ 0.08 0.65 £0.11
TKAN Model-based BCE 1.71 £0.29 1.60 +0.13 791 £2.32 0.33 £0.01 0.77 £ 0.04
TKAN Model-based MSE(logit) 3.23 £2.09 212 £0.93 10.59 + 16.22 0.44 £0.21 0.52 + 0.33
LSTM Model-based BCE 1.23 £0.39 1.54 +0.20 13.67 & 6.05 0.344+0.03  0.80£0.03
LSTM Model-based MSE(logit) 248 +0.42 2.01 £0.16 229 £0.92 0.51 £0.03 0.64 £+ 0.04
GRU Model-based BCE 1.94 +0.22 1.79 £ 0.12 13.39 £3.22 0.35 + 0.02 0.76 + 0.02
GRU Model-based MSE(logit) 2.14 £ 048 1.80 £0.21 3.27 £0.93 0.46 £0.10 0.70 £ 0.06
TKAN ARIMA BCE 147 +0.35 1.52 +0.13 555 £271 0.32 £ 0.02 0.79 £ 0.03
TKAN ARIMA MSE(logit) 2.32 £1.88 1.70 £ 0.76 3.58 £5.64 0.35 £ 0.12 0.68 £0.21
LSTM ARIMA BCE 1.39 £ 0.38 1.49 £ 0.13 7.61 £422 0.33 £0.03 0.79 £ 0.06
LSTM ARIMA MSE(logit) 2.67 £ 0.64 1.99 +0.24 2.66 = 1.08 0.47 £ 0.05 0.63 £ 0.06
GRU ARIMA BCE 1.53 + 0.41 1.58 +0.18 10.17 £ 3.56 0.34 £ 0.03 0.77 £ 0.05
GRU ARIMA MSE(logit) 2.50 £0.57 1.89 £+ 0.20 2.63 £ 0.98 0.46 = 0.05  0.65 £ 0.06
Table A2 shows the ablation study results for the proposed hybrid model. The primary
conclusions regarding imputation strategies and losses are the same as for baselines. The
best MAPE,; score is 0.87, which is achieved for MSE loss; the best MAPE ;. is 0.25 (BCE
loss). The best R? is 0.88 (BCE loss). Models with a large number of attention heads (2, 4)
and a small number of layers (1, 2) tend to show better results. Replacing the recurrent
network with a linear layer (i.e., ignoring hidden states) leads to total degradation of the
model performance. Enabling the FFT block to encode inputs leads to a hardly noticeable
performance improvement.
Table A2. Performance scores for the proposed recurrent graph transformer forecasting model with
various hyperparameters and imputation.
“bo )
= % - ?D '-\‘\ '&\ = %
2 w o g § :5 5 g uf 5
t : = E % B - Z 2 &
o — £ o 2 = 53] s
g b = h < =
Forward fill MSE(logit) 1 1 + + 1.60 & 0.37 1.48 £+ 0.18 1.03 £ 0.13 0.34 £ 0.08 0.74 4 0.08
Forward fill BCE 1 1 + + 1.03 £+ 0.46 1.28 £+ 0.22 12.94 £5.73 0.30 £ 0.05 0.84 &+ 0.06
Forward fill MSE(logit) 1 1 + - 6.68 + 1.46 3.61 £0.40 3.40 +1.22 0.69 £ 0.08 0.154+0.13
Forward fill BCE 1 1 + - 6.01 £2.07 441 +£0.42 93.55 + 97.00 0.59 £ 0.07 0.20 £ 0.15
Forward fill MSE(logit) 1 2 + + 2.18 £ 0.62 1.73 £ 0.24 1.04 £0.18 0.38 4 0.05 0.69 £ 0.08
Forward fill BCE 1 2 + + 1.01 £ 0.40 1.32 £ 0.15 13.37 +12.45 0.28 £ 0.02 0.86 &= 0.04
Forward fill MSE(logit) 1 2 + - 6.22 +1.83 3.50 £+ 0.55 392 +141 0.70 £ 0.07 0.25+0.13
Forward fill BCE 1 2 + - 7.66 1 1.28 522+0.13 158.10 £65.71 052 £0.05  —0.02 £ 0.02
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Forward fill MSE(logit) 1 4 + + 2.63 £ 1.00 1.70 +£ 0.50 1.21 £ 0.26 0.44 £ 0.05 0.57 £0.10
Forward fill BCE 1 4 + + 0.79 £+ 0.39 1.13 +0.26 6.32 £ 3.95 0.25 4+ 0.05 0.88 +0.05
Forward fill  MSE(logit) 1 4 + - 597 £ 1.61 3.31 +£0.49 5.69 £+ 2.05 0.71 £ 0.09 0.15+0.16
Forward fill BCE 1 4 + - 5.33 £1.59 418 £0.48 82.81 £ 75.30 0.57 £ 0.07 0.26 £0.14
Forward fill MSE(logit) 2 1 + + 271 £1.11 1.69 + 041 1.11 +0.18 0.37 £ 0.03 0.59 £+ 0.12
Forward fill BCE 2 1 + + 1.25+ 045 1.33 £ 0.32 8.34 £ 6.38 0.30 £ 0.03 0.82 £ 0.02
Forward fill MSE(logit) 2 1 + - 543 £ 1.59 3.20 £0.38 432+1.71 0.67 £ 0.04 0.31 £0.15
Forward fill BCE 2 1 + - 6.53 £ 1.98 412 £0.54 84.29 £110.03  0.59 +0.07 024 +£0.14
Forward fill MSE(logit) 2 2 + + 211+£1.13 1.69 + 0.57 1.17 +0.32 0.37 £ 0.08 0.69 £0.21
Forward fill BCE 2 2 + + 1.83 £0.57 1.69 £ 0.23 8.14 £ 2.85 0.32 +0.04 0.76 £ 0.06
Forward fill MSE(logit) 2 2 + - 6.84 + 3.34 3.54 £0.80 4.81 +£2.68 0.68 + 0.07 0.20 £0.14
Forward fill BCE 2 2 + - 517 £1.32 3.59 £ 0.68 102.70 £ 88.77  0.60 & 0.02 0.25 £0.19
Forward fill MSE(logit) 2 4 + + 1.54 + 0.86 1.43 +0.26 0.87 £ 0.06 0.32 £0.03 0.79 £0.12
Forward fill BCE 2 4 + + 0.84 £0.32 1.154+0.21 6.48 £ 2.33 0.27 +0.05 0.86 £+ 0.04
Forward fill MSE(logit) 2 4 + - 4.70 £ 1.50 2.81 £0.53 4.81 £1.39 0.67 £ 0.05 0.23 £0.12
Forward fill BCE 2 4 + - 6.13 £ 1.59 3.81 £0.56 47.83 £ 25.29 0.63 = 0.05 0.11 £0.07
Forward fill MSE(logit) 3 1 + + 2.30 £0.79 1.68 £ 0.31 1.07 + 0.08 0.34 £ 0.04 0.70 £ 0.05
Forward fill BCE 3 1 + + 1.90 + 0.64 1.62 +0.29 5.52 +£3.09 0.32 +0.02 0.78 £ 0.04
Forward fill ~ MSE(logit) 3 1 + - 5.10 + 0.47 3.09 +0.34 4.33+1.30 0.67 £0.11 0.35 £ 0.02
Forward fill BCE 3 1 + - 5.15+1.20 3.57 £0.51 29.56 +9.89 0.61 +0.07 0.26 £0.12
Forward fill ~ MSE(logit) 3 2 + + 2.82 +0.47 1.75 +0.26 1.14 + 0.31 0.38 4 0.05 0.57 £+ 0.05
Forward fill BCE 3 2 + + 0.95 £ 0.36 1.13 +0.20 6.73 £2.38 0.28 £ 0.05 0.85 £ 0.06
Forward fill ~ MSE(logit) 3 2 + - 4.35 + 0.63 2.98 + 0.32 3.24 +£0.71 0.66 4 0.08 0.40 + 0.05
Forward fill BCE 3 2 + - 445+ 0.76 3.24 £0.19 28.82 £ 6.16 0.60 £ 0.06 0.29 £ 0.10
Forward fill MSE(logit) 3 4 + + 1.61 + 0.99 1.48 + 0.35 0.98 £ 0.15 0.31 +0.07 0.78 £0.14
Forward fill BCE 3 4 + + 1.55 £ 0.68 1.41 +£0.36 12.02 + 8.30 0.36 £0.12 0.77 £ 0.09
Forward fill MSE(logit) 3 4 + - 493 +£1.37 3.19 £0.55 3.91 £ 1.08 0.67 = 0.09 0.31 £ 0.09
Forward fill BCE 3 4 + - 6.69 £ 0.78 412 +£0.28 40.27 4+ 22.37 0.60 £ 0.06 0.11 £ 0.12
Forward fill MSE(logit) 4 1 + + 1.36 + 0.42 1.35+0.23 0.90 £ 0.05 0.33 £0.02 0.77 £ 0.06
Forward fill BCE 4 1 + + 1.15+ 046 1.38 +0.29 512 4222 0.29 +0.03 0.85 £ 0.04
Forward fill MSE(logit) 4 1 + - 516 £1.71 3.24 £0.55 10.54 £ 11.46 0.62 £ 0.04 0.24 £ 0.06
Forward fill BCE 4 1 + - 3.78 £1.04 3.06 £ 0.46 27.06 + 10.96 0.57 £+ 0.05 0.37 £0.04
Forward fill MSE(logit) 4 2 + + 2.82 +£0.97 1.68 £ 0.23 1.17 £0.10 0.35 + 0.05 0.62 £ 0.09
Forward fill BCE 4 2 + + 1.03 £ 0.21 1.33 £ 0.14 741 +£1.35 0.30 +0.02 0.84 £ 0.03
Forward fill MSE(logit) 4 2 + - 510+ 1.73 294 +0.47 9.61 + 6.62 0.66 = 0.06 0.28 £0.18
Forward fill BCE 4 2 + - 5.52 £1.25 3.71 £0.45 46.39 £+ 31.38 0.62 £ 0.07 0.20 £0.12
Forward fill MSE(logit) 4 4 + + 112.40 £ 3.00 32.89 +£0.56 467.51 £ 67.11 338+0.12 —17.69 £4.11
Forward fill BCE 4 4 + + 1.96 + 1.54 1.95 + 1.06 19.35 £ 32.26 0.32 £0.12 0.71 £0.29
Forward fill MSE(logit) 4 4 + - 495+ 1.32 3.01 £0.44 4.65 +1.97 0.66 = 0.05 0.34 £ 0.06
Forward fill BCE 4 4 + - 552 4+1.43 3.69 £ 0.44 37.92 £ 33.77 0.65 £0.10 0.25 £ 0.15
Interpolation ~ MSE(logit) 1 1 + + 1.71 £ 0.64 1.51 +0.24 0.96 £0.13 0.33 +0.01 0.75 £ 0.11
Interpolation BCE 1 1 + + 1.27 £ 041 1.46 +0.30 13.12 £ 11.63 0.30 £ 0.03 0.84 £+ 0.03
Interpolation ~ MSE(logit) 1 1 + - 542 +1.41 3.09 £0.53 3.56 £ 0.47 0.65 £ 0.09 0.26 £ 0.15
Interpolation BCE 1 1 + - 6.69 + 2.37 4.42 4+ 0.82 55.59 +29.87  0.53 4+ 0.04 0.18 £0.16
Interpolation ~ MSE(logit) 1 2 + + 391+£1.35 217 £0.45 1.23 +0.21 0.38 £ 0.05 0.52 £0.15
Interpolation BCE 1 2 + + 1.07 £ 0.40 1.34 +£0.23 9.12 +7.63 0.29 +0.05 0.85 £ 0.05
Interpolation ~ MSE(logit) 1 2 + - 491 £1.22 3.08 £0.40 4.63 £ 2.56 0.68 £0.12 0.19 £ 0.11
Interpolation BCE 1 2 + - 5.82 £ 1.61 4.50 £0.40 7348 +£19.07 0.52 +0.04 0.12 £ 0.06
Interpolation ~ MSE(logit) 1 4 + + 2.46 4 0.48 1.68 £0.16 1.11 £ 0.06 0.38 £0.04 0.63 & 0.04
Interpolation BCE 1 4 + + 1.12 £ 0.39 1.21 +0.22 10.15 + 4.52 0.32 £ 0.04 0.81 £ 0.04
Interpolation =~ MSE(logit) 1 4 + - 5.97 £ 0.90 3.14 £0.22 2.89 +1.02 0.66 = 0.08 0.21 £0.13
Interpolation BCE 1 4 + - 7.18 £1.20 5.10 £0.28 157.29 £71.37  0.51 £0.01 —0.00 £ 0.00
Interpolation ~ MSE(logit) 2 1 + + 3.66 +1.14 2.11 +0.40 1.07 £0.11 0.39 +0.05 0.58 £ 0.08
Interpolation BCE 2 1 + + 1.21 £ 042 1.33 £ 0.29 7.55 £ 4.62 0.29 £ 0.03 0.82 £ 0.05
Interpolation ~ MSE(logit) 2 1 + - 438 £1.04 2.89 £0.45 3.34+0.71 0.62 = 0.03 0.35 £0.07
Interpolation BCE 2 1 + - 422 4+0.87 3.25 £0.59 24.27 +7.63 0.61 + 0.08 0.31 £0.13
Interpolation ~ MSE(logit) 2 2 + + 222 +£1.08 1.59 +0.23 1.11 +0.11 0.34 +0.03 0.68 £0.16
Interpolation BCE 2 2 + + 1.20 + 0.46 1.30 + 0.25 3.81 +1.56 0.30 £ 0.05 0.83 +0.04
Interpolation ~ MSE(logit) 2 2 + - 432 +1.44 2.90 £ 0.49 3.14+£0.73 0.60 £+ 0.08 0.36 £+ 0.09
Interpolation BCE 2 2 + - 4.37 £1.40 3.44 +0.47 31.59 +17.69 0.57 +0.03 0.35£0.10
Interpolation ~ MSE(logit) 2 4 + + 2.16 £0.90 1.56 +0.23 1.23 £ 0.13 0.37 £0.02 0.68 £ 0.13
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Interpolation BCE 2 4 + + 1.43 +0.28 1.41 + 0.06 524 +1.38 0.32 +0.02 0.81 +0.03
Interpolation ~ MSE(logit) 2 4 + - 6.45 + 1.49 3.46 + 0.49 6.82 + 2.65 0.81 £0.12 0.03 +0.23
Interpolation BCE 2 4 + - 420 +1.03 2.97 + 0.46 25.45 + 6.85 0.73 £0.09 0.32 + 0.07
Interpolation ~ MSE(logit) 3 1 + + 1.76 + 0.89 1.53 +0.38 1.21 +0.34 0.36 £ 0.08 0.76 + 0.07
Interpolation BCE 3 1 + + 0.91 + 0.34 1.20 £ 0.16 3.97 + 2.88 0.28 £0.03 0.86 + 0.05
Interpolation MSE(logit) 3 1 + - 5.19 + 0.95 3.03 +£0.28 4.63 +1.72 0.68 + 0.07 0.23 +£0.14
Interpolation BCE 3 1 + - 4.80 + 0.54 3.55+0.23 50.16 £+ 47.81 0.66 £ 0.05 0.25+0.11
Interpolation MSE(logit) 3 2 + + 3.48 + 1.64 2.02 +0.48 1.21 £+ 0.08 0.39 + 0.07 0.51 +0.20
Interpolation BCE 3 2 + + 0.94 + 0.25 1.23 +£0.14 7.29 + 2.85 0.25£0.01 0.87 + 0.02
Interpolation MSE(logit) 3 2 + - 4.56 + 1.10 292 +0.51 454 + 257 0.65 £+ 0.07 0.33 +0.13
Interpolation BCE 3 2 + - 5.80 + 1.20 4.05 + 0.45 35.55 £+ 22.95 0.60 £ 0.05 0.25 + 0.12
Interpolation ~ MSE(logit) 3 4 + + 2.33 +0.79 1.68 + 0.32 1.07 +0.18 0.32 £0.03 0.70 + 0.04
Interpolation BCE 3 4 + + 0.91 + 0.36 1.17 £ 0.23 4.46 + 1.36 0.27 +0.03 0.87 = 0.03
Interpolation ~ MSE(logit) 3 4 + - 459 + 1.38 2.98 + 0.54 4.19 + 1.45 0.65 £+ 0.09 0.30 + 0.08
Interpolation BCE 3 4 + - 580 +1.71 3.74 + 0.82 55.00 + 22.26 0.59 + 0.07 0.19 £ 0.15
Interpolation ~ MSE(logit) 4 1 + + 8.08 + 2.56 3.98 + 0.95 9.69 + 2.58 0.89 £0.01 —0.17 £ 0.06
Interpolation BCE 4 1 + + 0.91 + 0.46 1.20 +£0.24 420 +1.19 0.26 + 0.04 0.87 + 0.05
Interpolation ~ MSE(logit) 4 1 + - 7.08 +2.78 3.75 +0.90 6.25 + 2.09 0.81 £0.15 0.02 + 0.28
Interpolation BCE 4 1 + - 5.93 +2.15 3.58 +0.78 37.12 £21.17 0.66 £ 0.05 0.25 +0.13
Interpolation ~ MSE(logit) 4 2 + + 2.89 + 0.89 1.83 £0.24 0.97 + 0.07 0.36 + 0.04 0.63 £ 0.11
Interpolation BCE 4 2 + + 1.03 +£0.45 1.26 +0.25 6.66 + 2.96 0.31 £0.05 0.85 + 0.03
Interpolation MSE(logit) 4 2 + - 5.65 + 1.66 3.22 + 0.60 5.64 +2.72 0.67 + 0.08 0.27 + 0.07
Interpolation BCE 4 2 + - 6.04 +1.73 3.79 + 0.52 26.44 + 12.15 0.67 £0.09 0.14 + 0.14
Interpolation MSE(logit) 4 4 + + 19.49 4+ 28.13 7.68 +9.84 81.31 + 138.85 0.92 +0.99 —1.63 +3.83
Model-based MSE(logit) 1 1 + + 2.31 +0.49 1.73 +£0.32 1.03 +0.18 0.40 £0.10 0.68 + 0.04
Model-based BCE 1 1 + + 1.63 + 0.89 1.59 +0.43 3.78 +£1.43 0.31 £0.05 0.81 + 0.08
Model-based MSE(logit) 1 1 + - 452 +1.69 2.87 + 0.64 7.49 + 5.39 0.74 £ 0.06 0.20 + 0.15
Model-based BCE 1 1 + - 6.42 + 0.68 4.50 + 0.47 112.95 + 81.72 0.53 £0.04 0.08 + 0.18
Model-based MSE(logit) 1 2 + + 2.48 + 0.89 1.60 £+ 0.25 1.25+0.33 0.37 £ 0.03 0.65 +0.11
Model-based BCE 1 2 + + 3.96 + 2.98 3.10 + 1.80 81.01 £76.31 0.37 £0.10 0.48 + 0.39
Model-based MSE(logit) 1 2 + - 6.04 +1.76 3.44 + 0.52 3.92 +0.83 0.68 + 0.05 0.22 4+ 0.08
Model-based BCE 1 2 + - 5.83 + 0.60 4.47 +0.31 135.05 + 31.64 0.55 £ 0.04 0.15 + 0.05
Model-based MSE(logit) 1 4 + + 1.58 + 0.58 1.43 +0.28 1.01 £ 0.20 0.38 £0.10 0.78 4+ 0.08
Model-based BCE 1 4 + + 1.99 + 1.50 1.72 +0.87 14.34 + 10.81 0.33 £0.04 0.73 + 0.18
Model-based MSE(logit) 1 4 + - 6.78 +1.93 3.44 +0.78 7.69 + 4.01 0.74 £0.04 0.10 + 0.10
Model-based BCE 1 4 + - 10.17 + 8.31 5.30 +2.37 102.72 +130.70  0.65 + 0.08 —0.36 £ 1.05
Model-based =~ MSE(logit) 2 1 + + 2.90 + 0.27 1.86 +0.21 0.94 + 0.07 0.37 £0.02 0.63 + 0.02
Model-based BCE 2 1 + + 1.61 £+ 0.68 1.50 +£0.17 11.31 £ 7.10 0.30 + 0.04 0.81 £+ 0.09
Model-based MSE(logit) 2 1 + - 6.68 + 1.43 3.51 +£0.57 3.79 £1.21 0.76 £0.11 0.14 +0.23
Model-based BCE 2 1 + - 4.15 4+ 0.52 3.67 +0.26 121.03 £ 38.99 0.56 + 0.03 0.27 + 0.07
Model-based MSE(logit) 2 2 + + 212 +1.24 1.64 +0.53 0.96 + 0.08 0.35 £ 0.06 0.69 + 0.17
Model-based BCE 2 2 + + 1.27 +0.53 1.45 4+ 0.36 5.05 + 3.46 0.32 £0.07 0.84 + 0.04
Model-based MSE(logit) 2 2 + - 5.86 + 1.01 3.47 +0.22 4.79 + 2.55 0.75 + 0.04 0.14 £+ 0.09
Model-based BCE 2 2 + - 6.55 + 1.28 4.39 + 0.66 73.56 + 77.17 0.61 £ 0.06 0.08 + 0.07
Model-based MSE(logit) 2 4 + + 3.57 + 2.66 2.17 +£0.73 3.91 £5.18 0.47 +0.21 0.56 + 0.33
Model-based BCE 2 4 + + 1.29 + 0.49 1.44 +0.30 5.68 + 3.96 0.31 £0.04 0.83 + 0.04
Model-based MSE(logit) 2 4 + - 3.99 + 0.68 2.77 + 043 3.77 +£1.89 0.67 + 0.09 0.33 +0.13
Model-based BCE 2 4 + - 470 +1.15 3.48 +0.26 29.98 £+ 9.99 0.60 £ 0.06 0.30 + 0.12
Model-based MSE(logit) 3 1 + + 2.49 + 1.39 1.70 + 0.57 1.09 +0.16 0.36 £ 0.05 0.63 +0.11
Model-based BCE 3 1 + + 0.81 + 0.30 1.20 £ 0.17 4.66 + 2.20 0.27 £0.02 0.87 + 0.03
Model-based =~ MSE(logit) 3 1 + - 5.46 + 0.85 2.89 + 0.35 4.04 + 1.48 0.70 £ 0.04 0.29 + 0.06
Model-based BCE 3 1 + - 523 +1.25 3.47 + 0.62 19.87 +2.74 0.66 + 0.08 0.27 £ 0.13
Model-based =~ MSE(logit) 3 2 + + 1.69 + 0.30 1.58 +0.16 1.16 +0.14 0.37 £0.04 0.73 + 0.05
Model-based BCE 3 2 + + 1.42 + 0.56 1.40 +£0.21 12.40 4+ 4.94 0.32 +0.04 0.78 + 0.07
Model-based MSE(logit) 3 2 + - 6.67 +1.20 3.69 + 0.53 10.97 + 8.26 0.80 £0.13 —0.13 £ 0.44
Model-based BCE 3 2 + - 9.48 +9.17 423 +1.89 72.63 + 106.58 0.78 £0.18 —0.61 +£1.83
Model-based MSE(logit) 3 4 + + 2.43 + 0.69 1.77 £ 0.32 1.22 +0.22 0.38 £ 0.04 0.67 + 0.08
Model-based BCE 3 4 + + 2.59 +1.92 218 +1.44 17.61 + 6.42 0.37 £0.12 0.64 + 0.26
Model-based MSE(logit) 3 4 + - 5.53 + 1.56 3.51 +0.46 7.47 + 5.62 0.71 + 0.07 0.20 £ 0.12
Model-based BCE 3 4 + - 5.03 +1.33 3.68 + 0.59 40.47 +11.99 0.61 £ 0.06 0.19 + 0.14
Model-based MSE(logit) 4 1 + + 46.73 + 55.32 14.17 + 15.61 208.27 +254.44  1.60 £ 1.56 —5.31+745




Systems 2025, 13, 1026 20 of 24
Table A2. Cont.
" ¥ ¥
0 [
g g S 2 E E3 o X & & Y
2 = S £ g8 N ) S <
£ = = E = < p=
Model-based BCE 4 1 + + 1.42 + 0.63 1.41 +£0.35 471 + 191 0.31 + 0.06 0.81 4+ 0.08
Model-based ~ MSE(logit) 4 1 + - 411 +1.29 3.00 + 0.46 3.45 + 091 0.65 £ 0.07 0.35 + 0.15
Model-based BCE 4 1 + - 6.56 + 1.93 4.26 +0.75 263.20 +446.90 0.67 £+ 0.07 —0.05 £+ 0.19
Model-based MSE(logit) 4 2 + + 3.05+1.33 2.09 + 0.62 1.19 £ 0.14 0.41 +£0.04 0.57 £ 0.18
Model-based BCE 4 2 + + 1.10 £ 0.57 1.26 +0.32 7.37 + 5.68 0.29 +£0.07 0.84 + 0.05
Model-based MSE(logit) 4 2 + - 4.74 + 0.80 2.88 + 0.46 5.14 + 253 0.69 + 0.09 0.22 £ 0.15
Model-based BCE 4 2 + - 512+ 0.97 3.57 + 0.42 51.89 £+ 32.71 0.66 £0.11 0.25 + 0.08
Model-based MSE(logit) 4 4 + + 2.13 + 0.64 1.71 £ 041 1.04 £ 0.22 0.36 + 0.03 0.69 £+ 0.05
Model-based BCE 4 4 + + 1.74 £1.22 1.71 £ 0.78 10.18 + 12.19 0.34 £ 0.15 0.78 £ 0.16
Model-based MSE(logit) 4 4 + - 6.02 +2.33 3.43 + 1.06 6.31 + 3.82 0.71 £0.04 0.22 +0.12
Model-based BCE 4 4 + - 5.37 +£ 0.43 3.70 £ 0.31 38.21 £+ 32.85 0.68 £ 0.05 0.30 + 0.05
ARIMA MSE(logit) 1 1 + + 2.82 + 0.68 1.72 £ 0.21 1.11 +0.32 0.38 +£0.03 0.61 + 0.08
ARIMA BCE 1 1 + + 1.43 £ 0.46 1.66 + 0.36 493 + 5.15 0.30 + 0.03 0.84 +0.03
ARIMA MSE(logit) 1 1 + - 746 +1.70 3.92 + 0.64 7.10 +2.79 0.79 £ 0.06 0.09 + 0.19
ARIMA BCE 1 1 + - 6.87 +1.96 4.31 +0.75 37.82 +£12.43 0.58 + 0.03 0.19 £ 0.13
ARIMA MSE(logit) 1 2 + + 1.83 £ 0.35 1.67 £0.24 1.07 +0.10 0.33 £0.02 0.74 + 0.04
ARIMA BCE 1 2 + + 1.13 £ 0.51 1.25+0.22 5.81 +2.84 0.28 + 0.04 0.85 + 0.04
ARIMA MSE(logit) 1 2 + - 429 +0.73 2.77 +£0.70 4.50 + 1.30 0.65 £ 0.07 0.27 + 0.08
ARIMA BCE 1 2 + - 4.48 + 0.68 3.65 +0.37 61.71 + 18.07 0.58 £0.10 0.30 + 0.13
ARIMA MSE(logit) 1 4 + + 2.13 + 0.64 1.55 +0.27 1.19 £ 0.17 0.34 +0.03 0.68 + 0.02
ARIMA BCE 1 4 + + 1.36 +0.53 1.45 4+ 0.30 5.02 + 3.51 0.28 £0.03 0.83 + 0.06
ARIMA MSE(logit) 1 4 + - 5.11 + 2.06 3.03 +0.78 4.60 + 2.12 0.72 + 0.08 0.18 £ 0.13
ARIMA BCE 1 4 + - 5.18 +0.37 4.06 + 0.52 103.04 £ 71.29 0.59 £0.10 0.23 +0.12
ARIMA MSE(logit) 2 1 + + 2.26 + 0.55 1.64 +0.22 1.18 £ 0.27 0.36 + 0.05 0.66 £+ 0.06
ARIMA BCE 2 1 + + 1.31 £0.35 1.54 +£0.33 490 +2.21 0.31 £0.05 0.84 + 0.02
ARIMA MSE(logit) 2 1 + - 4.80 + 0.65 3.08 +0.29 2.98 + 0.56 0.71 £0.10 0.29 +0.11
ARIMA BCE 2 1 + - 437 +0.61 3.33+0.23 20.57 £ 12.20 0.62 £ 0.02 0.34 + 0.08
ARIMA MSE(logit) 2 2 + + 1.60 = 0.70 1.37 +0.30 1.09 +0.21 0.31 £0.05 0.74 + 0.08
ARIMA BCE 2 2 + + 1.18 £ 0.31 1.35 +£0.28 3.71 £ 1.08 0.28 +0.03 0.83 £+ 0.05
ARIMA MSE(logit) 2 2 + - 5.69 + 0.84 3.28 +0.20 415+224 0.65 £+ 0.04 0.22 + 0.09
ARIMA BCE 2 2 + - 5.58 + 3.10 3.85 + 0.96 33.48 +13.82 0.59 + 0.04 0.32 +0.13
ARIMA MSE(logit) 2 4 + + 2.22 +0.65 1.75 + 0.39 0.89 + 0.13 0.36 £ 0.07 0.71 + 0.07
ARIMA BCE 2 4 + + 1.14 + 047 1.33 +£0.27 747 + 4.63 0.29 £ 0.05 0.82 4+ 0.07
ARIMA MSE(logit) 2 4 + - 5.63 +1.24 3.26 + 0.62 4.74 +1.95 0.66 £ 0.07 0.23 +0.15
ARIMA BCE 2 4 + - 6.03 +0.21 497 +0.12 165.61 £ 19.61 0.52 £0.02 —0.00 £+ 0.00
ARIMA MSE(logit) 3 1 + + 1.88 £ 1.10 1.53 +0.40 0.91 £+ 0.07 0.32 +0.04 0.75 +£0.10
ARIMA BCE 3 1 + + 1.10 = 0.28 1.29 +0.12 2.83 +1.15 0.28 £0.02 0.85 + 0.02
ARIMA MSE(logit) 3 1 + - 5.09 + 1.56 3.19 + 0.57 6.22 +2.54 0.74 + 0.07 0.27 + 0.04
ARIMA BCE 3 1 + - 557 +1.87 4.11 +0.80 45.67 + 13.26 0.62 £0.10 0.04 + 0.26
ARIMA MSE(logit) 3 2 + + 1.52 + 0.40 1.34 +0.31 0.95 4+ 0.07 0.33 + 0.06 0.76 + 0.05
ARIMA BCE 3 2 + + 1.28 £0.34 140 £0.16 4.33 +3.43 0.29 £0.01 0.83 + 0.02
ARIMA MSE(logit) 3 2 + - 6.15+1.71 3.38 + 0.65 6.42 + 4.26 0.74 £ 0.09 0.20 +0.17
ARIMA BCE 3 2 + - 571 +£1.51 3.88 + 0.41 59.30 + 27.34 0.64 + 0.06 0.17 £ 0.12
ARIMA MSE(logit) 3 4 + + 2.47 +0.94 1.76 + 0.37 1.06 +0.21 0.35 £ 0.05 0.68 + 0.10
ARIMA BCE 3 4 + + 1.18 £ 0.35 1.31 £0.20 8.88 +£1.92 0.31 +0.02 0.83 4+ 0.02
ARIMA MSE(logit) 3 4 + - 6.67 +1.12 3.66 + 0.45 5.23 + 1.56 0.67 £ 0.08 0.17 £ 0.14
ARIMA BCE 3 4 + - 5.56 + 1.26 3.96 + 0.46 42.09 4+ 22.79 0.61 + 0.08 0.17 £+ 0.06
ARIMA MSE(logit) 4 1 + + 246 +1.10 1.75 £ 0.47 1.19 +0.22 0.34 £0.02 0.68 + 0.06
ARIMA BCE 4 1 + + 1.14 + 0.35 1.36 +0.24 5.56 + 2.55 0.31 £0.04 0.83 + 0.04
ARIMA MSE(logit) 4 1 + - 419 +1.12 2.77 +£0.45 3.37 + 0.64 0.68 £0.10 0.26 + 0.14
ARIMA BCE 4 1 + - 5.69 + 1.94 3.48 + 0.60 28.93 + 8.54 0.71£0.13 0.18 +0.17
ARIMA MSE(logit) 4 2 + + 1.96 £+ 0.80 1.46 +0.32 1.08 £ 0.23 0.34 + 0.07 0.68 = 0.10
ARIMA BCE 4 2 + + 1.34 = 0.50 1.33 £ 0.23 9.42 + 13.70 0.28 £0.03 0.82 + 0.04
ARIMA MSE(logit) 4 2 + - 4.32 + 0.67 2.70 +0.21 491 +1.34 0.67 + 0.08 0.30 £+ 0.07
ARIMA BCE 4 2 + - 5.71 +1.48 3.65 + 0.57 39.23 +£24.22 0.59 £ 0.06 0.22 +0.11
ARIMA MSE(logit) 4 4 + + 2.93 + 1.47 2.02 + 0.49 1.26 +0.28 0.39 £ 0.05 0.63 + 0.12
ARIMA BCE 4 4 + + 1.43 £ 0.65 145 +0.33 7.75 + 4.61 0.31 £0.04 0.80 + 0.05
ARIMA MSE(logit) 4 4 + - 5.30 + 0.72 2.96 + 0.39 7.09 + 4.87 0.65 £+ 0.04 0.30 + 0.09
ARIMA BCE 4 4 + - 5.02 +1.93 3.49 + 0.67 28.37 +£15.94 0.61 + 0.08 0.23 +0.21
ARIMA MSE(logit) 1 1 - + 1.94 + 0.50 1.59 +0.22 1.26 +0.19 0.36 £ 0.06 0.74 + 0.09
ARIMA BCE 1 1 - + 1.15+0.28 1.28 +£0.19 7.44 4+ 0.99 0.32 +0.02 0.82 +0.02
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ARIMA MSE(logit) 1 1 - - 1.01 £0.75 1.26 £ 0.34 1.35 £ 0.10 0.31 +0.04 0.85 £ 0.09
ARIMA BCE 1 1 - - 1.08 & 0.42 1.35 £ 0.26 10.39 £ 2.99 0.30 £ 0.02 0.83 £ 0.05
ARIMA MSE(logit) 1 2 - + 2.23 £ 0.53 1.66 +0.24 1.19+£0.18 0.34 £ 0.02 0.69 £ 0.06
ARIMA BCE 1 2 - + 1.01 &£ 0.59 1.20 £ 0.18 9.77 £2.42 0.29 £ 0.03 0.85 4 0.06
ARIMA MSE(logit) 1 2 — - 1.17 £ 0.55 1.25 £ 0.19 1.37 £ 0.16 0.32 £ 0.04 0.81 +0.05
ARIMA BCE 1 2 - - 1.34 £0.37 1.45+0.11 749 £+ 4.18 0.29 +£0.02 0.84 £ 0.03
ARIMA MSE(logit) 1 4 - + 2.08 £0.73 1.53 +£0.24 1.14 £+ 0.08 0.31 £ 0.04 0.74 + 0.07
ARIMA BCE 1 4 - + 1.36 £ 041 1.44 £ 0.24 8.82 £5.09 0.30 £ 0.01 0.81 £ 0.03
ARIMA MSE(logit) 1 4 - - 1.59 £ 041 141 £ 0.16 1.21 £0.10 0.31 £ 0.03 0.79 £ 0.04
ARIMA BCE 1 4 - - 1.35 +0.46 1.33 +£0.12 10.27 £ 2.82 0.31 £ 0.02 0.82 £ 0.05
ARIMA MSE(logit) 2 1 - + 1.70 £ 0.53 1.54 +£0.23 1.48 £ 0.38 0.33 £0.02 0.77 £ 0.05
ARIMA BCE 2 1 — + 1.33 £ 0.57 144 +0.21 552 +216 0.30 £ 0.03 0.83 +0.05
ARIMA MSE(logit) 2 1 - - 1.72 £0.99 1.39 £ 0.24 1.36 £ 0.16 0.33 +0.04 0.77 £0.07
ARIMA BCE 2 1 - - 1.69 £ 0.67 142 +£0.11 7.03 +2.51 0.31 £0.02 0.77 +0.08
ARIMA MSE(logit) 2 2 - + 217 £0.42 1.59 £ 0.10 1.16 £ 0.07 0.35 £ 0.03 0.72 £ 0.05
ARIMA BCE 2 2 - + 1.17 £ 0.30 1.33 £0.15 6.51 +3.28 0.28 £ 0.02 0.83 +0.03
ARIMA MSE(logit) 2 2 - - 1.93 £1.17 1.61 £ 0.42 1.45 4+ 0.19 0.31 +=0.02 0.76 £ 0.07
ARIMA BCE 2 2 - - 1.90 & 0.90 1.50 £ 0.36 7.16 4+ 2.52 0.32 £ 0.04 0.76 +0.10
ARIMA MSE(logit) 2 4 - + 2.62 £+ 0.69 1.65+0.18 1.34 +£0.15 0.37 +0.03 0.60 £ 0.07
ARIMA BCE 2 4 - + 191 £043 1.64 +£0.28 8.38 £ 5.63 0.31 +0.03 0.75 £ 0.05
ARIMA MSE(logit) 2 4 — - 1.65 £ 0.42 1.56 £+ 0.22 1.26 +0.23 0.35 £ 0.04 0.79 + 0.04
ARIMA BCE 2 4 - - 1.26 £0.33 1.43 £0.14 7.09 £ 3.06 0.28 +0.03 0.82 £ 0.03
ARIMA MSE(logit) 3 1 - + 1.16 + 0.36 1.25 £ 0.10 1.21 +£0.13 0.32 £0.02 0.81 4+ 0.04
ARIMA BCE 3 1 - + 1.81 £047 1.47 £0.24 6.81 £2.72 0.32 +0.03 0.76 £ 0.05
ARIMA MSE(logit) 3 1 - - 1.72+£0.81 1.62 £ 0.52 1.53 £+ 0.48 0.37 £0.11 0.78 & 0.09
ARIMA BCE 3 1 - - 1.52 £ 0.69 1.53 £ 0.37 7.38 £2.11 0.29 £ 0.02 0.80 £ 0.05
ARIMA MSE(logit) 3 2 - + 1.45 4+ 0.40 1.39 £ 0.16 1.67 £ 0.33 0.32 £ 0.04 0.79 £ 0.04
ARIMA BCE 3 2 - + 1.56 £ 0.75 1.58 £+ 0.41 9.16 + 8.66 0.30 £ 0.03 0.80 £ 0.06
ARIMA MSE(logit) 3 2 - - 1.30 £ 0.00 1.14 £ 0.00 1.47 £ 0.00 0.30 = 0.00 0.82 £ 0.00
Table A3 shows the performance score for the encoder—decoder model with different
hyperparameters. Most of the outcomes here are the same as for the encoder-only model.
The “Masked ratio” shows the ratio of exports from the current year t that we use as the
input in the decoder (i.e., this is the ratio of exports to be restored).
Table A3. Performance scores for the proposed encoder—decoder model with various hyperparame-
ters and imputation.
(3]
c - ?D "\b‘D "\c‘o — o
.‘g )] 5 -5 g =] S\ Og LHE %D
= - (=] 0 [\
g & E 5% i3 3 X ] 3 =
9 = g8 SH N ) = g
g & & K < >
Ll [&5] n
! =
Forward fill ~ MSE(logit) + - 0.1 8.82 £2.53 4.224+0.82 1025+£099 0.88+0.02 —0.1740.04
Forward fill BCE + 01 1354067 176+044 1253+951 035+0.03 0.82+0.05
Forward fill ~ MSE(logit) + + 0.1 2.53 £0.63 1.92 +0.33 1.92 + 0.41 0.37 £0.05 0.70 £ 0.04
Forward fill BCE + + 01 1694022 189+009 773+156 038+£006 079+ 0.04
Forward fill ~ MSE(logit) + + 0.5 1.58 £0.18 1.46 £0.11 1.10 £ 0.15 0.32 £0.03 0.73 £ 0.04
Forward fill BCE + + 05 0714016 1.13+012 1746+206 0264005  0.88 + 0.04
Model-based  MSE(logit) + - 0.1 8.78 = 0.00 4.56 4= 0.00 6.88 &= 0.00 0.80 £0.00 —0.13£0.00
Model-based =~ MSE(logit) + + 0.1 291 £1.39 1.92 £0.37 1.45 +£0.16 0.37 £0.03 0.63 £ 0.06
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Table A3. Cont.
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: & E 5% 4% % X 2 & &
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— [£3) [22]
= =
ARIMA MSE(logit) + + 0.1 1.86 == 1.04 1.77 = 0.51 2.79 £0.75 0.35 £ 0.05 0.73 £0.13
ARIMA BCE + + 0.1 1.35 £ 0.38 1.64 £ 0.26 1090 £4.18 0.35+0.02 0.81 £ 0.03
Interpolation ~ MSE(logit) - + 0.1 2.02 £0.96 1.71 £ 0.31 1.98 + 0.50 0.37 £0.07 0.68 £0.16
Interpolation BCE - + 0.1 2.40 £ 041 221 £0.16 5.44 £+ 2.36 0.40 £ 0.05 0.74 £ 0.03
Interpolation ~ MSE(logit) - - 0.1 228 £1.28 2.12 £0.64 327 £1.20 0.62 + 0.18 0.66 £ 0.13
Interpolation BCE - - 0.1 1.97 £ 0.39 1.64 +0.19 6.67 £ 2.65 0.34 £0.03 0.76 £ 0.03
Interpolation  MSE(logit) - + 0.3 1.68 = 0.43 1.50 = 0.17 1.46 +0.38 0.34 £ 0.04 0.73 £ 0.08
Interpolation BCE - + 0.3 3.33 £1.82 2.82+147 76.73£90.06 0.38+£0.10 0.50 £ 0.36
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