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A FORECASTING METHOD BASED ON
CLUSTERING THE POLYNOMIAL
EXTRAPOLATION SEQUENCE

Time serfes forecasting is an important task in intelligent data
analysis, especially under conditions of short samples, local non-
stationarity, noise, and increased sensitivity to external disturbances.
These properties are characteristic, in particular, of financial time series,
where local trends, random fluctuations, and abrupt changes in dynamics
may coexist even over small observation intervals. One of the promising
approaches to short-term forecasting is polynomial extrapolation.
However, the use of polynomials of different orders for the same segment
of a series produces a set of alternative forecast values, which complicates
the selection of the final forecast.

This paper proposes a short-term forecasting method based on
clustering the values of the polynomial prediction sequence. For a local

fragment of a time series, a sequence of polynomial forecasts P s
formed over a range of polynomial orders, after which cluster analysis is
applied to this set of values. The densest interval method and the DBSCAN
algorithm are used to identify the dominant forecast region, while the final
forecast value is defined as the central characteristic of the detected
cluster. The efficiency of the proposed approach is compared with the
forecasting method based on averaging the polynomial extrapolation
sequence.

Experimental studies were carried out on deterministic functions,
stochastic sequences, and real intraday stock data for Netflix using the
Close parameter. It was found that the polynomial prediction sequence has
an internal structure in the form of local extrema, concentration intervals,
and distant values, which justifies the feasibility of its clustering. The
scientific novelty of the study lies in refining the mechanism for selecting
PPS elements by moving from index-based averaging to structural analysis
of the spatial grouping of forecast values. The practical significance of the
work lies in improving the robustness of short-term forecasting for financial
time series.

Keywords: polynomial extrapolation,; short-term forecasting,
time series; polynomial prediction sequence; forecast clustering; DBSCAN;
financial time series; stock market data.

Introduction

Time series forecasting is one of the fundamental tasks
of intelligent data analysis, since forecast quality directly affects
the effectiveness of decision-making in financial, economic,
technical, and information domains. This task becomes
particularly challenging when only a short local sample is
available, the process is non-stationary, and the data contain noise
components and random disturbances. Such conditions are typical
of financial time series, especially intraday stock market
dynamics, where local trends, short-term fluctuations, and abrupt
directional changes may coexist even over small time intervals.

One of the promising directions in short-term forecasting
under small-sample conditions is polynomial extrapolation. Its
advantage lies in the possibility of constructing a forecast from a
limited number of the most recent observations without requiring
large training datasets or complex parameterized models. At the
same time, applying polynomials of different orders to the same
local fragment of a series produces not a single forecast value, but
a set of alternative estimates. Such a set can reasonably be
interpreted as a Polynomial Prediction Sequence (PPS).

It is precisely the mechanism for forming the final
forecast from the PPS that represents one of the key problematic
aspects of the polynomial approach. The use of a single fixed-
order polynomial, or even averaging a certain part of the forecast
sequence, does not always make it possible to account for the
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internal structure of the set of P, values. In practice, the PPS may contain both mutually close values and

substantially distant estimates arising from the instability of individual polynomials, sensitivity to noise, or the specific
local geometry of the series. Under such conditions, direct averaging may result in the loss of information about the
actual organization of the forecast set.

In this regard, the development of a method capable of analyzing not only individual forecast values but also
the pattern of their grouping is of clear relevance. If PPS values form a dominant region of concentration, then the
center of such a region may provide a more stable and informative forecast estimate. In this paper, an approach is
proposed in which a sequence of polynomial forecasts is generated for a local fragment of a time series over a
predefined range of polynomial orders, after which cluster analysis is applied to this set of values. The densest interval
method and the DBSCAN algorithm are used to identify the dominant forecast region. The effectiveness of the
proposed approach is evaluated on deterministic, stochastic, and real financial data and is compared with the method
based on averaging the polynomial extrapolation sequence.

Related Works

Over the past few years, research on time series forecasting has developed mainly along three directions:
deep neural models for financial series, hybrid and ensemble forecast combination schemes, and clustering methods
that make it possible to identify the hidden structure of either the data or the set of forecast estimates. A review of
recent studies shows that the modern literature is increasingly shifting from isolated models to hybrid architectures;
at the same time, however, the problems of overfitting, distribution shift, and insufficient interpretability of results
remain unresolved. A limitation of most studies is that they systematize existing approaches rather than propose
mechanisms for dealing with a small number of observations and the instability of local forecasts.

Study [1] considers financial forecasting from the perspective of comparing stand-alone neural network
models and hybrid deep learning models. The authors emphasize that hybrid architectures, in particular combinations
of convolutional neural networks, long short-term memory networks, and the attention mechanism (CNN —
Convolutional Neural Network + LSTM — Long Short-Term Memory + Attention), often provide higher accuracy
than individual models. The strength of this work lies in its clear representation of models as a sequence of stages:
input data, feature extraction, and prediction. At the same time, an important limitation of such approaches is their
reliance on complex architectures that require substantial amounts of data and computational resources. For short-
term forecasting tasks on short financial series, this reduces their practical feasibility.

The systematic review [2], conducted in accordance with the PRISMA standard (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses), covers 126 scientific papers across six thematic areas in finance and
shows that machine learning and deep learning methods generally outperform classical models in many applied
financial tasks. At the same time, the authors stress that direct comparison of results across different studies is
complicated by the use of different input feature sets, different evaluation metrics, and non-uniform model validation
procedures. This is an important critical conclusion, since the high quality of an individual model does not in itself
indicate its universal reliability. Therefore, there remains a need for forecasting methods that ensure not only accuracy
but also robustness to changes in the local structure of data. An additional limitation of this review is that it uses only
materials from the ScienceDirect database, which means that some thematically relevant sources may have remained
outside the scope of analysis.

A separate line of research is represented by studies on forecast combination. Review [3] shows that
combining several forecasts has become one of the mainstream approaches in modern forecasting, and that
combination schemes have evolved from simple averaging to nonlinear and time-varying weighting mechanisms. The
strength of this work lies in its theoretical justification of why a set of forecasts is often more useful than the choice
of a single “best” forecast. However, the review leaves open the question of how exactly to identify the most reliable
subset of forecast values in a specific local situation when the set of forecasts contains outliers or several concentration
zones. It is precisely here that clustering the sequence of polynomial forecasts may provide a more local and robust
selection mechanism.

Recent financial time series studies are also characterized by the active use of transformer-type models. For
example, study [4] proposes a Modality-aware Transformer that combines numerical time series with textual financial
reports and uses multiple levels of the attention mechanism to align information from different source types. The
advantage of this approach lies in its multimodal nature and the partial interpretability of results due to the attention
mechanism. At the same time, its limitation is its orientation toward large volumes of heterogeneous data and a
complex feature engineering system. Therefore, this approach does not solve the problem of constructing a robust
forecast from a short local sample based solely on a sequence of numerical observations.

A similar idea is implemented in modern hybrid models. Thus, in [5], a combined model is proposed for
forecasting the CSI 300 index that integrates Complete Ensemble Empirical Mode Decomposition with Adaptive
Noise (CEEMDAN), the Informer architecture for modeling long temporal dependencies, and a Long Short-Term
Memory recurrent neural network (LSTM). The effectiveness of the approach is evaluated using Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error (MAPE). Despite its high predictive
power, this approach is characterized by substantial algorithmic complexity, a large number of parameters, and
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dependence on the structural characteristics of a specific series. In contrast, the focus of our study is not on increasing
model complexity but on making fuller use of the information contained in the set of polynomial forecasts.

Studies closest to the idea proposed in our research are those in which clustering is integrated directly into
the forecasting procedure. Thus, in the TSEN model (Temporal-Spatial dependencies ENhanced deep learning model),
time series first undergo screening and clustering stages, after which a Long Short-Term Memory recurrent neural
network (LSTM) is applied to each identified cluster. Inter-cluster dependencies are then analyzed using the attention
mechanism. The advantage of this approach lies in confirming that clustering can improve the structure of input data
before the forecasting stage. At the same time, in this work clustering is applied to the time series themselves or to
their groups, rather than to the set of alternative forecast values for a single time point [6]. Therefore, the problem of
selecting the final forecast from several local estimates remains unresolved within this approach.

Study [6] develops an approach based on the combination of cluster analysis, a convolutional neural network
(CNN), and a bidirectional long short-term memory network (BiLSTM, Bidirectional Long Short-Term Memory).
The advantages of this approach are demonstrated on the M3 and M4 datasets, corresponding to the third and fourth
M competitions for time series forecasting and widely used as benchmark test environments. An important strength
of this work is its justification of the role of clustering as a means of preparing time series for the forecasting stage.
At the same time, clustering is performed there at the level of transformed series rather than at the level of a set of
alternative forecasts constructed for one-step-ahead prediction. Consequently, this work confirms the promise of
clustering-based forecasting but does not solve the problem of selecting the final forecast from a sequence of
alternative polynomial estimates.

In our own previous studies [7-9], it has already been shown that analyzing the entire sequence of polynomial
forecasts is productive: first through an algorithm for automatically selecting the optimal polynomial degree, and later
through averaging part of the forecast sequence. The strength of these works lies in the transition from a single
polynomial to the analysis of a set of forecasts; their weakness is that averaging still smooths the structure of the set
and does not allow one to explicitly identify the dominant region of concentration of values. It is precisely this
circumstance that forms the scientific niche for a new method in which the final forecast is constructed on the basis
of clustering the values of the polynomial prediction sequence rather than on the basis of a single degree or a global
average.

Purpose

The aim of this study is to develop a short-term time series forecasting method based on clustering the values
of the polynomial prediction sequence in order to refine the mechanisms for selecting PPS elements during averaging.
To achieve this aim, the study is intended to: construct a sequence of polynomial forecasts for a local fragment of a
time series; investigate its structural properties on deterministic, stochastic, and real financial data; develop procedures
for identifying the dominant region of forecast values using the densest interval method and DBSCAN; compare the
obtained results with the forecasting method based on averaging the polynomial extrapolation sequence; and evaluate
the practical applicability of the proposed approach using intraday stock market data for Netflix shares based on the
Close parameter.

Materials and Methods

The object of the study is the problem of short-term time series forecasting based on a local sample of the
most recent observations. The subject of the study is a method for constructing a forecast value based on clustering
the values of the polynomial prediction sequence. Unlike approaches in which the final forecast is determined either
by a single polynomial of fixed degree or by averaging all constructed forecasts, this paper employs the idea of
identifying the densest region (cluster) within the set of alternative polynomial predictive values (PPS). The general
scheme of the forecasting method based on clustering the values of the polynomial prediction sequence is shown in
Fig. 1.

Input history Build forecasts Clustering Select dominant Compute
Time series Pm of values in P cluster the forecast

7 Polynomial extrapolation Find dense regions in Choose the cluster with
for m =m,,,,. L v the set of forecasts the largest number
7 » of points
Densest Interval

gy /" '/ » P ﬁ( I I(’l’\")f" W ’ (interval search) ’__m_..' N _ e » frr1 = D(CY)

Compute the center
of the selected cluster

v
A
N / Sequence of forecasts DBSCAN Center options:
¥ at: 2

rees P = (D s P} (density-based clustering) 4 + mean

e =

- dia
Pm ° C* =arg Imlx|C,[ * median )
Available observations pad gose . . N M @) « interval mid-point
.
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Final forecast f,, 1

Fig. 1. A prediction algorithm scheme based on clustering
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Let the time series f, = f (iA), i=n,n—1,...,n—N +1, be given, where A is the discretization step

and, N isthe number of the most recent available observations used for forecasting. It is required to construct a one-
step-ahead forecast of the value f,., = f((n+1)A). To this end, for each m=1,2,...,k a polynomial forecast

P, is constructed, corresponding to the use of the last M values of the series. The value P, is determined by the
formula

m (m
p, =l =D (1) ( k} oo )

k=1
m k . . .
where K = Cm are the binomial coefficients.

This formula corresponds to a fast method for computing the forecast based on an interpolation polynomial

of degree M —1 nd is used both in the proposed approach and in the polynomial extrapolation sequence averaging
method [8].

Thus, for the same forecasting instant, a PPS sequence is formed: P = { Py Pyyeens pm} . A distinctive

feature of this approach is that each value P, is an alternative estimate of the future value f obtained on the

n+l
basis of different history depths. Therefore, not only the individual value P, is informative, but also the structure of

the entire sequence P : the presence of concentrations, dispersion, local groups, and remote values. Fig. 2 shows an
example of such a PPS for 9 points, computed from NFLX stock quotations and their placement on the numerical
axis.

Sequence of polynomial forecasts Cluster structure of polynomial forecasts

1701 —— pp -~ Exact value DBSCAN cluster
Densest interval Center DBSCAN

A CenterDI
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Fig. 2. Values of Polynomial Predictions Sequence and its cluster structure

Unlike approaches in which the final forecast is identified with either a single polynomial of fixed degree or
the averaging of a part of the sequence P, this paper employs a clustering-based approach, in which the final value
is determined on the basis of the region with the highest concentration of elements of the set P . To analyze the
internal structure of the sequence [, let us consider two adjacent elements of this sequence:

b =30} e

k=1

e a(m+1
pm+1:Z(_1)k l( K jfnkﬂ'

k=1

I i | e

Using Pascal’s identity

Then

We receive
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m

_ m m
P = P = Z(_l)k ! [k _]} fn—k+l + (—1) fn—m' )

k=1
Let's use substitution j =k —1:
m i(m
Doy — P, :Z(—l)J( j fo i ®3)
=0

Thus, expression (3) is M -th inverse finite difference at the point, f_, i.e.

Poys = Pn = 4 fn'

n?'

We obtained a recurrence formula for a sequence of polynomial predictions:

pm+1 pm + V f (4)
Relation (4) shows that each subsequent term of the sequence of polynomial predictions differs from the

previous one by the corresponding inverse finite difference. Therefore, the sequence P is an informative object of
study, and not just a set of isolated forecast values.

For comparative analysis, a method is used in which the final forecast value is constructed as the arithmetic
mean of a certain number of the first elements of a sequence of polynomial forecasts. In the relevant work, it was

proposed to search for a forecast in the form of averaging a subsequence { Py Pyyeens pm} , and the optimal value

M determined by minimizing the internal deviation between the forecast at the point N+1 and the estimate

constructed for the point N+ 2 [8].
According to this formulation, the averaged forecast has the form

(avg m _ 0]
n+1 z fn+l'

In the cited work, an equivalent analytical representatlon of this averaging procedure in terms of time-series
values is also provided, and the internal characteristic

A

m

f(m)_ f(m)

n+2 n+l

is used to assess the quality of the choice of m .
After that, the optimal value of M is determined as
m = argminA_.
mef{l,2,...,n}
Then, the final forecast of the averaging method is defined as
f(ava) _ f(avgm’)

n+1 n+1
It is precisely this approach that is further used as the baseline comparison method for evaluating the
effectiveness of cluster-based forecast formation. Its key idea consists in selecting an initial fragment of the
polynomial prediction sequence. In the approach proposed in this study, the selection is performed not according to
the index position of the elements, but according to their spatial arrangement on the numerical axis. Regions with the
highest concentration of P, values are identified, and the final forecast is constructed on the basis of the central
characteristic of this region.

Let C be a subset of the values of P corresponding to the identified cluster or the densest interval. Then
the final forecast is defined as

f.., =D(C),
where @(C) is the rule for computing the cluster center. The software implementation provides three
options:
1) arithmetic mean:
®(C) = z X;
| C | xeC
2) median:
®(C) = median(C);
3) interval midpoint:
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+R
o)==t Fe
2
where L. and R are the left and right boundaries of the identified cluster or interval.

Two clustering approaches are implemented in the study: the Densest Interval (DI) method and DBSCAN
(Density-Based Spatial Clustering of Applications with Noise).

The first clustering approach, DI, is based on searching for the densest interval among the values of the
sequence P . For this purpose, the elements of the set are ordered in ascending order:

v, <V, <. <V

Then all possible contiguous subsequences

[v,v], 1<l<r<s,
containing at least ( points are considered. For each such interval, its width is computed as

Wl,r = Vr _VI
as well as the classical density measure
r—-1+1
pl r

T max(v,—v,, &)’
where &, >0 is a small number introduced to avoid division by zero.
The optimal interval is defined as
(I",r") =argmaxp, ,.
I,r

After that, the cluster is formed as
Co ={v..V. -V}
and the forecast value is determined as
£(Dl) _
0 =a(Cy)).

n+1

The second clustering approach is based on the DBSCAN algorithm. The set P is considered as a one-
dimensional sample

P :{pl’ Pos--e pm}'

The algorithm uses two parameters:

. & —the radius of the local neighborhood;

. MinPts — the minimum number of points in the & -neighborhood.

Points that have a sufficient number of neighbors within radius & form dense regions, which are
interpreted as clusters. Points that do not belong to any such region are treated as noise. As a result, a set of clusters
is formed:

Cps ={C..C,....,C,}.
As the final cluster, the one containing the largest number of elements is selected:
Cos =arg max‘Cj‘.
CjeCDB
Then the final forecast is determined as

fi2® = d(Co).
To investigate the properties of the proposed approach, three types of data are used. In controlled

experiments, the values of the following functions are analyzed:

y = cos(hx),
y =cos(hIn x),
y — ehx,

where h is a function parameter.
To study the behavior of the algorithms on noisy sequences, random data generated from a normal
distribution are used:

y, =N (0,0%),

where o determines the noise level.
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To assess the practical applicability of the method, real financial time series loaded from Excel files are used.
As experimental data, intraday quotations of Netflix (NFLX) stock over one trading day (08.12.2025) with a
discretization step of A =30 minutes (fields: Timestamp, Close) are considered. In addition, the effectiveness of the
method was tested on daily quotations of Apple (AAPL) stock over the period 2019-2025. From the selected Close
column, a sequence of values is formed in which the last observation is used as the reference value, while the preceding
observations are used as the history for forecast construction.
For each approach (DI, DBSCAN), the absolute error is computed as
Ay, =T —f

abs n+l n+1

and the relative error as

~

f—f

n+1 n+1

A =

rel

-100%.

| n+l
In addition to numerical characteristics, the software implementation employs visual analysis tools, including

a plot of the original time series with the true and forecast values, a plot of the P, values with point numbering, a
plot of the cluster analysis on the numerical axis with cluster boundaries highlighted, and a histogram of the
distribution of the P, values. It is also recorded separately which particular P, values are included in the identified

clusters. This makes it possible to analyze not only the accuracy of the final forecast, but also the internal structure of
the set of alternative polynomial forecasts.

Experiments
Experimental studies were conducted to evaluate the effectiveness of the proposed forecasting method based
on clustering the values of the polynomial prediction sequence and to compare it with the forecasting method based
on averaging the polynomial extrapolation sequence [8]. In all experiments, a unified scheme was used for

constructing the polynomial prediction sequence P = { Py Pyyeens pm} (1) over a given range of M values. After

that, two cluster analysis approaches were applied to this set: the Densest Interval (DI) method and the DBSCAN
method.
The study was carried out for three classes of data:

. deterministic functions;
. stochastic (random) sequences;
. real financial time series.

For each type of data, the prediction sequence P, was constructed for varying parameters
m e [m,;,, M,.,J, after which its structure, distribution density, and behavior were analyzed.
The following functions were used as test functions:
y=cos(hx), y=cos(hinx), y=e™.
Fig. 3 shows a fragment of the graph of the function Y = cos(hx) and the graph of the polynomial prediction
sequence for the following given parameters: X, =1 (initial value), N =30 (number of historical points), h =0, 3
(parameter), A =1 (step), M, =2, M ., =20 (minimum and maximum values of the number of points for the

PPS sequence), € =0,5 (radius of the local neighborhood for DBSCAN).

Time series and forecast values Sequence of polynomial forecasts

100 -0.05
075
0,50 -1.00
0.25 /
—e— History Densest interval < -105
00071 o Exactvalue 4 DBSCAN <
-025
-110
-0.50
075
-1.15
-1.00 -
0 L 10 15 20 25 30

Index / time m Flg

Value

—— P

--- Exact value

3. Plot of function Y = COS(hX) and its Polynomial Predictions Sequence (PPS).
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For deterministic functions, as can be seen from Fig. 3, the sequence of polynomial predictions P,
demonstrates structured and predictable behavior, namely:

. local extrema are observed;
. random noise is absent;
. the values are concentrated within a limited interval.

This is explained by the fact that the input data have a regular structure, while polynomial extrapolation
effectively reconstructs the local smoothness of the function.

The distribution of PPS values on the numerical axis, the cluster structure, the histogram, and the KDE
(Kernel Density Estimation) density estimate are shown in Fig. 4. For better visualization of point placement, a vertical
displacement parameter (jitter) was used.

Cluster structure of polynomial forecasts Distribution of polynomial forecasts
7
L -- Exactvalue DBSCAN cluster = Histogram
v . Densest interval Center DBSCAN 10 KDE
% A CenterDI --- Exact value
é i
'
R 8
brl
v
1 =
! 2
1 56
H
H
3 é £
F 4
i
i
i 2
®
] ,—‘ e
h I L 1 |
0
-1.2 -11 -1.0 -0.9 -08 -1.15 -1.10 -1.05 -1.00 -0.95
Values of pp, Values of py,

Fig. 4. Cluster structure and distribution of PPS for Y = COS(hX) .

The results of the cluster analysis obtained using the DI and DBSCAN methods are presented in Table 1.

Table 1
Results of cluster analysis using DI and DBSCAN methods
Method Exact Predicted | Absolute Relative Left Right Cluster | Cluster | Cluster
Value Value Error Error (%) Bound Bound Count Width Mode
Densest Interval (DI) | -0,97845 -0,97845 0,00001 0,00065 -0,97846 -0,97843 2 0,00003 mean
DBSCAN -0,97845 -0,99442 0,01597 1,63220 -1,16445 -0,94898 15 0,21547 mean

The stochastic data used in the experiments were generated with a pseudorandom number generator as a
sample from a normal (Gaussian) distribution with zero mean and a prescribed standard deviation o, which
determined the noise level in the series. The generation of values is described by the relation

2
Yy, ~N(0,07)
To ensure reproducibility of the results, a fixed initial state of the generator (seed) was used. In each
experiment, a sequence of N +1 values was generated, where the first N elements were used as the history

{f,, f,..., Ty .}

and the last value fN was treated as the reference (true) value for evaluating forecast accuracy. The input
data were generated without additional assumptions regarding trend or seasonality, which made it possible to
investigate the behavior of the polynomial prediction sequence P, under the absence of deterministic structure and

to assess the ability of the clustering method to detect internal regularities even in random data.
Fig. 5 shows the graph of the stochastic data and the graph of the polynomial prediction sequence for the
following specified parameters: N =30 (number of historical points), Seed =42 (reproducibility parameter of

the pseudorandom distribution), o = 0,5 (noise level), M. =2, M., = 20 (minimum and maximum number of
points for the PPS sequence), £ = 0,5 (radius of the local neighborhood for DBSCAN).
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Time series and forecast values Sequence of polynomial forecasts
%
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Fig. 5. Graph of stochastic data and its Polynomial Predictions Sequence (PPS).
Despite the random nature of the input series, the sequence P, demonstrates features of deterministic
behavior. In particular:

. a chaotic structure is absent;

. intervals of monotonicity are preserved;
. local extrema arise;

. clustering of values is observed.

The distribution of PPS values on the numerical axis, the cluster structure, the histogram, and the KDE
(Kernel Density Estimation) density estimate are shown in Fig. 6. For better visualization of the arrangement of points,
a vertical displacement parameter (jitter) was used.

Cluster structure of polynomial forecasts Distribution of polynomial forecasts
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Fig. 6. Cluster structure and distribution of PPS for stochastic data

The results of the cluster analysis of the polynomial prediction sequence for stochastic data obtained using
the DI and DBSCAN methods are presented in Table 2.

Table 2
Results of cluster analysis using DI and DBSCAN methods for stochastic data.
Method Exact Predicted | Absolute Relative Left Right Cluster CIl_Jster Cluster
Value Value Error Error (%) Bound Bound Count Width Mode
Densest Interval (DI) | 1,070824 | 0,217155 | 0,853669 79,72079 0,209855 | 0,224455 2 0,01460 mean
DBSCAN 1,070824 0,174162 0,896661 83,73567 0,088178 0,224455 3 0,13628 mean

For experiments on real financial data, an intraday dataset of Netflix (NFLX) stock quotations was used,
provided in Excel format with a 30-minute discretization interval. The main analyzed indicator was the Close
parameter, i.e., the closing price of the corresponding 30-minute interval. This variable directly reflects the final
market state within each observation. Such a dataset is representative for short-term forecasting tasks, since it
combines local fluctuations, microtrends, and random variations characteristic of intraday stock market dynamics.
The use of 30-minute intervals makes it possible to analyze the series over a sufficiently short time horizon, where
polynomial extrapolation and subsequent PPS clustering can reveal local regularities.

Fig. 7 shows the graph of NFLX stock quotations and the graph of the polynomial prediction sequence for

the following specified parameters: N =31 (number of historical points), M, =2, M., =12 (minimum and
maximum numbers of points for the PPS sequence), & = 0,5 (radius of the local neighborhood for DBSCAN).
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Fig. 7. Graph of stock data (NFLX, 30 min) and its Polynomial Predictions Sequence (PPS).

For stock market quotations, the PPS sequence has its own specific features, namely:

. it has a mixed nature, being partly smooth and partly noisy;
. dominant clusters are clearly distinguished,;
DBSCAN consistently identifies the most representative group of values (Fig. 8).
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Fig. 8. Cluster structure and distribution of PPS for stock data (ticker NFLX, 30 min)

The results of the cluster analysis of the polynomial prediction sequence for stochastic data obtained using
the DI and DBSCAN methods are presented in Table 3.

Table 3
Results of cluster analysis using DI and DBSCAN methods for stock data (ticker NFLX, 30 min).
Method Exact Predicted Absolute Rélra;tci]\r/e Left Right Cluster Clqster Cluster
Value Value Error (%) Bound Bound Count Width Mode
Densest Interval (DI) 96,6101 96,1695 0,4406 0,45606 96,1096 96,2294 2 0,1198 mean
DBSCAN 96,6101 96,2294 0,3807 0,39406 95,9195 96,6298 5 0,7103 mean

The obtained results show that, regardless of the type of input data, the sequence of polynomial predictions
P,, possesses an internal structure manifested in the form of local extrema and dense regions of values. This

substantiates the expediency of applying clustering methods to determine the final forecast. The most stable results
were obtained using the DBSCAN algorithm, which makes it possible to identify dominant groups of values even in
the presence of noise.

Results and Discussion

The conducted experiments showed that the sequence of polynomial predictions P = { P, Py, .., pm} , s

characterized, in a certain sense, by deterministic behavior even for stochastic data. In particular, for deterministic
functions, convergence is observed in most cases. In the case of divergence, it is strictly monotonic.

For stochastic data, specifically for samples drawn from a normally distributed population, the sequence P
exhibits a clearly expressed deterministic behavior characteristic of periodic oscillations with increasing amplitude;
local concentrations, intervals of relative monotonicity, and distinct dominant regions on the numerical axis are
observed. A similar behavior was exhibited by the sequence for real stock market data of Netflix shares (for the Close
parameter). In this case, it contained compact groups of close forecast values. This created the prerequisites for the
application of cluster analysis. In numerical terms, the values of errors and metrics are presented in Tables 1-3. The
proposed approach was compared with the baseline method of averaging the polynomial extrapolation sequence [7].

A one-step-ahead forecast was performed for the last Close value in the file with 30-minute NFLX quotations.
The first 31 Close values were taken as the historical data, while the last value at timestamp 2025-12-08 19:30:00 was
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assumed to be unknown and was used only for validation; its actual value is 96.6101. For the averaging method, the

algorithm described in [7] was used: for each m the polynomial forecast 7, was computed, then the estimate f,

, and then the deviation

11~
Am :E fnTZ - fnTl

was selected

m =argminA .
me{1,2,..,n}

For comparison with the clustering methods, the following parameters were used: N =31 (number of
historical points), M., =2, m_.. =15 (minimum and maximum numbers of points for the PPS sequence), & =3
(radius of the local neighborhood for DBSCAN). The following results were obtained (Table 4):

Table 4
Comparison results of cluster methods with the algorithm for averaging PPS.
Method Exact Predicted Absolute Rélre;'gi\r/e Left Right Cluster CIL_lster Cluster
Value Value Error (%) Bound Bound Count Width Mode
Densest Interval (DI) | 96,61010 96,16950 0,44060 0,45606 96,10960 96,2294 2 0,1198 mean
DBSCAN 96,61010 96,62788 0,01778 0,01841 95,91950 98,4993 6 2,5798 mean
Averaging PPS 96,61010 96,62788 0,01778 0,01841 - - - - -

Thus, for the reference point 96,6101, the best results were obtained by the averaging method and DBSCAN,
whereas the densest interval method produced the largest error. This comparison refers specifically to the last Close
value and to exactly these parameter settings of the software implementation. For another range of m or another
value of & the DBSCAN result may change. This is clearly seen from the comparison with Table 3: for

Myin =2, M, =12 and £ =0,5 the relative error was larger and amounted to 0,39406%.

Although the densest interval algorithm is specifically designed to identify the region of maximum local
concentration of forecast values, in practical experiments it may yield inferior results compared with DBSCAN. This

. . o count
can be explained by the fact that the density criterion p =

width

necessarily represent the dominant trend of the entire set of forecast values. Instead, DBSCAN better captures the
structure of the principal concentration of points and therefore, in some cases, provides a more accurate final forecast.

The obtained results can be explained by the fact that the individual elements of the sequence are not
independent forecasts, but are formed on the basis of a common local history and are interconnected through the
structure of finite differences. That is why, even when the polynomial degree changes, the forecasts do not disperse
chaotically, but tend to form distinct regions of concentration. If such a region corresponds to a locally stable part of
the prediction sequence, then its center turns out to be a more representative estimate of the future value than either
an individual forecast of fixed degree or the averaging of elements selected only according to their position in the
sequence. In essence, clustering reveals not merely the “average” value of the forecasts, but the dominant geometric
structure of the set P .

The advantages of the proposed solution are ensured by several of its features:

favors very narrow local groups, which do not

1) he method is not limited to selecting a single “best” polynomial of fixed degree, but uses the entire
sequence of alternative forecasts obtained from the same local fragment of the series;

2) within the method, the spatial arrangement of the values P, on the numerical axis is taken into
account, that is, the actual concentration of forecasts rather than merely their index position in the sequence;

3) clustering makes it possible to reduce the influence of individual anomalous or unstable values that
may arise for higher polynomial degrees;

4) the method is sufficiently flexible, since it allows different ways of forming the final forecast —

through the densest interval or through DBSCAN — as well as different ways of determining the cluster center.

Compared with the known method of averaging the polynomial extrapolation sequence [7], the advantage of
the proposed approach lies in the fact that it refines the mechanism for selecting PPS elements: not according to the
rule “take the first M elements,” but according to the rule “take those elements that form the dominant region of
forecast values.” This constitutes the main scientific novelty and practical value of the study.

At the same time, the results of the study also have a number of limitations that should be taken into account
in practical applications and in further theoretical developments. First of all, the proposed method is focused on short-
term one-step forecasting; its behavior in multi-step forecasting requires separate investigation. A second important
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limitation is the parameterization of the clustering procedures: for DBSCAN, the choice of ¢ is crucial, while for the
densest interval method, the choice of the minimum number of points is essential. It should also be taken into account
that, for real financial data, intraday series may depend substantially on volatility, the news background, and
microstructural market effects, which are not directly incorporated into the polynomial model itself.

Among the shortcomings of the study is the fact that, at the current stage, the experimental validation has
been carried out on a limited set of scenarios and does not cover the full range of financial instruments, market regimes,
and time horizons. Another drawback is the absence, at the present stage, of strict theoretical criteria that would
unambiguously establish under which conditions the clustering-based approach is guaranteed to outperform the
baseline averaging method.

Further development of the research appears advisable in several directions:

1) transition from individual test examples to batch analysis on a large number of sequential windows
of real financial series. Such an approach would make it possible to provide a statistically substantiated answer
regarding the advantages of one or another aggregation method.

2) adaptive selection of clustering parameters, primarily & for DBSCAN, based on the internal
characteristics of the set P .
3) further theoretical investigation of the form and properties of the polynomial prediction sequence,

in particular the conditions for the emergence of clusters, local extrema, monotonicity intervals, and convergence
effects.

4) extension of the research to multi-step forecasting.

These directions constitute a natural continuation of the study, since they make it possible to improve the
practical robustness of the method and deepen its mathematical justification.

Overall, the results of the study indicate that clustering the values of the polynomial prediction sequence is a
justified and promising way to refine the mechanism for selecting PPS elements in forming the final forecast. The
proposed approach is a further development of the forecasting method based on averaging the sequence of polynomial
predictions.

Conclusions

This paper develops a method for short-term time series forecasting based on clustering the values of the
polynomial prediction sequence. Unlike approaches in which the final forecast value is determined either by a single
polynomial of fixed degree or by averaging the first elements of the PPS sequence, the proposed method is based on
analyzing the spatial structure of the set of alternative forecasts and identifying its dominant region. This made it
possible to refine the mechanism for selecting PPS elements in the formation of the final forecast.

In the course of the study, it was established that the sequence of polynomial predictions is characterized by
the presence of concentration intervals, which confirms the expediency of applying cluster analysis.

The experimental results showed that the use of the densest interval method and the DBSCAN algorithm
makes it possible to generate more accurate forecast estimates.

The obtained results confirmed the practical applicability of the approach to short-term forecasting of intraday
stock market series, in particular Netflix stock data for the Close parameter.

Further research should be directed toward adaptive selection of clustering parameters, batch analysis on a
large number of financial series, and theoretical investigation of the conditions under which the cluster structure of
the polynomial prediction sequence is formed.
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FOpiit TYPBAJIL, Onexcanap KYBAM

HarjionansHuit yHiBepCcHTET BOJHOTO TOCHOJAPCTBA Ta IPUPOJIOKOPUCTYBAHHS

METO/ ITPOTHO3YBAHHSI HA OCHOBI KJIACTEPU3AIIII IOJITHOMIAJIBHOI
EKCTPANIOJISIIMHOI MOCJITOBHOCTI

[IpOrHO3yBaHHs 4acoBuUX PSAIB € BaX/MBOK 334a4YEI0 IHTENIEKTYa/IbHOrO aHaazy AaHnx, 0CoO/IMBO B yMOBax KOPOTKUX
BUOIPOK, JI0Ka/IbHOI HECTALIOHaPHOCT], LWyMy Ta MABALYEHOI YyT/IMBOCTI O 30BHILLHIX 30ypeHb. Taki B/IACTUBOCTI XapaKTEDHI,
30KpeMa, A5 QIHAHCOBUX 4acoBuX PsAIB, A€ HA Ma/MX IHTEPBANAX ClIOCTEPEXEHHS MOEAHYIOTLCS JIOKA/IbHI TDEHAM, BUNaAKOBI
KO/IMBaHHSA Ta Pi3ki 3MiHU auHamiku. OQHUM [3 NEPCIEKTUBHUX MIAXOAIB A0 KOPOTKOCTPOKOBOIO POrHO3YBaHHS € MOJIHOMIE/ IbHA
eKcTparonayis. [pote BUKOPUCTAaHHS MOJTIHOMIB PI3HOMO rOpsAKY A/1S OQHOrO ¥ TOro camMoro @parmMeHTa pagy @OopMye MHOXUHY
a/IbTEPHATUBHNX POrHO3HUX 3HAYEHB, LLYO YCKIIAAHIOE BUOIP TiACYMKOBOIO MPOrHO3Y.

Y poboTti 3arporoHoBaHoO METO4 KOPOTKOCTPOKOBOIO POrHO3yBaHHS Ha OCHOBI K/1ACTEPU3ALIi 3HAYEHD I10/TIHOMIa/IbHOI

EKCTPAroNALiiHOI MOCTA0BHOCTI, LIS @parMeHTa 4acosoro psay QOpMyETbCs MOCTIAOBHICTb I0/IIHOMIa/bHIX MPOrHOo3iB Py, ¥

334aHOMYy Jiana3oHi IMOPSAKIB, MIC/IS YOro 40 MHOXUHY LMX 3HAYeHb 3aCTOCOBYETHCS KIIACTEPHMI aHasII3. L1 BUAINEHHS JOMIHAHTHOI
06/18CTi  MIPOrHO3IB BUKOPUCTAHO METOA HAaVILUITbHILIOrO HTEpBasy Ta amnroputm DBSCAN, a @iHa/ibHE IPOrHO3HE 3HAYEHHS
BU3HAYEETHCS SIK LIGHTPA/IbHE X3PAKTEDPUCTUKA 3HAVAEHOrO KacTepa. EQEeKTUBHICTb 3arpOorioHOBAHOo MiAX048y MOPIBHIOETLCS 3
METOLOM IPOrHO3yBaHHS Ha OCHOBI YCEPEAHEHHS I0/IHOMIA/IbHOI EKCTPANONALIMHOI MTOC/IA0BHOCTI,

EKCrIeEpUMEHTA/IbHI AOCTTIIKEHHS MPOBEAEHO Ha AETEPMIHOBaHNX QYHKLISX, CTOXaCTUYHUX MOCTIAOBHOCTIX Ta peasibHuX
BHYTPILLIHbOAEHHUX GipxoBMX garHux akuivi Netflix 3a napametpom Close. BCTaHOB/IEHO, LU0 MOC/TAOBHICTE O/IIHOMIA/IbHUX TPOMHO3IB
MAaE BHYTDILLIHIO CTDYKTYPY y BUITISAI JIOKa/IbHUX EKCTPEMYMIB, IHTEPBA/IIB KOHLEHTPAUII Ta BIAAANIEHNX 3HAYEHb, LU0 OOIpyHTOBYE
AOUITIbHICTD i KnacTepuzalli. HaykoBa HOBU3Ha pobOTY 0/1Srac B yTOYHEHHI MEXaHI3My BUOOPY e1eMeHTIB PPS wwisxom nepexogy
Bl IHAEKCHOIO YCEPEAHEHHS A0 CTDYKTYPHOIO aHasiizy rpoCTOpOBOro rpyryBaHHs MpPOrHO3HNX 3HAYEHb. [IPaKTUYHE 3HAYYLLICTb
10/15ra€ ¥ MiABHLLEHHI CTIVIKOCTI KODOTKOCTPDOKOBOIO POrHO3YBaHHS DiHaHCOBUX YacoBuX psgiB.

Kio4oBi  C/10Ba:  MO/IIHOMIA/IbHa EKCTPArosisaLisi, KOPOTKOCTPOKOBE [POrHO3yBAHHS, Yacosi psau;, [OCI[OBHICTE
TIOJIIHOMIA/TbHUX [TPOrHO3iB, K/actepu3ayis nporHo3sis; DBSCAN, @iHaHcoBi Yyacosi psam, GipxxoBi AaHi.
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