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It is no doubt challenging to forecast the stock market accurately in reality due to the
ever-changing market. Ever since Artificial Neural Networks (ANNs) have been recognized
as universal approximators, they are extensively used in forecasting albeit not having a
systematic approach in identifying optimal input. The appropriate number of significant
lags of a time series corresponds to the optimal input in time series forecasting. Hence,
this study aims to compare the effect of several approaches in determining the input lag for
ANNSs prior to stock market forecasting, based on the autocorrelation function, the partial
autocorrelation function, the Box—Jenkins model and forward selection. The forecast
performances of the ANNs were compared with benchmark models, namely the naive and
Box—Jenkins models, in terms of error magnitudes and trend change error. In this study,
all ANNs were found to outperform the benchmark models such that the neural network
model trained with lags selected from forward selection of lag 1 and lag 31 (ANN4) is the
best model as it achieved the highest accuracy with the lowest mean absolute percentage
error and mean absolute error. Contrary to expectations, all models performed poorly in
forecasting the trend change of the stock series. The ANNs with different inputs are viable
in quantitative stock market forecasting yet more research is required to better understand
other trend change measurements and improve the performance of forecasting the trend
change of stock market.

Keywords: artificial neural networks; stock market forecasting; time series; input; fore-
cast evaluation.
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1. Introduction

Forecasting the stock market is a real-world financial problem spanning various fields, especially busi-
ness, finance, and government. Stock trading is a way companies generate capital to fund and expand
their businesses and pay off debts. Likewise, investors can gain profit from it in terms of dividends
and take advantage of a growing economy. Stock market plays a part in stimulating commerce and the
performance of the stock market can impact a nation’s economy. Accurate prediction of stock values
brings about better decision-making and financial planning, reduces risks and and ultimately maxi-
mizes profits [1]. However, stock market forecasting remains challenging due to a non-linear, highly
dynamic property and any factors potentially affecting the stock market, such as politics, exchange
rates, and catastrophes.

Nonetheless, it has received much attention from academia to develop statistical and technical
modelling techniques as mentioned by [2] and [3]. For the past few decades, Artificial Neural Networks
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(ANNs) have been shown to perform effectively in forecasting the stock market due to their ability to
learn and recognize new patterns [4]. Reference [5] applied the Multilayer Perceptron, Recurrent Neural
Networks, Long Short-Term Memory, the Convolutional Neural Network, and the Autoregressive In-
tegrated Moving Average (ARIMA) to predict the closing stock prices of the National Stock Exchange
(NSE) of India and New York Stock Exchange (NYSE). All the NNs, each with an accuracy of more
than 90%, outperformed ARIMA. Reference [6] suggested that ANN is superior in forecasting stock
price changes on the Tehran Stock Exchange. Still, ANN cannot predict the direction change of stock
value as well as Elman recurrent and linear regression models. Reference [7| compare the performance
of three methods in stock forecasting in Indonesia. ARIMA and Autoregressive Fractionally Integrated
Moving Average (ARFIMA) yield better predictions than ANN. ANN only gives better predictions in
the training set and suggests better parameter tuning for an improved ANN model.

Hyperparameters in ANN must be tuned to achieve a better model. Some examples of hyper-
parameters are batch size, optimizer, learning rates, loss function, and activation functions [8]. The
hyperparameters can be optimized through different methods, such as random or grid search [9]. Grid
search explores all possible hyperparameter combinations to find the best model, while random search
tests a random selection, making grid search more commonly used in many studies. Initially, a model
is trained using a set of predefined hyperparameters, cross-validation is applied, and the optimal hy-
perparameter sets are identified afterward. Besides hyperparameter tuning, selecting potential inputs
is one of the crucial steps that some researchers would tend to overlook in a modelling process. It is
fundamental to the reliable performance of the model, especially in data-driven approaches such as
ANNSs. Relying merely on the network to determine the critical model inputs while feeding the network
with a large number of inputs is considered suboptimal practice because irrelevant inputs will lead to
model inaccuracy and computational inefficiency [10].

However, there are no standard procedures or systematic ways accepted in the literature to identify
an appropriate set of inputs in ANN modeling, as mentioned by [11]. Hence, significant input selection
methodology for ANNs is still being actively investigated. In time series forecasting, the network
inputs are the number of lagged observations of the series, and oftentimes, trial-and-error is employed
to determine the inputs, as raised by [12] and [13]. The drawback of such practice is that it raises
questions about the optimality of ANN models if they are, by chance, achieved, as those studies
cannot be replicated. Reference [14] discovered that the ANN model achieved a higher accuracy
when the time lags from Box—Jenkins were adopted as ANN inputs rather than running exhaustive
numerical simulations in predicting water consumption. Reference [15] explored ten input selection
methods for linear and nonlinear models to select temporal lags in predicting river flow series from
hydroelectric plants and found that the neural networks performed better with forward selection, but
it is computationally intensive for large sample sizes.

No consistent results can be observed regarding the issue of determining an appropriate number
of inputs in ANN modelling, which is in contrast to statistical modelling such as Box—Jenkins, as
there are usually steps and tests to be taken to construct a model. To the best of our knowledge,
no article focused on comparing the effectiveness of input selection methods on univariate stock price
forecasting. Hence, the study’s first objective was to determine the inputs of ANNs based on the
autocorrelation function (ACF), partial autocorrelation function (PACF), Box—Jenkins model, and
forward selection. This study also aimed to forecast stock market changes using ANNs and benchmark
models, namely, Box—Jenkins and naive models, and to compare their forecast performances in terms
of error magnitudes and trend change error.

2. Materials and methods

The data used in this study are 2558 historical daily stock closing prices for one of the gas infrastructure
and centralized utility companies which was retrieved from yahoo finance [16]. The historical data were
partitioned into training and testing sets before modeling. The training data were used to train the
model so that the characteristics of the data could be captured while estimating the parameters and
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minimizing the error. The testing data were treated as unseen data to evaluate how well the model
performs or generalizes with fresh data. In this study, the training set comprised data from 3¢ January
2011 to 16*™™ April 2021. This training data was used to forecast four-week stock prices for 18 days, from
19" April 2021 to 17" May 2021, which was also the validation period to evaluate the forecast accuracy
of each model. The analysis was carried out using Excel, R, and Python software. Preliminary data
analysis was conducted before data partition to check the stationarity of the time series by plotting
the time series plot and autocorrelation plot. A non-stationary time series exhibits certain trends,
seasonality, or cyclic fluctuations with a slow-decaying ACF.

2.1. Artificial neural networks model

ANNSs are nonlinear models. ANNs are renowned for their self-adaptive and generalization features,
in which prior assumptions are not required during modelling as they can learn from experience, the
relationships among data, when data are fed into the networks as mentioned by [12]. Since ANN
emulates the biological neural system, an ANN is composed of a bunch of interconnected nodes or
neurons arranged in layers. Generally, the network is composed of input, hidden and output layers,
where the output of a layer serves as the input of the next layer respectively. This study considered
the classical, popular Multilayer Perceptron (MLP) with a single hidden layer. MLP comprises one
input layer, one hidden layer, and one output layer, as depicted in Figure 1.

Feedforward of information

Input layer i Hidden layer : Output layer

Backpropagation of error

Fig. 1. Multilayer Perceptron with a single hidden layer.

Since MLP is a feedforward network, the data flows forward from the input layer to the output layer.
Every neuron or node in a layer is fully connected to every neuron in the next layer. The input neurons
in the input layer receive input from the data, which, in this case, is the lagged values of the stock
prices. The values obtained are multiplied with weights and a bias is added to the summation of inputs
and weights, which are then served as the input of the next layer. The weights control the connection
strength between two neurons. The larger the weight, the higher the influence of the input has on the
output. Bias is a constant that is not influenced by the previous layer but ensures a neuron’s activation
even if all the inputs are zero. The signal of each neuron obtained from the linear function of each node
in the hidden layer requires an activation function to be transmitted to the output layer. In this study,
the rectified linear (ReLU) unit was chosen as the activation function since ReLU is a solution to the
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vanishing gradient problem that Sigmoid experiences, as mentioned by [9]. Reference [17] mentioned
linear activation function is common for the output layer. The output generated by the activation
function is in the range of [0,1] or [—1,1]. The outputs of the hidden layer are then again multiplied
with weights along with an additional bias. Then, the output neuron is activated by an activation
function to finally produce an output which in this case, is the predicted stock prices. The output g
can be written as in Eq. (1), where denotes the activation function, ¢y denotes the bias, w,; denotes
the weight from i** neuron in the hidden layer to o neuron in the output layer and h; denotes outputs
of the hidden layer, which serve as inputs of the output layer neuron,

§=06(bo+ Y wahi). (1)

Since neural network training is an unconstrained nonlinear minimization problem, the network weights
are optimized to minimize the overall mean or total squared error between the actual and expected
values for all output neurons over all training examples [12]. The backpropagation algorithm is com-
monly used to train the network, and it works by propagating the error back through the network while
optimizing or readjusting the weights in a manner that minimizes the error e which can be written as
in Eq. (2), where y denotes the actual value, denotes the expected value and n denotes the number
of training examples. One “epoch” consists of a cycle of feedforward and backpropagation. Iterations
are conducted until a reasonable accuracy is obtained. This study applied the grid search method to
automatically tune the hyperparameters, consisting of the number of hidden neurons, optimizer, batch
size, and epochs,

=Y - @)

2.1.1. Data normalization

According to [18] the purpose of normalizing the data before feeding the neural network with input
is to improve error estimations and speed up the learning process of the network. This study used
min-max normalization in which values were normalized to a range of zero to one [19]. The normalized
value y; can be computed as in Eq. (3), where min(y;) and max(y;) is the minimum and maximum of
y; over the range of data,

o Yt — min(yt)
i = max(y;) — min(y;) 3

2.1.2. Input selection methods of artificial neural networks model

Reference [12] defined in time series forecasting that the inputs are the past observations of the time
series of its own variable, otherwise known as lag, while the outputs are the future values. It is difficult
to determine how many lagged values to include as additional lagged values will have no significant
effect on the output time series as mentioned by [10]. This study selected the number of lags from
the autocorrelation function (ACF), partial autocorrelation function (PACF), Box—Jenkins model, and
forward selection during the first phase of ANN modelling.

Autocorrelation and partial autocorrelation function. ACF can be defined as the correlation
between two observations of the same series at a certain lag. The ACF for an observation and its lagged
value includes both the direct and indirect correlations, in which the indirect correlations are a linear
function of the correlation. On the other hand, PACF at lag k is the resulting conditional correlation
after omitting the indirect correlations between the observation and its lagged value as defined by [20].
The significant lags that exceed the threshold, as observed from the plots of ACF and PACF, were
assigned as the input of ANNs.

Lag in Box—Jenkins model. In this study, Box—Jenkins analysis was also used to identify
relevant lags. This was done by expanding the selected Box—Jenkins model to obtain the respective
lags from each term [14]. The lags identified by the Box—Jenkins model that yielded the smallest
Akaike Information Criterion (AIC), corrected AIC (AICc), and Bayesian Information Criterion (BIC)
were adapted as ANNs input.
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Forward selection. According to [21] forward selection is one of the wrapper method where
individual candidate variables are selected one at a time. In this study, each variable represents each
lag of the time series. The maximum lag length k., the included was based on the default maximum
lag length of ACF and PACF functions in R software, which can be computed as in Eq. (4), where n
denotes the number of training examples, and M denotes the number of time series,

Fmax = 101og §7. (4)

Upon computation, the maximum lag length used in this study was 34. The forward selection
algorithm started by training the ANN model with v single input variable, from lag 1 to lag 34
subsequently, while finding the best single input or lag that minimized the errors. Then, the training
of v — 1 bivariate ANN model was continued while adding the candidate lag to the input variable
chosen previously. Finally, the iteration was stopped when the combination of lags with the addition
of another lag did not further minimize the errors or improve the performance of the ANN model.
2.2. Box—Jenkins model
Box—Jenkins, also referred to as ARIMA, is a combination of autoregressive (AR) and moving average
(MA) models integrating the process of differencing to make the time series stationary as defined by [22].
The general form of an ARIMA model is ARIMA(p, d, q), where p denotes the order of autoregressive,
q denotes the order of the moving average, and d denotes the order of differencing. The general non-
seasonal Box—Jenkins model can be written as in Eq. (5), where B is the backshift operator, ¢ denotes
non-seasonal autoregressive parameter of order p, € denotes non-seasonal moving average parameter
of order ¢, a; denotes independent normal errors with zero mean and constant variance,

ép(B)(1 = B)'y; = 0,(B)ar. (5)
There are three main phases in modeling Box—Jenkins: model identification, parameter estimation and
residual diagnostics. If the data exhibit inconsistent variation, Box—Cox transformation can be applied
to stabilize the variance. The process of differencing can be performed to remove the trend or stabilize
the mean of the series. Once the series is confirmed to be stationary with stable variance and mean,
ACF and PACF can be plotted to determine tentative ARIMA models. If the estimated parameters of
the tentative model are statistically significant with p-value less than the significance level of 0.05, the
tentative model can then be fitted to the data. Lastly, residual diagnostics should be conducted. The
model is adequate if the model yields uncorrelated residuals with zero mean [22]|. The residuals are
independent if the p-values from the Ljung-Box test exceed the 0.05 significance level. An unbiased
forecast should yield a residual series that is centered and close to zero with no trend, indicating that
the residuals have a zero mean.

Model selection criteria. Besides serving as one of the benchmark models, the respective lags
from the selected Box—Jenkins model with the smallest AIC, AICc, and BIC values were assigned
as the ANN model’s input. Criteria such as AIC, AICc and BIC are useful in Box—Jenkins model
identification [22]. Smaller value of the criteria indicates a better model. AIC, AICc and BIC can be
expressed as in Eqs. (6)—(8) respectively, where L denotes the likelihood of the data, k denotes the lag
of a time series and n denotes the number of observations,

AIC = —2log(L) +2(p+q+k+1), (6)
AICc = AIC + 22tath il ratht?) (7)
BIC = AIC + [log(n) — 2](p + ¢ + k + 1). (8)

2.3. Naive model

The naive model usually serves as a basis to compare with other complex models since it is the simplest
form of the forecasting model. It has the potential to perform well for economic and financial time
series especially when the data follow a random walk behaviour, so, the model can also be referred as
a random walk model [22]. The forecast for the next period is the current actual value y;, which can

be written as in Eq. (9),
Je+1 = Y- 9)
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2.4. Measures of accuracy

2.4.1. Error Magnitudes

Mean forecast error (MFE) in Eq. (10), mean absolute percentage error (MAPE) in Eq. (11), and
mean absolute error (MAE) in Eq. (12), were used in this study to evaluate the quantitative forecast
performance of the models. Based on the equations, denotes the actual value, denotes the forecasted
value and N denotes the total forecast periods,

N
1 .
MFE = N Z(th — t)s (10)
t=1
N ~
MAPE = %Z YL Yt 100%, (11)
—1 Yt
N
1 .
MAE = N Z lye — Gel- (12)
t=1

2.4.2. Trend change error

Trend change measurement is equally crucial in stock market forecasting because it indicates when
the trend will change from a positive growth rate to a negative growth rate or the other way round,
which would come in handy for market players. Trend change error refers to the error made when the
forecasting model attempts to predict a change in the trend of a data series [23]. This study adopted
the definitions of trend change error as shown in Eq. (13) and Eq. (14), where Z represents the first
future value of the series,

Z <y = Downturn,
e < Y < and 1
Yt—2 < Yr—1 < Ut { Z > y; = No Downturn; )
Z > y; = Upturn,
TS and 1
Yt—2 > Yt—1 > Yt {Z < 1+ = No Upturn. .

3. Results and discussion

3.1. Stationarity detection

Figure 2 shows the time series plot of the daily stock prices from 3" January 2011 to 17" May 2021
and the vertical line marks the division of 2540 training data and 18 testing data. Based on Figure 2,

the time series plot exhibits certain
trend that overall increases from 2011
and decreases gradually around mid- 22 -
2014 with potential cyclic patterns
since the rises and falls of the se-
ries are not fixed at regular inter-
vals. This also indicates that the vari-

Closing Price

ation of the series might not be con- 14 -
stant too. The slow decaying of the 12 -
ACF as the lags increase indicates the : ‘ : ‘ ; ‘ ‘ ‘ ‘ ‘ :
. 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
presence of the trend (refer Figure 3). Year
Thus, the stock price series is not sta- Fig. 2. Time series plot of daily stock prices.

tionary. Data was transformed using Box—Cox transformation, in which the value of lambda was deter-
mined from BoxCox.lambda() function in R, which minimizes the coefficient of variation of the series
is 1.0056, followed by the first order of regular differencing prior to Box—Jenkins modeling, so that the
series is stationary. Likewise, input data was normalized before training ANNs to ensure even data
distribution and effective modeling process.
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Fig.3. ACF of daily stock prices.

3.2. Lag selection
Referring to the ACF and PACF plots in Figure 4 and Figure 5 respectively, the significant lags exceed-
ing the threshold are lag 1 and lag 3 in both plots. While modeling Box—Jenkins, ARIMA(1,1,2) was
found to have the lowest AIC and AICc whereas ARIMA(0,1,1) produced the lowest BIC among other
tentative models after making sure that both models have significant parameters with uncorrelated,
zero mean residuals. This means that both models are adequate to generate forecast. Thus, the lags
resulted from both AR and MA term of ARIMA(1,1,2) was obtained through the expansion of model
as shown in Eq. (15), where the estimated parameters are ¢1 = 0.9059, 6; = —1.0249 and 0y = 0.0823,
(1—¢B)(1—B)y; = (1—6,B —6,Bay,

Yt = Ye—1 + 0.9059y;_1 — 0.9059y;_2 + 1.0249a;_1 — 0.0823a—2 + a;. (15)

Similarly, the lags resulted from both AR and MA term of ARIMA(0,1,1) was obtained through the

expansion of model as shown in Eq. (16), where the estimated parameter is 6; = 0.1185,
(1 =Byt = (1 —61B)ay,
Yt = Y—1 — 0.1185at_1 + ayg. (16)
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Fig.4. ACF of differenced series. Fig. 5. PACF of differenced series.

For forward selection, the subset of lags included to train the base model of ANN which returned
the lowest error was chosen. There are no strict rules for selecting hyperparameters for neural networks.
Thus, the hyperparameters set for the base model are: 15 hidden neurons, batch size of 32, adaptive
moment estimation (Adam) as optimizer, rectified linear unit activation function (ReLU) for the hidden
layer and a linear activation function for the output layer. Adam was chosen as the optimizer for the
base model because Adam is an optimization algorithm that has the properties of adaptive gradient
and root mean square propagation optimization algorithms, which make it computationally efficient
and suitable for noisy problems [24].

The first round of iteration of forward selection consisted of training the base model with one lag
each time from lag 1 to lag 34 in ascending order and the base model trained with lag 1 was found
to return the lowest error among other single lags. So, lag 1 was included during the second round of
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iterations. The second round of iteration was com-

.. i Table 1. Lag selection.
pleted by training the base model with two lags,

starting from lag 2 to lag 34, each time including AR?I/{/itAh((())dl ) Selectle d lag ANi\Ierr\ﬁdel
lag 1. Since the base model with lag 1 and lag 31 ARIMA(l:l:Q) 1.2 ANN2
returned a lower error than that with lag 1, a third ACF and PACF 1,3 ANN3
round of iteration was run, three lags each time. Forward Selection 1,31 ANN4

Lag 1 and lag 31 were included in each training
process followed by an additional lag from the group of remaining candidate lags. This time, the
inclusion of a third lag did not further minimize the error, thus, the iteration of forward selection was
stopped. Therefore, the lags obtained from forward selection are lag 1 and lag 31.

Table 1 lists the selected lags from each method. Since certain methods yielded the same lags, four
ANN models were formed.

3.3. Model comparison

Based on Table 2, in terms of error magnitudes, all models have very good forecast performance with
very low MFE, MAPE and MAE that approach zero. All values are close with no significant difference.
One plausible reason is that the stock data volatility is not that high, with no dramatic highs and lows
every other day. However, the stock price series is clearly nonstationary due to trends. Since positive
MFE means that a model has under-forecasted on average, it can be said that each ANN has slightly
under-forecasted the four-week stock prices on average. Although the MFE of ANNs for testing set
each is higher than the benchmark models, still, ANNs in general have better forecast performance
with lower test error magnitudes of MAPE and MAE than the benchmark models used in this study.
The finding agrees with
[10] that ANNs have out-

Table 2. Forecast performance of each model.

erformed linear models Model MFE MAPE MAE Trend change error
P . ) Naive 0.0111 (2) | 0.6997 (5) | 0.1111 (5) 100 (2)
in forecasting stock prices | App\ra(1,1,2) | —0.0201 (3) | 0.7958 (7) | 0.1261 (7) 80 (1)
and have better gener- | ARIMA(0,1,1) | 0.0037 (1) | 0.7155 (6) | 0.1136 (6) 100 (2)
alization ability. ~ More- ANN1 0.0542 (6) | 0.6513 (3) | 0.1038 (3) 80 (1)
over, the forecasted pat- ANN2 0.0614 (7) | 0.6496 (2) | 0.1035 (2) 80 (1)
tern of Box—Jenkins is in- ANN3 0.0239 (4) | 0.6685 (4) | 0.1063 (4) 80 (1)
deed more directional, ac- ANN4 0.0515 (5) | 0.6426 (1) | 0.1023 (1) 80 (1)

. . : accuracy rankin
counting for a linear pat- 0 Y &

tern instead, whereas ANNs have displayed curves that deviate from exact straight lines (refer to
Figure 6). The finding that ANN is capable of capturing the nonlinear mappings of inputs and output
well is supported by previous studies [5,6]. All ANN models have shown an overall curve of decreasing
trend, thus, followed the actual series more closely, especially within the period of 27*" April 2021 to
11*" May 2021. However, the ANNs failed to forecast the values of the peaks on 23'4 April and 17t®
May as well as the trough on 5" May 2021 accurately (refer to Figure 6).

In terms of forecasting trend change, all models did not achieve satisfactory results because each
model had a trend change error exceeding 50%. This result indicates that it is indeed difficult to
properly predict turning points and that the definition adopted might not be suitable for the study.
No downturn is among the types of trend changes forecast correctly by ARIMA(1,1,2). This is because
the model has displayed a gradually increasing trend across the forecast period. On the other hand,
no upturn is forecasted correctly by all ANNs because all models have displayed a gradual decreasing
trend across the forecast period. Naive and ARIMA(0,1,1) have failed to capture any trend change as
both models show a horizontal straight line with no trend (refer to Figure 6).

Among the four ANN models, the fourth ANN model, trained using lag 1 and lag 31, outperformed
the other three ANNs with the lowest test error magnitudes. The ANN2, which was trained using
lag 1 and lag 2, is ranked second in terms of MAPE and MAE but last in terms of MFE. ANN4
which adopted the lags obtained from forward selection, which is considered a wrapper method that
has slightly better performance than other ANNs, and this finding matches those observed in [15],
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where they concluded that the wrapper method is the ideal choice for neural networks in selecting
lags to forecast river flow. The flip side of forward selection is that it is more time-consuming than
other methods since multiple iterations had to be run to find the best combination of lags. However,
the selection is optimized and tailored to the specific model for the neural network’s learning process.
Besides, it was also found that ANNs with lags adopted from Box—Jenkins analysis, which are ANN1
and ANN2, performed better than the Box—Jenkins models. This finding is also consistent with [14].
Each ANN model was trained using only certain lags, yet they were able to perform well. Since the
ANNSs achieved varying levels of accuracy with different lags, selecting proper lags as ANN inputs
can improve ANN’s accuracy. These results have further supported the idea that stock prices can be
forecast and historical stock prices influence the stock prices within the forecast period.

162 —— Actual

== ANN1

161 ANN2

= ANN3
— ANN4

16.0

Closing Price
2

15.8
S —
15.7
15.6
20/04,/2021 27/04/2021 04/05/2021 11/05/2021 15/05/2021
Day

Fig. 6. Actual and forecasted stock price values using ANNs, Box—Jenkins and naive approaches.

4. Conclusion

This study has confirmed the existing theory of previous research that ANNs have the inherent capa-
bility for accurately capturing nonlinear mappings of inputs to outputs. Overall, ANNs with different
inputs outperformed other linear benchmark models in forecasting stock prices. Besides, the findings
of this study have demonstrated that the accuracy of ANNs improved with proper input selection
methods as measured by quantitative error metrics. ANN4 was found to be the best model in this
study; that is, the ANN model, which adopted lags from forward selection achieved the best forecast
performance among other ANNs in terms of MAPE and MAE. Despite that, it is unexpected that
each benchmark model had a lower MFE than the ANNs, with ARIMA(0,1,1) recording the lowest
MFE. Also, not all models may not be practical for predicting turning points, as their performance in
forecasting trend changes in the stock price series was not encouraging. However, this result is not sur-
prising as predicting trend change for volatile data such as the stock market is remarkably challenging
compared to predicting the value. This is one of the reasons trend change error is less popular among
researchers. However, it remains valuable to have information on forecast performance regarding trend
change in addition to error magnitude. Besides, different inputs yielded close but different results
in this study; it would be interesting to further assess the effects of other advanced input selection
methods, such as mutual or partial mutual information.
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Mogeni HelipoHHOT MepeXXi 3 pPi3HUMUN BXIAHUMUN JAaHUMMK:
3aCTOCYBaHHSA A0 NPOrHo3yBaHHS (pOHAOBOro puUHKY

Anr A.', Hop M. E.!, Paxyan H. X. A.2, Kamican H. A. B.2

! Kagpedpa mamemamuru ma cmamucmury, @arxyabmem npurkiaomu nayk i mernono2it,
Vuisepcumem Tyn Xyccetin Onn Manatizia, Iazox Edy Xa6, 84600, ocoxop, Manatisia
2 [Tenmp mamemamuunuz nayk Ywisepcumemy Manatizii Ilazane Anv-Cyaman A6dyana,
Jeboyx Iepciapan Tyn Xanin Haxob, 26300 I'ambane, Iaxane, Manatizis
3 Kaedpa mamemamusnus #ayx, daryivmem npupoorusus Hayk,
Texnonozivnuti ynisepcumem Manadizii, 81310 Jorcoxop-Bapy, ocoxop, Manatizis

BescymuiBHO, CKJIAHO TOYHO MPOTHO3YBATH (DOHIOBUII PUHOK y PEAJBbHOCTI Uepe3 pu-
HOK, sIKHil TIOCTIHO 3MiHIOETbCA. 3 TUX Hip, 9K mTydHi neiiponni mepexi (ANN) Buznano
yVHIBEpCAIBHUMHU AITPOKCHMATOPAME, BOHU IMUPOKO BUKOPUCTOBYIOTHCH B IIPOTHO3YBAHHI,
Xo4a il He MalOTh CUCTEMHOI'O Ii/IXO/y /IO BU3HAYEHHs ONTUMAJbHUAX BXiMHUX naHux. Big-
MOBIJIHA KIJIBKICTh 3HAYYIIUX 3aTPUMOK YaCOBOT'O PSJIy BiJIIOBIIA€ ONITUMAIBHUM BXITHUM
JaHUM B IIPOT'HO3YBAHHS YACOBOT'O Psy. TakKuM UMHOM, II€ JIOC/II2KEHHS CIPsIMOBaHE Ha
MopiBHAHHS e(eKTy KiJIbKOX MiaxoaiB y BusHadeHHi Bxiguol 3arpuMku juist ANN mepes
[IPOTHO3YBAHHSIM (DOHJIOBOI'O PUHKY Ha OCHOBI (DYHKIIT aBTOKOPEJISIIil, 9aCTKOBOI (DYHKIIIT
aBTOKOpeJstii, Mmogesni Bokca—J[xkenkinca Ta mpsimoro Bubopy. IIporro3oBani moka3zHukm
ANN mnopiBHIOBaIHCS 3 €TAJJOHHUMHU MOJIEJISIMU, & CaMe HAIBHUMU MOJIEJISIMUA Ta MOJIEJIs-
mu Bokca—/IKeHKiHCa, 3 TOUYKHM 30py BEJMIUHU MOXUOKM Ta MOXUOKM 3MIiHM TpeHma. ¥y
IBOMY JOCTiKeHH] Oys10 BusBiieHo, mo Bci ANN mepeBepinyioTh eTajoHHi MOJIE, TOMY
MOJIe/Tb HEPOHHOI MEpEXKi, sKa HaBYEHA 13 3aTpPUMKaMU, IO BUOPaHi 3 MpsSMOro BHOO-
py 3arpumku 1 i 3arpumvku 31 (ANN4), € Halikpamoo MOJEIUII0, OCKIIBKHA BOHA JOCSITIIA
HaNBHUIIOI TOYHOCTI 3 HAMHUKYINM CepeTHIiM abCOMTIOTHUM BiJICOTKOM ITOXHOKHM 1 cepeTHBOIO
abCcoTI0THOIO TTOXNOKOI0. Beyneped odikyBaHHIM, YCi MOJIe/i TTOKA3aJId TOTaHi pe3y/IbTaTh
B IPOTHO3YBAHHI 3MiHM TpeHay pgaay akimiii. ANN 3 pisHuMu BXIZHUMM JAHUMH € YKHAT-
TE3IATHAMH B KILJIBKICHOMY IIPOrHO3yBaHHI (DOHIIOBOTO PHMHKY, ajie HEeOOXi/HI JT0/IaTKOBI
JOCTiKeH s, o0 Kpale 3po3yMiTH iHIM BHMIDIOBAHHSI 3MIiHH TPEH/A Ta MOKPAIIUTH
eeKTUBHICT IPOIHO3yBaHHS 3MiHU TpeHa (POHIOBOIO PUHKY.

Knto4voBi cnoBa: wmyuti Hetdporti MEPECE; NPo2Ho3Y6atha PoHd068020 PUHKY; 4ACOG]
padu; 668eJeHHA; OUIHKA NPO2HO3Y.
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