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A B S T R A C T

A model built from a parametric regression model and a nonparametric regression model is called a semi-
parametric regression (SR) model. The main problem in the SR model is the estimation of the regression function.
In this study, we develop the SR model for time series data that is called Time Series Semiparametric Regression
(TSSR) model, and discuss estimation of the TSSR model by using local polynomial. Also, we apply it to data of
inflation rate (IR) in Indonesia where IR is as response variable, and both IR and money supply in the previous
periods are as predictor variables. Next, we compare the results of estimating the IR using the TSSR with the
classical method, namely the ARIMA. Also, the TSSR has high accurate criterion for predicting the IR in
Indonesia. The results of this study are useful for analyzing Indonesia’s economic growth rate, which is one of the
Sustainable Development Goals (SDGs).

1. Introduction

Economic growth (EG) is an increase about national income or
production in a country from year to year. To measure the EG of a
country, we can look at the level of gross domestic product (GDP) of the
country. In macroeconomic, one of references used to measure a coun-
try’s economy is inflation that is an economic condition where prices
have tendency to rise continuously, or a decrease of money supply in the
overall value. (Simanungkalit, 2020). In fundamental economics
concept, inflation depends on the circulating quantity of excess money
in an economy (Esumanba et al., 2019). In general, inflation is a
depreciation of currency or the increasing price of a basic need for in-
stances services and goods. The continuously increasing IR can become
an EG obstacle. If a high inflation happened, it would decrease pros-
perity level and reduce EG, like in Indonesia in 1998. It was caused by
the uncontrolled printing of money. Hence, in circulation, the amount of
money became huge. Therefore, it is important to keep inflation is to be
stable for sustaining EG. Stable condition of inflation is a mandatory
prerequisite for sustaining EG, thereby increasing society welfare
(Atmaja, 1999; Yu et al., 2023). The IR has a high variance, so there is a
fluctuating movement. Hence, an appropriate modeling is required. As
one of monetary agencies, Bank of Indonesia controls IR in Indonesia by

evaluating whether the target still sets projections of inflation in the
future. Saluza (2015) predicted IR in Indonesia based on some infor-
mation in the past. IR prediction is required for the government and
business to make strategic policies in economic field.

As one of statistical models, regression model, can be used for pre-
dicting IR. It has two types, namely, parametric regression (PR) model
(Yolanda, 2017; Esumanba et al., 2019), and nonparametric regression
(NR) model (Aneiros-Perez & Vieu, 2008; Li et al., 2011; Lestari et al.,
2018, 2020, 2022; Clark et al., 2022; Chamidah et al., 2020a, 2022,
2024a, 2024b; Aydin et al., 2024). Yolanda (2017) used Time Series
Parametric Regression (TSPR) model for analyzing factors that affect
inflation and their impact on development index of human and poverty
in Indonesia. Next, Nyoni (2019) used TSPR model, namely, ARIMA for
predicting inflation in Burundi. Further, Suparti et al. (2018) used Time
Series Nonparametric Regression (TSNR) model to model inflation rate
in Indonesia. Prahutama et al. (2018) used TSNR for modelling foods
sector inflation in Indonesia. According to Chamidah et al. (2012,
2019a); Chamidah & Lestari (2019); and Fibriyani & Chamidah (2021),
local polynomial is a very popular approach that can be used to explore
localness properties of data. Local polynomial estimator has two special
cases. If it has degree of polynomial, d = 0, then it will result a kernel
estimator or constant local estimator, and if d = 1, then it will result a
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local linear estimator (Chamidah et al., 2020b, 2020c). Furthermore, if
we combine these two regression types, we will have a Semiparametric
Regression (SR) model (Gao & Hawthorne, 2006; Ramadan et al., 2019;
Chamidah et al., 2019b, 2022; Lestari et al., 2023; Aydin et al., 2023;
Fibriyani et al., 2024). The SR model can be applied to a time series
dataset which is in this study we call it a TSSR model. Time series data is
a set of observations taken at different times and periodically collected
at a certain time interval. Time series data include one object of research
or individual research, for instances, stock prices, currency rates, or
inflation rates in several periods such as daily, weekly, monthly, or
yearly. Since inflation rate data have high fluctuation pattern, then the
use of local polynomial estimator for analyzing this data is very
appropriate.

Furthermore, the SR model has more complicated calculation than
PR model or NR model. There is no researcher presented above that
concerned on estimating TSSR model by using local polynomial esti-
mator. Therefore, this study intends to discuss a new estimation method
of the TSSRmodel by using local polynomial estimator. Next, we apply it
to data of IR in Indonesia where IR is as response variable, and both IR
and money supply in the previous periods are as predictor variables.
Then, we compare the results of estimating the IR using the TSSR with
the classical method, namely, ARIMA.

2. Materials and methods

In the following we briefly provide materials and methods used in
this study such as TSSR model, Generalized Cross Validation, and Mean
Absolute Percentage Error.

2.1. TSSR model

The TSSR model is a SR model applied to time series data. It can be
expressed as follows:

yt = θ1yt− 1 + g(vt− 1) + εt, t = 1,2,⋯,T (1) where yt is a t-th
response variable, θyt− 1 is a parametric component, θ is an unknown
parameter of parametric component, g(vt− 1) is a nonparametric
component that is a smooth function contained in Sobolev space, and εt
is a t-th measurement error with mean of zero and variance of σ2.

To estimate g(vt− 1) by using local polynomial estimator, we employ a
Taylor series expansion as follows:

g(vt− 1) ≈
∑r

d=0

g(d)(v0)
d!

(vt− 1 − v0)d =
∑r

d=0

βd(v0)(vt− 1 − v0)d (2)

where g(d)(v0) is the d-th derivative of g(v0) at v0, vt− 1 ∈ (v0 − h, v0 +h),
and g(d)(v0)

d! = βd(v0). Hence, we can express equation (2) as follows:

g(vt− 1) = Vv0 β(v0) (3)

where Vv0 =
[
1 (vt− 1 − v0) ⋯ (vt− 1 − v0)r

]
, vt− 1 ∈ (v0 − h, v0

+h), and β(v0) = [ β0(v0) β1(v0) ⋯ βr(v0) ]
T . So, the TSSR model

can be presented as follows:

yt = Vv0β(v0)+ εt (4)

By giving paired dataset
{
vt, yt

}T
t=1, we can elaborate model (4) as fol-

lows:

y1=β0(v0)+β1(v0)(v1 − v0)+β2(v0)(v1 − v0)
2
+⋯+βr(v0)(v1 − v0)

r
+ε1

y2=β0(v0)+β1(v0)(v2 − v0)+β2(v0)(v2 − v0)
2
+⋯+βr(v0)(v2 − v0)

r
+ε2

⋮

yT=β0(v0)+β1(v0)(vT − v0)+β2(v0)(vT − v0)
2
+⋯+βr(v0)(vT − v0)

r
+εT

⎫
⎪⎪⎬

⎪⎪⎭

(5)

Hence, it gives the following TSSR model:

y = Vv0β(v0)+ ε (6)

where Vv0 =

⎡

⎣
1 (v1 − v0) ⋯ (v1 − v0)r

⋮ ⋮ ⋱ ⋮

1 (vT − v0) ⋯ (vT − v0)r

⎤

⎦, y =

⎡

⎢
⎣

y1
y2
⋮
yT

⎤

⎥
⎦, and ε =

⎡

⎣
ε1
ε2
⋮
εT

⎤

⎦.

To estimate β(v0) in (6), we carry out a WLS (weighted least square)
optimization:

MinQ(v0) = Min
((
y − Vv0 β(v0)

)TKh(v0)
(
y − Vv0β(v0)

) )
(7)

where Kh(.) represents a Kernel function with bandwidth h given as
follows:

Kh(v) =
1
h
K
(v
h

)
; for − ∞ < v < ∞and h > 0

Hence, Kh(v0) = diag(Kh(v1 − v0) Kh(v2 − v0) ⋯ Kh(vT − v0) ).
Here, we use kernel function of Gaussian given as follows:

K(v) =
1̅̅
̅̅̅̅
2π

√ exp
(

−
v2

2

)

(8)

We take partially derivative of equation (7) with respect to β(v0) and
then set it to zero:

∂Q(v0)
∂β(v0)

= − 2VTv0Kh(v0)y+2VT
v0Kh(v0)Vv0β(v0) = 0

Hence, we obtain β̂(v0) =
(
VTv0Kh(v0)Vv0

)− 1
VTv0Kh(v0)y. (9)

Finally, we substitute equation (9) into equation (3) and we obtain:

ĝ(vt− 1) = vv0
(
VTv0Kh(v0)Vv0

)− 1
VT
v0Kh(v0)y (10)

2.2. Generalized Cross Validation (GCV)

In estimating TSSR model, we use a criterion of GCV by selecting a
minimum value of GCV to obtain an optimal bandwidth (h) value that
controls smoothness and goodness of fit to be balance which will affect
bias-variance trade-off. Therefore, we obtain:

ĝ(vt− 1) = A(hj)y

where A(hj) = vv0
(
VTv0Kh(v0)Vv0

)− 1
VTv0Kh(v0). The optimal value of

hj can be obtained using GCV criterion as follows (Chamidah et al.,
2012):

GCV(h) =
T− 1∑T

t=1
(
yt (j) − ŷt

(j) )2

(
T− 1tr

[
I − A(hj)

] )2 (11)

2.3. Mean Absolute Percentage error (MAPE)

We often use a MAPE value to determine the forecasting accuracy
measurement of the estimated model. MAPE obeys the following
mathematical expression (Moreno et al., 2013):

MAPE =
1
T
∑T

t=1

|ŷt − yt |
yt

× 100 (12)
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where T represents sample size, ŷt represents the estimated model value
at time point t, and yt represents the observed value of y at time point t.
The MAPE values criteria can be found in Table 1.

3. Results

The results of this study consist of theoretical results on estimating
TSSR model, and application of TSSR model.

3.1. Estimating TSSR model

Suppose given a paired dataset
(
yt− 1, vt− 1, yt

)
, t = 1, 2,3,⋯,T where

yt− 1 represents autoregressive of response variable, vt− 1 represents
autoregressive of predictor variable. The dataset follow the TSSR model:

yt = θ1yt− 1 + g(vt− 1)+ εt (13)

where yt is response variable, θ1yt− 1 is parametric component, g(vt− 1) is
nonparametric component, εt is measurement error which has mean of
zero and variance of σ2

t .
First, we estimate the NR model by assuming θ1 is known. So, we

have:

y*t = g(vt− 1)+ εt (14)

where y*t = yt − θ1yt− 1. Next, based on local polynomial estimator, we
estimate g(vt− 1) which is a smooth function in the sense of continuous
and differentiable function. We can approximate it by using Taylor se-
ries expansion at vt− 1 around v0 as follows:

g(vt− 1) ≈
∑r

d=0

g(d)(v0)
d!

(vt− 1 − v0)d d = 0, 1,2,⋯, r (15)

g(vt− 1) =
∑r

d=0

βd(v0)(vt− 1 − v0) (16)

where g(d)(v0) is the d-th derivative of g(v0) and vt− 1 ∈ (v0 − h, v0 +h). We
may express model (14) as follows:

g(vt− 1) = Vv0 β(v0) (17)

where Vv0 =
[
1 (vt− 1 − v0) (vt− 1 − v0)2 ⋯ (vt− 1 − v0)r

]
, vt− 1 ∈

(v0 − h, v0 +h) and β(v0) = [ β0(v0) β1(v0) ⋯ βr(v0) ]
T.

Based on equation (17), we obtain:

y*t = Vv0 β(v0)+ εt (18)

For a paired sample
{
vt− 1, yt

}T
t=2, model (18) gives:

Hence, the models (19) gives expressed model:

y* = Vv0β(v0)+ ε (20)

where y* =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

y*2
y*3
y*4
⋮
y*T

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

;

Vv0 =

⎡

⎢
⎢
⎢
⎢
⎣

1 (v1 − v0) (v1 − v0)2 ⋯ (v1 − v0)r

1

1

⋮

(v2 − v0)

(v3 − v0)

⋮

(v2 − v0)2

(v3 − v0)2

⋮

⋯

⋯

⋱

(v2 − v0)r

(v3 − v0)r

⋮

1 (vT− 1 − v0) (vT− 1 − v0)2 ⋯ (vT− 1 − v0)r

⎤

⎥
⎥
⎥
⎥
⎦
;

β(v0) = [ β0(v0) β1(v0) ⋯ βr(v0) ]
T; and ε = [ ε2 ε3 ε4

⋯εT]T.
The local polynomial estimator of β(v0) in (20) can be obtained by

taking value which minimizes the following weighted least square
function:

Q(v0) =
(
y* − Vv0β(v0)

)TKh(v0)
(
y* − Vv0β(v0)

)
(21)

where

Kh(v0) =

⎡

⎢
⎢
⎢
⎣

Kh(v1 − v0)

0
0
⋮

0

0

Kh(v2 − v0)

0
⋮

0

0

0
Kh(v3 − v0)

⋮

0

⋯

⋯
⋯

⋱

⋯

0

0
0

⋮

Kh(vT− 1 − v0)

⎤

⎥
⎥
⎥
⎦
,

and Kh(.) is kernel function. The local polynomial estimator of β(v0) is
β̂(v0) which will minimize the Q(v0) in (21). The minimum value of
Q(v0) is reached when ∂ Q(v0)

∂β(v0) = 0. Hence, we have:

∂ Q(v0)
∂β̂(v0)

= 0⇔∂
(
(y* − Vv0 β(v0) )

T
Kh(v0)(y* − Vv0 β(v0) )

)

∂β(v0) ⌋β(v0)=β̂(v0) = 0

⇔ β̂(v0) =
(
VTv0Kh(v0)Vv0

)− 1
VTv0Kh(v0)y*. (22).

Based on equations (17) and (22), we obtain:

ĝ(vt− 1) = Vv0
(
VTv0Kh(v0)Vv0

)− 1VTv0Kh(v0)y* (23)

Table 1
Criteria of MAPE Values.

MAPE Criteria

< 10 Highly Accurate
10 – 20 Accurate
20 – 50 Reasonable
>50 Inaccurate

y*2 = β0(v0) + β1(v0)(v1 − v0) + β2(v0)(v1 − v0)2 + ⋯ + βr(v0)(v1 − v0)r + ε2
y*3 = β0(v0) + β1(v0)(v2 − v0) + β2(v0)(v2 − v0)2 + ⋯ + βr(v0)(v2 − v0)r + ε3
y*4 = β0(v0) + β1(v0)(v3 − v0) + β2(v0)(v3 − v0)2 + ⋯ + βr(v0)(v3 − v0)r + ε4

⋮
y*T = β0(v0) + β1(v0)(vT− 1 − v0) + β2(v0)(vT− 1 − v0)2 + ⋯ + βr(v0)(vT− 1 − v0)r + εT

⎫
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(19)
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Table 2
Analysis Results Using ARIMA.

Model Parameter p-Value White-Noise Normal MAPE

In-Samples Out-Samples All Samples

SARIMA
(1,1,0)(1,1,1)12

AR 1
SAR 12
SMA 12

0.042
0.000
0.000

Yes No ​ ​ ​

SARIMA
(0,1,1)(1,1,1)12

SAR 12
MA 1
SMA 12

0.000
0.004
0.000

Yes No ​ ​ ​

SARIMA
(0,1,1)(0,1,1)12

MA 1
SMA 12

0.000
0.000

Yes No 8.616 10.693 9.655

Normal

Fig. 1. Results of Kolmogorov-Smirnov Testing.
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By substituting equation (23) into equation (20), we obtain:

ŷ*
= Vv0

(
VTv0Kh(v0)Vv0

)− 1VT
v0
Kh(v0)y* = A(v0)y

* (24)

A(v0) = Vv0
(
VTv0Kh(v0)Vv0

)− 1VT
v0
Kh(v0)

Next, to get the estimator of θ we minimize the following sum of square
of TSSR model:

S = εTε =
(
yt − yt− iθ − A(v0)(yt − yt− iθ)

)T ( yt − yt− iθ − A(v0)(yt − yt− iθ)
)

(25)

The estimated value of θ is θ̂ that can be obtained by determining ∂ S
∂θ = 0

which gives:

θ̂ =
(
yt− i

T ( I − A(v0)
)T ( I − A(v0)

)
yt− i

)− 1
yt− i

T ( I − A(v0)
)T ( I − A(v0)

)
yt
(26)

Finally, based on equations (14), (25), and (26), we obtain:

ŷt = yt− i θ̂ +A(v0)(yt − yt− i θ̂) = Cyt +A(v0)(yt − Cyt)

=
(
C+A(v0)(I − C)

)
yt (27)

where

= yt− i
(
yt− iT

(
I − A(v0)

)T ( I − A(v0)
)
yt− i

)− 1
yt− iT

(
I − A(v0)

)T ( I − A(v0)
)
yt,

and

A(v0) = Vv0
(
VTv0Kh(v0)Vv0

)− 1VTv0Kh(v0)

3.2. Application

To investigate that the TSSR model is better than the classical time
series model, namely, ARIMA, we provide the comparison results of IR
estimates by using ARIMA and TSSR approaches.

3.2.1. ARIMA model approach
Dataset of IR in Indonesia from 2004 until 2022 used in this study,

shows trend and seasonal patterns. So, the dataset is not stationer in
mean and variance. It becomes stationer after doing differencing and
Box-Cox transformation. Next, we apply Ljung-Box testing and
Kolmogorov-Smirnov testing with significance level of α = 5% to
investigate whether residual satisfies white-noise and Normality as-
sumptions, and the results are given in Table 2 and Fig. 1.

Table 3
Statistical description.

Variable Statistic

Mean Variance Min. Max.

Inflation Rate 5.636 12.304 1.320 18.380
Money Supply 3.785 4.212 0.995 7.963

876543210

20

15

10

5

0

Money Supplyi n theprevious month

In
fa

tio
n

Ra
te

Scatterplot of Infation Rate vs Money Supply in the previous month

Fig. 2. Scatter Plot of IR versus MS in Previous Months.

20151050

20

15

10

5

0

Infation Rate in the previous month

In
fa

tio
n

Ra
te

Scatterplot of Infation Rate vs Infation Rate in the previous month

Fig. 3. Scatter Plot of IR versus IR in Previous Months.

Table 4
Calculation Results Using TSSR Models Approach.

Optimal Bandwidth GCV Minimum Value Degree Model MAPE

Training Testing Overall

0.25 1.583 1 Local Linear 9.019 8.771 8.949
0.31 1.368 2 Local Quadratic 10.273 8.299 9.286

Table 5
Value of Some Criteria for TSSR Model.

Orde 1 – Local Linear Model
Criteria Data

Insample Outsample overall

MAPE 0.309 0.474 0.392
R2 96.796 96.759 96.778
AIC 22.362 − 37.672 ​
​ Orde 2 – Local Quadratic Model
Criteria Data

Insample Outsample overall
MAPE 0.306 0.494 0.400
R2 96.741 96.616 96.778
AIC 23.534 − 36.399 ​
​ Orde 3 – Local Qubic Model
Criteria Data

Insample Outsample overall
MAPE 0.311 0.529 0.420
R2 96.715 96.313 96.514
AIC 23.689 − 39.955 ​
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3.2.2. TSSR model approach
Statistical description of inflation dataset from 2004 until 2022 is

given in Table 5.
It can be observed from Table 3 that from the start of the reformation

era to the present, the average IR has been 5.636 %, with a compara-
tively large diversity of 12.304 %. In November 2005, when global oil
prices and interest rates were rising and local monetary stability was
under pressure, Indonesia saw its highest IR of 18.380 %. Domestic fuel
prices and the value of the rupiah decreased as a result of this situation.
In August 2022, Indonesia had the lowest IR as 1.320 %. The functional
link between Indonesia’s IR and money supply (MS) is depicted in Fig. 2.
We can observe that it deviates from the traditional definition of a
regression. We can observe that the relationship pattern between IR and
MS in the previous month is unknown. It can be modeled by using NR
approach.

Fig. 3 shows that the functional relationship between the IR and the
previous period’s IR is linear, so it can be modeled by using PR
approach. If we combine these models in one case, then we can use SR
model approach. Hence, the SR model for this case can be expressed as
follows:

Inf t = θInf t− 1 + β0(MS0)+ β1(MSt− 1 − MS0)+ εt ,MSt− 1
∈ (MS0 − h;MS0 + h) (28)

where Inf is inflation and MS is money supply.
In this case, these 194 observations serve as the model’s input data.

We create degrees of polynomial of d = 1 (local linear), and d = 2 (local
quadratic). We obtained optimal bandwidths of 0.25 and 0.31 for local

linear and for local quadratic, respectively. The calculation results using
TSSR models (local linear and local quadratic) are given in Table 4 and
Table 5.

Table 4 and Table 5 show that overall values of MAPE are 8.949 %
and 9.286 % for local linear model and for local quadratic model,
respectively. This means that both local linear model and local quadratic
model are the best models approach. These models have high accurate
criterion because these models have MAPE values which are less than
10 % (see Table 1). Thus, the estimated TSSR model presented in (28) is
very suitable for predicting IR in Indonesia. Plots of prediction values
using TSSR models (local linear and local quadratic) and actual values
are given in Fig. 4.

Fig. 4 shows that the plot between actual data of IR in Indonesia and
its predicted values where the red line represents prediction curve of
local linear approach and the blue line represents prediction curve of
local quadratic approach. We can see that the predicted values of IR in
Indonesia by using TSSR models based on local polynomial appear to
coincide with the actual data. This means that the prediction error ob-
tained by TSSR model approach is too small.

4. Discussion

Theoretically, the estimation result of the TSSR model by using local
polynomial estimator presented in equation (27) is a combination be-
tween estimation result of parametric component and estimation result
of nonparametric component.

In application, we compare the classical time series model approach,
namely, ARIMA, with the TSSR model approach. Modeling of monthly

Fig. 4. Prediction Curves of Local Linear (red line) and Local Quadratic (blue line).
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IR in Indonesia by using ARIMA results significant parameters, and it has
satisfied white-noise assumption, but three best ARIMAmodels obtained
does not satisfy assumption of normality residual (see Table 2 and
Fig. 1). This means that the ARIMA model cannot accommodate factors
that affect IR in Indonesia. On the other hand, modeling of monthly IR in
Indonesia by using TSSRmodel based on local polynomial results a small
value of MAPE which is less than 10 %. It means that predicted value
using TSSR model is highly accurate. Thus, the TSSR model approach is
better than ARIMA for prediction of IR in Indonesia.

5. Conclusion

The estimation result of the TSSR model by using estimator of local
polynomial is to be combination between estimation result of para-
metric component and estimation result of nonparametric component of
the TSSR model. The classical time series model, namely, ARIMA,
cannot be used for prediction IR in Indonesia because its residual does
not meet normality assumption. In case of there is no intervention or
outlier, the TSSR model approach is suitable for modeling inflation rate
in Indonesia. The TSSR can be used to predict inflation rate in Indonesia
that is affected by inflation rate and money supply in the previous pe-
riods where in this case, the inflation rate in the previous periods is as
parametric component, and money supply in the previous periods is as
nonparametric component. Also, the predicted values using TSSR model
based on local polynomial is highly accurate. It was shown by the MAPE
value which is less than 10 %. In addition, it can be used as reference for
government in determining policy. Thus, the estimated TSSR model
obtained can be used to predict inflation rate in Indonesia for supporting
one of the SDGs, namely, economic growth rate.
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