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Abstract  Prolonged recession has caused the youth unemployment rate in Korea to remain at a high 

level of approximately 10% for years. Recently, the number of unemployed Koreans in their 30s and 40s 

has shown an upward trend. To expand the government’s employment promotion and unemployment 

benefits from youth-centered policies to diverse age groups, including people in their 30s and 40s, 

prediction models for different age groups are required. Thus, we aimed to develop unemployment 

prediction models for specific age groups (30s and 40s) using available unemployment rates provided 

by Statistics Korea and Google search queries related to them. We first estimated multiple linear 

regressions (Model 1) using seasonal autoregressive integrated moving average approach with relevant 

unemployment rates. Then, we introduced Google search queries to obtain improved models (Model 2). 

For both groups, consequently, Model 2 additionally using web queries outperformed Model 1 during 

training and predictive periods. This result indicates that a web search query is still significant to 

improve the unemployment predictive models for Koreans. For practical application, this study needs 

to be furthered but will contribute to obtaining age-wise unemployment predictions. 

Key Words : 30s and 40s Unemployment, Web Search Query, Prediction, SARIMA Model, Machine 
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  약  황  해 한  청년실업  수년간 10% 안  높  수  지하고 는 가운 ,  주  경 활동

 30~40  실업  근 상승  보 고 다.   청년 심  고용 진  실업복지 책  

30~40  포함한 다양한 연  확 ·강화하  해 는 각 연 에 한 실업  형 연 가 필 하다. 

에 본 연 에 는 한  통계청 실업  료   검색어  활용하여 한  30~40  연 에 특화  실업  

형  개 하고  하 다. 실업  료  계  회귀누 동평균 형  활용하여 형(Model 1)  다

형회귀 형  하 , 개  형  하고   검색 질 어 보  Model 1에 가 활용하 다(Model 

2). 그 결과, 30  40  연    검색 질 어  가 활용한 Model 2가 Model 1보다 우수한  

보 다. 는 웹 검색 질 어가 여 히 한  실업  형  개 하는  미함  미한다. 본 연 는 실질

 활용  해 가  연 가 필 하지만, 연 별 실업   연 에 여할 것  단 다.

주 어 : 30~40  실업 , 웹 검색어, , SARIMA 형, 신러닝 
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1. Introduction

Unemployment rate is a key indicator of the 

national economy [1]. It is periodically and 

systematically measured by governments [2,3]. In 

Korea, the youth (15-29 year-olds) unemployment 

rate has reached a high level of around 10% for 

the past few years under the influence of low 

global economic growth [4,5]. Further, the 

unemployment rates for workers in their 30s 

(30-39 year-olds) and 40s (40-49 year-olds) who 

form a major proportion of the working-age 

population, has shown upward trends [5]. Despite 

the Korean government’s attempts to avoid a 

prolonged recession, the overall unemployment 

rate has shown an accelerated rise with concerns 

about a deeper recession caused by the vicious 

cycle between job insecurity and household 

income reduction [6,7].

To expand Korea’s youth-centered unemployment 

policies [8] to more diverse and wider age groups, 

including the 30s and 40s, unemployment predictive studies, 

which form the basis for the government’s policies on 

employment promotion and unemployment benefits, 

also must be expanded to include these age groups. 

The unemployment rate is conventionally 

measured based on the data collected by 

investigators who visit and interview people [3]. 

The rate thus measured is released with a few 

weeks delay. For more rapid and accurate 

predictions, recent unemployment prediction 

studies employed advanced techniques using web 

search queries in addition to the unemployment 

rate. Since Askitas and Zimmermann [9] 

demonstrated the possibility of applying Google 

search queries to forecast the unemployment 

rate in Germany by identifying correlations 

between the Google search frequency of certain 

queries and unemployment rate data, web search 

queries of various types (classified by language, 

web search engine, region, and etc.) have been 

applied to forecast unemployment rate. Choi and 

Varian [10] used Google search queries to 

forecast initial claims for unemployment benefits 

in the USA. Anvik and Gjelstad [11] used Google 

search queries to forecast the unemployment 

rate in Norway. In Korea, Kwon, et al., [12] used 

the Naver search engine to estimate Korea’s 

unemployment rate, and Kwon and Jung [13] 

applied Naver search queries to predict the 

Korea’s youth unemployment rate. 

These studies established that utilizing web 

search queries in addition to unemployment 

rates can improve the performance of naive 

models that employ only unemployment rates. 

Jung [14] compared the Korean youth 

unemployment prediction model based on 

Google search queries with that based on Naver 

search queries and showed that using Google 

search queries led to better performance.

Classified working-age groups help in building 

a prediction model for concrete dynamics (i.e. 

labor supply [15]); however, applications for 

unemployment predictions are not activated.

With the same spirit of their researches, the 

aim of our study is to develop predictive models 

specialized for unemployment rate of Koreans in 

their 30s and 40s. Using seasonal autoregressive 

integrated moving average (SARIMA) models, we 

estimate the unemployment rates of Koreans in 

their 30s and 40s (described in Section 3). And 

then, we developed advanced predictive models 

applying Google web search queries together 

with estimated SARIMA models (described in 

Section 4). Finally, we compared the 

predictabilities of naive predictive models and 

advanced predictive models (in Section 4).

2. Unemployment Rate Data for 

Koreans in Their 30s and 40s  

In this study, the baseline predictive model 

The unemployment rate in Korea is officially 

measured monthly and released to the public by 
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Statistics Korea. We retrieved the unemployment 

rate for Koreans aged 30-39 year-olds (30s) and 

40-49 year-olds (40s) from the website of Korean 

Statistical Information Service [16]. Table 1 lists 

the raw unemployment rates for Koreans in their 

30s and 40s from May 2009 to April 2019.

Fig. 1 and 2 present the changes of the 

unemployment rates for 30s and 40s. From 

examining Fig. 1 and 2 (raw data), we note that 

observations in different segments of time look 

much alike with cycles of 12 months. Often the 

first and second differences of observations may 

reduce a non-stationary time series to a 

stationary series. Occasionally, taking the natural 

logarithm of the original series will be useful in 

achieving stationarity (Montgomery, et al., [17]. In 

section 3, we will consider the stationary properties 

of unemployment rate time series of 30s and 40s.

3. Baseline Unemployment Prediction 

Models for 30s and 40s Groups

3.1 Identification of Stationarity

To identify an appropriate SARIMA model for 

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

30s 40s 30s 40s 30s 40s 30s 40s 30s 40s 30s 40s 30s 40s 30s 40s 30s 40s 30s 40s 30s 40s

January 3.8 2.9 3.6 2.1 2.9 2.3 3.3 2.0 2.6 2.0 2.8 2.2 2.7 2.1 3.3 2.1 3.1 2.2 3.0 2.6

Feburary 4.0 3.0 4.2 2.7 3.4 2.6 3.5 2.1 3.6 2.4 3.3 2.5 3.4 2.7 3.7 2.6 3.2 2.6 3.5 2.8

March 3.8 2.9 4.1 2.6 3.4 2.4 3.2 2.3 3.4 2.4 3.3 2.6 3.3 2.5 3.8 2.5 3.7 2.8 3.7 2.5

April 3.8 2.4 3.9 2.3 3.3 2.1 3.1 2.2 3.6 2.6 3.6 2.4 3.3 2.3 4.0 2.7 3.7 2.7 4.0 2.5

May 3.7 2.8 3.4 2.2 3.2 2.0 3.1 1.8 3.0 2.1 3.3 2.6 3.1 2.7 3.1 2.2 3.1 2.3 3.7 2.4

June 3.8 2.5 3.4 2.2 3.4 2.1 3.0 2.1 3.0 2.1 3.3 2.1 3.3 2.3 3.1 1.9 3.2 2.1 3.5 2.3

July 3.6 2.3 3.4 2.4 3.1 2.0 2.9 1.8 3.0 2.1 3.2 2.1 2.9 2.4 3.1 2.0 2.9 1.9 3.5 2.5

August 3.7 2.5 3.7 2.3 3.4 2.0 2.8 2.0 3.1 2.0 3.1 2.2 3.0 2.5 3.2 2.1 3.3 2.1 3.7 2.7

September 3.3 2.3 3.5 2.7 3.1 2.0 2.7 2.1 2.5 1.7 2.8 2.0 3.1 2.1 3.2 2.1 2.8 1.9 3.6 2.4

October 3.3 2.2 3.4 2.4 2.9 2.0 2.7 1.8 2.6 1.7 3.0 2.0 2.9 2.0 3.3 2.0 3.0 1.8 3.3 2.4

November 3.4 2.3 3.0 2.1 2.9 1.9 2.8 1.9 2.6 1.6 2.6 2.2 2.9 1.8 3.0 1.7 2.9 1.8 2.9 2.2

December 3.4 2.3 3.2 2.2 2.8 1.8 2.7 1.7 2.7 1.8 2.7 2.2 2.7 2.2 3.0 1.9 3.0 1.8 2.8 2.3

Table 1. Korea’s 30s and 40s unemployment rate (%)

(a) Raw data (b) Log-transformed data

Fig. 1. Trends of unemployment rate for 30s
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unemployment rates for 30s and 40s, we first 

transform the original data by taking logarithm. 

Changes in the level of the log-transformed 

series indicates that at least one difference will 

be required to achieve stationarity. We adjusted 

the time series given in Fig. 1(b) and 2(b) through 

the differencing the 1 degree of log-transformed 

series. Often in unemployment rates, the most 

pronounced seasonal effect is at lag 12 months. 

Thus, we applied the seasonal differences of lag 

of 12 months. For these processes of 30s and 40s, 

we respectively computed the sample 

autocorrelation function (ACF) and partial ACF 

(PACF). The results are shown in Fig. 3 (a) and (b) 

in order of ①, ②, and ③. The two-standard-error 

limits are plotted on the graph as dashed lines. 

We see from Fig. 3(a)-①, and 3(b)-① that the 

sample ACFs tail off with sinusoidal decays, while 

the sample PACFs seem to cut off after lag 0 with 

several exceptions. Fig. 3(a)-② and 3(b)-② 

present the ACFs and PACFs, respectively for 30s 

and 40s. We see that similar trends of ACFs with 

Fig. 3(a)-① and Fig 3(b)-①, respectively. Still the 

sample ACF for the series of first difference display 

large autocorrelations, particularly at lags 12.

Finally we obtain the sample ACFs and PACFs 

for 30s and 40s shown in Fig. 3(a)-③ and 3(b)-③. 

Compared to the ACFs anf PACFs of Fig. 3(a)-② 

and 3(b)-②, seasonal adjusted figures show the 

closer tendency of stationary process although 

the autocorrelations at lags some values are 

relatively large. Overall visual expressions of 

adjusted time series in Fig. 4 seem to be 

stationary processes nearly. Under the condition 

of stationarity of given time series (removed 

trend and seasonality from Fig. 1 and 2), we 

develop the SARIMA model to predict the 

unemployment rates for 30s and 40s. 

To develop the desired unemployment 

prediction models, we applied SARIMA approach 

with the log-transformed unemployment rates for 

the 30s and 40s. The SARIMA model is classified 

as , where p is the number 

of nonseasonal autoregressive (AR) terms, d is the 

number of nonseasonal differences for stationarity, q

is the number of nonseasonal moving average (MA) 

terms, P is the number of seasonal autoregressive 

(SAR) terms, D is the number of seasonal differences, 

Q is the number of seasonal moving average (SMA) 

terms, and s is the seasonal period [18,19]. Using 

unemployment rates for period from May 2009 to 

April 2019 (108 months), we identify the SARIMA 

model. The remained data (12 months) were used 

for model test (prediction). 

(a) Raw data (b) Log-transformed data

Fig. 2. Trends of unemployment rate for 40s
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3.2 Developing SARIMA Model for 30s

To estimate the orders of SARIMA processes 

automatically, we employed the auto.arima() 

function in R (S/W) [20] and 

 was selected. The 

 is the most commonly 

used seasonal ARIMA model; seasonal random 

trend model plus MA(1) and SMA(1) terms [19]. 

30s

① Post logarithm ② Post nonseasonal differencing ③ Post seasonal differencing

(a) Unemployment rate for Koreans in their 30s

40s

① Post logarithm ② Post nonseasonal differencing ③ Post seasonal differencing

(b) Unemployment rate for Koreans in their 40s

Fig. 3. ACF and PACF plots
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Table 2 lists the coefficients of the estimated 

SARIMA model.

Model 


Coefficient
MA1: -.5281 

SMA1: -.8643

Akaike information 
criterion (AIC)

-241.82

Table 2. Estimated SARIMA model for unemployment 

rate of Koreans in their 30s

For this estimated model, we performed the 

diagnostic process of residuals. The results are 

shown in Fig. 5. We note that the standardized 

residuals show no particular pattern, and 

autocorrelation residuals were within the 

confidence range (between dotted lines). The 

p-values located outside the dotted line 

(significant range). These results indicate that the 

estimated model is appropriate to describe the 

considered time series.

Fig. 5. Diagnostic plots of the SARIMA model for unemployment rates of 30s

(a) For Koreans in their 30s (b) For Koreans in their 40s

Fig. 4. Stationary process of unemployment rate for Koreans in their 30s and 40s
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The  can be represented 

as the following regressive model:

         (1)

where  is log-transformed unemployment 

rate for 30s at time t,     is a 

coefficient of variable, and  is an error term at 

time t. The coefficients of Equation (1) are 

estimated by the input method in SPSS Statistics 

25. We see that the coefficient of  was not 

significant. Applying the stepwise method yields 

the estimators of the coefficients of Model 1 as 

Table 3. Model 1 shows 57.6% of the explanatory 

power ( : 0.576). 

Substitution of model parameters gives Model 

1 as 

  for     

  
    (2)

Predictor
Unstandardized β 

(Std. Error)
Standardized β t Sig.

Constant .158 (.089) 1.775 .079

ln(Xt-1) .427 (.078) .423 5.464 .000

ln(Xt-12) .429 (.072) .459 5.934 .000

R2(Adjusted) .576 (.567)

Std. Error of the Estimate .0714715701

Table 3. Estimated coefficients of Model1 for 30s

3.3 Developing SARIMA Model for 40s

Applying the same procedure in Section 4.1 

produces the SARIMA model for the unemployment 

rates of 40s as . Table 4 

presents the results of estimated SARIMA model for 40s.

We performed the diagnostic process of 

residuals for this estimated model. The results 

are shown in Figure. 6. We note that the 

standardized residuals show no particular 

pattern, and autocorrelation residuals were 

within the confidence range (between dotted 

lines). The p-values located outside the dotted 

line (significant range). These results indicate 

that the estimated model is appropriate to 

describe the considered time series.

Model 


Coefficient

AR1: .5431, MA1: .0058, 

MA2: .3029, SAR1: .9993, SMA1: 
-.7605, SMA2: -.2122, 

Intercept: .7919

AIC -207.6

Table 4. Estimated SARIMA model for unemployment 

rate of Koreans in their 40s

Table 5 presents the estimated coefficients of 

the selected SARIMA model for 40s. We note that 

the coefficient of  was not significant as the 

case of 30s. Applying the stepwise method yields 

the estimators of the coefficients of Model 1 as 

Table 5. Model 1 shows 53.9% of the explanatory 

power.

Predictor
Unstandardized β 

(Std. Error)
Standardized β t Sig.

Constant .098 (.065) 1.495 .138

ln(Xt-1) .491 (.080) .483 6.119 .000

ln(Xt-12) .375 (.078) .380 4.818 .000

R2(Adjusted) .539 (.529)

Std. Error of the Estimate .0899443826

Table 5. Estimated coefficients of Model1 for 40s

The estimated Model 1 for 40s can be 

represented as follows: 

  for     

  
   (3)

4. Improving Predictive Models with 

Google Search Queries

4.1 Collecting and Preprocessing Google 

    Search Queries 

We try to apply the web information to 

improve the predictability of Model 1. Korean 
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Google search queries were used as new 

predictors to estimate the unemployment rates. 

Google search query information provides the 

value scaled from 0 to 100 as a relative 

frequency, which was obtained from Google 

Trends [21]. 

Previous our studies [12,13] retrieved keywords 

for web queries related to the Korea’s youth 

unemployment rate through the analysis of 

Korean SNS (social network service) and blog 

data, and found 16 Korean keywords 

simultaneously mentioned with unemployment 

rate among 577 online documents or messages in 

Korean (twitter: 279, blog: 298); company, 

economy, employment, enter-graduate-school, 

join-the-army, permanent position, rental house, 

government, get-a-job, graduate school, job, 

support, unemployment, youth startup, youth 

unemployment, youth unemployment rate. In 

addition to the 16 keywords, we added the two 

keywords of unemployment benefits and youth 

employment which showed a high correlation 

with unemployment rate.

Keywords Keywords

Q1 업(company) Q10
규직(permanent 

position)

Q2 경 (economy) Q11 주택(rental house)

Q3 고용(employment) Q12 지원(support)

Q4
학원진학(enter- 

graduate-school)
Q13 실업(unemploy- ment)

Q5 (government) Q14 청년창업(youth startup)

Q6 취업(get-a-job) Q15
청년실업(youth 

unemployment)

Q7 학원(graduate school) Q16
청년실업 (youth 

unemployment rate)

Q8 리(job) Q17
청년취업(youth 

employment)

Q9 (join-the- army) Q18
실업 여(unempl-oyment 

benefits)

Table 6. 18 keywords associated with Korea’s youth 

unemployment rate ([13]; Fig.6)

This study aims to improve the unemployment 

predictive model by use of web search queries. 

Thus, we referenced the same 18 keywords 

Fig. 6. Diagnostic plots of the SARIMA model for unemployment rates of 40s
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(Q1-Q18) used in Kwon and Jung [13] and Jung 

[14] (see Table 6). 

We collected the time series of the monthly 

Korean Google search queries corresponding the 

unemployment rates during the same period 

(May, 2009-April, 2019) as defined in Table 1.

4.2 Developing Predictive Models for 

    Unemployment Rate of 30s with Use of 

    Google Search Queries

For a better prediction of unemployment rate, 

we consider a method which utilizes web query 

information correlated with unemployment rate. 

We combine the web search information 

together with the SARIMA time series model of 

Equation (1), and build a linear model (Model 2) 

as follows: 

        

 
 






       (4)

where ,     and  are the same 

as in Equation (1),  is a coefficient of query 

value and 
      are the values of 

search volume index log-transformed at time t. 

Based on the correlation analysis, the following 10 

queries were selected as candidates queries for 

new predictors (see Table 7).

Query Correlation Query Correlation

Q1 .460** Q8 -.338**

Q2 .343** Q12 .397**

Q4 -.194* Q14 -.303**

Q5 .301** Q16 -.257**

Q7 .194* Q18 -.244*

**Correlation is significant at the 0.01 level (2-tailed)
*Correlation is significant at the 0.05 level (2-tailed)

Table 7. Google search queries correlated with 

Korea’s unemployment rate of 30s

The stepwise regression on the linear model of 

Equation (4) presents the estimated model as follows: 

Predictor
Unstandardized β 

(Std. Error)
Standardized β t Sig.

Constant .400 (.142) 2.826 .006

   .450 (.077) .445 5.817 .000

   .465 (.073) .497 6.387 .000


 -.080 (.037) -.154 -2.172 .032


(Adjusted) .597 (.583)

Std. Error of the Estimate .0700698197

Table 8. Estimated coefficients of Model 2 for 

unemployment rate of 30s

We note that only the second query 
 is 

selected in combined model (4) for estimating the 

unemployment rate for 30s.

4.3 Developing Predictive Models for 

    Unemployment Rate of 40s with Use of 

    Google Search Queries

Applying the same procedures in Section 5.2, 

we develop the predictive model to estimate the 

unemployment rate of 40s.  Six queries in Table 

9 show the correlations with the unemployment 

rate data for this group.

Query Correlation Query Correlation

Q1 .331** Q12 .359**

Q2 .217* Q14 -.311**

Q5 .229* Q16 -.217*

**Correlation is significant at the 0.01 level (2-tailed)
*Correlation is significant at the 0.05 level (2-tailed)

Table 9. Google search queries correlated with 

Korea’s unemployment rate of 40s

Applying the stepwise method yields the 

estimated model (Model 2) as follows: 

Compared to the case of 30s, two keywords of 


 and 

 are included in Equation (4) for 

estimating the unemployment rate of 40s. The 

explanatory power is 58.6% ( : 0.586). 

Comparing the results of Model 1, we note that 

Model 2 shows better performance with regard to 

the explanatory power of model. 
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Predictor
Unstandardized β 

(Std. Error)
Standardized β t Sig.

Constant -.052 (.248)   .211 .833

   .524 (.078) .516 6.762 .000

   .315 (.082) .320 3.857 .000


 -.131 (.046) -.208 -2.874 .005


 .143 (.065) .175 2.216 .029


(Adjusted) .586 (.568)

Std. Error of the Estimate .0861775591

Table 10. Estimated coefficients of Model 3

5. Predictive and Comparative Analysis  

For both training period (first 108 months) and 

predictive period (remained 12 months), Model 2 

shows better performances that those of Model 1 

with respect to the   and RMSE (root mean 

squared error) in estimating employment rate of 

30s and 40s (see Tables 11 and 12). 

Training Period Predictive Period

 RMSE  RMSE

Model 1 .576 .0704 .587 .0866

Model 2 .597 .0686 .700 .0738

Table 11. Comparative performance of the unemployment 

prediction models for 30s

Training Period Predictive Period

 RMSE  RMSE

Model 1 .539 .0885 .509 .1055

Model 2 .586 .0839 .711 .0809

Table 12. Comparative performance of the unemployment

prediction models for 40s

For training period, Model 2 improves the 

value of   about by 4%-9%. Also predictability 

of Model 2 is much better than that of Model 1 in 

terms of   with increase of about 13%-40%.

Based on these results, we are sure that in 

estimating the unemployment rate, the time series 

model additionally utilizing the web search queries 

is better than the classical time series model.

This result goes the same direction with the 

previous studies of Choi and Varian [10], and 

Kwon and Jung [13]. Selecting a set of 

appropriate keywords is a significant factor 

affecting the performance of considered model.

6. Conclusion

To implement the unemployment policies to 

more diverse and wider age groups, including the 

30s and 40s, unemployment predictive studies 

form the basis for the government’s policies on 

employment promotion and unemployment 

benefits. Recent unemployment prediction 

studies employ advanced techniques using web 

search queries in addition to classical time series 

models. For a more advanced predictive model, 

we develop a model which utilize the 

information of Korean Google search queries 

together with using the classical SARIMA model 

specialized Koreans in their 30s and 40s. 

Utilizing Google search queries information 

with SARIMA model demonstrated better 

predictability of unemployment rates than the 

naive model using only their time series data. We 

consider that web search query information will 

be helpful to improve the classical model for 

predicting Korea’s unemployment rates. 

Compared to the results of a previous study, 

we could also identify that Google search queries 

(keywords) relative to Korea’s unemployment 

predictions differed by age group.

To implement the developed prediction 

models for unemployment rates among Korean 

in their 30s and 40s in a practical manner, this 

study must be furthered by exploring web search 

queries that are related to the unemployment 

rates of more diverse age groups. Recently 

getting appropriate information from web query 

is much easier, so we expect that utilizing such 
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information would be recommended for more 

accurate estimation and prediction of response 

such as unemployment rates.
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