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Abstract: Entities and institutional financiers have gained a
lot of growth from financial time series forecasting in recent
times. But the major challenges of financial time series data are
the high noise and complexity of its nature. Researchersin recent
times have successfully engaged the application of support vector
regression (SVR) to conquer thischallenge. In this study principal
component analysis (PCA) is applied to extract the low
dimensionality and efficient feature information, while wavelet is
used to pre-process the extracted features in other to nulllify the
influence of the noise in the features with a KSVR based
forecasting model. The analysis is carried out based on the
quarterly tax revenue data of 39 years from the first quarter of
1981 to the last quarter of 2016. The forecasting is made for ten
quarters ahead. The initial empirical result shows that the
multicollinearity has been reduced to zero (0), and the analytic
result reveals that the proposed model PCA-W-KSVR outperforms
KSVR, PCA-KSVR, and W-KSVR in terms of MAE, MAPE, MSE
and RMSE

Keywords: Principal Component Analysis, Dimensionality,
Financial time series, Forecasting, Tax revenue

I. INTRODUCTION

Scientific analysis is a prevaent method to study

economic growth and development with extreme attention
being given to financial time series forecasting from both the
private and public ingtitutional investors. This is because
accurate forecasting induces several financia investment
decisions. These decisions are largely based on analysis of
tax revenue data with consideration of its intensity, hidden
relationships, a high degree of uncertainty, unstructured
nature, noise and non-stationarity [1, 2].
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Tax revenue trends influence several factors such as
economic condition, economic policies, political events,
news related to foreign trade policy, etc. However, tax
revenue data are highly non-linear, low dimensional and its
generations are not random from academic investigations
(Cao & Tay, 2003; Huang et a., 2005). Thus, the tax revenue
forecasting task is highly challenging.

The short, medium-term or long-term forecast results
obtained from technical analyses are not promptly reported
and are based on economic and fiscal policies that affect tax
revenue over time [3, 4]. The technical components used in
this analysis were obtained from tax revenue. Researchers
applied different artificial intelligence and machine learning
approaches to analyze these technical components to predict
future economic growth and development. The traditiona
statistical approach like a vector autoregression model by [5,
6]. Continuous researchers have introduced numerous
approaches including Ensemble Empirical Mode
Decomposition (EEMD), Artificial Neural Network (ANN),
Fuzzy Logic (FL), Genetic Algorithm (GA) and others (Y ao
& Herbert, 2009; AlDarmaki et a., 2016; Leeaet a., 2017).

These techniques suffer one of the different challenges
like finding the optimum solutions, initidlizing a large
number of control parameters, over-fitting, under-fitting, etc.
To overcome most of these challenges, Support Vector
Regression (SVR) has been extensively used in different
nonlinear regression tasks. SVR is a functional estimation
method for the structural risk minimization principle while
the empirical risk minimization principle uses traditional
methods for application. SVR having successfully applied in
numerous time series problems [7-11] stimulated its adaption
in financial time series forecasting.

The initial essential step in breeding an SVR based
forecasting techniqueisto transform the original featuresinto
new ones (feature extraction) and to choose the most
influential set of features (feature selection). The most widely
used feature extraction method is Principal component
analysis (PCA) for the framework of SVR [11, 12]. PCA
converts dimensional input vectors (data) into uncorrelated
principal components (PCs) by computing the eigenvectors
of the covariance matrix of initial inputs [13].

Once again, the dormant noise existing in financia time
series data impairs the performance of the forecasting system
by over-fitting or under-fitting.
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To negate the influence of such noise in data to improve
the forecasting accuracy proposed the use of Wavelet for both
linear and non-linear with SVR [12, 14-20]. In both
approaches, wavelet is used at the beginning to extract the
most important components from the technical variables and
fed them to SVR for better forecasting purposes. Waveletisa
signal processing technique developed for unsighted source
separation. In its bids to attain statistical components (Cs)
from the transformed vectors. [21, 22] has shown that both
PCA and Wavelet can improve the performance of KSVR in
time series forecasting [23, 24] which inspired this research
work to take on PCA and Wavelet with KSVR for forecasting
tax revenue growth.

In this study, a KSVR based forecasting modd is
developed to blend both PCA and Wavelet to improve the
forecast accuracy for tax revenue because a smal
improvement of this performance can have a significant
influence on economic growth and development. The PCA is
used to extract the influential components from input features
which are then filtered to transform the high-dimensional
input into low-dimension features. After that, the wavelet is
applied to convert the reduced features into components. The
KSVR then finally uses the filtered and transformed
low-dimensional input variables to construct the forecasting
model and predict tax revenue for the next ten quarters in
advance. The performance of the proposed method is
compared with three conventional methods: the combination
of PCA with KSVR (PCA-KSVR), Wavelet with KSVR
(W-KSVR) and single KSVR.

[I. METHODOLOGY

2.1 Research Data

The study is conducted to evaluate the performance of the
proposed model using 36 years of historical data of the tax
revenue from the first quarter of 1981 to the last quarter of
2016. This data is obtained from the National Bureau of
Statistics (NBS) and the Central Bank of Nigeria (CBN). The
data covers 144 quarters which comprises of company tax,
customs and exercise duty tax, personal income tax, property
tax, salestax and total tax revenue for the period. 80% of the
total sample data point (123 quarters) was used as a training
sample and the remaining 20% of the data points (21
guarters) were holdout as the testing sample.

2.2 Principal Component Analysis (PCA)

Principal component analysis (PCA), designed by [11, 25], is
a famous statistical technique for feature extraction. It
realizes a minor number of uncorrelated components from
high dimensional original inputs by computing the
eigenvectors of the covariance matrix. Given a set of m
dimensional input vectors x=(xi(1), Xi(2),.....xi{(M))" where

i=1,2,.......n. PCA isatransformation of x; into a new vector
yi asgiven in Equation (1).
T
y=U'X 0

where U isthe mx morthogonal matrix whose ™ column y; is
the j eigenvector of the sample covariance matrix

1
c = ;Elexle. In other words, PCA solves the
eigenvalue problem of Equation (2)

AU=CY,j=12....m

Retrieval Number: G0667034720/2020©BEIESP
DOI: 10.35940/ijmh.G0667.034720
Journal Website: www.ijmh.org

41

where A is one of the ecigenvalues of C and u; is the

corresponding eigenvector. Based on the estimates, uj, the

components of y; are then calculated as the orthogonal

transformation of x;: using Equation (3).
yi(j)=u'x,j=12..,m 3

The new components are called principal components. By

using only, thefirst several eigenvectors sorted in descending

order of the eigenvalues, the number of principal components
iny; can be reduced [26, 27].

2.3 Discrete Wavelet Transform

Wavelets have become a well-known tool for time series
forecasting. The basic aim of the wavelet transform is to
analyze the time-series data in both time and frequency
domains. This is obtained by decomposing the original time
seriesinto different frequency bands using wavel et functions.
Thisis against the Fourier Transform (FT) in which sine and
cosine functions are used to analyze time series. Wavelet
transformations provide a decomposition of the original time
series by capturing information on the various decomposition
levels.

To obtain a number of decomposition level, the following
formula (Equation (4) by Wang & Ding (2003) is applied

L =int[log(N)]
4

Where L is the decomposition level and N is the number of
the tax revenue data series. In this formula, the origina tax

revenue data is decomposed into L components from A to
D, A Dy D2 . . D) which stands for different

frequency components of the original data. Each of these
components plays a unique role in the original tax revenue
data and has different effects on the original data. Instead of
using the D’s component separately, as an input model,
suitable values of D’s component which are more useful and
capable of increasing the forecast performances of the

models are added. If a continuous time series X(t) ,

1

te [—OO, 00] , awavelet function can be written as givenin
B t-7

Equation (5).
v (t.s) \Ew[ S} ®)

Where t represents time,  signifies the time step where the
window function is iterated and s€ [O,OO] stands for the

wavelet scae: l//(t) called the mother wavelet can be

defined as J l//(t)dtzo. The continuous wavelet
transforms (CWT) is therefore given in Equation (6).

W(r,s):%zx(t)tﬁ{%}dt ©
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where l/7(t) stands for complex conjugation

/4 (t) . W(T, S) represents the sum over all the time of time
series multiplied by scale and the shifted time version of the
wavelet function i/ (t) . As stated previously, using CWT in

forecasting is not practically possible since the wavelet
coefficient must be calculated at every possible scalewhichis
time-consuming, and it generates alot of data.

Consequent upon this, therefore, Discrete Wavel et
Transformation (DWT) is adopted in most of the forecasting
problems due to its simplicity and ability to compute using
less time [28-37]. The methodology that is adopted in using
the DWT isthe choice of scales and positions on powers of 2,
which make the analysis to be more efficient and more
accurate. The benefit of using the DWT is because of its
robustness since it does not involve any erroneous
assumption and or testing procedure of parameters said (Kisi,
2010). Therefore, DWT is given in Equation (7)

t—z| 1 t—nr,s," } %
l//m n - l// m
’[ S:} J3™? [ S

Wheremand n are integers which control the scale and time

respectively; 50 is a specified, fixed dilation step greater

than 1; and 7 is the location parameter, which must be
greater than zero. The most common choices for the

parameters ;=2 and 7 = 1. For adiscrete-time series X(t)

where X(t) occurs at discrete time t, the DWT becomes:
N-1
W, =2y (2"t -n)x(t) ©)
t=0
Where men is the wavelet coefficient for the discrete

wavelet at scales= 2™ and 7=2"N?

2.4 Support Vector Regression

The SVR broadens the essential principles of Vapnik’s
support vector machines (SVM) for classification [38, 39] by
setting aleeway of tolerance e in approximation and up until
the threshold ¢, O error is considered. Given a training set
(x%,y1), i=1,2, ... n, where the ;¢ Rm is the m-dimensiond
input vector and yie R is the response variable. SVR
generates the linear regression function in the form:

f(X’W):WTX + b (9)
Vapnik’s linear e-Insensitivity loss (error) function is:
o] (if ly—f (x,w)|<e
LY = F OCW) = {5 e oo (10)

On this note, linear regression f(x,w) is projected by
instantaneously minimizing |[w|[> and the sum of the linear ¢
Tactlessness|osses as shown in equation (12). The constant C
restraints a trade-off amongst an estimated error and the
weight vector norm ||w]| is a design parameter chosen by the
user.

R=ZIw +eXlly-f(xwle (D

Minimizing the risk R is equivalent to minimizing the
following risk under the constraints mentioned in equations
(13) - (15).
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R=§||w1|2+czr_1(é+é*) (12
(W'x +b)-y <e+& (13)
yi—(Wx +h)<e+& (14)
£,E>0i=12,..,m (15)

Here §; and & are dack variables, one for exceeding the

target value by more than £ and other for being less than £
below the target. As used in SVM, the above constrained
optimization problem is solved using Lagrangian theory and
the KarushKuhn-Tucker conditions to obtain the desired
weight vector of the regression function.

SVR maps the input vectors x;, Rm into a high dimensional
feature space #(xi) € H. A kernel function K(x;,x) performs
the mapping ¢(.). The most popular kernel function that is
used in this study is Radial Basis Function (RBS) as shownin
equation (16).

2
K(xx) =exp(—7]x )
where v is the constant of the kernel function. The RBF

kernel function parameter y and regularization constant C are
the design parameters of KSVR.

(16)

Table 1 Technical indicators and their formulas.
$/N | Feature

Description Caleulation Formula

1 10-girs | Simple  10-gtrs nyet
f d . (*)Z C; where C; is the total tax revenue

SMA moving average U it
2 | 10-qtrs | Exponential 10-qtrs | EMA(n);_y +a X (C; EMA (n),;), where ais

EMA | moving average asmoothing factoranda = 21l
3 | 10-qtrs | Weighted 10-gtrs | (Ect(n-1G +-4Gpsy

. n4(n-1)+-+1

WMA | moving average

4 [AD Accumulation/distri H - Gy

oL where L; is the minimum tax value at
i L

and H; is the total tax revenue

bution oscillator. It
is a momentum
r indicatorthat relates
changes in tax
revenue generation

Oscillato

5 Stochasti | Stochastic %K. it Ce-LLe oy
' ————————— x100,LL; and HI1
K% compares \l\-'here HH; (o) — LLi(oep) t !
T;Otal tax felative 10 | pan lowest and highest highin time't.
1ts component over a
given period
6 | Disparity | 5-qtrs disparity & 100
Més
5
7 | Disparity | 10-qtrs disparity | %y 109
Mds

10

To evaluate the performance of the proposed model, Mean
Absolute Percentage Error (MAPE), Mean Absolute Error
(MAE), relative Root Mean Squared Error (RMSE) and
Mean Squared Error (MSE) are used. Formulas of these
evaluation measures are shown in equations (17) — (20)

MAPE = EZLM x100
n== [A]

MAP:lz;llA_Ftl
n==" |A]

17

(18)
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R L A-FY 19
RMSE nzt=[ A J (19)
MSE =2 X7,(A ~F)’ (20

where A is the actual value and F is the predicted value. To
calculate all these measures, a 5-fold cross-validation method
is used. These are the measures of deviation between actual
and predicted prices. The prediction model should produce
lower values for all four measures.

2.5 Proposed Principal Component Analysis and
Wavelet with Kernel Support Vector Regression
PCA-W-KSVR

The proposed model PCA-W-SVR in this research
scheme is depicted in Figure 1. In the first stage, data are
imputed into PCA to extract features which were then
reduced into the low-dimensionality and multicollinearity in
the feature space. The extracted features were filtered
through the Wavelet has pre-processing. Finaly, the
pre-processed extracted features are used in the SVR to make
forecasting for the future.

First of all, technical analysis will be conducted on the
dataset and 6 technical indicators (T1s) will be calculated that
would be used by financial experts [40, 41]. Some important
technical indicators and their formulas are shown in Table 1.
All values of these constructed features are scaled into the
range of [0, 1] to eiminate the biases towards larger value
attributes. Then PCA is applied to the normalized data to
extract the PCs containing the most influential information.
These PCs are filtered according to the corresponding
variance and thus the irrelevant features are discarded to
construct a reduced feature space. The Wavelets modd is
then used in the low-dimensional data to estimate Wavelets
containing the hidden and effective information of the
prediction variables. Finally, the Wavelets are used as input
variables to construct the SVR tax revenue, forecasting
model.

Table 2 Model Selection for Kernel Support Vector Regression

Model Selection for Kernel Support
Vector Regression (KSVR)

Models Linear Polynomia Radial
Tangent Laplace Bessel Anova

MSE 37.6% 80.1% 27% 18%
99.08% 33.1% 9.35%

R%an 96.7% 57.5% 11.4%
43.30% 29.4% 71.3% 7.34%

Rt 99.6% 78.9% 34%
47.11% 60.0% 60.8% 6.88%

RMSE6.13% 8.91% 5.19% 4.24%
9.95% 5.75% 3.05%

Table 3: Grid search resultsfor linear based function
L BF of Kernel parameters

Grid search results for linear based function LBF of Kernel
parameters.
Parameter | Indirect Tax | Manufacturing | Vaue Added
Tax Tax (VAT)
e9.0 eS.4 eS.S
1. C
y 8 20 e
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As mention in Section, the linear based function (LBF)
kernel paraisincorporated in this study because it isthe most
widely used and well-performing kernel function for
forecasting purposes. But the performance of SVR is highly
influenced by the selection of the parameters: y and C. A very
popular method to select the best values of these parameters
is the grid search approach with cross-validation Hsu et al.
(2003). Equation (17-20) was used to checking the model

performance.

Original Prediction Variables

|

[ Principal Component Analysis } Sl

| ¥ v € v Dimensionality
: PC1 pPQ2 PCm } Reduction by PCA
| =1 + " S

| PC Filtering (nxm) |

_— + v v

| Lea 0 . PCn | |

| v + v |

| \

Discrete Wavelet Transformation

e i & 1 | Stage 2: Featfne Extraction
: A 0, 0, 0, 0, | by Wavelet
[ I = I e
| — { ____________________ |
I pamer s s e R R 1 Stage 3: TaxRevenue
| Support Vector Regression | Predictions by KSVR

| oo i ____________________ |

Future Tax Revenue Forecasting

Figure 1 the PCA-W-V SR model

IV. EXPERIMENTAL RESULTSAND DISCUSSION

The principal component analysis reveals from the original
data that thereis a high correlation in the data

-30 -20 -10 o 10
1 1 1 1 1
- =
o g4
= — AN
= = CcT =20
(@] ==
[ 3
— - =
‘I)‘ —
= 141+ S
T T T T T T
-0.8 -0.4 0.0
Comp.1

Figure 2 Correlation amongst the independent variables

Figure 4.4 revedls how the correlation amongst the
independent variables of the original data, where the red line
arrows are the independent variables (components) and the
black areas are the concentration of the observations in the
components which speak out the degree of multicollinearity
in the data that is observed to be very high except CT
(company tax) variable that is on negative side of the
relationships with other variables meaning that
multicollinearity exists in the data
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Figure 3 Multicollinearity amongst the variables

Figure 4.5 indicates the degree of correlation amongst the
independent variables. They are al positive and very high
above 70% except company tax that is below 40%. However,
when the independent variable (component) with high
correlation leads to a multicollinearity problem [42-44]
which will cause instability in the data or cannot alow
accurate forecast. More so, the lower diagonal of the graph
showsindividua graphs of each component and also how the
relationship of various components continues to raise except
the company tax which is on the negative side
despite the increase on the x-axis the y-axis

remains constant.
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Figure 4 Transformation of the original data
Having applied PCA on the data, Figure 4.6 indicates the
degree of correlation amongst the independent variables are

all zero (0). That is by implication there’s no more
multicollinearity in the data which means forecasting tax
revenue using the multivariate time the series technique
would yield a better result.

3.1 Forecasting Results of the Error from the Models

Theresultsin table 4 prove the evidence that the proposed
PCA-W-SVR model has produced lower MAPE (%), MAE,
MSE and RM SE (%) for the tax revenue. The assimilation of
PCA and wavelet has improved the performance of KSVR in
most of the cases but the proposed PCA-W-SVR model
outperforms the other three compared methods. This
validates that the proposed PCA-W-SVR method can
generate lower prediction errors than the other three
compared approaches. Again, it could be noticed from the
resultsthat, the forecasting performance of all the approaches
decreases as the predictions are made for a greater number of
guartersin advance, which may be obviousfor any prediction
system. The robustness of the proposed PCA-W-SVR
method is evaluated by comparing its performance with
PCA-SVR, Wavelet-SVR and single SVR methods using
different ratios of training and testing sample sizes. The
performance is compared in terms of MAPE (%) and RMSE
(%)

Table 4: Prediction performance of quartersahead for Total Tax Revenue
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Quarter Performance Measures
No:
18 Qtr Prediction models MAPE% MAE MSE RMSE
PCA-Wavelet-KSVR 0.13 0.0013 0.2052 | 0.4613
PCA-KSVR 0.201 0.00201 | 0.4119 | 0.6417
Wavedet-KSVR 0.205 0.0025 0.3857 0.621
KSVR 0.19 0.0019 0.1901 0.436
2nd Qtr PCA-Waveet-K SVR 0.119 0.00119 | 0.1952 | 0.4721
PCA-KSVR 0.211 0.00211 | 0.3123 | 0.6501
Wavedet-KSVR 0.285 0.00285 | 0.3217 | 0.5201
KSVR 0.201 0.00201 | 0.2001 | 0.4265
314 Qtr PCA-Wavedet-K SVR 0.109 0.00109 | 0.2152 | 0.4763
PCA-KSVR 0.311 0.00311 | 0.3219 | 0.6917
Wavedet-KSVR 0.194 0.00194 | 0.3677 0.684
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KSVR 0.145 0.00145 | 0.1921 0.429

4t Qtr PCA-Wavelet-K SVR 0.111 0.00111 | 0.2142 | 0.4513
PCA-KSVR 0.281 0.00281 | 0.4269 | 0.6547

Wavelet-KSVR 0.195 0.00195 | 0.3317 0.611

KSVR 0.179 0.00179 | 0.1721 0.433

5t Qtr PCA-Wavelet-KSVR 0.121 0.00121 | 0.1802 | 0.4521
PCA-KSVR 0.331 0.00331 | 0.3999 | 0.6617

Wavelet-KSVR 0.24 0.0024 0.4157 0.561

KSVR 0.161 0.00116 | 0.1911 0.326

61 Qtr PCA-Wavelet-KSVR 0.126 0.00126 | 0.2153 | 0.4433
PCA-KSVR 0.222 0.00222 | 0.4213 | 0.6457

Wavelet-KSVR 0.231 0.00231 | 0.3567 0.672

KSVR 0.145 0.00145 | 0.2466 0.446

7 Qtr PCA-Wavelet-KSVR 0.102 0.00102 | 0.1992 | 0.4513
PCA-KSVR 0.191 0.00191 | 0.3299 | 0.6411

Wavelet-KSVR 0.198 0.00198 | 0.3661 | 0.6731

KSVR 0.132 0.00132 0.201 0.411

8 Qtr PCA-Wavelet-KSVR 0.11 0.001 0.1782 | 0.3433
PCA-KSVR 0.179 0.00179 | 0.3449 | 0.5267

Wavelet-KSVR 0.183 0.00183 | 0.3537 0.621

KSVR 0.121 0.00121 | 0.1801 0.335
PCA-Wavelet-KSVR 0.13 0.0013 0.2052 | 0.4103
9" Qtr PCA-KSVR 0.201 0.00201 | 0.4119 | 0.6521
Wavelet-KSVR 0.205 0.0025 0.3857 0.521

KSVR 0.19 0.0019 0.1901 0.436
PCA-Wavelet-KSVR 0.091 0.00091 | 0.1952 | 0.4613
100 Qtr PCA-KSVR 0.121 0.00121 | 0.3249 | 0.5617
Wavelet-KSVR 0.144 0.00144 | 0.3457 | 0.5811

KSVR 0.109 0.00109 | 0.1991 0.385

0] o) e}
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Figure4| ndicates performance measures of the Errors
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Figure 4 Indicates performance measures of the Errors
5% and 6" Quarters
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Figure 4 Indicates performance measures of theErrors
9" and 10" Quarters

V. CONCLUSION

This study proposed a tax revenue forecasting model
assimilating PCA and Wavelet with SVR for financial time
series. This PCA-W-SVR model first applied PCA to extract
the best significant components from the input features in
order to overcome the problem of over-fitting or under-fitting
caused by the noisy sort of financial time series data. The
filtered PCs were then processed by wavelet to estimate
DWTs which were finally used in KSVR with LBF kernel
function asinput variables. The grid search for the best kernel
parameters is performed to enhance KSVR’s performance.
The investigations have evaluated 36 years’ data for tax
revenue data in Nigeria. The proposed model performanceis
compared with PCA-KSVR, W-KSVR, and single KSVR for
medium-term durations (10 quarters) in terms of prediction
error.

Experimental results show that the proposed PCA-W-SVR
model outperforms all three other approaches by producing
less predictive errors. The empirical results can infer that the
PCA and Wavelet, employed together, can effectively
unwrap the significant information from the original data and
improve the performance of KSVR in tax revenue
forecasting. As the proposed model helps to predict tax
revenue with less error, tax administrators and management
can use this to generate more revenue or create more ways
that can bring changes such that more people can be brought
into the tax net or database. Again, this proposed approach
can also be used in other domains like weather forecasting,
energy consumption forecasting or stock market index
forecasting.
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Future research may integrate Kernel PCA, non-linear

CCA and other signal processing techniques like affinity
propagétion clustering with SVR to further enhance the

forecasting performance.  This

paper focuses on

medium-term tax revenue prediction. Its applicability might
be examined for long-term forecasting in the future and
appropriate methods could be integrated to enhance
performance in the future. However, only the price related
historical data is used here to predict future prices. But it is
well known that various other aspects like general economic
conditions, government policies, company performance,
investor’s interest, stock market, etc. also play vital rolesin
tax revenue generation. In the future, these aspects can also
be incorporated as input features for prediction which may
buttress the accurate prediction.
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