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ABSTRACT 

 

DYNAMIC FACTOR MODEL ANALYSIS BASED ON 

PRINCIPAL COMPONENT EXTRACTED FACTOR 

FOR GRDP PREDICTION 

 

 

By 

 

Agustino Simatupang 

 

 

 

Dynamic Factor Model (DFM) are multivariate forecasting models that represent 

the co-movements of observed variables through a small number of latent factors. 

DFMs effectively extract common information from highly correlated variables 

while reducing the influence of idiosyncratic noise, thereby improving forecasting 

accuracy. This study applies DFM to model and forecast the real and nominal Gross 

Regional Domestic Product (GRDP) of Lampung Province. The limitation of 

quarterly GRDP data was addressed through Denton temporal disaggregation to 

obtain monthly observations. Latent factors were extracted using Principal 

Component Analysis (PCA) and estimated within a state-space framework using 

the Kalman Filter under the Maximum Likelihood Estimation (MLE) framework. 

The AR(1), AR(2), and AR(3) specifications were evaluated using the Log-

Likelihood, Akaike Information Criterion (AIC), Bayesian Information Criterion 

(BIC), the Ljung–Box test, and the Mean Absolute Percentage Error (MAPE). The 

first principal component explained approximately 99% of the total data variation. 

The DFM-AR(3) model achieved the best performance, reconstructing the original 

quarterly GRDP series with MAPE values of 1.43% for real GRDP and 1.52% for 

nominal GRDP. These results demonstrate that DFM is an effective approach for 

modeling and forecasting GRDP using a limited number of highly correlated 

variables. 

 

Keywords: Dynamic Factor Model, Principal Component Analysis, Denton 
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Dynamic Factor Model (DFM) merupakan model peramalan multivariat yang 

merepresentasikan pergerakan bersama antarvariabel melalui sejumlah kecil faktor 

laten. DFM unggul dalam mengekstraksi informasi bersama dari variabel yang 

memiliki korelasi tinggi serta mengurangi pengaruh idiosyncratic noise, sehingga 

meningkatkan akurasi peramalan. Penelitian ini bertujuan menerapkan DFM untuk 

memodelkan dan meramalkan Produk Domestik Regional Bruto (PDRB) riil dan 

nominal Provinsi Lampung. Keterbatasan data PDRB triwulanan diatasi melalui 

disagregasi temporal menggunakan metode Denton untuk memperoleh data 

bulanan. Selanjutnya, faktor laten diekstraksi menggunakan Principal Component 

Analysis (PCA) dan diestimasi dalam kerangka state-space menggunakan Kalman 

Filter dengan Maximum Likelihood Estimation (MLE). Spesifikasi AR(1), AR(2), 

dan AR(3) dibandingkan menggunakan Log-Likelihood, Akaike Information 

Criterion (AIC), Bayesian Information Criterion (BIC), uji Ljung–Box, dan Mean 

Absolute Percentage Error (MAPE). Hasil menunjukkan bahwa komponen utama 

pertama menjelaskan sekitar 99% variasi data. Model DFM-AR(3) memberikan 

kinerja terbaik serta menghasilkan akurasi tertinggi dalam merekonstruksi data 

PDRB triwulanan, dengan nilai MAPE sebesar 1,43% untuk PDRB riil dan 1,52% 

untuk PDRB nominal. Temuan ini menunjukkan bahwa DFM merupakan 

pendekatan yang efektif untuk memodelkan dan meramalkan dinamika PDRB 

menggunakan variabel yang berkorelasi tinggi. 

 

Keywords: Dynamic Factor Model, Principal Component Analysis, Metode 

Denton, Peramalan, PDRB 
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I. INTRODUCTION 

 

 

 

 

1.1 Background and Problems Statement 

 

 

 

The Dynamic Factor Model (DFM) is a robust statistical model that assumes the 

driving forces behind the co-movement of various economic variables. Due to its 

ability to detect short-term trends and cyclical patterns, this model is commonly 

used in nowcasting and forecasting indicators such as Gross Regional Domestic 

Product (GRDP) (Kuck & Schweikert, 2021). Generally, the methodological 

approach to applying DFM involves three main approaches: Maximum Likelihood 

Estimation (MLE) using state-space forms, followed by the Bayesian Approach for 

high–dimensional data and the Two-Step Estimations suggested in Stock & Watson 

(2002). By utilizing Principal Component Analysis (PCA) and the Kalman Filter, 

this ultimate technique delivers the necessary computational power to obtain 

economic signals from intricate regional datasets. 

 

 

In addition to frequency constraints, the often vast and complex structure of 

macroeconomic datasets demands that these models be applied by researchers. PCA 

is an essential simplification method that reduces data complexity by reducing 

multiple interrelated variables into a few crucial components that represent most of 

the data variation (Juanhua & Donglin, 2025). To extract the key factors for 

dynamic modeling, PCA is often used as the foundational stage of DFM analysis 

by mitigating the "curse of dimensionality" (Chen & Fan, 2023). 
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Measuring the economic growth rate of a region is possible by using production, 

expenditure and income methods, with GRDP being one of its primary indicators 

along with GDP. From the added value of the production sector to consumption and 

investment in the community, these three approaches offer a comprehensive view 

of economic activity. Inflation, interest rates, investment, exports-imports and 

household consumption are complexly interrelated and influence the dynamics of 

GRDP (Supriyatna et al., 2024).  

 

 

However, the primary challenge in regional economic analysis, particularly in 

Lampung Province, lies in the limited frequency of official data. While GRDP is a 

vital indicator of economic health, it is only published on a quarterly basis. This 

low frequency often obscures short-term economic shocks and rapid cyclical 

changes that occur month-to-month. To address this information gap, temporal 

disaggregation using the Proportional Denton Method is essential (Fonzo & Marini, 

2012). By utilizing a high-frequency indicator, this method ensures that monthly 

estimates remain mathematically consistent with official quarterly figures, 

providing a more granular dataset for precise analysis. 

 

 

Traditional econometric frameworks such as Ordinary Least Squares (OLS), 

AutoRegressive Integrated Moving Average with Explanatory Variables 

(ARIMAX), and Vector Autoregression (VAR) are not always effective in solving 

high-dimensional problems. The instability of coefficient estimates, in addition to 

the inflation factor (VIF) being inflating and multicollinearity in these methods 

making individual predictor effects difficult to isolate statistically (Kim, 2019). In 

particular, the limitations of standard VAR models in terms of dimensionality make 

them problematic (Chan et al., 2022), due to which an extensive parameter space 

often hinders performance. Furthermore, even when high-frequency data is 

available, macroeconomic indicators such as Real and Nominal GRDP often treated 

as isolated series, ignoring the fact that they are manifestations of the same 

underlying economic engine. 
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Prior research has increasingly embraced the Stock & Watson (2002) framework, 

which integrates PCA and DFM to reveal the latent structure of interrelated 

economic data. Instead of forecasting variables in isolation, this study uses PCA to 

extract a single latent factor as a common unseen driver representing the core 

economic pulse of Lampung Province. By filtering out idiosyncratic noise, the 

Two-Step Estimation utilizing both PCA and the Kalman Filter ensures more stable, 

synchronized, and robust forecasts. This methodological synergy allows for the 

collective capture of 'co-movement' across variables while simultaneously 

addressing the inherent challenges of high-dimensional data structures. 

 

 

In the context of Indonesia, study by Tarsidin et al. (2018) and Ringo & Monika 

(2022) emphasize that although DFM effectively manages regional GRDP 

forecasting, this method must be adjusted to the availability and volatility of 

regional data. Ultimately, PCA addresses multicollinearity, enabling DFM to 

capture dynamic relationships in GRDP (O’Keeffe & Petrova, 2025). The 

integration of these elements significantly improves forecasting accuracy, 

especially when dealing with high-dimensional data within the limitations of time 

series. 

 

 

 

1.2 Research Questions 

 

 

 

1. How effective is Principal Component Analysis (PCA) in representing the joint 

dynamics between Real and Nominal GRDP in Lampung Province through 

selected principal components? 

2. Is the Dynamic Factor Model (DFM) still able to produce accurate and stable 

forecast estimates for GRDP, even when built on a dataset with limited 

dimensions (low-dimensional)? 
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1.3 Research Objectives 

   

 

 

1. Analyzing the ability of PCA to extract crucial information from real and 

nominal GRDP variables to mitigate data redundancy due to high 

multicollinearity.  

2. Developing and evaluating the performance of GRDP forecasting models in 

capturing economic signals using the integration of PCA and DFM under 

limited dimensional data conditions. 

 

 

 

1.4 Research Benefits 

 

 

 

This study provides an empirical tool for the Lampung Provincial Government and 

stakeholders in forecasting GRDP values through a model that is resistant to data 

volatility and idiosyncratic disturbances. For researchers, this study enriches 

econometric literature by providing a methodological reference regarding the 

application of PCA and DFM integration on low-dimensional data or in regional 

economic analysis with limited indicators.



 

 

 

 

 

 

 

 

 

II. LITERATURE REVIEW 

 

 

 

 

2.1 Time Series and Forecasting 

 

 

 

Time series analysis is a statistical method used to understand data collected 

sequentially over time. Its main purpose is to identify historical patterns and predict 

future values. The main dynamics observed in time series data include trends 

(general direction), seasonality (regular fluctuations), cycles (longer and irregular 

fluctuations), and random variations, the latter of which is particularly important to 

address as it represents noise that can obscure the accuracy of predictions (Kyo et 

al., 2024). This analysis is vital in economics for forecasting critical indicators such 

as inflation, interest rates, and commodity prices, which are routinely recorded to 

anticipate future market behavior (Indah et al., 2023). 

 

 

While univariate methods focus on a single variable, multivariate time series 

analysis considers multiple variables to model the dynamic relationships between 

them over time, which is essential for improving forecasting performance. This 

approach is important in economics, where structural relationships between 

interacting indicators such as inflation, consumption and investment, are analyzed 

to generate more comprehensive and accurate forecasts than those produced by 

isolated univariate models (Iftikhar et al., 2025).  

 

 

A fundamental approach in multivariate time series forecasting is the Vector 

Autoregression (VAR) system, which models the dynamic interactions among a 

group of variables by allowing each variable to depend on its own past values as 

well as the past values of all other variables in the system.
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This approach is formally expressed through the following general equation: 

 

                                              𝐗𝐭 =  𝛂 + 𝚺𝚽𝟏𝐗𝐭−𝐢 +  𝛜𝐭                                     (2.1) 

 

where: 

𝐗t    : the 2 × 1 vectors of observed variables, 

𝛂    : intercept vector, 

𝚽𝐢    : parameter matrix 2 × 2 for each lag i = 1, 2, …, p, 

𝐗t−i : the vector of observed variables at lag-i, and 

𝛜t    : error vector at time t. 

 

 

However, as the number of variables in VAR increases, structural complexity often 

leads to overparameterization, thereby reducing forecasting efficiency. Dynamic 

Factor Models (DFM) have emerged as a superior solution by modeling the co-

movements of multiple variables through a small set of dynamic latent factors, 

making them highly effective for high-dimensional forecasting. Before 

constructing a DFM, Principal Component Analysis (PCA) is often performed to 

reduce dimensions, extracting underlying patterns into principal components that 

serve as more detailed inputs for the forecasting model. The strategic combination 

of multivariate time series analysis, DFM, and PCA allows researchers to capture 

complex dynamics more efficiently, significantly improving the accuracy of 

forecasting for macroeconomic aggregates such as Gross Regional Domestic 

Product (GRDP) (O’Keeffe & Petrova, 2025). 

 

 

 

2.1.1 Stationarity 

 

 

 

Stationarity is an important condition in time series analysis. A time series is said 

to be stationary if it has a constant mean, variance, and intertemporal covariance 

(Silva et al., 2021).  
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A commonly used test is the Augmented Dickey-Fuller (ADF) test, which is 

formulated as follows: 

 

                       ∆𝑋𝑡  =  𝛼 +  𝛽 +  𝛿𝑋𝑡−1  +  ∑ 𝛾𝑖 ∆𝑋𝑡−𝑖  +  𝜀𝑡 𝑚
𝑖=1                      (2.2) 

  

where: 

∆𝑋𝑡  : first derivative of 𝑋, 

𝛼      : constant value, 

𝛽      : trend regression coefficient, 

𝛿     : lag regression coefficient, 

𝛾𝑖     : lag regression coefficient of 𝑋, 

𝜀     : error, 

𝑚     : numbers of lag, and 

𝑡     : time. 

 

The ADF test is conducted with the null hypothesis (𝐻0) stating that the data has a 

unit root, indicating non-stationarity, while the alternative hypothesis (𝐻1) suggests 

that the data is stationary. The decision region is determined by comparing the p-

value with the significance level (𝛼 = 0.05); if the p-value is less than 0.05, 𝐻0 is 

rejected, confirming the data is stationary. Alternatively, stationarity is achieved if 

the ADF test statistic is more negative than the MacKinnon critical values, allowing 

the data to be used for further dynamic factor modeling. 

 

 

 

2.1.2 Differencing 

 

 

 

In time series analysis, differencing is defined as an important data preprocessing 

technique for transforming non-stationary data into stationary data. Non-stationary 

data, whose mean or variance changes over time due to trends or seasonality, can 

cause invalid forecasting problems. The differencing process works by calculating 

the difference between the current period's observation and the previous period's 
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observation, thereby effectively eliminating linear trends and stabilizing the data 

mean to make it suitable for linear econometric models such as DFM. 

Mathematically, the first-order differencing formula is expressed as follows: 

  

                                                    ∆𝑋𝑡 = 𝑋𝑡 − 𝑋𝑡−1                                            (2.3) 

 

where: 

∆𝑋𝑡  : the differenced value at time t, representing the change from the    

             previous period 

𝑋𝑡     : actual data value at the current period t, and 

𝑋𝑡−1 : actual data value at the prior period (𝑡 − 1). 

 

 

If the time series data still shows a strong trend and remains non-stationary even 

after applying first-order differentiation, second-order differentiation techniques 

must be applied. This technique is defined as a differentiation process applied to the 

results of first-order differentiation, not to the actual data itself. Theoretically, 

second-order differentiation is very effective for eliminating quadratic trends and 

stabilizing complex data variance, ensuring that the data meets the strict stationarity 

assumptions required for PCA and DFM modeling (Ryan et al., 2025). 

Mathematically, the second-order differencing formula is expressed as the 

difference between two consecutive first-order differences: 

 

                                              ∆2𝑋𝑡 =  ∆𝑋𝑡 −  ∆𝑋𝑡−1                                         (2.4). 

 

In a technically expanded form, the above formula can be further developed based 

on the actual data to facilitate direct computation: 

 

                                    ∆2𝑋𝑡 = (𝑋𝑡 −  𝑋𝑡−1) − (𝑋𝑡−1 − 𝑋t−2)                          (2.5) 

 

where: 

∆2𝑋𝑡   : second-order differenced value at time t, 

∆𝑋𝑡 : first-order differencing result at time t, and 

𝑋𝑡−2  : actual data value at the previous two periods (𝑡 − 2). 
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2.2 Temporal Disaggregation: The Denton Method 

 

 

 

Temporal disaggregation is a statistical technique used to convert low-

frequency time series data into high-frequency data. In this study, the Denton 

method is employed to transform the GRDP data of Lampung Province from 

quarterly to monthly frequency. 

 

 

The Denton method, specifically the Proportional Denton variant, aims to 

minimize the relative movement between the estimated series (𝑋𝑡) and an 

indicator variable (𝐼𝑡), while maintaining consistency with the original low-

frequency data (𝑂𝑇). Mathematically, this is achieved by minimizing the 

squared difference of the ratios between the estimated data and the indicator 

through the following objective function: 

 

                                           min
𝑿𝑡

∑ [
𝑿𝑡

𝑰𝑡
−

𝑿𝑡−1

𝑰𝑡−1
]

2
𝑛
𝑡=2                                    (2.6), 

 

subject to the constraint that the sum of the estimated data within a low-

frequency period must equal the original observed value: 

 

                                                   ∑ 𝑋𝑡𝑡∈𝑇 = 𝑂𝑇                                        (2.7). 

 

The primary advantage of this method over simple interpolation techniques 

(such as linear interpolation) is its ability to avoid the "step problem" unnatural 

data jumps at transition points between periods while preserving the economic 

dynamics represented by the indicator variable (Fonzo & Marini, 2012). 

 

 

 

2.3 Dynamic Factor Model 

 

 

 

The Dynamic Factor Model is a statistical model used to summarize information 

from a large number of time series variables into several latent (unobserved) factors 

that follow a dynamic process. Its main purpose is to simplify high-dimensional 
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data into a concise representation that remains informative. DFM assumes that most 

of the co-movement in the data can be explained by a small number of unobserved     

latent factors, which facilitates analysis and forecasting (Hu & Yao, 2022). The 

general DFM equation can be written as follows: 

 

                                                   𝐗𝐭 =  𝚲𝐅t + 𝐞t                                                  (2.8) 

and 

 𝐅t =  𝚺𝚽𝐅t−i + 𝐮t                                                    (2.9) 

 

where: 

𝐗t          : observation vector at time t, 

𝐅t          : linear combination of principal components as regressors, 

𝚲           : loading matrix from factor to observation, 

𝐞t           : residual, 

𝚽           : coefficient matrix, and 

𝐮t          : disturbance from the factor process. 

 

 

 

2.4 Model Estimation 

 

 

 

According to Stock & Watson (2002), the DFM can be estimated using three main 

approaches: the Maximum Likelihood (ML) method, Bayesian methods, or the 

Two-Step Estimation approach. In the context of high-dimensional macroeconomic 

data, the Two-Step Estimation method is the most computationally efficient and 

widely utilized choice as it cleanly separates the process of factor identification 

from the modeling of temporal dynamics. 

 

 

The Two-Step Estimation method is executed through two essential and 

interdependent stages, the extraction of static factors using PCA and the modeling 

of factor dynamics using the Kalman Filter.  
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2.4.1 Stage One: Static Factor Extraction using PCA 

 

 

 

Principal Component Analysis is a dimension reduction technique used to identify 

and extract the main components from correlated data. In the context of multivariate 

time series, PCA helps summarize information from many variables into several 

principal components that can be used as inputs in DFM models, thereby 

simplifying data complexity and improving model efficiency. This method is 

widely used in economics, particularly in macroeconomic and financial data 

analysis, as it can overcome the significant challenges of analyzing multivariate 

data (Frost, 2022). 

 

 

PCA is performed using the following sequential steps: 

1. Data Standardization 

Scaling variables to an equal magnitude is a crucial step, particulary prior to 

implementing PCA. PCA is very sensitive to data scale because its purpose is 

to maximize variance, so if variables have different scales, variables with larger 

scales will dominate the first principal component and ignore the contribution 

of other variables that may be equally important. Therefore, data 

standardization is an important step to ensure that each variable contributes 

proportionally to the principal components, resulting in a more accurate 

representation of the underlying data structure (Forkman et al., 2019).  

                         

In general, there are several data standardization methods that can be used, 

namely Z-Score standardization (Standard Scaling), Min-Max Scaling, Robust 

Scaling (Median and IQR), Unit Vector Scaling, and other methods. The method 

commonly used for PCA and DFM analysis is z-score standardization. Data 

standardization using z-scores can be calculated using the following formula in 

Eq. (2.10). 
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                                                      𝑍 =
𝑋 − 𝑋̅ 

𝑠
                                                  (2.10) 

 

where: 

𝑍  : standardized value, 

𝑋  : actual value (observation i), 

𝑋̅  : average of all data, and 

𝑠  : standard deviation of data. 

2. Constructing the Covariance or Correlations Matrix 

The covariance matrix (𝚺) and the correlation matrix (𝐑) constitute the 

fundamental mathematical basis for eigendecomposition in PCA. The 

covariance matrix is a symmetric square matrix 𝑝 × 𝑝 that encapsulates the 

variance of variables along its main diagonal and the covariance between 

variable pairs in its off-diagonal elements. Generally, the Covariance Matrix 𝚺 

is computed from mean-centered data 𝐗c = 𝐗 −  𝐗̅, where 𝐗̅ denotes the mean 

matrix, utilizing the following matrix formula: 

 

                                                 𝚺 =
1

𝑛−1
 𝐗c

T𝐗c                                          (2.11). 

 

The covariance matrix in Eq. (2.11) can be illustrated using a 2 × 2 bivariate 

covariance matrix, where each element represents either the variance of an 

individual variable or the covariance between two variables. In this case, the 

off-diagonal element 𝜎12, which denotes the covariance between variables 𝑥1 

and 𝑥2, is computed as: 

 

                       𝜎12 = 𝐶𝑜𝑣(𝑥1, 𝑥2) =
1

𝑛−1
 ∑ (𝑥𝑖,1 − 𝑥̅1) (𝑛

𝑖=1 𝑥𝑖,2 − 𝑥̅2)         (2.12) 

 

where 𝜎12 represents the covariance between variables 𝑥1 and 𝑥2. Likewise, if 

𝑥1 = 𝑥2, the element represents the variance of variable 𝑥1(𝑉𝑎𝑟(𝑥1)). The 

matrix 𝚺 is typically employed when all variables share identical units of 

measurement. However, in instances of heterogeneous data, such as economic 

indicators where Gross Regional Domestic Product (GRDP) is measured in 

trillions while inflation is expressed in percentages the use of 𝚺 may cause the 
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PCA results to be disproportionately dominated by variables with the largest 

scales (Dien et al., 2005). 

 

Consequently, within the context of DFM, the correlation matrix 𝐑 may be 

utilized as a robust alternative to the covariance matrix. Theoretically, the 

Correlation Matrix is equivalent to a covariance matrix computed from 

standardized data 𝐙, where each variable possesses a mean of zero and a 

standard deviation of one. 

 

The correlation coefficient 𝜌 is defined as the covariance divided by the product 

of the standard deviations of the two variables 𝜎1𝜎2: 

 

                                        𝜌 = 𝐶𝑜𝑟𝑟 (𝑥1, 𝑥2) =
𝐶𝑜𝑣(𝑥1,𝑥2)

𝜎1𝜎2
                          (2.13). 

 

By performing initial data standardization, the resulting correlation matrix 𝑹 

exhibits values of 1 on the main diagonal (representing self-correlation) and 

correlation coefficients 𝜌𝑗  on the off-diagonal elements. The utilization of 𝑹 

effectively mitigates scale bias and ensures that all variables contribute to the 

principal components based on the strength of their relative linear relationships 

rather than the magnitude of their units. Thus, the correlation matrix serves as a 

methodologically sound basis for eigendecomposition in PCA when dealing 

with input variables of diverse magnitudes (Choi & Yang, 2022). 

 

𝚺 = (
𝑉𝑎𝑟(𝑥1) 𝐶𝑜𝑣(𝑥1, 𝑥2)

𝐶𝑜𝑣(𝑥2, 𝑥1) 𝑉𝑎𝑟(𝑥2)
)    standardization    𝐑 = (

1 𝐶𝑜𝑟𝑟(𝑥1, 𝑥2)

𝐶𝑜𝑟𝑟(𝑥2, 𝑥1) 1
) (2.14). 

3. Calculating of Eigenvalues and Eigenvectors 

The core computational process of PCA involves the decomposition of the 

covariance or correlation matrix to extract the underlying variance structure of 

the data through the computation of eigenvalues and eigenvectors. 

Theoretically, eigenvalues 𝜆 represent scalars that quantify the magnitude of 

data variance explained by their corresponding eigenvectors; a larger 

eigenvalue indicates a more significant contribution of the respective principal 

component in preserving the global information of the dataset (Frost, 2022).  
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Mathematically, the eigenvalue 𝜆 holds a direct relationship with the variance 

of the principal component. The PCA process is fundamentally an optimization 

problem designed to find the vector 𝐚 that maximizes the variance of the 

projected data (𝑉𝑎𝑟(𝐗𝐚) = 𝐚𝑇∑𝐚), subject to the constraint that 𝐚 is a unit 

vector (𝐚𝑇𝐚 = 1). Solving this constrained optimization problem using the 

Lagrange Multiplier method naturally yields the characteristic equation, ∑ 𝒂 =

 𝜆𝐚). Substituting this result back into the maximized variance equation, 

𝑉𝑎𝑟(𝐗𝐚) = 𝐚𝑇(𝜆𝐚) =  𝜆(𝐚𝑇𝐚), proves that since 𝐚𝑇𝐚 = 1, the maximum 

variance explained by the component is exactly equal to its eigenvalue 𝜆. These 

values are derived by solving the characteristic equation of the matrix 

determinant as follows: 

 

                                                  det(𝚺 −  𝜆𝐈) = 0                                      (2.15) 

 

where 𝚺 denotes the covariance matrix, 𝜆 represents the target eigenvalue, and 

𝐈 is the identity matrix of identical dimensions. Upon determining the set of 

scalars 𝜆, the subsequent step involves identifying the eigenvectors 𝐯, defined 

as non-zero directional vectors within the multidimensional space that establish 

the new axes (principal components) for data projection. These vectors are 

computed by substituting the obtained eigenvalues back into the homogeneous 

linear equation system: 

 

                                                     (𝚺 − 𝜆𝐈)𝐯 =  𝟎                                      (2.16) 

 

where v denotes a non-zero column vector and 𝟎 is zero vector.  Through this 

transformation, eigenvectors function as linear projection axes for the actual 

variables, facilitating efficient dimensionality reduction without compromising 

the dominant patterns or the intrinsic significance of the actual data structure 

(Frost, 2022). 

4. Determining the Number of Principal Components 

The crucial stage in PCA is determining the optimal number of components 𝑟 

that must be retained. This process is essential because only these 𝑟 selected 

static factors will be carried forward as input into the dynamic Kalman Filter 
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model. Researchers can select the optimal value for 𝑟 by considering several 

criteria, such as the Kaiser-Guttman Criterion, which recommends the retention 

of components with an eigenvalue 𝜆 greater than one 𝜆 > 1, or the Cumulative 

Proportion of Variance criterion, which requires the selected components to 

cumulatively explain a significant percentage of the total data variance (e.g., ≥

 80%). Another commonly used approach is the Scree Plot Analysis, which 

visually identifies the elbow or inflection point on the eigenvalue graph, 

marking the boundary between significant components and noise. However, the 

primary drawback of the Scree Plot is its subjective nature, as the determination 

of the elbow can often be ambiguous and vary among researchers (Qin & Dunia, 

2000).  

 

Once the value of 𝑟 has been decided based on the chosen criteria, the final step 

is performing the projection to obtain the final estimation of the static factors 

𝐅𝑡. This projection is accomplished by multiplying the standardized data matrix 

𝐗t by the loading matrix 𝚲 composed of the 𝑟 selected eigenvectors, according 

to the following PCA equation: 

 

                                                         𝐅t = 𝐗𝐭𝚲                                           (2.17) 

 

where  𝐅t is the vector of selected static factors 𝑇 × 𝑟, 𝐗t is the standardized 

indicator variables matrix 𝑇 × 𝑁, and 𝚲 is the loading matrix consisting of the 

𝑟 eigenvectors corresponding to the 𝑟 largest eigenvalues 𝑁 × 𝑟. These selected 

static factors 𝐅t are subsequently used in the second stage of DFM estimation 

(Song & Shin, 2018). 

5. Forming Principal Component 

PCA is most accurately understood as a linear decomposition asserting that the 

observed data 𝐗 is reconstructed from two primary sources: the common factors 

𝐅, which account for the shared variance across all variables, and the 

idiosyncratic error 𝒆, which represents unique variance or noise specific to each 

variable. Structurally, the data matrix 𝐗 is reconstructed by multiplying the 

factor matrix 𝐅 by the transpose of the loading matrix 𝚲T. These loadings serve 

as weights defining the relationship between the latent factors and the observed 
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variables (Lever et al., 2017). The goal of this decomposition is dimensionality 

reduction, yielding a smaller number of static factors 𝐅 that capture the 

dominant patterns for subsequent input into the dynamic model.  

 

The general matrix form used to represent this linear decomposition is: 

 

                                             𝐗N×P = 𝐅N×K 𝚲K×P
T + 𝐞N×P                         (2.18) 

 

where 𝐗 is the Observed Data Matrix, 𝐅 is the extracted Static Factor Matrix, 𝚲 

is the Loading Matrix, and 𝐞 is the Idiosyncratic Error Matrix (Cynthia & 

Onyinyechi, 2019). 

 

 

 

2.4.2 Stage Two: Dynamic Factor Modeling using Kalman Filter 

 

 

 

Following the extraction of static factors using PCA, the DFM Two-Step Estimation 

proceeds by modeling the temporal dynamics of these factors using the Kalman 

Filter (KF). The KF acts as an optimal recursive algorithm designed to estimate 

unobserved state variables in this case, the factors. By processing noisy data 

sequentially through a State-Space system, the algorithm separates the true signal 

(the factors) from the noise (error) at every time step to ensure accurate estimation 

(Doz et al., 2011).  

 

A. The State-Space Structure 

The DFM system estimated by the Kalman Filter is defined by two fundamental 

equations: the Measurement Equation and the Transition Equation (Kulikova et 

al., 2020). 

1. Measurement Equation: This equation links the observed variables 𝐗t to the 

extracted static factors 𝐅t and the specific error 𝐞t. This is essentially the 

output of the PCA embedded back into the model in Eq. (2.8) which explains 

the observed variables 𝐗t at time t as a function of the unobserved static 

factors 𝐅t scaled by the loadings matrix 𝚲 plus a specific error 𝐞t. 
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2. Transition Equation: This equation defines the temporal evolution of the 

factors, which is typically modeled as a Vector Autoregression (VAR) of 

order p. This is the rule governing how the state variable changes over time 

in Eq. (2.9) which models the evolution of the factors 𝐅t over time using a 

VAR of order p, where 𝐅t−i are the factors at past time steps t − i weighted 

by the autoregressive matrix 𝚽i, and ut is the error. 

 

B. Optimality and Function 

• Recursive Function system: The KF operates in a continuous cycle of 

prediction and updating. It forecasts the factor status 𝐅t|t−1 , then uses the 

actual observation 𝐗t to refine this forecast, yielding the optimal estimate 

𝐅t|t (Zhang & Ding, 2020). 

• Optimality Best Linear Unbiased Estimator (BLUE): The KF is proven to 

be the BLUE. This proof guarantees that the resulting factor estimates have 

the minimal estimation error covariance matrix 𝐏t, provided that both 

system error 𝐮t and measurement error 𝐞t are normally distributed. This 

ensures the accuracy and stability of the DFM model (Kulikova et al., 2020). 

 

 

 

2.5 Model Evaluation 

 

 

 

The objective of model evaluation is to measure the accuracy and performance of 

the constructed DFM in projecting GRDP values for Lampung. Evaluation is 

conducted by comparing the forecasted values generated by the model 𝑋𝑡̂ with the 

true actual values 𝑋𝑡within the out-of-sample period (data that was not utilized for 

model estimation). The following indicators are commonly employed in 

econometric studies to quantify forecasting errors: 

 

 

 

 

 

 

 



18 
 

2.5.1 Goodness of Fit Test 

 

 

 

DFM models are often evaluated using information criteria to balance data fit with 

model complexity (the number of estimated parameters). The evaluation begins 

with the Log-Likelihood function. The Log-Likelihood function for the state-space 

model is calculated using the innovations derived from the Kalman Filter, which 

serves as the foundation for both AIC and BIC. 

 

• Log-Likelihood Function 

 

               ln 𝐿(𝜃) = −
𝑛𝑇

2
ln(2𝜋) −

1

2
  ∑ (ln|𝐅t| + 𝐯t

′𝐅t
−1𝐯t

𝑇
𝑡=1 )               (2.19), 

 

• Akaike Information Criterion (AIC) 

 

                                    AIC =  −2 𝑙𝑛  (𝐿)  + 2𝑘                              (2.20), 

 

• Bayesian Information Criterion (BIC) 

 

                                BIC =   −2 𝑙𝑛 (𝐿)  + 𝑘 𝑙𝑛 (𝑇)                         (2.21). 

 

 

In these formulations, ln 𝐿 (𝜃) represents the maximum Log-Likelihood value 

derived from the Kalman Filter innovations, where 𝐯t is the innovation (prediction 

error) at time 𝑡 and 𝐅t is its corresponding innovation covariance matrix. The 

complexity of the model is accounted for by 𝑘, which denotes the number of 

estimated parameters, while 𝑛 and 𝑇 signify the number of observed variables and 

the total number of observations, respectively. While both AIC and BIC aim for the 

smallest value to indicate a superior fit, BIC imposes a larger penalty for model 

complexity, especially in larger samples (Brewer et al., 2016).       
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2.5.2 Forecasting Performance 

 

 

 

Several indicators are utilized to quantitatively measure the accuracy and reliability 

of a forecasting model's performance, which are: 

 

• Root Mean Square Error (RMSE)  

 

As an indicator that measures the square root of the average squared differences 

between the predicted and actual values, the Root Mean Square Error (RMSE) 

inherently imposes a higher penalty or weight on larger forecasting errors. A smaller 

RMSE value indicates superior forecasting capability (Karunasingha, 2022). The 

RMSE is calculated according to the formula: 

 

                                            RMSE = √
1

ℎ
 ∑ (𝑋𝑡 − 𝑋̂𝑡)

2
 𝑇+ℎ

𝑡=𝑇+1                           (2.22) 

 

where: 

ℎ : forecast horizon (the number of periods being forecasted), 

𝑋𝑡  : actual value (observation i), and 

𝑋̂𝑡  : forecasted (predicted) value at time t. 

 

• Mean Absolute Error (MAPE) 

 

Mean Absolute Percentage Error (MAPE) is a statistical metric used to evaluate the 

performance and accuracy of a forecasting model by measuring the average 

percentage of absolute errors between actual and predicted values. The primary 

advantage of MAPE lies in its highly intuitive interpretation, as it presents the error 

rate in percentage form, making it easier for stakeholders to understand the model's 

deviation regardless of the original data scale (Jeong, 2024).  
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Mathematically, this forecasting accuracy is calculated using the following 

equation: 

 

                                             MAPE =
100%

𝑛
 ∑ |

𝑋𝑡−𝑋̂𝑡

𝑋𝑡

𝑛
𝑡−1 |                                (2.23) 

 

where: 

𝑛    : total number of periods of observed data points, 

𝑋𝑡    : actual value at time t, 

𝑋̂𝑡     : forecast value at time t, and 

|𝑋𝑡 − 𝑋̂𝑡 | : the direct difference between actual and forecast values. 

 

 

 

2.5.3 Diagnostic Evaluation 

 

 

 

• Ljung-Box Test 

 

Diagnostic evaluation focuses on testing the statistical properties of the model's 

residuals (errors) to ensure that the underlying assumptions of the Kalman Filter 

(such as lack of serial correlation and normality) are met. Failure in diagnostics 

implies that factor inference might be invalid. To test whether the model residuals 

are white noise (possessing no serial correlation), the Ljung-Box Test is commonly 

employed. The Ljung-Box 𝑄 statistic is defined by the following equation: 

 

                                           𝑄 = 𝑛(𝑛 + 2) ∑
𝜌̂𝑘

2

𝑛−𝑘

ℎ
𝑘=1                                         (2.24) 

 

where 𝑛 is the number of observations, 𝜌̂𝑘 is the residual autocorrelation coefficient 

at lag 𝑘, and ℎ is the number of lags tested. If the resulting 𝑄 statistic is smaller 

than the 𝑋2 critical value, the null hypothesis (that the residuals have no 

autocorrelation) is not rejected, indicating the DFM has adequately captured the 

time-series information (Eze et al., 2020). 
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The hypotheses tested in this procedure are formulated as follows: 

• 𝐻0 ∶ 𝜌1 =  𝜌2 = ⋯ =  𝜌ℎ = 0  

      (The data are independently distributed; the residuals are white noise). 

• 𝐻1 ∶  ∃! 𝜌𝑘 ≠ 0  

      (The data are not independently distributed; the residuals exhibit serial 

       correlation). 

 

The test decision is determined by comparing the 𝑄statistic against the critical value 

from the Chi-Square (𝜒2) distribution: 

1. If 𝑄 ≤ 𝜒(1−𝛼,ℎ)
2  or p-value > 𝛼 : The null hypothesis 𝐻0 is not rejected. This 

indicates that the residuals possess no serial correlation, suggesting that the 

DFM has adequately captured the time-series information. 

2. If  𝑄 > 𝜒(1−𝛼,ℎ)
2  or p-value < 𝛼 : The null hypothesis 𝐻0 is rejected. This 

indicates that the residuals still contain autocorrelation patterns, implying that 

the model requires re-evaluation (e.g., by increasing the number of lags or 

including additional factors). 

 

 

• Jarque-Bera Test 

 

Furthermore, the Jarque-Bera Test is used to verify the normality of the residuals: 

 

                                                  𝐽𝐵 =
𝑛

6
 (𝑆2 +

(𝐾−3)2

4
 )                                    (2.25) 

   

where 𝑆 is the sample skewness and 𝐾 is the sample kurtosis. The hypotheses and 

decision rules are: 

𝐻0 : The residuals follow a normal distribution (𝑆 = 0, 𝐾 = 3). 

𝐻1 : The residuals do not follow a normal distribution. 

 

The decision rule stipulates that 𝐻0 is maintained if the p-value is greater than 0.05, 

confirming that the residuals exhibit a skewness of zero and a kurtosis of three. If 

the p-value is less than 0.05, the null hypothesis is rejected, suggesting that the 

model's errors are non-normally distributed, which may stem from outliers or 

structural breaks in the data (Aslam et al., 2021). 
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2.6 Gross Regional Domestic Product 

 

 

 

Gross Regional Domestic Product (GRDP) is a measure used to describe the total 

value of final goods and services produced by all economic activities in a region 

within a certain period of time. GRDP reflects the level of economic activity and is 

an important indicator in assessing regional welfare and economic growth (Rahmi 

et al., 2025). In general, GRDP is obtained by adding up the gross value added 

generated by various economic sectors, such as agriculture, manufacturing, trade, 

construction, transportation, and services. GRDP data is widely used in economic 

research and development planning because it provides a comprehensive picture of 

the economic structure, productivity, and competitiveness of a region. In addition, 

GRDP is also often used to make predictions or projections of economic growth, as 

changes in its value reflect the dynamics of interrelated economic sectors. 

 

 

Several variables that affect GRDP include the level of investment that drives 

business expansion, the number of workers that indicates production capacity, 

government spending that reflects fiscal policy and public expenditure, household 

consumption that is the main driver of domestic demand, the value of exports and 

imports that reflects the openness of the regional economy, and the quality of 

infrastructure that supports distribution and production efficiency (Aprilianita et al., 

2024). In the context of Lampung Province, these variables have a significant 

influence given that the region's economic structure is still heavily dependent on 

the agricultural sector, manufacturing, and interregional trade. 

 

 



 

 

 

 

 

 

 

 

 

III. RESEARCH METHODOLOGY 

 
 
 
 

3.1 Research Time and Place 

 

 

 

This research was conducted at the Mathematics Department Building, Faculty of 

Mathematics and Natural Sciences, University of Lampung from February to April 

of the 2025/2026 academic year. 

 

 

 

3.2 Research Data 

 

 

 

This study uses secondary time series data sourced from the official website of the 

Central Statistics Agency (BPS), covering the period 2010–2024, with a total of 60 

quarterly data. The variables collected are Real GRDP and Nominal GRDP. Data 

shown in Appendix 1. And the monthly datasets, derived by interpolating the 

original quarterly data via the Denton Method, are presented in Appendix 2. 

  

 

 

3.3 Research Methods 

 

 

 

Computational analysis in this study was performed using Google Colaboratory 

(Google Colab) with the Python programming language. This platform was used 

due to its efficiency in processing data and its robust support for advanced 

econometric libraries required for factor extraction and state space modeling.  
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The steps taken in this study are as follows: 

1. Descriptive analysis, performed by visualizing time series graphs to identify 

and observe data trends (such as growth or cyclical patterns).

2. Data preprocessing involves checking for missing values, duplicate data, and 

outliers to ensure data integrity and completeness. 

3. Stationarity Testing using the Augmented Dickey-Fuller (ADF) Test, which is 

calculated based on the regression equation provided in Eq. (2.2). If the data is 

found to be stationary, the process continues to Static Factor Extraction. But if 

the data is found to be non-stationary, differentiation must be performed to 

achieve stationarity using the first-order differentiation formula, shown in Eq.  

(2.3). 

4. Static factor extraction uses Principal Component Analysis (PCA) through data 

standardization, covariance or correlation matrix formation, calculation of 

eigenvalues and eigenvectors, determination of the number of principal 

components, and factors score formation. 

5. Dynamic Factor Modeling (DFM), implemented through a State Space 

approach, which consists of Measurement Equations and Transition Equations. 

The Kalman Filter algorithm is then applied to predict, update, and smooth 

latent factors recursively, ensuring that the results achieve the Best Linear 

Unbiased Estimator (BLUE) status with minimal variance. 

6. Evaluate the model quality through three assessment stages: first, evaluating 

model fit using Log-Likelihood as defined in Eq. (2.19), Akaike Information 

Criterion (AIC) in Eq. (2.20), and Bayesian Information Criterion (BIC) in Eq. 

(2.21); second, determining forecasting performance through error metrics such 

as Root Mean Squared Error (RMSE) in Eq. (2.22) and Mean Absolute 

Percentage Error (MAPE) in Eq. (2.23); and third, conducting a diagnostic 

evaluation using the Ljung-Box test in Eq. (2.24) to detect residual 

autocorrelation and the Jarque-Bera test in Eq. (2.25) to verify residual 

normality, ensuring the stability and statistical validity of the model. 
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The research flow is presented in Figure 1. 

 

 

 
Fig. 1. Flowchart DFM Two Stage Estimation 

 

 

 

 

 

 



 

 

 

 

 

 

 

V. CONCLUSION 

 

 

 

 

 

Based on the results of the analysis and discussion that have been conducted 

regarding the application of the integration of Principal Component Analysis (PCA) 

and Dynamic Factor Model (DFM) on the GRDP data of Lampung Province, the 

following conclusions can be drawn: 

1. The implementation of PCA has proven to be very effective in extracting 

crucial information from Real and Nominal GRDP variables to mitigate data 

redundancy due to high multicollinearity. The use of a single factor 

extraction (𝐹1) is able to provide a very strong representation by explaining 

more than 99% of the variance proportion from the original data. This 

capability has proven to be consistent in accurately capturing regional 

economic co-movement, both in quarterly and monthly frequency datasets, 

without causing unrealistic prediction spikes. 

2. The integration of PCA and DFM is capable of producing stable and highly 

accurate forecast estimates on low-dimensional datasets, particularly for 

quarterly models that have a very high level of precision with MAPE values 

ranging from 1.43% to 1.52% and meet all classical econometric 

assumptions through success in the Ljung-Box test. Conversely, although 

the monthly model has an error level that is practically still accurate (MAPE 

< 4%), it has a significant weakness in the form of failure in the residual 

autocorrelation test of Nominal GRDP, which is likely caused by the 

inability of the Denton Method to unravel the complexity of monthly 

inflation and the risk of noise due to the double differencing process. 
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For the Lampung Provincial Government, the use of the quarterly model is very 

useful as a reliable budget planning basis, while the monthly model still holds 

value as an early warning system instrument to monitor economic fluctuations 

more granularly. For researchers, this study enriches the literature regarding the 

robustness of integrating PCA and DFM on low-dimensional datasets, while 

also providing a methodological reference that single factor extraction is able 

to explain data variance despite technical challenges in high-frequency data.
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