A Service of

[ ) [ J
(] [ )
J ﬂ Leibniz-Informationszentrum
° Wirtschaft
o Leibniz Information Centre
h for Economics

Make Your Publications Visible.

Huruta, Andrian Dolfriandra

Article

Predicting the unemployment rate using autoregressive

integrated moving average

Cogent Business & Management

Provided in Cooperation with:
Taylor & Francis Group

Suggested Citation: Huruta, Andrian Dolfriandra (2024) : Predicting the unemployment rate using
autoregressive integrated moving average, Cogent Business & Management, ISSN 2331-1975,

Taylor & Francis, Abingdon, Vol. 11, Iss. 1, pp. 1-21,

https://doi.org/10.1080/23311975.2023.2293305

This Version is available at:
https://hdl.handle.net/10419/325929

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor durfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dirfen die Dokumente nicht fiir 6ffentliche oder kommerzielle
Zwecke vervielféltigen, 6ffentlich ausstellen, 6ffentlich zugénglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfiigung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewahrten Nutzungsrechte.

-. https://creativecommons.org/licenses/by/4.0/

WWW.ECONSTOR.EU

Terms of use:

Documents in EconStor may be saved and copied for your personal
and scholarly purposes.

You are not to copy documents for public or commercial purposes, to
exhibit the documents publicly, to make them publicly available on the
internet, or to distribute or otherwise use the documents in public.

If the documents have been made available under an Open Content
Licence (especially Creative Commons Licences), you may exercise
further usage rights as specified in the indicated licence.

Mitglied der

Leibniz-Gemeinschaft ;


https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://doi.org/10.1080/23311975.2023.2293305%0A
https://hdl.handle.net/10419/325929
https://creativecommons.org/licenses/by/4.0/
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/

Taylor & Francis
C'.‘.'gent Tdyk%{&fmnﬂ\(.roup

business .
LEbe LUl Cogent Business & Management

Rz ISSN: 2331-1975 (Online) Journal homepage: www.tandfonline.com/journals/oabm20

Predicting the unemployment rate using
autoregressive integrated moving average

Andrian Dolfriandra Huruta

To cite this article: Andrian Dolfriandra Huruta (2024) Predicting the unemployment rate using
autoregressive integrated moving average, Cogent Business & Management, 11:1, 2293305,
DOI: 10.1080/23311975.2023.2293305

To link to this article: https://doi.org/10.1080/23311975.2023.2293305

8 © 2024 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group.

ﬁ Published online: 22 Jan 2024.

N
C/J Submit your article to this journal &

||I| Article views: 3455

A
& View related articles &'

@ View Crossmark data (&

CrossMarl

3

[y

Citing articles: 2 View citing articles &

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journallnformation?journalCode=oabm?20


https://www.tandfonline.com/journals/oabm20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/23311975.2023.2293305
https://doi.org/10.1080/23311975.2023.2293305
https://www.tandfonline.com/action/authorSubmission?journalCode=oabm20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=oabm20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/23311975.2023.2293305?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/23311975.2023.2293305?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/23311975.2023.2293305&domain=pdf&date_stamp=22%20Jan%202024
http://crossmark.crossref.org/dialog/?doi=10.1080/23311975.2023.2293305&domain=pdf&date_stamp=22%20Jan%202024
https://www.tandfonline.com/doi/citedby/10.1080/23311975.2023.2293305?src=pdf
https://www.tandfonline.com/doi/citedby/10.1080/23311975.2023.2293305?src=pdf
https://www.tandfonline.com/action/journalInformation?journalCode=oabm20

COGENT BUSINESS & MANAGEMENT
2024, VOL. 11, NO. 1, 2293305
https://doi.org/10.1080/23311975.2023.2293305

ACCOUNTING, CORPORATE GOVERNANCE & @ OPEN ACCESS |, check orupdstes|

BUSINESS ETHICS | RESEARCH ARTICLE
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moving average

Andrian Dolfriandra Huruta

Department of Economics, Satya Wacana Christian University, Salatiga, Indonesia

ABSTRACT

The objective of this study is to predict unemployment in Indonesia in the wake of
the demographic dividend. The sample used in this study is the unemployment data
from 1990 to 2022 from the Indonesian Central Bureau of Statistics database. Using
non-seasonal ARIMA (Autoregressive Integrated Moving Average) modeling, this
study projected unemployment. It was predicted using six alternative models. With
a mean absolute percent error (MAPE) of 9.56% (MAPE <10%), the predictions were
quite accurate. It indicates that the ARIMA model has a good forecasting capability.
According to the dynamic method’s unemployment projection, there will be less
unemployment between 2023 and 2050. For Indonesia, maximizing the demographic
dividend is both a challenge and an opportunity presented by the decline and stable
number in unemployment. The demographic dividend will cause a substantial increase
in employment and the creation of various new jobs. Several factors will support
the demographic dividend. Thus, it could help governments to make decisions on
labor issues. It also highlights a policymaker’s direction to pursue labor development,
including employment trends.

IMPACT STATEMENT

The purpose of this study is to forecast Indonesia’s unemployment rate following
the demographic dividend. As a result, an Autoregressive Integrated Moving Average
(ARIMA) was suggested for a univariate time-series analysis. Based on dynamic and
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static methodologies, my results demonstrate that the ARIMA model could predict
Indonesia’s unemployment rate. The execution of sixteen economic policy packages,
improvements to the human resources quality policy, and an accelerated infrastructure
development strategy are some factors that promote the demographic dividend. A
robust investigation shows that GDP has a positive and significant effect on the labor
force between the ages of 15 and 19, as well as the influence of COVID-19 periods
on unemployment in Indonesia. It could be helpful for government decision-making
about labor issues. It also highlights the course that a policymaker wishes to pursue to
achieve labor development.

1. Introduction

Indonesian Central Bureau of Statistics has predicted that from 2035 to 2045, Indonesia will experience
the end of the demographic dividend. This means that the size of the elderly population will increase,
while the number of young people will be less or unable to keep up with the growth of the elderly
group (Kaneko & Sato, 2013; Ogawa et al., 2005, 2010). As a result, youth groups must work to bear the
burden of meeting the needs of the older generation. When the youth group is unable to meet the
needs of the older group, this triggers a window of opportunity, which is the cause of the socio-economic
crisis (Han-Hyung, 2009; Kim et al,, 2019; Oku et al., 2017; Stephen, 2012; Usman & Tomimoto, 2013).
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The changing age structure of a population can provide a powerful incentive for economic growth
and family welfare. Indonesia’s current demographic conditions are ready to take advantage of such a
demographic dividend. Favorable conditions have existed for some time, but the window of opportu-
nity will begin to close after another decade. Several studies conducted by Dritsaki (2016), Dritsakis and
Klazoglou (2018), Floros (2005), Huang (2015), Johnes (1999), Kurita (2010), Nkwatoh (2012), Romero-Avila
and Usabiaga (2007), Rublikova and Lubyova (2013), Wilson and Perry (2004), Montgomery et al. (1998),
Etuk et al. (2012), Larson and Sinclair (2022), Naccarato et al. (2018), Nagao et al. (2019), Simionescu
and Cifuentes-Faura (2022), Larson and Sinclair (2022), Gonzélez-Fernandez and Gonzalez-Velasco (2018),
D’Amuri and Marcucci, (2017), Caperna et al. (2022), Aaronson et al. (2022) intend to either develop econo-
metric models and Google Trends to forecast unemployment but little research has explicitly focused
related to unemployment forecasting and demographic dividend. In Indonesia, the International Monetary
Fund (2019), Mahmudah et al. (2017), and Fajar et al. (2020) have predicted the unemployment rate, but
they do not consider the demographic dividend factor in their results. Only a few studies in Indonesia
explore the demographic dividend and working-age population projection (e.g., Ulhag & Wahid, 2022).

Despite some of these studies offering a strong foundation for developing an econometric model on
the subject, there is not much literature on the relationship between Indonesian demographic dividends
and unemployment forecasting. Consequently, the current paper seeks to contribute to the existing lit-
erature. First, it offers a comprehensive analysis using ARIMA to predict unemployment in Indonesia. In
other words, it was a comprehensive study in Indonesia that provided a model and predicted the future
of unemployment. Second, the ARIMA model is necessary to observe the dynamic pattern (e.g., annual
basis) of unemployment in Indonesia. Third, very few research studies in Indonesia explore unemploy-
ment prediction and demographic dividend. This study fills this gap by demonstrating that Indonesia’s
government needs to manage labor (wages, job retraining, up-skilling programs, etc.), health, education,
and infrastructure spending to optimize the demographic dividend. Based on these arguments, | propose
a research question: can the ARIMA model predict Indonesia’s unemployment rate in the wake of demo-
graphic dividend? Therefore, the objective of this study is to predict unemployment in Indonesia in the
wake of the demographic dividend by using the dynamic and static method of the Autoregressive
Integrated Moving Average model.

The remainder of this paper is structured as follows. Section 2 describes the study background. Section
3 develops the theoretical literature review. Section 4 summarizes the empirical literature review and the
development of the hypotheses. Section 5 highlights the research design. Section 6 posits the empirical
results and discussion. Section 7 presents summary and conclusion remarks.

2. Background

Indonesia, the fourth most populated country in the world, is expected to experience its ‘demographic
dividend' This circumstance indicates that the proportion of the population that is working age will
reach its highest point and that there will theoretically be the greatest opportunity for higher output per
capita and, consequently, more fruitful investment. However, realizing this potential will depend on sev-
eral social and economic factors, such as gender equality and other important concerns related to human
resource capacity, which will decide how well-positioned Indonesia is to handle the challenges involved
(Oey-Gardnier & Gardnier, 2013).

This contribution begins by reviewing the transition of demographics in Indonesia. The term ‘demo-
graphic transition’ describes how a population’s age distribution shifts (Adioetomo, 2004). It began with
at least some focus on bettering health conditions in the years after independence. Still, it didn't pick
up speed until the New Order Government took the national family planning program seriously. It was
in line with the government’s heightened focus on development, which included investments in social
development in vital sectors like health and education in addition to attaining rapid economic growth
(Adioetomo, 2004).

The family planning program in Indonesia has a long history of success, as documented by Hull et al.
(1977). Indonesia was fortunate to have windfall income from abruptly soaring oil prices when the
National Family Planning Program began, enabling social spending. Welfare was enhanced by the provi-
sion of jobs for women, especially young women, as well as for men. This happened in the public and
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commercial sectors, particularly in health and education, as Indonesia implemented a labor-intensive
import substitution strategy to create domestic commodities. As a result of the growth of community
health clinics catering to the wealthy and the underprivileged, health services became more widely avail-
able and easily accessible. According to the education policy, a primary school should be present in
every village in rural and urban areas.

The East Asian populations and the developing world grew rapidly (e.g., in 1960). Consequently, sev-
eral governments in East Asia and Southeast Asia, such as China, South Korea, Taiwan, Singapore,
Thailand, and Indonesia (except Malaysia following a pro-natalist course), pursued policies to lower child-
bearing rates and slow population growth (Mason & Kinugasa, 2008). As a developing country, Indonesia
has a development agenda outlined in the triple-track strategy, including pro-growth, pro-jobs, and
pro-poor. It can be understood that economic growth is a result of increased production capacity, which
is a derivative of increased investment. Therefore, economic growth is closely related to an increase in
the use of labor as well as investment (Todaro & Smith, 2015). Of course, an increase in investment will
increase labor demand. It means that economic growth caused by increased investment will affect the
decline in the unemployment rate, assuming investment is labor-intensive.

The global COVID-19 pandemic has slowed the world’s economy, including Indonesia’s. This economic
slowdown led to fewer job prospects and many layoffs in 2020. In May 2020, 1.7 million workers were
affected by the COVID-19 pandemic. Until the end of 2020, this pattern persisted. 29.12 million
working-age persons were impacted by the pandemic starting in August 2020, with 2.56 million losing
their jobs, 0.76 million giving up looking for work, 1.77 million experiencing temporary unemployment,
and 24.03 million having their work hours reduced. The COVID-19 pandemic-related economic slowdown
also increased the open unemployment to 7.07%, translating to 9.77 million unemployed individuals.
With a 13.55% share, graduates from technical schools continue to dominate this high open unemploy-
ment. The percentage of informal workers increased by 4.59% from 2019 to 60.47%, or 77.68 million
workers (SMERU Research Institute, 2021). According to the SMERU Research Institute (2021), most laid-off
workers were young (15-24years old). Construction, trade, restaurant, and accommodation services had
the highest layoffs. Indonesia is predicted to join the demographic dividend period between 2012 and
2035, with the window of opportunity occurring between 2020 and 2030. The fact that there are twice
as many working-age people as there are children and the elderly indicates that this problem exists. The
vast population of people of working age has the potential to supply labor, business actors, and poten-
tial customers who play a critical role in quickening development (Central Bureau of Statistics, 2022).
Predicting open unemployment in Indonesia is an important issue due to the 2030 demographic divi-
dend. This study accurately highlights the Indonesian economy and the sakes of investment. Therefore,
the 2030 demographic dividend is the path to becoming one of the Top Five world economic giants.

3. Theoretical literature review
3.1. Demographic dividend

The demographic dividend refers to the accelerated economic growth that begins with changes in the
age structure of the population of a country as its transitions from high to low rates of birth and death
(Gribble & Bremner, 2012). Recent demographic dividend studies have investigated groups of countries
with different income levels (Lee & Mason, 2012). Low, upper-middle-income countries already face the
end of this opportunity window. Only Russia, India, and China benefited from the demographic transition
in emerging countries (Brito & Carvalho, 2015; Stampe et al., 2013). However, Sub-Saharan African coun-
tries have not taken advantage of the demographic dividend as they need reforms to improve human
capital (Drummond et al., 2014; Harkat & Driouchi, 2017; Loewe, 2007).

The robust and effective fertility control program in Indonesia has reduced overall population growth
and altered the country’s age distribution. Due to decreased fertility, the broad pyramid of children has
shrunk to include a growing percentage of people in their prime working years. As the nation advances
into the future, this proportion will eventually rise more quickly among the elderly (Oey-Gardnier &
Gardnier, 2013). These demographic patterns are reflected in the United Nations’ (United Nations, 2009)
population predictions. Following independence, the nation saw a baby boom that increased the
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percentage of children in the general population. Specifically, the percentage of people aged 0-14
climbed from 39% in 1950 to 42% in 1970.

The dependence ratio, defined as the ratio of individuals aged 0-14 and 65 and over to the working-age
population aged 15-64, reflects the so-called burden on society represented by the young and old. It
symbolizes the ‘weight’ carried by individuals in their most fruitful years, supporting people typically
perceived as consuming more than they generate (Mason & Kinugasa, 2008). The age pyramid shifts
towards the working age due to a prolonged fertility drop. This is accompanied by a decrease in overall
dependency brought on by a comparatively large number of children and the elderly. But eventually,
there comes the point at which the weight of the old begins to increase at an ever-faster rate while the
load of the children keeps decreasing. What demographers refer to as ‘the demographic dividend’ is the
time when the dependency burden is at its lowest, and society may most effectively take advantage of
the opportunity provided by their productive forces. The term ‘dividend’ refers to this phenomenon
because of a recent macroeconomic analysis that examines the impact of population dynamics on eco-
nomic development. Furthermore, Asia’s economic success bears witness to the significant role of the
demographic dividend in driving economic growth (Oey-Gardnier & Gardnier, 2013).

The UN’s century-long demographic estimates for 1950-2050 tell the general picture of an early
dependency spike followed by a reduction as family planning became more popular and fertility rates
decreased. The proportion of the working-age population has increased recently in response to the drop-
ping proportion of children, and the proportion of the elderly will only start to rise noticeably in the
second quarter of the twenty-first century. Although the demographic shift's nature and the timing of
this ‘window of opportunity’ are obvious, numbers by themselves may not be enough to establish the
favorable welfare conditions necessary to take advantage of this shift (United Nations, 2009).

Indonesia’s high rate of youth unemployment is one of its issues. The people who live in Indonesia
are young. Nearly half of the population is under thirty. This may suggest that there is a substantial labor
force in the country. However, the demographic dividend could become tragic if job opportunities are
insufficient to support this labor force. Therefore, it is imperative to look ahead, particularly given that
Indonesia is predicted to witness a demographic dividend.

3.2. Unemployment prediction

Economic growth, employment, industrial transitions, and other concerns are among the numerous that
face us in economics. Unemployment is among contemporary civilisation’s most significant problems
(Boga, 2020). When predicting future employment performance, unemployment is a significant factor.
When predicting effective employment, the unemployment rate is commonly considered one of the
most significant macroeconomic indicators (Caperna et al., 2022; Jo et al, 2023; Naccarato et al.,, 2018).
The stock-flow concept can also be understood by understanding unemployment (Byrialsen & Raza,
2018; Jo et al., 2023). The analysis of a change in outflow concerning inflow is employed as an indication
in a stock-flow model to predict the unemployment rate (Barnichon & Nekarda, 2012). A nonlinear unem-
ployment rate forecast model that converges to a conditional steady-state with a three to five-day lag
was presented by Barnichon and Nekarda (2012). Through a stock-flow model that reduces practical
complexity and offers potential remedies, their work explains an unemployment issue. Google Trends has
also been used in numerous studies to estimate unemployment and has shown to be a trustworthy
source of trend data for online searches to predict various macroeconomic trends. Effective techniques
to enhance unemployment prediction with possible explanatory variables from Google Trends are show-
cased (Caperna et al,, 2022; Naccarato et al.,, 2018; Simionescu, 2015). A robustness or additional analysis
demonstrates the framework of Okun law. Okun (1962) discovered the inverse link between economic
growth and the unemployment rate. When the real output growth rate was high, Okun (1962) saw a
decline in unemployment and vice versa.

4, Empirical literature review and hypotheses development

Previous studies in several countries around the world investigated the forecasting of unemployment. In
Australia, the quarterly unemployment rate from 1978 Q2 to 2002 Q3 was investigated by Wilson and
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Perry (2004). They proved that spectral analysis models achieve higher predictive accuracy levels than
autoregressive integrated moving average counterparts (e.g., the accuracy of turning point forecast). The
spectral analysis showed that the Australian unemployment rate for individuals, males, and females con-
tinues to decline over the forecast period. Also, Romero-Avila and Usabiaga (2007) used individual
Lagrange multiplier (LM) to investigate the annual unemployment rate from 1976 to 2004. They proved
that U.S. unemployment is closer to the natural rate paradigm than the hysteresis paradigm. The fact
showed that the unemployment rate trend declined after the first oil shock. It can be understood that
stabilization policies and labor market reforms have been implemented in the right direction.

In addition, the quarterly data from Q1 1948 to Q2 1968 were predicted by Montgomery et al. (1998).
They demonstrated an asymmetric cyclical movement (e.g., during the severe downward cycles) that
dominates the behavior of the unemployment rate over time (e.g., except during the long business
expansions of the 1960s and 1980s). The unemployment movement was affected by general contractions
in business (e.g., long and gradual declines in business expansion). In addition, unemployment dropped
slowly and irregularly (e.g., after the Second World War). Mahmudah et al. (2017) predicted Indonesia’s
annual unemployment rate data from 1986 to August 2015. This study showed an ongoing decline in
the unemployment rate in Indonesia. A low unemployment rate indicates a good shape for the national
economy.

In Japan, the monthly unemployment rate data from January 1995 to August 2005 were estimated by
Kurita (2010). This study showed that the fractionally integrated autoregressive and moving average
(ARFIMA) model is considered a reliable predictive device for the unemployment rate in Japan. Moreover,
the prediction results revealed the growing unemployment rates for the next period. Furthermore, from
1999 to August 2008, Etuk et al. (2012) predicted the monthly unemployment rate data. They demon-
strated that the appropriate model is an autoregressive integrated moving average of orders 1 and 2 and
ARIMA(1,2,1). The prediction results revealed Nigeria's increasing unemployment rate in Nigeria between
January and March 2009.

From January 1955 to July 2017, Dritsakis and Klazoglou (2018) investigated the monthly unemploy-
ment rate in the United States. They demonstrated that the Seasonal Autoregressive Integrated Moving
Average (1,1,2)(1,1,1),, and Generalized Autoregressive Conditional Heteroskedasticity (1,1) are the best
models for predicting unemployment in the U.S. The forecast result revealed that the expected unem-
ployment value is close to the actual value. Therefore, investigating this trend and proposing solutions
is important for researchers. However, Huang (2015) used an autoregressive integrated moving average
with exogenous variables to analyze the monthly unemployment rate from January 1948 to October
2014. This study showed that the index of job openings has much greater predictive power than the
initial job insurance claim. It means that the index of job openings can be used as one of the leading
indicators to improve the unemployment forecast. In Slovakia, Rublikova and Lubyova (2013) investigated
the monthly unemployment rate between January 1999 and May 2013. The results showed that the
ARIMA (0,1,2)(0,1,1)12 and GARCH(1,1) model was the best to forecast both the conditional mean and
the conditional variance. In Nigeria, the quarterly data from 1967Q1 to 2011Q4 was predicted by Nkwatoh
(2012). Based on the results of the root mean square error (RMSE), mean absolute percent error (MAPE),
mean absolute error (MAE) criteria and Theil's coefficient, it has been shown that the ARIMA(1,1,2) or
ARCH(1) model is the most suitable for forecasting unemployment in the particular period. In Greek,
Dritsaki (2016) used monthly data from 1998 to 2015 to predict the unemployment rate for the dynamic
and static processes. Using the Box-Jenkins methodology and SARIMA models, it has been shown that
the SARIMA(0,2,1)(1,2,1),, model is the best forecasting model, while the mean squared error (MSE), the
MAE criteria and Theil's coefficient have been more predictive in the static process.

Johnes (1999) predicted the monthly data in the United Kingdom from January 1960 to August 1996.
He proved that more general alternative specifications dominate the simple linear AR model. Additionally,
the nonlinearities are present in the data under investigation. The linearity hypothesis cannot be rejected
for other important macroeconomics (e.g., output). The monthly unemployment rate data from January
1971 to December 2002 was also predicted by Floros (2005). This study showed that MA(1) and AR(4)
are the best models to predict the unemployment rate. Such results showed that the forecasting
approaches were similar to the reality of the UK labor market. This showed a close relationship between
the forecasting theory and labor market conditions.
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Some recent studies try to forecast unemployment with several econometric models. To estimate the
unemployment rate, Yamacli and Yamacli (2023) examine the accuracy of the Auto-Regressive Integrated
Moving Average (ARIMA) and Artificial Neural Networks (ANN) approaches. According to the comparison
results, the ARMA (2,1) model is the most appropriate for estimating the unemployment rate. This out-
come confirms that there are enduring causes for unemployment in Turkey. On the other hand, during
the severe pandemic in 2020-2021, the ARMA (2,1) model’s unemployment rate forecasting error was
greater than that of the ANN model. The results of the neural network model have fewer errors during the
economic uncertainty brought on by the COVID-19 pandemic than those of the autoregressive moving
average model. As a classifier, neural networks outperform alternative scoring models regarding prediction
accuracy (Abdou et al., 2016). Artificial neural network modeling of the unemployment rate offers different
insights for economic forecasting. Using regional unemployment rates recorded for the Romanian coun-
ties, Simionescu (2015) predicts the national unemployment rate using the spatial autoregressive process
(SAR). The outcome demonstrates that county unemployment in the current period will be impacted by
neighboring changes in the unemployment rate from the previous period. Most counties’ 2013 unem-
ployment rates fell between 5.36 and 6.54%. The SAR method with random effects estimates for 2014
indicated that the country’s unemployment rate would be approximately 4.7%. Yet, there are strong
chances to be an underestimated value from 2011 to 2013. The duration distribution of unemployment is
predicted using a three-step factor-flows simulation-based approach by Chodorow-Reich and Coglianese
(2021). They discovered that although increasing in a more gloomy recovery scenario due to a high level
of labor market churn, long-term unemployment remains below the Great Recession level. The findings
advise how many people are impacted by various extension lengths. For instance, in the baseline scenario,
a large percentage of potentially eligible (e.g., laid off) people may experience unemployment for longer
than the 26 weeks covered by ordinary state benefits, totaling more than 4.2 million at the peak.

Several studies recommend using data from online searches to enhance the forecasting and nowcast-
ing of official economic indicators to speed up the dissemination of these data. When the economy
undergoes a sudden transformation, near-term projections (nowcasts) are the most challenging but
important (Larson & Sinclair, 2022). Naccarato et al. (2018) determine whether big data and time series
models can help anticipate Italy’s monthly young unemployment rate. The Google Trends keyword
search volume for ‘job offers’ and the official labor force survey data for ‘young unemployment’ in Italy
are the time series that were used. There are two estimated models. A VAR model that combines the
former series with the Google Trends query share and an ARIMA model that uses only the official young
unemployment rate series. The findings demonstrate that using Google Trends data reduces forecast
error on average. Nagao et al. (2019) compare the traditional AR model to search intensity data from
Google Trends to nowcast the unemployment rate in the United States. For some circumstances, using
Google Trends doesn’t necessarily help to increase forecast accuracy. According to this evidence, adding
a particular phrase’s search volume to the forecast model may be limited. The first problem is the mod-
ification to Google Trends’ definition, which restricts the time frame for which the information on search
intensity may be accessed weekly. The second concern is the possibility of a change in the endpoint
value of a seasonal series depending on the date of the seasonal adjustment, which could pose prob-
lems when performing a real-time forecast. Based on information from Google Trends, Simionescu and
Cifuentes-Faura (2022) predicted the unemployment rate in Spain and Portugal. The forecast is based
on macroeconomic statistics that have a greater time lag. The outcomes showed how Google Trends’
unemployment-related data might be used to estimate unemployment rates across regions in Spain
accurately. To accurately predict US initial unemployment claims in the spring of 2020 during the
COVID-19 epidemic, Larson and Sinclair (2022) examine the performance of models using various infor-
mation sets and data structures. A state-level panel model that adds dummy variables to describe the
heterogeneity in the timing of state-of-emergency declarations is the best model, particularly close to
the structural break in claims. Initial results from autoregressive models are poor, but they quickly
improve. The state-level panel model outperforms models using Google Trends by taking advantage of
the diversity in the timing of state-of-emergency announcements. The findings imply that there is a
bias-variance tradeoff during structural change. Forecasts are improved by straightforward methods that
take advantage of relevant data in the cross-sectional dimension, but the efficiency of autoregressive
models dominate in later periods.
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Gonzalez-Fernandez and Gonzalez-Velasco (2018) investigate whether Google econometrics can be
used to predict unemployment in Spain. The findings show that Google searches and unemployment
have a strong relationship. According to the findings, Google data search volumes enhance unem-
ployment prediction. As a leading indicator for forecasting the monthly US unemployment rate, they
evaluate the effectiveness of a Google job-search intensity index (D’Amuri & Marcucci, 2017).
Google-based models produce more precise forecasts than models based on labor force flows, typical
nonlinear models, and models from the Survey of Professional Forecasters. Google-based models per-
formed particularly well at the critical juncture at the beginning of the Great Recession, while their
relative prediction powers remained steady afterwards. Caperna et al. (2022) developed a search-based
unemployment index using machine learning techniques. They are also investigating the impact of
lockdowns during the first wave of the COVID-19 epidemic. Using a Difference-in-Differences study,
they demonstrate that the indicator increased dramatically and consistently after lockdowns. Using a
state-level event analysis, Aaronson et al. (2022) use Google Trends to assess the elasticity of initial
unemployment insurance claims concerning search volume. The findings demonstrate that Google
Trends elasticity caused by hurricanes produces better real-time predictions of initial unemployment
insurance claims than other widely used models. The method is also suitable for forecasting on a
state and federal level. In its estimate of the degree of uncertainty for its out-of-sample forecasts
during the COVID-19 pandemic, it is demonstrated to be well-calibrated. The COVID-19 outbreak is
substantially influencing Indonesia’s economy, which is contracting and leading to a rise in unemploy-
ment (Fajar et al., 2020). Using an Autoregressive Integrated Moving Average with Explanatory Variable
(ARIMAX) with Google Trends data query share for the keyword of job termination, Fajar et al. (2020)
forecast the unemployment rate during the COVID-19 pandemic. The results MAPE number of 13.46%
indicates that the ARIMAX model has good predicting capabilities. The outcomes of utilizing ARIMAX
to forecast the open unemployment rate over the COVID-19 phase produce projected numbers con-
sistent with reality. Although some of these studies provide a solid base to develop an econometric
model on unemployment forecasting, an analysis regarding unemployment forecasting and demo-
graphic dividends in Indonesia is still limited. Based on the prior studies, | propose the following
hypotheses:

Ho: The ARIMA model can't predict Indonesia’s unemployment rate in the wake of the demographic
dividend.

H1: The ARIMA model can predict Indonesia’s unemployment rate in the wake of the demographic dividend.

5. Research design
5.1. Sample and data sources

In this study, | use a univariate time-series analysis. It means that only one variable varies over time. A
time-series design was utilized to assess the future open unemployment rate. This study uses open
unemployment data from 1990 to 2022 provided by the Indonesian Central Bureau of Statistics. The
procedures for collecting, organizing, and analyzing data are the basic principles of statistics. The tech-
niques used to reach broader conclusions or inferences about populations based on samples are known
as inferential statistics. Purposive sampling was employed to choose the samples. The following criteria
choose the sample. Indonesia made significant progress in education and health during the 1990s, albeit
from a relatively low base, due to the authoritarian New Order regime, a booming economy, and a
highly centralized set of development policies spreading access to basic services more widely across the
nation. The World Bank (1990) even acknowledged this in its well-known study on the Asian economic
miracle. Second, | consider these periods due to the COVID-19 pandemic from 2020 until 2022. Third,
since the 1990-1995 economic boom, the official open unemployment rate has gradually risen. But
throughout the crisis, it had remarkably increased. The National Labor Force Survey was not conducted
in 1995. So, | employed predictions of missing values/imputation. The three most common methods to
make these predictions (imputation) are prior knowledge, average (mean) value imputation, and regres-
sion (Cokluk & Kayri, 2011; Mertler et al., 2021). This prediction is carried out due to the MA (moving
average) estimation requires a continuous sample.
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5.2. Variable measurement

When someone is willing to work and has an education but is unable to find employment, they are said
to be experiencing open unemployment. In the society, this type of unemployment is readily apparent.
In this study, the open unemployment rate is the percentage of total unemployed to the labor force. |
use several variables for robustness analysis, such as gross domestic product and labor forces based on
age groups. | also provide other control variables, such as COVID-19 (dum2020, dum2021, and dum2022),
lag 1 of open unemployment (AR1), and economic growth.

5.3. Box-Jenkins methodology

ARIMA (non-seasonal) model analysis can be explained through Box-Jenkins’ methods. In ARIMA model-
ing, the Box-Jenkins approach consists of the following stages (Figure 1).

Figure 1 highlights the steps of a valid basis for forecasting. Box et al. (1994) suggested that a
non-seasonal version of ARIMA is symbolized as ARIMA (p, d, q). This methodology takes into consider-
ation the historical data extracted and decomposed during the process of Autoregressive (AR), Moving
Average (MA), Autoregressive Moving Average (ARMA) and Autoregressive Integrated Moving Average
(ARMA) (Ljung & Box, 1979). Equations (1) and (2) below demonstrate the common AR model of order
p and the lag operator L.

Y =0y LY, e Ay T8 m

where,
y is open unemployment rate.
g, ~N(0,6%) is the white noise.

(1—051L—...—OtpL”)yr =g, )
Further, a common MA model of order g and the lag operator L can be seen in Equations (3) and (4).

Y. =pt+e —Ge 1-%¢ ,-...-9¢&, 3)

Ye=u+(1-9L -9, .= 9,1°)e, 4)

Figure 1. Box-Jenkins methodology.



COGENT BUSINESS & MANAGEMENT . 9

In addition to AR and MA, the orders p and q (e.g., ARMA(p, g)) and lag operator L can be seen in
Equations (5-7).

Yo=Y, —1+o,y ,+.o .ty tute —e -, —...— 8¢, (5)
(1—al == P )y, = +(1-9L=9,' .= 3 )z, ©)
A(L)y, =u+0O(L)e, )
Where,
AL =1-al-a,l’ —...—a L

OL)=1-9L-9L* —...—a L

Theoretically, an ARMA(p,q) model following differences of the d order required to make the series
stationary is known as ARIMA(p,d,q). Thus, the ARIMA(p,d,q) model with the lag operator L can be seen
in Equation (8).

®(L)y, =A(L)(1-L)"y, =u+06(L)e, )
We can use the differential equation form to analyze the polynomial, as seen in Equation (9).

o(L)=AL)(1-L) =1L -, —...— @, L 9
Equation (9) takes the form of Equation (10).

Ve=H+OY -t 0,0V gy T E -3¢, —...—ngtfq (10)

Finally, we can provide an inversion form of the polynomial and random shock form, as seen in
Equations (11-13).
Lyt =(1+>." L)y (1)

(j=1

Y=Yty T 18 (12)

(y,—u)=0(L)-0(L)e, =¢, +y e +y’e ™ +...=y le, +y’Le, +...:(1+u/1L +yL, +...)et =y (L)e, (13)

where:

Y(L)=1+Y,L+P,L?+... is the random shock.

Y, is the i™" parameter of ¢(L).

In addition, Mean Absolute Percentage Error (MAPE) is a popular model prediction accuracy metric.
MAPE calculates the average magnitude of error produced by a model. The average absolute percentage
difference between expected and actual values is defined as MAPE. Lewis (1982) created a table with
typical MAPE values (Table 1).

Table 1. Interpretation of MAPE value.

MAPE Conclusion

<10 Highly accurate
11-20 Good

21-50 Reasonable

>51 Inaccurate
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Automatic ARIMA forecasting is an ARIMA model-based approach for predicting values for a single
series. EViews (Econometric Views) software provides an automated ARIMA set of forecasts that enables
researchers to forecast possible open unemployment in Indonesia.

6. Empirical results and discussion
6.1. Descriptive statistics

Descriptive statistics summarize the data set that can represent a sample or population. Table 2 shows
the descriptive statistics.

Table 2 highlights the annual number of open unemployment, which comprised an average of
6.475, with the lowest number of cases being 2.550 and the highest number of open unemployment
being 11.240. Meanwhile, the standard deviation of open unemployment data was 2.279. This implies
that the number of open unemployment data was not stationary because it fluctuated on average and
variance.

6.2. Stationarity test

| employ a stationarity test using trend and intercept. The open unemployment data transformation is
noted in Dlog(unemployment). The results of the stationary test are shown in Table 3.

Table 3 demonstrates that the number of open unemployment in Indonesia is not stationary at the
level order or 1(0). This can be seen from the p-value of 0.8125, which is greater than the significance
level (1, 5, and 10%). Nonetheless, Indonesia’s number of open unemployment has first-order or 1(1)
stationary. It can be seen from the p-value of 0.0005, which is smaller than the significance level (1, 5,
and 10%). The results of the first-order transformation of data showed a relatively stable variance.
Therefore, this data can be used to predict unemployment.

6.3. ARIMA model identification

The ARIMA system uses the Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF),
which defines logarithmic distinction. Table 4 shows the results of the ACF and PACF.

Table 2. Descriptive statistics.

Statistics Unemployment
Mean 6.475152
Median 6.170000
Maximum 11.24000
Minimum 2.550000
Std. Dev. 2.244085
Skewness 0.142788
Kurtosis 2.527790
Jarque-Bera 0.418738
Probability 0.811096
Sum 213.6800
Sum Sq. Dev. 161.1494
Observations 33*

Note. *The National Labor Force Survey was not conducted in 1995. Therefore, | employed predictions of missing values/
imputation of open unemployment data.

Table 3. Stationarity test.

Variable Degree of integration Method p-Value Conclusion
Unemployment 1(0) ADF 0.8125 Series is not stationary
Dlog(Unemployment)* I(1) ADF 0.0005 Series is stationary

Notes: ADF->Augmented Dickey-Fuller. *Dlog(unemployment) implies the logarithm of open unemployment at the first difference.
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Table 4. ACF and PACF results.

Lag AC PAC Q-Stat

1 0.060 0.060 0.1246
2 -0.130 -0.134 0.7376
3 0.073 0.092 0.9382
4 0.251 0.228 3.3838
5 —-0.091 -0.111 3.7210
6 0.112 0.196 4.2489
7 0.130 0.052 4.9873
8 -0.019 —0.051 5.0029
9 —-0.068 —-0.002 5.2195
10 0.077 —-0.023 5.5097
1" 0.003 -0.030 5.5100
12 -0.105 —-0.086 6.1069
13 -0.207 —-0.248 8.5518
14 -0.002 —-0.012 8.5520
15 -0.073 -0.111 8.8941
16 —-0.049 0.007 9.0591

Table 4 shows the ACF plots had fallen to zero, and the PACF was out of interval on the small lags
(lag 1, 2, and 4). This means the three lags were the best for modeling the open unemployment data.
Thus, several alternative models [AR(1), AR(2), AR(4), ARMA(1,1), ARMA(1,2), ARMA(2,2)] can be used for
forecasting as follows:

Alogunemployment, =a,Alogunemployment,_, +&, (14)
Alogunemployment, =a,Alogunemployment, , +a,Alogunemployment, , +&, (15)

Alogunemployment, =a,Alogunemployment,_, +a,Alogunemployment,_, +a,Alogunemployment,_, +¢,

Alogunemployment, =a,Alogunemployment,_, +¢, +b,Alogunemployment,_, (17)

Alogunemployment, =a,Alogunemployment, , +¢, +b,Alogunemployment, , +b,Alogunemployment, (18)

Alogunemployment, =a,Alogunemployment, , +a,Alogunemployment, , +¢,
+b,Alogunemployment,_, +b,Alogunemployment,_, (19)

The equivalent models are:

Model 14 is the ARIMA model (1,1,0) for log(unemployment) data
Model 15 is the ARIMA model (2,1,0) for log(unemployment) data
Model 16 is the ARIMA model (4,1,0) for log(unemployment) data
Model 17 is the ARIMA model (1,1,1) for log(unemployment) data
Model 18 is the ARIMA model (1,1,2) for log(unemployment) data
Model 19 is the ARIMA model (2,1,2) for log(unemployment) data

6.4. Parameter estimation

To estimate the parameters, the six alternative ARIMA models must pass the normality and white
noise assumption. The results of the assumption of normality and white noise will be shown in
Table 5.

Looking at the statistics, it is noted that the six models have a normal distribution of error normality.
This resulted in the overall model’s Jarque-Bera likelihood of being lower than the significance rate (5%).
In addition, the six models have white noise and are suitable. The probability of the six models in the
Ljung-Box (Q) was higher than the meaning level (5%). Selecting the best model based on normality and
white noise assumptions is possible.
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Table 5. Normality assumptions and white noise assumptions.

Models Jarque-Berra Prob Conclusion Conclusion

AR(1) 2.102806 0.349447 Normal distribution Has white noise and is
appropriate

AR(2) 2.215394 0.330319 Normal distribution Has white noise and is
appropriate

AR(4) 4.040821 0.132601 Normal distribution Has white noise and is
appropriate

ARMA(1,1) 1.969232 0.373583 Normal distribution Has white noise and is
appropriate

ARMA(1,2) 2.211022 0.331042 Normal distribution Has white noise and is
appropriate

ARMA(2,2) 0.501722 0.778130 Normal distribution Has white noise and is
appropriate

Note: Previous works (Ntim et al., 2011, 2015) consider the squared loss and assume the noise follows an i.i.d. (independently and identically
distributed) random sequence.

6.5. Selection of the best model

Model selection is choosing a statistical model based on data from a set of candidate models. Table 6
shows the modeling results summary and the best model selection.

The results of the overview models show that the AR(4) model is the best. The decision was based
on the assumption that the minimum AIC and SBC values are present in the AR(4) model.

6.6. Static forecast method

For 2023, the AR(4) method was also used to estimate the number of open unemployment. The result
was a visually stable forecast shown in Figure 2.

Figure 2 presents three curves (upper, middle, and lower). The vertical axis reflected the unemploy-
ment rate, and the horizontal axis highlighted the periods. | use the middle curve as the static predicted
value. Based on this Figure, there was 5.86 open unemployment in 2023. This indicates a decrease and
stable number of open unemployment compared to 6.49 and 5.86 open unemployment in 2021 and
2022. The mean absolute percent error (MAPE) of 9.558923 (MAPE <10%) indicated highly accurate fore-
casting (Lewis, 1982). It demonstrates that the ARIMA model can predict Indonesia’s unemployment rate
in the wake of demographic dividend (H1 supported).

6.7. Dynamic forecast method

In the subsequent 28years, the AR(4) model was also used to predict the open unemployment data. As
shown in Figure 3 and Table 7, the model can generate a visually dynamic forecast for the future.

The last three curves indicate the predicted upper, middle, and lower values. The vertical axis pre-
sented the unemployment rate, and the horizontal axis revealed the periods. We use the middle curve
as the static predicted value. Based on Figure 3, open unemployment decreased and stabilized from
2023 to 2050. Table 7 also shows that Indonesia is facing a declining trend with open unemployment.

6.8. Discussion

The findings are reported from the Indonesian annual open unemployment rate series’ predictive between
AR(T), AR(2), AR(4), ARMA(1,1), ARMA(1,2), and ARMA(2,2). This study showed that AR(4) was the best
model to predict Indonesia’s future open unemployment between 2023 and 2050. The AR(4) model fore-
casting showed that open unemployment in Indonesia tends to decrease and stabilize continuously until
2050. My empirical findings support the hypothesis that the ARIMA model can predict Indonesia’s unem-
ployment rate in the wake of the demographic dividend. This result was supported by Johnes (1999),
who said that linear autoregressive was the best model to predict the UK monthly unemployment rate
rather than GARCH, threshold autoregressive and neural network models. Mahmudah et al. (2017) sup-
ported this study, which found that Indonesia’s unemployment rate tends to decrease. Similarly, Ulhaq
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Figure 2. Fitting results of static method.

Figure 3. Fitting results for dynamic method.

and Wahid (2022) also support the current findings that Indonesia is set to experience a demographic
dividend starting in 2025, according to the population projections produced by system dynamics mod-
eling. According to Oey-Gardnier and Gardnier (2013), a demographic dividend is simply waiting to hap-
pen (Oey-Gardnier & Gardnier, 2013). Although more deterministic economic-demographic models ensure
a favorable result, a body of research indicates that a sizable economic dividend might not always occur
and that the dividend would be better understood as a window of opportunity (de Carvalho & Wong,
1998; Pool, 2007). Indeed, it might even be a ‘curse’ if the nation faces many young people without jobs
(Oey-Gardnier & Gardnier, 2013).

However, the empirical results different with several study findings (e.g., Dritsaki, 2016; Dritsakis &
Klazoglou, 2018; Huang, 2015; Johnes, 1999; Kurita, 2010; Mahmudah et al, 2017; Montgomery et al,,
1998; Nkwatoh, 2012; Romero-Avila & Usabiaga, 2007; Wilson & Perry, 2004; Montgomery et al., 1998;
Etuk et al, 2012; Larson & Sinclair, 2022; Naccarato et al, 2018; Nagao et al., 2019; Simionescu &
Cifuentes-Faura, 2022, Larson & Sinclair, 2022, Gonzélez-Fernandez & Gonzalez-Velasco, 2018; D'Amuri &
Marcucci, 2017; Caperna et al., 2022; Aaronson et al., 2022; Fajar et al., 2020) because they only focused
to forecast but my study focused on open unemployment forecasting related to demographic dividend
and test the validity of Okun law during COVID-19 pandemic periods.

Indonesia was predicted to have a demographic dividend by 2030. The demographic dividend focuses
on how the working-age group youth will dominate the population of Indonesia in 2030. In addition,
the country was also expected to be one of the world's economic giants. Population census data in 2018
shows that the population aged 15-64 reached 179.13 million, or about 67.6% of the total population
in Indonesia (Central Bureau of Statistics, 2018). Indonesia’s economic development from 2014 until the
present has shown positive changes. The fact shows that economic growth has risen from 4% (2015) to



COGENT BUSINESS & MANAGEMENT . 15

Table 7. The predicted value for unemployment data.
95 % Confidence Limit

Year Lower Predicted Upper Predicted Predicted
2023 4.96 6.76 5.86
2024 4.96 7.92 6.44
2025 4.63 8.02 6.32
2026 4.25 7.90 6.08
2027 393 8.23 6.08
2028 372 8.81 6.26
2029 3.47 9.02 6.24
2030 3.22 9.09 6.15
2031 2.98 9.32 6.15
2032 2.78 9.65 6.21
2033 2.58 9.84 6.21
2034 2.38 9.98 6.18
2035 2.19 10.16 6.18
2036 2.02 10.38 6.20
2037 1.85 10.55 6.20
2038 1.68 10.69 6.19
2039 1.52 10.85 6.19
2040 1.37 11.02 6.19
2041 1.22 11.17 6.19
2042 1.07 11.31 6.19
2043 0.93 11.45 6.19
2044 0.79 11.59 6.19
2045 0.66 11.72 6.19
2046 0.53 11.85 6.19
2047 0.40 11.98 6.19
2048 0.27 12.11 6.19
2049 0.15 12.23 6.19
2050 0.03 12.35 6.19

Table 8. The sixteen economic policy packages.

Stages Period Policy packages

1st September 9, 2015 Increase the competitiveness of national industries

2nd September 29, 2015 Equalize licensing requirements and simplify the export procedure

3rd October 7, 2015 Facilitate financial services, export funding, and eliminate business obstacles

4th October 15, 2015 Social security and improvement of community welfare

5th October 22, 2015 Improving the industrial climate and investment through tax incentives and deregulation
of Syariah banking

6th November 16, 2015 Stimulate economic activity in the outer regions and facilitate the availability of strategic
commodity

7th December 7, 2015 Stimulate business activities for the labor-intensive industry

on a national scale through incentives for in-kind land certification processes for

individual

8th December 21, 2015 Settle land acquisition, intensifying local oil production and stimulating the domestic
aircraft industry

9th January 27, 2016 Speed up electricity, meat price stabilization and improve the logistics sector for
rural-urban

10th February 11, 2016 Revise the investment negative list and improve protection for Micro, Small and Medium
Enterprises

11th March 29, 2016 Stimulate the national economy through the facilitation of Micro, Small and Medium
Enterprises and industry

12th April 28, 2016 Improve Indonesia’s ranking in Ease of Doing Business (EoDB)

13th August 24, 2016 Low-cost housing for the low-income community

14th November 10, 2016 Roadmap for E-commerce

15th June 15, 2017 Logistics Improvements

16th November 16, 2018 Encourage policies for increased investment

Source: Indonesian Ministry of National Development Planning (2019).

5.2 (2018), Gross Domestic Product per capita has increased from USD 3,332 (2015) to USD 3,894 (2018),
poverty has fallen from 11.22% (March 2015) to 9.41% (March 2019), and inflation has fallen from 3.4%
(2015) to 3.1% (2018) (Indonesian Ministry of National Development Planning, 2019). In addition, the
sixteen economic policy packages to enhance the competitiveness of the national industry, exports and
investment are summarized in Table 8.

The role of the young generation is closely related to economic growth and development (Mason &
Kinugasa, 2008). Youth between 15 and 24 make up one-third of all productive-age workers. In addition, the
young generation is predicted to increase real output by 5% in developing countries (Febyolla, 2019). The
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demographic dividend could be if a better education is available to the younger generation (Kaneko & Sato,
2013; Mason & Kinugasa, 2008; Ogawa et al.,, 2005, 2010; Stephen, 2012). Interestingly, the increased labor
force implies the achievement of expansion labor programs implemented by the Indonesian government.

In addition, Indonesia’s government could also focus on investing in human resources. It can be under-
stood that a country could move forward when it has a good human resource investment (Mason & Kinugasa,
2008; Ogawa et al.,, 2005, 2010). In 2020, Indonesia’s expenditure regarding increased productivity and com-
petitiveness of human resources (e.g., expanding access to education, growing skills, entrepreneurship, mas-
tering Information Communication Technology, and supporting research activities) was IDR 508.1 trillion.
Regarding human resource investment, Indonesia’s government also pays attention to the health sector (Kim
et al, 2019; Mason & Kinugasa, 2008; Ogawa et al., 2005, 2010). In the same year, the government of Indonesia
provided IDR 132.2 trillion to accelerate stunting reduction, preventive promotive strengthening, and the con-
tinuation of the national health insurance program (Indonesian Ministry of Finance, 2019).

Concerning Indonesia’s 2030 demographic dividend, the government also focuses on infrastructure.
Infrastructure for welfare (20 October 2014, to present) became Indonesian government jargon. Indonesia’s
government provides IDR 423.3 trillion to increase investment, export competitiveness, industry transfor-
mation (e.g., connectivity, food, energy, and water), and anticipate urban social problems (e.g. clean
water, sanitation, waste management & mass transportation). This policy is aimed at improving infrastruc-
ture to compete with other countries. Such policies (investment in human resources and infrastructure)
should be implemented from now on. Therefore, Indonesia could be part of the world economy’s Top
Five (Indonesian Ministry of National Development Planning, 2019). In addition, the World Bank (2014)
also suggested that policymakers focus on improving cities by improving infrastructure and enhancing
services for urbanizing economies, such as China, Indonesia, the Philippines, and Vietnam.

A robustness analysis demonstrates how my findings support the hypothesis testing. In this case, | ran
a regression regarding the impact of the gross domestic product on labor forces based on age groups.
It can be seen on Table 9.

Table 9 demonstrates that GDP positively and significantly impacts labor forces aged between 15 and
19years. It can be understood that when GDP increases, the number of labor forces in this age group
tends to increase (holding other independent variables constant). In other words, the 15 to 19 age group
prefer not to continue studying in universities instead of entering the labor market. These labor forces
opt not to continue their education to tertiary levels because they consider this option will increase their
future productivity and outputs.

| also provided a sensitivity test using economic growth, autoregressive (AR1), and COVID-19 dummies
to explain the impact of COVID-19 periods on unemployment in Indonesia (Table 10).

Table 9. The impact of GDP on labor forces based on age groups (1990-2022).

Age groups B o t p

15-19 1.938380 0.233910 8.286852 0.0000***
20-24 5.157669 0.654277 7.883002 0.0000%**
25-29 5.659024 0.715943 7.904291 0.0000%**
30-34 5.602805 0.716863 7.815724 0.0000%**
35-39 5.641184 0.719941 7.835622 0.0000%**
40-44 5.454412 0.718343 7.593050 0.0000%**
45-49 5.137024 0.679685 7.557951 0.0000%**
50-54 4.353323 0.579466 7.512645 0.0000%**
55-59 3.403861 0.458736 7.420094 0.0000%**
60+ 4.919405 0.639556 7.691907 0.0000%**

Notes: ***Significant at 1% of alpha level, 3 is the coefficient, o is the standard deviation, t is the t-statistic, and p is the probability.

Table 10. The impact of COVID-19 periods on unemployment.

Variable B o t p
Growth -0.013235 0.044649 —-0.296416 0.7692
Unemployment(-1) 1.007320 0.039691 25.37908 0.0000%**
DUM2020 1.774381 1.002518 1.769924 0.0880*
DUM2021 —0.582743 0.980181 —0.594526 0.5571
DUM2022 —0.607249 0.977299 —-0.621354 0.5396

Notes: *significant at 10% of alpha level. ***Significant at 1% of alpha level, B is the coefficient, o is the standard deviation, t is the t-statistic,
and p is the probability.



COGENT BUSINESS & MANAGEMENT ’ 17

At the end of 2019, the world is facing big problems. It started with the emergence of a disease
outbreak caused by the coronavirus so called COVID-19. My empirical results show that the biggest
impact of COVID-19 on unemployment comes from 2020 (DUM2020). The data of Indonesia’s open
unemployment rate at 7.07, 6.49 and 5.86% from 2020 to 2022 confirmed it. Compared to February 2020,
the open unemployment rate has grown dramatically to 1.32% due to the COVID-19 pandemic (Central
Bureau of Statistics, 2021). This will undoubtedly impact Indonesia’s economic growth. Since society’s low
production of labor and goods will slow Indonesia’s economy’s expansion rate. Furthermore, the regres-
sion results did not support the Okun law’s validity for COVID-19 periods.

7. Summary and conclusion

The six alternative models, AR(1), AR(2), AR(4), ARMA(1,1), ARMA(1,2) and ARMA(2,2) were used to
estimate the number of open unemployment in Indonesia. The model summary provided evidence
that from 1990 to 2022 the AR(4) was the best model for forecasting the number of open unem-
ployment in Indonesia. ARIMA forecasting using AR(4) revealed that open unemployment tends to
decrease from 2023 to 2050. Forecasting of open unemployment plays an important role in support-
ing the demographic dividend faced in 2030. Several factors support the demographic dividend,
such as the realization of sixteen economic policy packages, improvement of the human resources
quality policy, and acceleration of infrastructure development policy. In addition, | provided evi-
dence that the increased labor force implies the achievement of labor expansion programs imple-
mented by Indonesia’s government. An attractive investment prospect is a country with a young
population. The demographic dividend will create various new jobs and increase the workforce sig-
nificantly. Therefore, the demographic dividend in 2030 is the way to becoming one of the economic
giants of the Top Five worlds.

The decrease and stabilize open unemployment are opportunities and challenges for Indonesia to
optimize the demographic dividend that will end in 2045 (Indonesia’s Golden Generation). The demo-
graphic dividend will create various jobs (leisure economy) and significantly increase the workforce. At
the same time, Japan and South Korea are experiencing an aging population (Han-Hyung, 2009; Kim
et al., 2019; Oku et al., 2017; Stephen, 2012; Usman & Tomimoto, 2013). Therefore, an attractive invest-
ment prospect is a country with a young population, particularly in Indonesia.

7.1. Implications

This study proved the number of open unemployment tends to decrease and stable from 2023 to 2050.
The decrease and stable number of open unemployment is an opportunity and a challenge for Indonesia
to optimize the demographic dividend in 2030. However, a demographic dividend can become a disaster
if employment opportunities cannot absorb the workforce. Thus, Indonesia’s government must manage
labor, health, and infrastructure spending well to face the demographic dividend in 2030. This demo-
graphic dividend has two sides, like a two-edged blade. It will be a terrible demographic disaster if we
can't control it. If we manage this demographic dividend effectively, it will become a remarkable eco-
nomic resource.

The quality of the workers is equally as important as the quantity when it comes to realizing Indonesia’s
potential because productivity is directly correlated with dividend realization. The education system in
Indonesia needs more attention from the government since it is still growing and improving, at least in
quantity. Education has improved due to the dynamics between an increasing number of youths, creat-
ing a demand for education that is continually raised and affecting both economic growth and the
quality of labor. Changes in the labor force may also impact the ability to benefit from the demographic
dividend. In addition, the Indonesian government needs to increase funding for job retraining and
up-skilling programs for workers who have lost their jobs during the crisis (e.g., COVID-19). My findings
contribute to the body of knowledge on unemployment prediction, demographic dividend, and the
validity of Okun law during the COVID-19 pandemic periods.
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7.2. Limitation and future research

Along with its contributions to the literature concerning unemployment prediction, demographic divi-
dend, and the validity of Okun law during the COVID-19 pandemic periods, this study also had some
limitations. First, this study only focuses on forecast open unemployment data as a whole (national). So,
future studies could propose a data-driven procedure linked to the phenomenon of interest in a
cross-province or cross-country setting. Second, this study only focuses on forecasting the general open
unemployment rate. Therefore, future studies could analyze the demographic dividend related to youth
unemployment. Future studies could also consider forecasting based on gender (e.g., male and female
unemployment) and age (e.g., youth unemployment). Third, the short-term forecasts can be used with
ARIMA models. Thus, future studies should have more extended forecasts for random time-series disrup-
tions. Future studies are necessary to consider various models such as Spectral analysis, Long Short-Term
Memory (LSTM), Convolutional Neural Network (CNN), Convolutional Long Short-Term Memory
(ConvLSTM), etc.
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