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Abstract

Forecasting time series under instability remains a challenging task due to structural discontinuities,
nonstationarity, and the influence of external factors. This paper proposes a forecasting approach focused
on optimizing the model's input space rather than architectural changes to the forecasting algorithm
itself. This study examines the impact of exogenous variables on neural network-based forecasting using
data on infectious disease incidence in Ukraine. A baseline neural network forecasting model based solely
on lagged target values is compared with models incorporating exogenous information. A systematic
procedure for constructing and optimizing the input space is proposed, including evaluating various
subsets of exogenous variables for fixed model architecture, training parameters, and forecast horizon.
Experimental results demonstrate that the proposed input space optimization strategy leads to a
significant reduction in forecast error, and these improvements are achieved without increasing model
complexity or changing the training procedure.
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1. Introduction

Economic crises, armed conflicts, pandemics, climate change, and other social upheavals that lead
to abrupt changes in the dynamics of observed processes significantly complicate time series
forecasting, demonstrating low robustness and limited accuracy when using classical methods.
These methods are primarily designed for stationary or quasi-stationary time series and are poorly
adapted to structural breaks and external disturbances. Recent research shows that modern
approaches to time series forecasting increasingly focus on accounting for external factors and
improving model adaptability to non-stationary data [1].

Modern machine learning methods and neural networks [2-6] provide more flexible tools for
analyzing complex time dependencies and nonlinear patterns. Neural models are capable of
automatically extracting hidden patterns from data and adapting to changing conditions, making
them promising for forecasting in unstable environments. In recent years, various neural network
architectures for time series forecasting have been actively studied, including recurrent neural
networks, temporal convolutional networks, transformers, and specialized deep learning models.
However, many existing studies have focused primarily on architectural improvements, while the
impact of external factors on forecasting performance remains poorly understood [7].

One of the key reasons for the decline in forecasting accuracy in unstable conditions is the
neglect of external factors that significantly influence the dynamics of the processes being studied.
Such factors can be represented as exogenous variables external factors that affect the target time
series but are not generated by its internal dynamics. Such variables include calendar
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characteristics, socioeconomic indicators, crisis-related events, and environmental factors.
Integrating them into forecasting models expands the information context and improves the
model's resilience to sudden changes in conditions.

This paper examines the integration of exogenous variables in public health, specifically the
spread of infectious diseases, which is highly sensitive to external factors, including seasonal
factors, population mobility, demographic changes, public health measures, and emergencies [8].
Under these conditions, disease dynamics can deviate significantly from historical trends, making
traditional forecasting approaches unreliable.

Therefore, optimization in this study is understood not as increasing model complexity, but as
the targeted development of the model's input space and the rational use of external information
that influences disease spread.

The problem statement. The scientific challenge is to develop optimization-oriented
forecasting approaches that improve accuracy and reliability through rational structuring of model
inputs and integration of relevant exogenous variables, without increasing model complexity. The
application of this approach will be explored in epidemiological forecasting to support evidence-
based decision-making in healthcare systems.

Analysis of recent studies and publications. In recent years, research in time series
forecasting has increasingly focused on the use of neural network models capable of accounting for
nonlinearities, structural shifts, and complex temporal dependencies characteristic of real-world
data. Deep learning architectures designed for the direct modeling of temporal signals without
explicitly specifying seasonal or trend components have made a significant contribution to the
development of this area. For example, the N-BEATS architecture was proposed in [9-11] as a
system of residual blocks capable of automatically learning to decompose a time series and, in
certain configurations, providing partial interpretability of the forecasted components. The
development of this approach has led to the emergence of models aimed at improving the stability
and accuracy of long-term forecasting, including N-HiTS, where hierarchical interpolation and
multi-level scaling improved scalability and stability over long forecasting horizons [12-14].

In parallel, Transformer-based architectures have also been actively explored; originally
introduced for natural language processing tasks [15-16], they were subsequently adapted for time
series analysis. Informer proposed a sparse attention mechanism focused on the efficient
processing of long sequences. Autoformer extended this approach by integrating explicit time
series decomposition and an autocorrelation mechanism to better account for periodicity and
recurring patterns in temporal data [17-19]. Frequency-based modifications of Transformer
architectures, such as FEDformer, employ spectral representations of time series to improve
forecasting performance and robustness in long-horizon prediction tasks [20]. Studies in [21-23],
including PatchTST and related token-based approaches, have shown that aggregating temporal
observations into larger segments facilitates more robust modeling of long-term dependencies
while reducing computational complexity.

Despite significant progress in the development of architectural solutions, the contemporary
literature increasingly emphasizes that increasing model complexity does not guarantee a
proportional improvement in forecasting quality. Studies [24-26] demonstrate that the effectiveness
of neural network models is largely determined by the quality of the input space and the structure
of the features used, rather than solely by architectural design. In this context, growing attention is
being paid to data-centric and input-oriented approaches focused on optimizing data
representation and selecting informative features to improve forecast robustness under non-
stationary conditions.

Studies [27-30] demonstrate that the inclusion of exogenous factors (calendar effects, climatic
conditions, population mobility indicators, and socioeconomic variables) can significantly improve
forecasting accuracy and model robustness in the presence of structural shifts. As a result,
architectures explicitly designed to integrate exogenous information have attracted considerable
attention. For example, the Temporal Fusion Transformer [31, 32] combines attention mechanisms
with the separation of static features, known future inputs, and dynamic temporal components,



while ensuring interpretability of individual feature contributions. An extension of the N-BEATS
architecture to support exogenous variables (N-BEATSx) confirmed that appropriate integration of
external factors can substantially improve forecasting accuracy while maintaining the stability of
the base model [33, 34]. More recent approaches, such as TimeXer and related models [35, 36],
further formalize forecasting with exogenous variables as a distinct research direction, proposing
specialized mechanisms for fusing endogenous and exogenous signals.

In the field of epidemiological forecasting, neural network methods gained widespread adoption
during the COVID-19 pandemic, when traditional statistical models proved insufficiently flexible to
capture abrupt regime shifts, reporting delays, and weak or unstable seasonality [37-40]. A
substantial portion of applied research relies on a limited and heuristically selected set of
exogenous factors or focuses primarily on comparing architectural solutions, without addressing
the problem of systematic input space optimization [41-43]. Under conditions of high data
instability, such approaches limit model interpretability and reduce robustness to changes in the
external environment.

Despite significant progress in neural time series forecasting, an unsolved problem remains the
development of optimization-oriented approaches that systematically integrate exogenous
variables while maintaining model stability and interpretability.

The research goal. Given the limitations of traditional forecasting methods in unstable
environments and the insufficient consideration of external factors in existing neural network-
based approaches, the aim of this paper is to develop and evaluate an optimization-based
framework for forecasting the spread of infectious diseases. The proposed framework focuses on
constructing the model's input structure by integrating exogenous variables to improve forecast
accuracy and robustness without increasing model complexity.

2. Theoretical backgrounds

Let the target modeling process be represented by a time series y, ¢t = 1, 2, ..., T, where y, - the
number of registered infection cases at time t.

In the classical formulation of time series forecasting, future values are estimated solely based
on past observations of the target variable [23]. This approach can be expressed as:

Yen=F (Vs Yeorsmns Yeow)s (1)

where h is the forecasting horizon, W is the length of the historical window.

This formulation implicitly assumes that the statistical properties of the process remain

relatively stable over time. However, under crisis conditions and external shocks, such assumptions
are frequently violated, resulting in structural breaks and degraded forecasting performance.
From the non-stationary process theory, the dynamics of y, are influenced not only by internal
temporal dependencies but also by external factors [24]. These external influences are represented
by exogenous variables. The set of available exogenous variables describing external conditions
affecting the target process:

Z=(z(1),z(2),...,Z(K)). (2)

z =(251),z£2),...,zgk)), ®3)

where each component represents an external factor affecting disease dynamics.
Incorporating exogenous information extends (1) to:
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where g - the historical depth of exogenous inputs.

With a neural network framework, the forecasting function is approximated by a parameterized
model f; where 61is the set of learnable parameters. Model training is formulated as a minimization
problem:

S ®)
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where [ is a loss function, and N is the number of training samples.

Forecasting accuracy depends not only on the model parameters 8, but also on the structure and
informativeness of the input space.

In this study, optimization is interpreted as a data-centric problem focused on the rational
construction of the model input space rather than on increasing architectural complexity.
Specifically, the optimization problem consists in selecting an informative subset Z*< Z that
minimizes forecasting error:

Z'=L(f,(y,2)). (©)

The values of exogenous variables are not optimized directly; instead, the optimization is
performed over the structure of the input space.

3. Research methods

The proposed approach focuses on the organization and selection of input information rather than
on modifying model architecture or training procedures.

The experimental base of the study consists of time series data. Data preprocessing includes the
removal of missing or anomalous values, temporal alignment of observations, normalization of
numerical values, and transformation of the data into a format suitable for neural network training.
All time series are aligned on a unified temporal scale and divided into training and testing subsets.
Additional input information is represented by a set of available variables (2), where each variable
corresponds to an independent source of information potentially affecting the dynamics of the
target time series. Observed values of these variables at time t are represented by the vector (3).
The complete input representation available to the forecasting model at time t is defined as.

Xt:(yt’yt—l""’yt—W+1’Zt’Zt—1’""ZI—W+1)’ (7)

where y:the target time series, W — the length of the historical window.

Using all available variables does not necessarily lead to improved forecasting performance, as
redundant or weakly informative inputs may increase noise and reduce model stability. Therefore,
the structure of the model input space is defined by selecting a subset, which specifies a particular
configuration of additional input variables.

Z'< Z. ®)

For a given configuration Z', the corresponding input representation is expressed as

Z__ VA VA
X[ _(yt""’ythﬂ:Zt ’---’thw+1)’ (9)



where z® contains only the variables included in the selected subset Z'.

The optimization strategy is based on the principles of data-centric machine learning and treats
the structure of the model input space as the primary object of optimization. Instead of modifying
the forecasting model itself, the approach systematically evaluates alternative configurations of
input variables.

A set of candidate input space configurations S=| Z;,Z;,...,Z'M} is constructed. For each

configuration Z, a forecasting model with fixed architecture and training parameters is trained and
evaluated. The forecasting task is solved repeatedly at this stage; however, it serves exclusively as
an internal assessment mechanism for measuring the informativeness of each input space
configuration rather than as the final objective of the study. The optimal structure of the model
input space is defined as (6).

Algorithm for constructing the model input space:

Step 1. Define the target time series y, and historical window length W.

Step 2. Specify the set of available additional variables Z.

Step 3. Construct a set of candidate input space configurations S.
)

) , o . (z;
Step 4. For each configuration Z ;, form the corresponding input representation X, ".

Step 5. Train a forecasting model using a fixed architecture and experimental setup and evaluate
forecasting quality using selected metrics.

Step 6. Compare the results across all configurations and determine the optimized input space
structure Z*.

The workflow of the proposed approach is illustrated in Figure 1, which demonstrates the
difference between the conventional forecasting pipeline with a fixed input space and the proposed
optimization-oriented procedure for constructing the model input space.

Forecasting quality is assessed using standard quantitative metrics.

The search for the optimal model input space structure Z* is formulated as a subset selection
problem over the set of available additional variables Z. The search strategy is implemented as a
two-stage procedure. In the first stage, a preliminary reduction of the original variable set Z is
performed, resulting in a reduced subset Z,, obtained using fast screening criteria. This step is
introduced to limit computational complexity. In the second stage, a wrapper-based search is
applied, using forward selection to iteratively construct candidate input space configurations and
identify the configuration that yields the best forecasting performance.

The optimal configuration Z* is selected based on an aggregated forecasting quality measure
computed across multiple error metrics and multiple forecasting horizons. When several
configurations produce similar error values, preference is given to the configuration that
demonstrates higher stability, reflected by lower variability of forecasting errors across different
time segments or validation folds.
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Figure 1: Workflow for constructing the model input space with and without optimization.

4. Results and discussion

In [44], the task of neural network based forecasting of infectious disease spread in Ukraine was
addressed using normalized monthly time series constructed from reports of the Public Health
Center of the Ministry of Health of Ukraine (reporting form No. 1) for the period from December
2016 to January 2024.

In the present study, a comparison is performed between the baseline forecasting approach and
the approach with an optimized model input space, while all key experimental settings remain
unchanged. In particular, the same neural network architecture (N-BEATS), temporal resolution



(monthly time step), historical window length W=24 months, forecasting horizon h=6 months, data
preprocessing and normalization procedures, training strategy, and evaluation metrics are
preserved. This ensures that any differences in forecasting performance can be attributed solely to
the optimization of the model input space.

The dataset contains the disease category, the time index, and the incidence indicator per
100,000 population: x; — infectious category (disease), total number of categories - 57; values
encoded as integers from 1 to 57; x, — date, observation period - from December 2016 to January
2024; x; — incidence level (cases);

The target time series y, is formed from the incidence indicator x; for each disease.

Prior to model training, the target time series were scaled using min-max normalization to the
[0, 1] interval. Exogenous variables defined on bounded scales were used without additional
normalization, while variables with arbitrary ranges were normalized separately. This
preprocessing ensured numerical stability while preserving the semantic meaning of each variable.
The normalization was performed separately for each time series over the entire observation
period:

worm___Y—min(y) (10)
© max(y)—min(y)

In the experiment, normalization parameters were computed using the full observation period.
While this ensures consistent scaling across the time series, it may introduce a potential risk of
information leakage, as future values can influence the scaling of earlier observations. However,
since normalization is applied uniformly across all compared configurations, it does not affect the
validity of the comparative analysis.

For example, consider the normalization of data for the disease Influenza. The analysis showed
that over the entire observation period min(y) = 0, max(y) = 444.6. In February 2017 the original
incidence value was V1702 = 55.18.

norm __ 595.18 (11)

=——~0.124.
Y2017.02 444.6

The same normalization procedure was applied to all time points of the analyzed time series. It
should be noted that relatively low normalized values observed in the early years are explained by
the presence of higher epidemic peaks in later periods, which determine the global maximum of the
time series.

In the experimental part of the study, a limited set of exogenous data is considered to extend the
model input space. These variables are not generated by the internal dynamics of the disease
incidence time series and are not used in the baseline neural network model without optimization.
All exogenous variables are deterministic, derived from calendar and demographic information,
and available at the forecasting origin, which reduces the risk of information leakage from future
periods, as all variables are available at the forecasting origin. The selection of these variables is
motivated by their known relevance in epidemiological forecasting, where seasonal patterns and
population-related factors are among the primary drivers of disease dynamics.

The variable z, represents the calendar month index (from 1 to 12) and is used to account for
intra-annual seasonal patterns in disease incidence. The variable z, denotes the season of the year
(encoded as 1-4) and reflects broader seasonal effects. The variable z; corresponds to the
normalized population size and captures demographic influence on disease dynamics.

The specified exogenous variables are not included in the model input space simultaneously by
default. Instead, they are treated as elements of a candidate set from which different input space
configurations are constructed. These configurations are evaluated sequentially within the
optimization procedure, and the optimal set of exogenous variables is selected based on forecasting
performance while keeping the neural network architecture, training parameters, historical
window length, and forecasting horizon unchanged.



In order to identify the most informative configuration of input data, a systematic enumeration
of all possible subsets of the set, in Table 1. In general, the input space optimization may be
implemented as a two-stage procedure (screening followed by forward selection). However, in this
study the candidate set was limited to three exogenous variables (|Z|=3), therefore the screening
step was trivial and the optimization was implemented as an exhaustive enumeration of all subsets,
which is equivalent. This design choice ensures a controlled experiment and allows for an exact
solution to the input selection problem, avoiding approximation errors associated with heuristic
search strategies.

Table 1
Selection of the optimal input space configuration
Configuration Z' Average
# MAPE, %
V4] Zy Z3

0 - - - 82.92
1 + - - 79.10
2 - + - 80.35
3 - - + 79.80
4 + + - 77.95
5 + - + 73.56
6 - + + 78.40
7 + + + 78.41

As shown in Table 1, the lowest forecasting error is achieved when using the configuration Z* =
{z1, z3}. Including all exogenous variables without prior selection does not yield the best result,
indicating the presence of redundant features in the input space and confirming the necessity of
the optimization procedure.

In Table 2, the in-sample training performance of the N-BEATS model is reported for the
selected input space configurations.

Table 2
Performance of neural networks trained on pooled time series
Model Input space Average Average Average
configuration MAPE, % MAE RMSE
N-BEATS without Vet-wa 63.56 1140.8 1322.6

optimization [13]

N-BEATS with all  yewa: + {2, 22, 23} 60.20 1095.4 1268.1
exogenous variables

N-BEATS with Veews + {2z, 23} 57.10 1038.6 1201.9
optimized input
space




The results presented in Table 2 indicate that the inclusion of exogenous variables reduces
approximation error on the training data. However, the greatest improvement is observed only
when using the optimized input space configuration, which suggests that not all exogenous factors
contribute equally to modeling the time series dynamics. These findings demonstrate the
effectiveness of a data-centric approach to improving neural network forecasting performance
without increasing model architectural complexity.

Figure 2 shows a neural network forecast for one infectious disease - influenza. As can be seen,
the forecast generated using the optimized input space more accurately matches the observed
dynamics than the baseline model, which is consistent with the quantitative improvements in
forecasting accuracy noted in the experimental results.
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Figure 2: Forecasting with optimized input space (Influenza).

5. Conclusions and prospects for further research

This study investigated the improvement of neural network-based time series forecasting under
non-stationary conditions through optimization of the model input space rather than through
modifications of network architecture. Using infectious disease incidence data, the baseline N-
BEATS model demonstrated limited predictive performance, with an average forecasting error of
82.92% MAPE.

The proposed input space optimization approach, based on systematic selection of exogenous
variables, led to a substantial improvement in forecasting accuracy. The inclusion of all available
exogenous variables reduced the average out-of-sample error to 78.41% MAPE, whereas the
optimized input space achieved a further reduction to 73.56% MAPE. This corresponds to an overall
relative improvement of approximately 11.3% compared to the baseline model.

In-sample evaluation also confirmed the positive effect of input space optimization. The average
training error decreased from 63.56% MAPE for the baseline configuration to 57.10% MAPE for the
optimized model, indicating improved approximation quality without signs of excessive overfitting.
Importantly, these gains were achieved without changing the N-BEATS architecture, training
procedure, or forecasting horizon.

The obtained results demonstrate that data-centric optimization of input variables is an effective
and computationally efficient strategy for enhancing forecasting accuracy in unstable time series.
This approach improves model generalization and practical relevance while avoiding unnecessary
increases in model complexity.

Further research will focus on exploring automated and adaptive strategies for exogenous
variable selection, and integrating dynamic input space optimization into real-time forecasting
systems.
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