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Abstract: Importance. This paper proposes a method of 

forecasting of essentially non-stationary time series, i.e. of 

series that changing structure, variables or model, the 

coefficients for the variables. Because of nonstationarity of 

processes that generate economic indicators, most economic 

time series falls in this category. Objective. Currently, 

structural analysis of essentially non-stationary time series can 

be represented in two directions: 1) a breakdown of such series 

on the segments in which the properties of the component little 

changed, after which the analysis of patterns, one approach 

which is consistent allocation component of the time series for 

each segment and 2) identify patterns. Found in the history of 

areas with similar dynamic characteristics allow to receive 

quite accurate forecasts of future values of the series. In the 

work in the second direction was studied algorithms of the 

method of k-nearest neighbor with constant and variable-

length pattern and different metrics vicinity.Methods. To study 

the variations of the algorithm was built prediction model data 

with varying period and forecasts of real cyclic series 

production of electricity from coal and natural gas.Results. 

The most accurate forecast model data was built using the 

algorithm with the conversion of the abscissa, the algorithm 

with fixed-length pattern gave high errors. Conclusions and 

Relevance. When dealing with economic time series change as 

the model coefficients, so and its structure. Reduces the 

number of variables and their influence disappears from the 

model, while others appear. For such series forecasting 

patterns should be used with transformations on the abscissa. 

 

Key words: variable pattern length, forecasting non-stationary 

time-series. 

 

Introduction 

As has been noted in many papers on economic theory and 

mathematical modeling, most of the economic indicators are 

characterized by significant non-stationary processes of 

generating and variability of its structure. When working with 

multi-dimensional and one-dimensional time series of economic 

change as the model coefficients, so, and its structure. Reduces 

the number of variables and their influence disappears from the 

model, while others appear (Perminov G. 2013), (Ovchinnikov 

AA, Hramov AE, Lyuttehann A. & Koronovskii AA 2011). 

Currently, the structural analysis of essentially non-stationary 

time series can be represented as two directions: 1) a breakdown 

of such series into segments on which properties of the 

components do not change much, and then analyzes the 

structure, one of the approaches that are consistent allocation 

component time series for each segment (Perminov GI &  

Leonova NV. 2012) and 2) identifying patterns. Found in the 

history of sites with similar dynamic characteristics allow to 

obtain fairly accurate predictions of future values of the series 

(Alesgerov FT, Belousov VU, LG Egorova & Mirkin BG. 2013). 

Research Questions  

The purpose of this paper is to examine the prediction algorithm 

of nonstationary time series by allocation patterns with constant 

and variable length.  

In accordance with this objective were as follows:  

• the method of k nearest neighbors to find the most suitable 

metric proximity,  

• the need to make the transformation patterns along the 

horizontal axis, or enough to search for patterns of fixed length. 

 

Research Methods  

The work was carried out practical calculation of real time series 

algorithms using k nearest neighbors method with constant and 

variable-length pattern and different metrics vicinity. 

 

Research results  

The most accurate forecast model data was built using the 

algorithm with the conversion of the abscissa and the Minkowski 

metric is not noisy series and weighted Euclidean for very noisy 

series. It has been found that selection of the most suitable 

metric is also strongly dependent on the type of series. For less 

noisy series, reflecting the production of electricity from coal, 

better suited Minkowski metric, and for more noisy production 

of natural gas - the weighted Euclidean, as often it uses minimal 

number of nearest neighbors and thus less susceptible to noise. 

 

State of the question  

One of the most urgent tasks is the prediction of financial time 

series, which is impossible without investment activity. 

However, the practical application of these methods is difficult 

because of the nonstationarity of the time series.’ Patterns of 

development of the financial markets are constantly changing, 

and these changes occur very quickly. Accordingly, the quality 

of the forecast will depend on the correct choice of the training 

set. In this regard, in an attempt to find specific patterns of 

movement of financial time series has been described a variety 

of market patterns (Perminov G. 2013). Market pattern is a set of 

features, allowing it to determine the market. These symptoms 

can be absolutely or relatively formalized (Exchange 

information-analytical portal ClusterDelta.com: 

http://clusterdelta.com/patterns/). 

 

1. Methods for determining patterns  

In (MQL5.community: http://www.mql5.com/ru/code/133) 

discussed in detail the various algorithms for computing 

patterns.  

Another aspect of the calculation is the choice patterns of source 

data. For example, in (Exchange information-analytical portal 

ClusterDelta.com: http://clusterdelta.com/patterns/) analyzes 

different approaches. 

Methods for determining patterns of the most frequently used 

method is the k-nearest neighbors. Method of k-nearest neighbor 

mailto:batueva.marija@gmail.com
http://clusterdelta.com/patterns/
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(k-NN, k-Nearest Neighbor algorithm) k looking past patterns 

(neighbors), most similar to the current pattern and calculates a 

price based on the average of any suspended neighbors. 

On the basis of this method was developed indicator written in 

MetaQuotes Language 5 (MQL5) - built-in language for 

programming trading strategies developed by MetaQuotes 

Software Corp. The indicator is designed for MetaTrader 5 

trading platform, allowing to carry out brokerage services in 

Forex, CFD, Futures and exchange markets (MQL5.community: 

http://www.mql5.com/ru/code/133). 

 
Fig.1. Predicting patterns in the packet in the MetaTrader 5 

 

This indicator is based on the algorithm of 1-NN, ie to find one 

nearest neighbor. To estimate the distance between the current 

and past patterns indicator uses the correlation coefficient. The 

indicator draws two curves calculated using the nearest neighbor 

found: solid curve reflects the dynamics of the process in the 

past, and the dot-dash - in the future (Fig. 1). Baseline data are 

shown with tears. In constructing these curves nearest neighbor 

is scaled obtained from the linear regression between patterns. 

The meter also displays information about the date of the nearest 

neighbor and the correlation coefficient with this pattern. For 

example: "Date 2003.08.27 7:00:00 nearest neighbor, the 

correlation coefficient is equal to the current pattern of 

0.9434264228359904." 

The main drawback of this algorithm is that it measures only one 

nearest neighbor, whereas the more accurate prediction can be 

obtained by incorporating consideration of k neighbors.  

 

2. Dynamic analysis of patterns 

Another way of finding the nearest neighbor is to use DTW 

(dynamic time warping) algorithm. This algorithm builds a path 

of least cost, minimizing the distance between the elements of 

the series and its subsequence (Romanenko AA. 2011). 

The idea of the algorithm is to use the first step of the classical 

DTW algorithm to weed out a subsequence, which can not 

satisfy the constraint expressed by the condition that the step of 

the way W participated only adjacent elements of the matrix 

(including diagonally adjacent). And on the next steps in the 

usual enumeration of the remaining subsequences selected by 

the classical optimal DTW algorithm. 

 

3. Prediction of univariate time series by the k-nearest 

neighbors  

 

Problem of forecasting univariate time series by the k-nearest 

neighbors adequately studied. Unresolved issue is the length of 

the patterns. In most studies the pattern length is constant and 

equal history (Varfolomeeva AA 2011). 

But lately there have been other proposals - row length is not 

fixed, as the patterns are compared to the background after 

transformation on the x-axis (Tsiganova SV. 2011). We can 

assume that for series with varying frequency is more efficient 

algorithm, implying transformation along the horizontal axis, 

and for a time series with a constant period such conversion does 

not necessarily lead. 

 

Statement of the Problem 

In this paper, first, we study the problem of finding the most 

suitable metric proximity, and secondly - the need to make the 

transformation patterns along the horizontal axis, or enough to 

search for patterns of fixed length. To determine the closest 

segments in this paper we study the linear transformation 

(compression, tension and shear) invariants of transformation 

and function of "closeness" of segments of time series. The latter 

will be one of the criteria for an adequate prediction of the 

constructed algorithm.  

 

Brief theoretical information 

1. Statement of the Problem  

`In this paper we consider the one-dimensional time series - 

series in which each point in time compared real number   

{xt1, xt2, . . . , xtn} 

Required to predict the following sequence of values L  

{xtn +1, xtn +2,. . . , xtn + L}, which will be determined by the value 

of history {xtn-L +1, xtn-L +2,. . . , xtn} length L. 

 

2. Algorithm for finding patterns with transformations in X 

and Y  

Algorithm has the form (Tsiganova SV 2011): 

1. Throughout the time series are allocated vector of length r: 

rmin,. . . , rmax, after which linear transformations (compression, 

tension and shear) are similar to the background  

{xtn-L+1, xtn-L+2, . . . , xtn}. 

2. Are invariants and study transformations between two close 

vectors of time series and using the criteria defined by proximity 

most "similar" vector.  

3. Proximity criterion is the proximity function of two vectors a, 

b - in this paper are: 

standard Euclidean metric: 

, 

weighted Euclidean metric:  

,  

Minkowski metric Lp:  

. 

4. Selected proximity function is minimized for each potential 

neighbor. 

5. Для отыскания k наиболее близких векторов используется 

метод k ближайших соседей. 
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6. Прогноз вычисляется как взвешенное среднее 

арифметическое k векторов 

,  

, 

   – расстояние до k+1 ближайшего соседа. 

7. Для нахождение преобразования φ по оси ОХ и 

выбор потенциальных соседей – векторов a1, a2, . . . , am  во 

всем временном ряде X находятся точки экстремумов. 

Further, such vectors are to the point of extreme values of these 

vectors to the points of extreme values prehistory had a 

minimum distance of the chosen metric. The maximum 

deviation allowed by the algorithm - specified parameter ε. From 

this condition, for each i-th neighbor is a potential factor a0i 

stretching on OX and selected vectors a1, a2,. . . , am become 

potential neighbors. Subsequent values  b1, b2,. . . , bm - potential 

prognosis depending on the proximity neighbor. The number of 

potential neighbors is directly proportional to the parameter ε - 

less than the value, the less potential neighbors algorithm 

allocates. 

Thus, there are neighboring vectors a1, a2,. . . , am for prehistory 

{xtn-L +1, xtn-L +2,. . . , xtn} in time series not only constant, but with 

varying period. 

8. For each potential neighbor minimized proximity function and 

the coefficients are b0i stretching along the axis OY for each 

vector close. Let Y - the vector of the time series, and X - vector 

time series to be converted to the axis OY, to get closest to the Y 

vector. This requires a minimum of the following function: 

 

9. Neighbors are sorted by the value of the proximity function. 

Next selected k nearest neighbors (k - a specific number). Their 

potential averaged forecast (the lower the value of the proximity 

function for a neighbor, the greater contribution is the k-th 

potential prognosis averaging). 

 

3. Quality Criteria  

And finally, you need to choose a quality criterion algorithm. 

You can evaluate it using various error functions such as 

(Tsiganova SV 2011): 

, 

or indicators such as SMAPE (Symmetric Mean Absolute 

Percent): 

 
Parameters of the model and the final form of the algorithm 

depends on the test time series. Thus, for a series of varying 

periodicity is more efficient algorithm involving converting the 

abscissa, and time series for a constant period to conduct such a 

transformation is not required.  

Selecting metrics is largely dependent on the number of noise, as 

it allows to limit the number of nearest neighbors, which will 

take place prediction. 

 

Practical implementation of the proposed method 

To confirm the aforementioned assumptions for the forecast of: 

1) simulated data with varying period and 2) the actual data 

generating electricity from coal and natural gas in the U.S. in the 

period from 1973 to 2013.  

 

1. Prediction lineup with patterns of fixed length  

As adopted lineup function   (Fig. 2). 

 
Fig. 2. Graph of the function f1 

 

 
Fig.3. Dickey-Fuller test for the function f1 

 

Despite the fact that this process is stationary (prove 

this below), it has a variable frequency, which will allow us to 

demonstrate the algorithm. Calculation of the Dickey-Fuller 

test, revealed the stationarity of the process. The null 

hypothesis of this test is non-stationary processes. 

In our case, was selected test version without constants (as the 

process moves with equal amplitude near zero). Since the 
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calculated statistics lies to the left of the critical value, the null 

hypothesis is rejected and the process is stationary (Fig. 3).  

1.1. To begin to build a forecast, taking as a function of 

proximity to the standard Euclidean metric (see Fig. 4): 

Algorithm identified five nearest neighbors. Of Figure 4 

shows that the algorithm is not able to take into account the 

changing frequency range and built a forecast based on 

previous patterns periods. Here and further evidence by a solid 

line, the forecast - dotted and error - the dot-dash. 

1.2. Similar results showed a weighted Euclidean metric (Fig. 

5). This metric is allocated only one nearest neighbor, so the 

error became even more than the usual Euclidean metric.  

1.3. More accurate forecast managed to build using the 

Minkowski metric Lp (Fig. 6): 

 

 
Fig. 4. Forecast f1 using Euclidean  metric 

 

 
Fig. 5. Forecast f1 using a weighted Euclidean metric 

 

 

 

 
Fig. 6. Forecast f1 using the Minkowski metric 

 

 

 

 
Figure 7. F1 Prediction using the conversion on the abscissa 

 

2. Prediction lineup with patterns transformed length  

We apply the algorithm seeking potential neighbors, spending 

over them transform along the horizontal axis and comparing 

them with the current pattern (Fig. 7). Of Figure 7 shows that 

for processes with varying intervals, this algorithm gives the 

smallest error.  

 

3. Estimates of production of electricity from coal  

Construct a forecast for real data describing the production of 

electricity from coal. These examples are cyclical with a 

constant period of 12 months, so the conversion on the 

abscissa for these series is not necessary.  

The first row reflects the dynamics of the total electricity 

generated from coal in the United States from January 1973 to 

December 2013 (Fig. 8) (U.S. Energy Information 

Administration (EIA): 
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Fig. 8. Electricity production from coal in the U.S. 

 

Calculate the forecast of production of electricity from coal in 

2013 and compare it with actual data. Estimated value of the 

Dickey-Fuller test is the right of the critical value (significance 

63%), which also speaks of non-stationary processes (Fig. 9). 

 
Fig. 9. Dickey-Fuller test for the production of electricity from 

coal 

 

 

After taking first differences of significance criterion became 

zero, indicating that their stationary. From this it can be 

concluded that the process is an integrated first order. 

Construct forecasts of electricity production from coal to that 

observed previously metrics with patterns of variable length. 

All three criteria give a fairly accurate prediction (Fig. 10, 11, 

12). 

  
Fig. 10. Forecast of production of electricity from coal using 

the Euclidean metric 

 

 

 
Fig. 11. Forecast of production of electricity from coal using a 

weighted Euclidean metric 
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Fig. 12. Forecast of production of electricity from coal using 

the Minkowski  metric 

 

To assess which of the metrics gave the most accurate result 

obtained are comparable errors. Table 1 shows that the most 

accurate was the Minkowski metric. 

Table 1.  Comparison of metrics for the production of 

electricity from coal 

Metric Euclidean Weighted 

Euclidean 

Minkowski 

Number of 

nearest 

neighbors 

2 5 3 

Error 43.7374 3.63 2.8834 

 

4. Estimates of production of electricity from natural gas  

The second row reflects the dynamics of the total electricity 

generated from natural gas in the United States from January 

1973 to December 2013 (Fig. 13) (U.S. Energy Information 

Administration (EIA): http://www.eia.gov/electricity/).  

Calculate the forecast electricity production from natural gas 

in 2013 and compare it with actual data.

 
 

Figure 13. Production of electricity from natural gas in the 

U.S.  

Estimated value of the Dickey-Fuller test is the right of the 

critical value (significance of 84.8%), indicating that the non-

stationary processes (Figure 14) 

After taking first differences of new relevance criterion 

became zero, indicating that their stationary. From this it can 

be concluded that this process is also the first order  integrated. 

 
Figure 14. Dickey-Fuller test for the production of electricity 

from natural gas 

Forecasts constructed using all three metrics given enough 

small errors (Fig. 15, 16, 17): 
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Fig. 15. Forecast of production of electricity from natural gas  

using the Euclidean metric 

 

 
Fig. 16. Forecast of production of electricity from natural gas 

using a weighted Euclidean metric 

 

 
 

Fig 17. Forecast of production of electricity from natural gas 

using the Minkowski metric 

 

To assess which of the metrics gave the most accurate result 

obtained are comparable to the error in Table 2. When 

forecasting the production of electricity from natural gas was 

the most accurate weighted Euclidean metric. 

Table 2.  

Comparing metrics for the production of electricity from 

natural gas 

Metric Euclidean Weighted 

Euclidean 

Minkowski 

Number of 

nearest 

neighbors 

10 3 30 

Error 21.9496 6.9177 11.8183 

Thus, from the above calculations show that for the series with 

a variable period, better suited algorithm k nearest neighbors, 

allowing to carry out the transformation patterns along the 

horizontal axis. For quite a time series of cyclic algorithm 

used with a constant pattern length equal to the length of the 

cycle. 

Selection of a metric is also highly dependent on a number. 

For less noisy series, reflecting the production of electricity 

from coal, better suited Minkowski metric, and for more noisy 

electricity production from natural gas - weighted Euclidean, 

as often it uses minimal number of nearest neighbors and thus 

less susceptible to noise. 

 

Conclusion 

In this paper we analyzed several promising areas of 

forecasting non-stationary time series. Urgent task is to predict 

financial time series, which greatly impeded their 

nonstationarity. Dealt with the problem of forecasting 

dimensional non-stationary time series by the k-nearest 

neighbors. Describes various methods for determining the 

patterns (fixed-length transforms and abscissa), the proximity 

metrics, determining the number of neighbor method (fixed 

number or dynamic determination), and finally, the quality 

criteria of the algorithm. 

To study the variations of the algorithm was built prediction 

model data with varying period and forecasts of real cyclic 

series production of electricity from coal and natural gas. The 

most accurate forecast model data was built using the 

algorithm with the conversion of the abscissa, the algorithm 

with fixed-length pattern gave high errors. Forecast for cyclic 

series production of electricity produced by the algorithm with 

fixed and variable-length pattern (12 months), proved to be 

quite accurate. 

It has been found that selection of the most suitable metric is 

also highly dependent on a number. For less noisy series, 

reflecting the production of electricity from coal, better suited 

Minkowski metric, and for more noisy production of natural 

gas - the weighted Euclidean, as often it uses minimal number 

of nearest neighbors and thus less susceptible to noise. 
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