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People who have completed more education generally have more access to 

better job prospects. Indonesia faces a significant social and economic problem 

with unemployment, and forecasting can help governments anticipate the 

country's yearly unemployment rate. The simple moving average is one 

forecasting strategy with an advantage over other methods when processing 

data with simpler variations. Using this technique, historical data from a given 

period is aligned to find underlying trends or patterns. The two most important 

steps in the moving average approach are choosing the time window and 

dividing the numbers in that window equally. Two time periods were found 

within the dataset, one lasting six months and the other twelve months, based 

on the results of the data decomposition. Predictions made from a 6-month 

timeframe are more accurate than those made from a 12-month period, as 

evidenced by the fact that the mean absolute percentage error (MAPE) for the 

6-month period is smaller than that of the 12-month window. The volume of 

data (number of observations) and the precision of the simple moving average 
predictions are found to be positively correlated. 
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1. Introduction 

As a developing nation, Indonesia has always prioritized sustainable development. It must attain 

economic growth by enhancing the quality of life for its citizens and elevating public opinion in order 

to accomplish this goal[1]. One metric that is frequently used to assess a nation's economic progress 

is its unemployment rate. Regardless of their degree of economic development, all nations face 

formidable obstacles to both economic growth and unemployment. Through economic policies, 

governments hope to lower unemployment and promote economic growth [2]. The impact of 

industrialization on the unemployment rate is positive but not statistically significant, suggesting that 

the service and agricultural sectors are more effective at reducing unemployment than 

industrialization [3]. Unemployment is a major problem for complex socioeconomic development 

[4]. Unemployment is caused by low-quality human resources and a work market that is not able to 

match the demand for labor [5]. The empirical results demonstrate that the majority of the reasons 

for the variation in the unemployment rate can be explained by the main regional characteristics, 

which include a young population, the industrial mix, the labor force participation rate, and 

educational attainment (or human capital). The mean regional variable indicates that more education 

greatly reduces regional unemployment, a finding that policymakers should take note of. Legislators 

also need to pass policies that encourage job expansion, especially in the industrial sector. In order 

to implement the promotion mechanism, attention must be paid to places with significant 

unemployment that are not underdeveloped, such as East Kalimantan, Jakarta, or West Java, rather 

than just underdeveloped regions[6]. 

The COVID-19 epidemic also caused a notable rise in joblessness. This study aims to anticipate the 

unemployment rate during the COVID-19 pandemic using historical data from the official labor force 

survey conducted by Badan Pusat Statistik (Statistics Indonesia) and Google Trends data query share 

for the keyword "phk" (job termination)[7]. From 1994 to 2001, Statistics Indonesia (BPS) changed 
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the definition of open unemployment twice in just seven years. These two changes resulted in a 

considerable increase in the stated unemployment rates. In 1994, the BPS first removed the need to 

be actively looking for work. Prior to 1994, an individual was considered actively seeking a job if 

they had made a sincere effort to find employment in the week preceding the poll. From 1994 onward, 

if a person has looked for work—even if it wasn't their most recent active search, and they are still 

waiting to hear back from potential employers, they are deemed actively seeking employment [8]. 

Forecasting techniques are becoming increasingly important in decision-making across a variety of 

industries as a result of technology breakthroughs and expanded data availability. A vast array of 

forecasting methods, from simple mathematical models to AI-supported methodologies, can be 

customized to specific needs and data complexity. The Single Moving Average (SMA) approach can 

be used to predict some widely used forecasting techniques, such as the Manurung 2020 study 

regarding Horden's sales in Umi Nala's shop company. The UMI Nala Store will use this technique 

to assist in deciding how many stock items to buy in the next period [9]. That same year, Harini used 

the Double Exponential Smoothing Method to forecast COVID-19 instances in Indonesia. The 

Double Exponential Smoothing method is one of the forecasting strategies that may be applied to 

maximize the ARIMA model's prediction with the completion parameter α [10]. Ning et al.'s 2021 

study Model identification, parameter estimation, and model testing are carried out in order to create 

the ARIMA (p, d, q) model for forecasting the carbon emissions of the four regions, respectively. 

Ultimately, the model projects the data and analyzes their carbon emissions pattern over the next 

three years. The results can assist decision-makers in making the best choices and setting reasonable 

targets for cutting carbon emissions [11]. Regression analysis, the Box-Jenkins seasonal 

autoregressive integrated moving average model (SARIMA), and exploratory data analysis have all 

been used to examine and interpret Deretic's time series study from 2022. The analysis found that 

the time series demonstrates a seasonal character. The prognosis can be interpreted as reasonably 

accurate based on the model's 5.22% mean absolute percentage error (MAPE). Forecasting the 

frequency of traffic accidents may be utilized to achieve a range of purposes when combined with 

campaigns, strategies, and action plans for traffic safety to achieve the objectives stated in traffic 

safety strategies [12]. Moving averages can also be used to forecast daily intervals, such as five, ten, 

and twenty days, in analyzing stock price patterns [13]. 

In this study, we propose a moving average method for predicting unemployment in Indonesia 

according to finished education. The Indonesian Statistical Center provided data from 1986 to 2022 

based on levels of education from primary to university, with accuracy testing performed using Mean 

Absolute Percentage Error. 

2. Method 

Four processes comprise the research process flow diagram, as depicted in Figure 1, gathering and 

choosing the dataset, cleaning the data, mining using the simple moving average approach, and 

utilizing MAPE (mean absolute percentage error) to assess the findings. This approach finds patterns 

and information that can be used to make decisions by assisting in understanding the context of the 

data being studied. 

 

Figure 1. Flow diagram of the research process. 

Dataset 

According to Figure 1's flow diagram, the first step in the study process is gathering data from 

https://www.bps.go.id/id/statistics-table/1/OTcyIzE=/penganggur. The Indonesian Statistical Center 

collected open unemployment data based on higher education in Indonesia between 1986 and 2022, 
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and it is available in this dataset. It covers the total number of jobless people in Indonesia broken 

down by educational attainment, from primary school graduates to those with advanced degrees. The 

dataset is then subjected to data scaling and cleansing to eliminate missing values. After verification, 

only data of the object data type are still there, so the data type needs to be changed to numeric. From 

1986 to 2022, the dataset produces 55 columns, one for each educational level. A basic moving 

average is used in the data mining to extract insights from the dataset. The simple moving average 

approach is assessed using the mean absolute percentage error (MAPE). 

Table 1. Sample dataset unemployment data based on higher education in Indonesia between 1986 

and 2022 

No 
Education 

Level 
1986 1987 1988 1989 1990 1991 etc 2022 

 

1 

never 

attended 

school 

 

52.166 

 

47.944 

 

41.695 

 

21.424 

 

36.387 

 

30.354 
etc  

23.104 

2 Not 

completed 

primary 

school 

161.626 155.456 128.880 108.619 116.095 90.554 etc 92.356 

3 Primary 

school (SD) 

371.990 340.684 343.563 362.478 345.319 378.716 etc 421.822 

4 Junior high 

school 
(SLTP) 

316.344 269.332 333.506 331.783 313.481 359.134 etc 356.418 

5 General/Hig
h School 

(SLTA 

Umum/SM

U) 

544.090 611.958 687.929 717.803 642.881 662.848 etc 748.491 

 

6 

Vocational 

High School 

(SLTA 

Kejuruan/S
MK) 

 

297.706 

 

293.708 

 

385.943 

 

377.631 

 

337.739 

 

330.827 
etc  

349.988 

7 Academy/D
iploma 

41.960 48.328 55.265 57.413 59.972 60.778 etc 77.183 

8 University 31.790 52.097 63.937 61.007 59.926 78.904 etc 129.848 

 Total 1.817.672 1.819.507 2.040.718 2.038.158 1.911.800 1.992.115 etc 16.828.084 

Source: Survei Angkatan Kerja Nasional (Sakernas) Indonesia 

Forecasting 

Forecasting aims to provide future forecasts that are as accurate as possible given the information at 

hand, including previous data and awareness of any upcoming events that could affect the estimates. 

If you want your projections to align with your goals, you must plan by figuring out the best path of 

action. Given its potential significance across numerous business disciplines, forecasting ought to be 

essential to management's decision-making processes. Forecasts for the short, medium, and long 

terms are necessary for modern enterprises, depending on the particular use case. Labor, production, 

and transportation scheduling all require short-term estimates. Demand forecasts are frequently 

needed at every stage of the scheduling procedure. Before employing, making investments in 

machinery and equipment, or purchasing raw materials, medium-term projections of resource 

requirements must be prepared. Strategic planning makes use of long-term predictions. Market 

opportunities, outside factors, and internal resources must all be considered while making these 

judgments [14]. It should be noted that this definition of forecasting views forecasting as an organized 

projection of historical data rather than a prediction [15]. A time series known as a moving average 

is created by averaging multiple consecutive values from another time series [16]. 

Simple Moving Average Method 

The simple moving average is one widely used forecasting method (SMA). It is easy to use and 

understand despite not having an adequate length selection mechanism or an underlying statistical 

model. The other study demonstrated how easy it is to find the optimal model length automatically 

and presented two statistical models that underlie the simple moving average. Next, we evaluate the 

proposed model on a real dataset and contrast its output with other popular elementary forecasting 
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methods. Regarding point predictions and prediction intervals, we find that the simple moving 

average performs better than cumulative and normal values [17]. This approach has certain 

distinctive features [18]. 

1. Historical data going back a specific amount of time is needed for forecasting. 

2. The smoothing effect and resulting moving average will be more noticeable the longer the 

moving average. Although the reading of a shorter-term moving average is more erratic, it 

is closer to the original data. 

The application user can choose how many numbers to enter in variable n. Average Terms Moving 

is utilized because, each time a new observation value emerges, a new average value can be computed 

by subtracting the previous observation value and inputting the most recent observation value or data. 

Formula moving average [19]. 

𝑆𝑡+1 =
𝑋1+𝑋𝑡−1+⋯.+𝑋𝑡−𝑛+1

𝑛
    (1) 

Description: 

𝑆𝑡+1 : forecasting for period t+1 

𝑋𝑡 : data on period t 

n : moving average timeframe 

Mean Absolute Percentage Error (MAPE)  

The average of absolute percentage errors is known as MAPE (APE). Let At and Ft stand for the 

predicted and actual values, respectively, at data point t. Next, the definition of MAPE is [20]: 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |𝑃𝐸𝑡|𝑛

𝑡=1      (2) 

Details: t is a time period, and n is a large amount of data. The following equation yields the value 

of 𝑃𝐸𝑡 

𝑃𝐸𝑡 =  (
𝑋𝑡−𝐹𝑡

𝑋𝑡
) 𝑥100%     (3) 

3. Results and Discussion 

Results 

Data visualization is done to examine the data distribution based on education level attributes after 

the dataset has been gathered and cleaned from empty data values. Graph Figure 2 displays the data 

visualization's outcomes. Figure 2 shows a graph of Indonesia's unemployment rate by educational 

attainment (1986–2022). From 1988 to 2022, the X axis represents the year, and the Y axis represents 

the number of unemployed people (millions) according to different educational levels (elementary, 

middle, high school, vocational, diploma, and university). Figure 2's data visualization illustrates 

how the number of unemployed people in Indonesia changed over the course of 1988 to 2022. The 

data pattern in the graph indicates that the number of jobless people rose between 2000 and 2008, 

then fell between 1997 and 1999 and between 2012 and 2016. With 3 million unemployed people in 

elementary, middle, and high school, 2006 saw the highest peak in the jobless rate. In 2020, 

enrollment in high schools and vocational schools reached 2.5 million. This was a result of the 

COVID-19 pandemic that year in Indonesia, which led to several layoffs in factories and other 

businesses that employed people with that level of education. With 500,000 individuals, the 

unemployment rate was at its lowest from 1988 to 1994. Let's examine it between 1994 and 2022. 

Those with only an elementary school education tend to be the most unemployed, followed by those 

with a junior high school education, who have the second highest unemployment rate after those with 

an elementary school education. Despite an uptick in 2012, junior high school education declined 

between 2008 and 2020. The graph in Figure 3 illustrates that the highest number of unemployed 

people are educated to an elementary school level, followed by junior high school, high school, and 
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vocational school, in that order. Compared to other education levels, diploma and university 

education levels are not very high. Figure 2's data distribution demonstrates that unemployment is 

still a major issue in Indonesia, particularly for those elementary and middle school graduates. 

 

Figure 2. Graduation data based on the level of education completed 

Data decomposition is performed on university graduate unemployment data by importing the stats 

models module, a Python package that offers a range of statistical and economic approaches for data 

analysis. A year's worth of decomp = seasonal_decompose visualization is displayed in Figure 3. It 

developed an ascending line pattern that has a trend and does not include seasonal data; it is stable 

over time and does not fluctuate regularly or repeatedly at a given period. 

 

Figure 3. Trend and Resid on University Graduate Unemployment Data 

Discussion 

The data is first subjected to seasonal decomposition, and then the simple moving average (SMA) 

approach is applied to aid in the interpretation of patterns and trends in the data and to enable the 

development of more accurate predictions. Based on the gathered data, the value of the simple 

moving average was calculated using a rolling window with year and half-year intervals. For each 

half-year and one-year time window, Table 2 displays the unemployment estimates for primary 

school, high school first, high school, vocational high schools, diploma programs, or universities. 

The mean absolute percentage error, or MAPE, is computed to assess the method's accuracy. As 

indicated in Table 3, the Mean Absolute Percentage Error (MAPE) computation is based on the 

rolling window of six and twelve months. 
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Table 2. Result forecasting moving average 

Graduate 
Unemployment 

Six-Month Period 12-Month period 

Primary School 1255889.0 1120619.75 

High School First 1492239.16 1357422.92 

High School 2319826.83 2058306.08 

Vocational High Schools 1918124.83 1737305.0 

Diplomas 239695.67 246028.92 

Universities 868761.5 868761.5 

 

The MAPE results displayed in Table 2 indicate that there is a correlation between the way the Simple 

Moving Average (SMA) handles new and old data during the forecasting process. The six-month 

MAPE (mean absolute percentage error) is less than the twelve-month MAPE. The number of 

observations in the time window, which is used to get the average number of recent observations, 

affects how sensitive simple moving averages are to changes in the data. A simple moving average, 

which makes use of more previous data, typically yields predictions that are more consistent since 

changes in fresh data have less of an effect on the total projection. On the other hand, the forecast 

may become more volatile and have a tendency to closely follow data fluctuations if the number of 

observations is too small. 

Table 3. The mean absolute percentage error (MAPE) 

Graduate The Mean Absolute Percentage Error (MAPE) 

Six-Month Period 12-Month period 

Primary School 16.42% 28.74% 

High School First 15.02% 25.48% 

High School 12.22% 18.18% 

Vocational High Schools 13.47% 19.00% 

Diplomas 19.29% 31.27% 

Universities 17.35% 24.75% 

4. Conclusion 

The MAPE results displayed in Table 2 indicate that there is a correlation between the way the Simple 
Moving Average (SMA) handles new and old data during the forecasting process. The six-month 
MAPE (mean absolute percentage error) is less than the twelve-month MAPE. The number of 
observations in the time window, which is used to get the average number of recent observations, 
affects how sensitive simple moving averages are to changes in the data. Simple moving averages, 
which use a larger amount of historical data, typically produce predictions that are more stable since 
the overall prediction is less affected by changes in fresh data. On the other hand, the forecast may 
become more volatile and have a tendency to closely follow data fluctuations if the number of 
observations is too small. 
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