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When forecasting the future values for a time series, ARIMA and SARIMA models are 

commonly used in getting the forecasts. The purpose of this research is to forecast 

different Human Resource datasets form Patria Aviation, using ARIMA and SARIMA 

models. The dataset has six different variables. The evaluation of these different 

models is done by using Mean Absolute Percentage Error and with a visual 

representation. In addition to ARIMA and SARIMA models a Grangers Causality matrix 

is built and if the different HR datasets have enough causality in explaining each other, 

a Vector Autoregressive model is used in forecasting the values of the dataset. In this 

research I am trying to find out how accurately these different variables can be 

forecasted and which of the used models has the best performance. 
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Ennustettaessa tulevia arvoja aikasarjoissa, ARIMA ja SARIMA mallit ovat yleisesti 

käytettyjä ennusteiden saamisessa. Tämän tutkimuksen tarkoitus on ennustaa 

erilaisia henkilöstö datasettien muuttujia Patria Aviation yhtiön datasta, käyttäen 

ARIMA ja SARIMA malleja. Dataseteissä on kuusi erilaista muuttujaa, joita 

ennustetaan malleilla. Mallien arviointi tapahtuu käyttäen keskimääräistä 

prosentuaalista virhettä ja avuksi käyttäen myös visuaalista arviota mallien 

toiminnasta. ARIMA ja SARIMA mallien lisäksy Grangers Causality matriisi 

rakennetaan ja jos tämän matriisin perusteella muuttujilla on tarpeeksi korrelaatiota 

toisiinsa nähden, VAR malli otetaan myös käyttöön ennustuksissa. Tässä 

tutkimuksessa pyrin selvittämään kuinka tarkasti erilaisia muuttujia datasetista 

voidaan ennustaa ja mitkä malleista antavat parhaan ennustetarkkuuden. 
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 Introduction 

 

 

Time series analysis and forecasting is an important part of different empirical 

investigations, which aims at modeling or forecasting the change of a variable, or a 

set of variables over time. (Neusser 17, 2016) To be able to do this kind of analysis, It 

is important to know which time series models can be used to model and forecast 

different kind of time series data. 

Univariate time-series datasets contain values for a single variable across multiple 

time periods. (Gheyas & Smith, 2011).  Multivariate Time-series datasets are datasets 

which values are depended on its past values and in addition to that, they have some 

dependency on other variables. (Brockwell & Davs 297, 2016). In this research I 

mainly cover univariate time series models. Multivariate models are covered by using 

Grangers causality matrix and if there is strong causality between the variables, 

forecasting is done to the time series and if the causality is weak, no forecasting is 

done using the  VAR model. 

1.1. Realization of the thesis 

 

In this research I am forecasting Patria Aviations Human resource datasets. In each 

dataset there are 60 observations of monthly data of absence hours. and there are 

total of six different variables. The variables used in this research are: Sickleave 

absence, Flex hours, Overtime work 50%, Overtime work 100%, Holidays and Extra 

holidays. Flex hours dataset consists of additional holiday hours that come from doing 

overtime work. Since the datasets has five years worth of observations, there might 

be some limitations if it is necessary to go for the higher orders of SARIMA and VAR 

models, due to not being able to estimate as many parameters as is nescessary if it is 

required to go for the higher order of the models, since the higher orders of these 

models require more data and the dataset might not be large enouh to do that. 
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The purpose of this study is to build a forecasting model for the HR dataset. I am 

building ARIMA and SARIMA forecasting models for every variable. If there is a reason 

to go for VAR models forecasting, based on the Grangers causality model, I will use 

VAR model, with the variables that have the highest causality in grangers causality 

matrix, for forecasting. The main goal of this research is to find out which of the ARIMA 

and SARIMA models give the most accurate results in forecasting the future values of 

the datasets. The reason why this is an important part of the research is that based on 

these results the correct model can be chosen to forecast the future values and with 

the correct model, the forecasting accuracy can be expected to be better. Each model 

built will be evaluated by how well it is able to forecast the last 12 observations in the 

datasets of the time series. This is evaluated by plotting the original data with the 

forecasted values. This visual representation gives a good overview of how well the 

model can forecast the last twelve observations. Another way to evaluate the models 

will be to use the Mean absolute percentage error (MAPE). The MAPE gives a 

numerical statistic of how well the models are able to forecast the last twelve 

observations and it can be used to confirm the results from the visual representation 

of the forecasts. 

The last part of the results is to compare the models to each other. This will be done 

by comparing different models within a single variable. I will evaluate the performane 

of each model evaluated with the visual represenation and MAPE. Based on these 

results I will then evalute which of the models gave the best performance. One ARIMA 

model and one SARIMA model is always compared to each other and as a benchmark, 

the actual value from last year are compared to these two models. The models are 

compared against a benchmark model. The benchmark model is the actual values 

from one period ago. The MAPE for LY actuals is calculated and the LY Actuals are 

plotted with the original dataset for the visual representation. 

This research is done by partnering with Intito Oy and using Patria Aviation HR 

Absence data.  Intito offers corporate performance management solutions and Patria 

Aviation is a customer of Intito. Intito has made this research possible by providing a 

link to Patria Aviation to be able to use the dataset that is used in this research. Since 

this dataset is classified and includes information about employee absence hours, a 

security check, to me, has been made by the Finlands security police. In this research 
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the number of absence hours is not shown in graphs to protect the privacy of the 

dataset owner.  

The models used to Forecast the datasets are Autoregressive Integrated Moving 

Average, Seasonal Autoregressive Integrated Moving Average and Vector 

Autoregressive model. 

The research questions of this study are: 

1. Which of the SARIMA or ARIMA models can outperform the used benchmark 

model 

2. Which of ARIMA or SARIMA models are better suited for the datasets? 

3. If a model gives bad performance, what is the reason for this? 

In this research I aim to build models that can forecast the actual values of the last 

twelve observations with the best precision, meaning that the best model is a model 

that has smallest MAPE and based on the visual representation, is closest to the actual 

values.   

An important part of this study is to give an overview of the models used in this 

research to work as a guideline for future time series forecasting. The accuracy of 

results is measured by removing the last 12 values of the dataset and forecasting 

those values and then plotting the original data with the forecasted data. As a 

benchmark, the actual values from previous period are plotted against the forecasted 

values and the actual values in the forecasting period. In addition to the visual 

representation of the values, Mean Percentage Error is used to measure the error in 

the forecasting model and in the benchmark model. If a model gives bad performance, 

it is important to find out if the estimated model is not fit for the model or if the reason 

for bad performance is in the dataset. For example, a change in structure can cause 

bad performance in forecasting the values since the models I am using can not predict 

the change in structure. 

1.2. Models used 

The models used in this research are ARIMA, SARIMA and VAR. ARIMA and SARIMA 

are always used to do forecasting and VAR is only used if there is explanatory power 

between the different datasets based on gragers causality. 
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1.2.1. ARIMA 

ARIMA has been the standard method to forecast time series for a long time (Banerjee 

2005).  ARMA is an univariate model where Autoregressive (AR) and Moving Average 

(MA) models are combined. ARIMA is a variation of ARMA where the differencing of 

the dataset is taken in to account to make the dataset stationary.  The Autoregressive 

(AR) part of the model is a regression model that uses the dependencies between an 

observation and number of lagged observations. Integrated(I) is used to make the time 

series stationary and Moving Average (MA) uses the dependencies between the 

observations and the residual error terms lagged to observations. (Namin & Namin 

2018)  

1.2.2. SARIMA 

SARIMA is a modified ARMA method used to account for seasonality. It is a 

multiplicative form of ARIMA, used to define time series that contains seasonal 

patterns within period. SARIMA contains seasonal and nonseasonal differencing and 

seasonal and nonseasonal orders of AR and MA. (Dabral & Murry 2017) 

1.2.3. Vector autoregressive model 

Vector autoregressive model is used when the time series is multivariate. In vector 

autoregressive model, the value is forecasted using the previous value of the time 

series and previous values of other time series, from which the predicted time series 

is dependent on. (Tsay 309, 2002) 

 

 

 

1.3. Literature review 

 

ARIMA is a great tool for forecasting since it can combine both the elements of AR 

and MA (Namin & Namin 2018). Since ARIMA combines the AR and MA parts of the 

model, the ARIMA can be used when there is explanatory power between the lagged 

values of observations and also between the lagged values of the residual error terms. 

(Gómez 2019) SARIMA is an ARIMA model which is modified to take into account the 

seasonality of the dataset. SARIMA worksbest when used in a dataset with a seasonal 
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pattern. SARIMA has the same AR, I and MA parts as arima has, but in addition to 

those, SARIMA estimates seasonal parameters for AR, I and MA. (Dabral & Murry 

2017) There have been rather many studies that research time series forecasting. Jui-

Sheng Chou and Duc-Son Tran did a study in 2018 where they used ARIMA and 

SARIMA (Chou & Tran 2018). This research has some similarities with the one made 

by Tran and Chou since I am also using ARIMA and SARIMA in this research, but the 

main difference is that the dataset I am using in this research is human resource data..  

A study made by Keishiro Hara, Michinori Uwasu, Yusuke Kishita and Hiroyuki Takeda 

did time series analysis by using regression model. Even though similar methods are 

used in this study, the study made by Hara, Uwasu, Kishita and Takeda differs greatly 

from this study. Their study had the goal of analysing which components correlate with 

energy consumption (Hara & Kishita 2015). The purpose of this study is to forecast 

the future values of the different HR data, not to analyze the dataset itself. 

Even though time series forecasting is very widely used, it is less common with human 

resource data. One previous study about human resource dataset forecasting was 

made by Sawhney and Seaver on employee turnover forecasting, using the ARIMA 

models. Their goal was to predict how big of a turnover there is in employees to be 

able to hire more effectively and they were able to do that using the ARIMA model 

(Sawhney & Seaver 2017). Since I am using employee absence dataset and they used 

employee turnover dataset the research differ from each other, even though both are 

HR datasets. Even though the datasets differ from each other, the studies are still 

somewhat similar to each other since both of the forecasts HR datasets. Since they 

were able to predict the HR turnover using the ARIMA model with good precision, It 

proves that atleast some HR datasets can be predicted, with good precision, using the 

ARIMA models.  

To choose the correct order of the SARIMA and ARIMA models, Akaike Information 

Criteria is used. AIC was developed to help choose a model which takes into account 

the fact that if not enough coefficients are not estimated, the model is underfitted 

meaning it does not capture all the elements of the dataset, but also if too many are 

estimated, the model is overfitted so the model loses its generality. AIC takes in to 

account the possibility of under- and overfitting of the model. (Akaike 1973) Ing and 

Wei did a study on Akaike Inofrmation Criteria and how it can be used to select the 
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order of an ARIMA model. In the research they focused on the AIC and analyzed the 

results (Ing & Wei 2018). Since the AIC has been verified by previous research, I use 

it in selecting the correct order of the model, without going in to a deeper analysis of 

the AIC results. 

Ljung-box test is used in the research to test if the chosen model has autocorrelation 

in the residuals. If there is still autocorrelation in the residuals, the model does not 

capture all the elements of the dataset and it might be nescessary to build a larger 

model. (Hassanu & Yeganegi 2020) 

Mean Absolute Percentage Error is widely used because it is intuitively easy to 

understand it. It penalises under – and over-prediction, relative to the actual outcome, 

since MAPE is the mean error term relative to the actual values. It gives a percentage 

value which is easy to understand and compare with different datasets. (Myttenaere 

& Golden 2016) Ren and Glasure did a study in Mean Absolute Percentage Error and 

its use in measuring time series forecasting accuracy. In the study they came to a 

result that the MAPE is best used to measure accuracy in time series forecasting when 

using data from independent time series. Another interesting finding was that the most 

common criticism fo MAPE is when the actual value of the time series is equal to 0. 

(Ren & Glasure 2009) None of the datasets im using has 0 values, so this should not 

be a problem. In this research I use MAPE as a tool in comparing the different results, 

without going for a deeper analysis in the MAPE results. 

 

 Time series 

In this chapter I will describe different time series attributes and give an explanation 

about how they work. According to Persons (1919) time series can have the 

following attributes: 

1) Trend 

2) Cycle 

3) Seasonality 

4) Irregular component 
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2.1. Trend 

Trend is a systematic and continuous increase or decrease of a time series. Trends 

can be linear or nonlinear. For statistical trends, the trends are formed and interpreted 

from the time series through probability, statistics and stochastic methodologies. 

These methods imply that there are random attributes within the systematic 

deterministic components. Time series has random components and for this reason 

the deterministic equations are not able to completely describe the time series. To 

account this randomness, the equation for linear trend has the uncertainty component 

which gives the trend a following formula: 

Yi = a ± bti + 𝜇i 

Where a is the constant, b is the slope of the trend increase (or decrease) and 𝜇i is 

the uncertainty component. (Sen, 22, 2016) 

 

Figure 1. Example of trend in the Overtime Work 100% dataset 

Sometimes the trend might have structural changes within the trend. Structural change 

in trend in a time series has several meanings. It can mean a change of the slope in a 

linear trend, a change in level, a combination of these and a change in attributes of 

the underlying system. (Thanasis, Efthimia, Dimitris 2011) In the Overtime Work 100% 

dataset an upwards going trend can be seen starting at observation 25 (figure 1). The 

mean of the dataset seems to be increasing over time until observation 50 which is a 

sign of trend. 
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2.2. Cycle 

Business cycle is a recurrent phenomenon that consists of cyclical growth followed by 

subtraction. In statistical practice, cycle is estimated by removing the trend, seasonal 

and irregular components from the original time series. (Kiani 2016) In figure 2. The 

cyclical growth can be seen as the expansion phase, followed by recession. In the 

depression the graph gets the lowest values followed by a growth called recovery. 

After that, the expansion phase starts again and a business cycle is completed. 

 

Figure 2. Example of different phases in business Cycle (economicdiscussion.net) 

 

2.3. Seasonality 

Seasonality is often exogenous to the economic system and because of that, it is hard 

to control with decisions in the short run. The impact that seasonality has on 

economics is not usually independent on the stages of business cycle. For example, 

unemployment among adult males is much larger during periods of recession than it 

is during periods of economic growth. The second attribute of seasonality is that the 

phenomenon repeats with a certain regularity. (Bianconcini & Dagum 2016) This 

means that the seasonal phenomenon occurs within fixed cycles and in the case of 

forecasting time series, the seasonal phenomenon has a lagged impact on the 

forecasted value. For example, in the time series dataset used in this research, the 

number of holidays has seasonal components and it can be seen, that the number of 

holidays are greatly increased every 12th observation. Based on this, it would make 
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sense to create a forecasting model that takes into account the observations lagged 

12 periods.  

 

Figure 3. Example of seasonality in the holidays dataset 

Seasonality can evolve over time. The evolving of seasonality means that the length 

of the seasonality can change or the magnitude of the effect of the seasonality may 

change over time (Bianconcini & Dagum 2016). An example of seasonality can be 

seen in the holidays dataset in Figure 3, where the amount of holiday hours have a 

large increase once a year. 

2.4. Irregular component 

The irregular component of a time series is the time series that is left, after cycle and 

seasonal components and trend have been removed. The irregural component does 

not have a clear structural pattern and can be fully random. Some of the irregural 

components can be in a form of an outlier, meaning the value is higher or lower than 

it should be and it might be required to remove that value to further continue the 

analysis. (Glossary of statistical terms, 2005) An example of an irregular component 

can be seen in the figure 4. The irregular component is in a form of outlier. The 58th 

observation is clearly higher than any of the previous values. Purely looking at the 

dataset it seems to be a clear outlier, but this could be explained by the Covid-19 

pandemic that was starting in Finland during that period. 



11 
 

 

Figure 4. Example of outlier in observation 58 in the sickleave absence monthly dataset 

2.5. Weak Stationarity 

Time series can be said to be weakly stationary if its mean, standard deviation and 

autocovariance is constant. The general stationariy has a different definition, but for 

time series modeling and forecasting the weak stationary is enough to ensure that he 

statistical proeperties of a time series do not change over time. In this research when 

talking about stationarity, weak stationarity is meant. The stationarity is important 

because to be able to model the dataset and forecast it, the statistical properties need 

to be constant. Often time series are not stationary so we must change the time series 

from non-stationary to stationary. The most common way to do this is using first order 

differencing or second order differencing. (Liu 2010) Autocovariances determine how 

the current value is affected by its previous values. For time series to be stationary the 

relationship between past values have to be constant (Brooks 2014) This means that 

if x is the value of the time series, then relationship between xt and xt-1 is the same as 

it is in xt-10 and xt-11 Stationary process will try to return to the mean at some point of 

time, but a non-stationary process will not. This causes problems within the system 

since the values can get incrediby high or low if they are not returning to the mean at 

any point. 

2.5.1. Augmented dickey fuller test 

Testing for stationarity, or absence of a unit root, is an important part of the process of 

building a time series model. Unit root is a stochastic trend in a time series meaning 
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that it shows a systematic pattern in a time series which is unpredictable. When 

stationarity, or absence of it, is known, correct procedures can be done to ensure the 

effectiveness of the model. Augmented Dickey-Fuller test is commonly used to test for 

the presence of unit root. (Cheung & Lai, 1995) The test looks for the presence of unit 

root by using the ordinary least squares estimator  of p. This is obtained by fitting 

the regression equation to the dataset. 

 

The Augmented Dickey-Fuller test statistic is calculated using the formula: 

𝑡𝑛 =
f𝑛 − 1

𝑆𝑡�̂�(fn)
 

Where 𝑆𝑡�̂�(fn)  is the estimator of the standard deviation of the OLS estimator fn  This 

is compared to the studentized t-distribution. (Paparoditis & Politis 2013) 

The null hypothesis in augmented Dickey-Fuller test is that the series has unit root, 

meaning it is not stationary. The test statistic is compared to t-distribution and if the 

test statistic is higher than the one in t-distribution, the null hypothesis of a unit root is 

rejected, meaning the time series is stationary. If the test statistic is higher than the 

one in t-distribution, the null hypothesis of unit root is not rejected, and the time series 

is not stationary. If the time series is not stationary, first differencing is done to ensure 

stationary. After the first differencing is done, another Augmented Dickey-Fuller test is 

carried out. The differencing will be done until the null hypothesis of a unit root can be 

rejected. (Luitel & Mahar 2017) 

 

 Box-Jenkins approach 

 

The Box-Jenkins method of building a time series model consists of four steps. 1) 

Model identification 2) Model estimation 3) Model verification 4) Forecasting. (Magnus 

& Fosu 2011)  
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3.1. Model identification 

Model identification methods are processes that are applied to the time series dataset 

to obtain the parameters for the time series model. This can be done by using 

Autocorrelation functions, partial autocorrelation functions and information criteria 

(Magnus & Fosu 2011). In this research the information criteria used is the Akaike 

information criterion. for ARIMA models the parameters would be the autoregressive 

term(p), moving average term(q) and number of differences (d). Seasonal ARIMA has 

the same components, but in addition to those, it has seasonal autoregressive term(P), 

number of seasonal differences (D) and seasonal moving average term(Q). In vector 

autoregressive model only the order of the autoregressive term is needed. In the 

identfication process, the dataset is made to be stationary if it is not already. This is 

usually done by taking first or second difference of the dataset. (Box & Jenkins 179, 

2015) 

3.1.1. Autocorrelation function 

The stationarity assumption requires that the joint probability distribution p (xt1, xt2) is 

same for all time t1 and t2 if the observations are a constant interval apart form each 

other (Finlay, Fung & Seneta, 2011). This means that the covariance between values 

xt and xt+k separated by k intervals of time, or lag k, must be same for all observations 

under the stationarity assumption. Covariance like this is called autocovariance at lag 

k and it is defined by the formula: 

𝑐𝑘 = 𝑐𝑜𝑣[𝑥𝑡 , 𝑥𝑡+𝑘] = 𝐸[(𝑥𝑡 − 𝑚)(𝑥𝑡+𝑘 − 𝑚)] 

Where 𝑥𝑡 is the value at time period t, m is the mean and E is the expectation operator. 

(Box & Jenkins 25, 2016) 

The autocovariances are not great at measuring the relationships between x and its 

previous values because the autocovariances depend on the units of the time series 

and for this reason the values have no immediate interpretation. Autocorrelations are 

used instead to measure the relationships. Autocorrelations are autocovariances 

normalized by dividing by variance. (Brooks, 253, 2014) For stationary process, the 

variance is σ2x = c0  and it is the same at time point t + k as it is at time point t, the 

autocorrelation at lag k is:  

𝑎𝑘 =
𝑐𝑘

𝑐0
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Since autocorrelations get standardized values between -1 and 1, they are free of units 

and better suited for comparing relationships between values. (Box & Jenkins 25, 

2016) 

3.1.2. Partial Autocorrelation Function 

The partial autocorrelation between xt and xt-j function is defined as 

 𝜋(𝑡, 𝑡 + 𝑗) = 𝐶𝑜𝑟(𝑥(𝑡), 𝑥(𝑡 + 𝑗)|𝑥(𝑘), 𝑘 𝜖 {𝑡 + 1, … , 𝑡 + 𝑗 − 1]) 

It is the correlation between x(t) and x(t+j) conditional on the intervening values x(k), 

where j is the lag. The partial autocorrelation represents the remaining correlation 

between x(t) and x(t+j) that cannot be explained by the interviening variables. (Su & 

Daniels 2014) The partial autocorrelation function gives the partial correlation of a time 

series. The partial autocorrelation represents the direct effect that the lag has for the 

current value of the time series. It controls other lags, unlike autocorrelation function. 

The time series needs to be stationary to represent the results. (Inoue 2007). 

For ARIMA models both the autocoreelation and partial autocorrelation functions are 

geoemtrically dereasing. For AR model of order q, the partial autocorrelation function 

has a cut off at lag q and the autocorrelation function is geometrically decreasing. This 

same applies to moving average process, but conversely. The autocorrelation function 

of a moving average process of order q has a cutoff after lag q and partial 

autocorrelation function is geometrically decreasing. If autocorrelation and partial 

autocorrelation both tail off after lag q, a mixed process is suggested. Autoregressive 

behavior, measured by the autocorrelation function, tends to mimic moving average 

behavior as measured by the partial autocorrelation function. An example of this is 

that the autocorrelation function of autoregressive process order 1 decays 

exponentially, while the partial autocorrelation function cuts off after the first lag. 

Correspondingly The order one of a moving average process has an autocorrelation 

function that cuts off after the first lag and the partial autocorrelation function has a 

general appearance of being exponential, but not precisely exponential. (Box & 

Jenkins 179, 2015) 

3.1.3. AIC 

A problem with selecting models is that if the model is underfitted, meaning not enough 

coefficients are estimated, it might not capture the true nature of the variability in the 

outcome variable and at the same time an over-fitted model loses its generality. Over-
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fitting in this instance means that a larger model, than is required, is estimated and it 

causes the model to follow more strictly the original data. (Akaike 1973) Akaike’s 

information criteria was developed to help choose a model that takes into account 

these drawbacks. In this research the order of the model is selected based on AIC and 

after that, the typical null hypothesis testing can be used to determine if the model is 

statistically significant and if the residuals are autocorrelated. The AIC score follows 

the formula: 

𝐴𝐼𝐶 = 2𝐾 − 2 log (℘(θ̂|𝑥))  

Where K is the number of estimated parameters and log (℘(θ̂|𝑦))  is the log-likelihood 

at the maximum point of the estimated model. The lower the score is the better the 

model is. Because of this, the model takes into account a possibility of overfitting, since 

estimating more parameters raises the AIC score by 2 * K (Snipes & Tayloer 2014).  

3.2. Model estimation 

In the model estimation process after the order of the model has been identified, the 

parameters for the model are estimated. This is usually done with either least squares 

or maximum likelihood estimators. The purpose of the parameter estimation is to find 

parameters for the time series model which haso the best results. (Magnus & Fosu 

2011) 

3.2.1. Maximum likelihood estimation 

Maxiumum likelihood estimation has been a standard in traditional time series analysis 

and forecasting and is suitable for small models. The maximum likelihood estimation 

is unfeasible for large-dimensional data since it requires the estimation of too many 

parameters. (Doz, Giannone, Reichlin 2012) 

The maximum likelihood method is a way to estimate the parameter θ. For a discrete 

stochastic variable X the θ specifies a probability function based on the observations. 

And for the continous stochastic Variable X the θ specifies a probability density 

function. observations are independently sampled from the distribution. The maximum 

likelihood estimate is the value  which maximizes the likelihood function of a discrete 

stochastic variable defined by:  
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𝐿(θ) = ∑ 𝑃(𝑋 = 𝑥𝑖|θ) = P(X = x1|θ)P(X = x2|θ) … P(X = xn|θ)

𝑛

𝑖=1

 

Where P(X = xn|θ) is the probability function of a discrete stochastic variable X and xn 

are the observations of a time series. And for the continous stochastic variable the 

maximum likelihood estimate is defined by:  

𝐿(θ) = ∑ 𝑝(𝑥1|θ)p(x2|θ) … p(xn|θ)

𝑛

𝑖=1

 

where p(xn|θ) is the probability density function. (Miura 2011) 

 

3.2.2. Least Squares Estimation 

The least squares method tries to find parameters for the time series model variables 

which give the lowest squared error. The squared error means differences between 

the actual observed values and the computed values. The least squares method 

follows the formula: 

    𝑆 =  ∑ 𝑟𝑖
2𝑛

𝑖=1  

Where n is the length of the time series and 𝑟2 is the squared error in a time point i. 

(Strejc 1979) For example for an Autoregressive process of order 1, which gets the 

following form: 

𝑥𝑡 = θ1𝑥𝑡−1 + εt 

Where t is a time point up to n, xt is the value of a time series at time t and xt-1 is the 

previous value of a time series. And εt is the random error. Least squares estimation 

finds a value for parameter θ that gives the least sum of squared errors for all time 

periods. (Preminger & Storti, 2017) 

3.3. Model verification 

When the parameters are estimated, the model needs to be verified that it fits the data 

reasonably. This is done by over-fitting and residual diagnostics. Overfitting is a 

process where a larger model than may be required, is fitted to the data. If the originally 

chosen model is adequate, the additional parameters in the overfitted models are 

insignificant. Meaning that all the additional parameters that are over fitted, are equal 
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to zero. In residual diagnostics, it is tested if the residuals are white noise. Residuals 

being white noise means that the residuals are not autocorrelated and therefore they 

can not be predicted. If the residuals are white noise, it can be said that the model that 

is chosen is accepted. If the residuals are not white noise, it means that there are still 

parts that could be predicted and therefore it may be necessary to choose another 

model. (Magnus & Fosu 2011) Ljung-box test is used to test wether the residuals are 

autocorrelated or not. In this research the Ljung-box test is used to verify the results 

of the model. If based on the Ljung-box test there is still autocorrelation in the 

residuals, a larger model is estimated by overfitting parameters and checking which of 

the added parameters are statistically significant. 

3.3.1. Ljung-Box test 

Ljung-box test tests whether the residuals of the time series model are white noise or 

not. The H0 is that the residuals are white noise and H1 is not white noise. If the p-

value is under the confidence level 5% the null hypothesis of residuals being white 

noise is rejected. The formula for Ljung-Box test statistic is: 

𝑄 = 𝑛(𝑛 + 2) ∑
�̂�𝑘

2

𝑛 − 𝑘

ℎ

𝑘=1

 

Where n is the length of the time series, h is the degrees of freedom, �̂�𝑘 is the sample 

autocorrelation at lag k and h is the number of lags being tested. To reject the 

hypothesis, the test statistic is required to be: 

𝑄 > 𝐶1−𝛼𝑡ℎ
2  

Where 𝐶1−𝛼𝑡ℎ
2  is the sample value from chi-squared distribution with h degrees of 

freedom and with a confidence level α. (Hassanu & Yeganegi 2020) In the plot below 

it can be seen that the residuals are not autocorrelated and therefore the model could 

be used for predictions. Figure 5. Shows an example of the autocorrelation function of 

residuals. Since the values are under the confidence limit, the residuals are not 

autocorrelated. 
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Figure 5. Example of ACF of residuals 

 

 

3.4. Forecasting 

After the appropriate model for the dataset is found, the model is used to forecast the 

future values (Magnus & Fosu 2011). When evaluating the forecast accuracy, widely 

used method is Mean Absolute Percentage Error (McKenzie 2011). An addition to 

MAPE, a visual representation of the results is used in this thesis. This is done by 

plotting the forecasted values agains the original data. This method gives a visual 

representation of how well the model performs. The last years actuals are used as a 

benchmark model that give minimun performance requirement of the models. Meaning 

that the forecasting models need to be able to forecast the last twelve observations 

better than the benchmark model. 

 

3.4.1. Mean Absolute Percentage Error 

The appeal in MAPE is that the measure is intuitively easy to understand since it 

penalises under – and over-prediction, relative to the actual outcome (McKenzie 

2011). MAPE is defined by the formula: 

𝑀 =  
1

𝑛
∑ |

𝑥𝑡 − 𝐹𝑡

𝑥𝑡

𝑛

𝑡=1

| 

Where x is the actual value, F is forecasted value and n is the length of the time series. 

MAPE takes the error between the actual value of the time series and the forecasted 

value and divides it by the actual value. This is summed for all the observations of the 
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forecasted values and is divided by n. When the forecasting is measured with MAPE, 

it offers intuitive interpretation of a relative error. (Myttenaere & Golden 2016) 

 

 Time series models 

4.1. Moving average process 

Moving average process is a process that explains the current value of a time series 

using linear combinations of the current and previous values of the time series white 

noise error terms. The white noise error terms are assumed to be independent and 

they are identically distributed. The white noise error terms being independent means 

that the error term for ut is different than it is for ut-1. (Chen & Lei 2016) 

Moving average process can be described with the following equation: 

 

 

𝑥𝑡 = 𝜇 + 𝑢𝑡 + θ1𝑢𝑡−1 + θ2𝑢𝑡−2 + ⋯ + θq𝑢𝑡−𝑞 

 

Where 𝜇 is the constant and θq𝑢𝑡−𝑞 are the white noise processes. This represents 

the function of the current and previous value of the white noise process. The 

coefficient θ transforms the white noise input into the output series. (Guerard 51, 2013) 

The white noise process is a series of random variables that has attributes: 

   E[𝑢 t] = 0 

  Var[𝑢 t] = ơ2 𝑢 

  Xk = E[𝑢 t 𝑢 t+k] = ơ2 𝑢  

Meaning that the random variables are serially uncorrelated, have zero mean and finite 

variance. (Chen & Lei 2016) Backward shift operator B, in a moving average process, 

is defined by the equation Bxt = xt-1 (Guerard 51, 2013). 
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4.2. Autoregressive process 

Autoregressive model is a process, where the current value is a function of previous 

values of the time series xt-1, xt-2. The order of the model (p) expresses, that only the 

first p order of coefficients are nonzero. The autoregressive model can be expressed 

as a linear combination of the previous values and a random error. The current value 

of a variable y, depends only on the values that the variable took in previous periods, 

plus an error term. An autoregressive model of order p, denoted as AR(p), can be 

expressed as 

𝑥𝑡 = 𝜇 + ϕ1𝑥𝑡−1+ϕ2𝑥𝑡−2+ϕ𝑝𝑥𝑡−𝑝 + 𝑢𝑡 

Where ut is a white noise disturbance term. µ is a constant and ϕ 1 is an estimated 

parameter for order 1 and xt-1 is the value in previous time point. (Proia 2017) 

4.3. Autoregressive Moving Average process and Autoregressive 

Integrated Moving Average process 

ARMA stands for Auto regressive moving average. ARMA models are the combination 

of AR and MA models. ARMA processes are stationary processes and they are in a 

form: 

ϕ(𝐵)𝑥𝑡 = θ(B)𝑥𝑡 

In this equation B is the backward shift operator. The time series {Xt} can be said to 

be an autoregressive process of order p if θ (x) = 1, and a moving average process of 

order q if ϕ(x) = 1. (Gilbert, 2005) 

ARIMA stands for Autoregressive integrated moving average. In addition to the AR 

and MA components, ARIMA has the component I for the stationary dataset. ARIMA 

models can be expressed as following: 

 

ϕ(B)Φ(Bs)(ΔΔs𝑥𝑡 − 𝜇) = θ(B)ϴ(Bs
)𝐴𝑡 

In this equation B is the backward shift operator. Bxt = xt-1. This means that the time 

series goes back one step when explaining the current value of the time series. Δ = 1 

– B is the regural difference and Δs = 1 – Bs is the seasonal difference where s is the 

number of seasons. In this equation μ is the mean of the differenced series. ϕ(z) = 1 

+ ϕ1z +···+ ϕpzp is the regular autoregressive process up to lag p. θ (z) = 1 + θ1z +···+ 
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θqzq is the regular moving average process up to lag q. Φ(z) = 1 + Φ 1z +···+ ΦPzP is 

the seasonal autoregressive process up to lag P and Θ (z) = 1 + Θ1z +···+ ΘQzQ is the 

seasonal moving average process up to lag Q. {At} are random variables which are 

not correlated with zero mean and common variance. This means these variables can 

not be predicted. (Gómez 2019, 1) 

 

4.4. Seasonal Autoregressive Integrated Moving Average 

The non-structural forecasting methods have the problem that they only consider the 

change in data, but not the actual structural change in the system. Since forecasting 

is often done in complex systems, the structural forecasting method cannot achieve 

accurate results in these situations. Better choice for these situations is to use non-

structural prediction models for forecasting complex systems. Seasonal ARIMA is a 

non-structural model for cyclical data and therefore it is applicable in forecasting more 

complex systems. (Wang & Wang 2012) Box-Jenkins seasonal ARIMA time series 

model offers more statistical information than other techniques of analysis. ARIMA 

models were developed to detect trends, seasonality and prediction. Because of this, 

Seasonal ARIMA models can be applied to various fields in finance, economics, 

business and engineering (Qiang & Augustine, 2006). Seasonal ARIMA model 

estimates parameters for the autoregressive, integrated and moving average 

processes and in addition to that, it estimates parameters for the seasonal 

components of autoregressive, integrated and moving average processes. If there is 

seasonality that is lagged 12 observations, it might not be nescessary to estimate 

parameters up to lag 12, but instead a smaller ARIMA model can be built and the 

seasonal component can acknowledge the 12th lag(Kim & Hossein, 2011). 

 

4.5. Vector Autoregressive Model 

Vector Autoregressive model (VAR(p)) was created to model time series using its own 

past lagged values up to lag p and lagged values of other time series up to lag p. 

Aikaike information criteria is often used when selecting the order of the model. With 

Grangers Causality test it is possible to test which variables have explanatory power 

over each other. Impulse Responses are used to estimate what is the effect of an 

impulse to the error in one of the equations. Variance decompostion is used to tell 
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what proportion of the movement of a given variable is the result of its own shock and 

what proportion is the result of other shocks. (Kirchgässner & Wolter 128, 2012) 

VAR Predicts time series data using multiple time series. For example, VAR model for 

two variables of order k can expressed using the form: 

𝑥1𝑡 = β
10

+ β
11

𝑥1𝑡−1 + ⋯ + β
1k

𝑥1𝑡−𝑘 + 𝛼11𝑥2𝑡−1 + ⋯ + 𝛼1𝑘𝑥2𝑡−𝑘 + 𝑢1𝑡 

𝑥2𝑡 = β
20

+ β
21

𝑥2𝑡−1 + ⋯ + β
2k

𝑥2𝑡−𝑘 + 𝛼21𝑥1𝑡−1 + ⋯ + 𝛼2𝑘𝑥1𝑡−𝑘 + 𝑢2𝑡 

 

Where 𝑢𝑖𝑡 is the disturbance term for the variable i and observation t. βi0 is the constant 

for variable i. βik is the coefficient for the variable one up to k lag and α is the coefficient 

for variable two up to k lag. The equation tells that it is necessary to estimate a 

parameter for every lag in every equation for evey variable. (Brooks 327, 2014) 

VAR requires rather many parameters to be estimated. For example, to model three 

variables of the order three, the model requires for each equation one constant, three 

lags for each of the variables. This means an order three model for three variables 

requires 30 parameters to be estimated. This sets a requirement for the number of 

observations in the time series dataset. To model higher orders of the VAR models, 

large amount of observations is needed.  

 

4.5.1. Grangers Causality Test 

Multivariate Granger causality analysis is done by fitting a VAR model to the time 

series with h time lags: 

𝑥𝑡 = ∑ 𝐴ț𝑥
ℎ
𝑡=1 (𝑡 − 𝜏) + 𝑢𝑡    

Where A is a matrix and xi is the time series for variable xi and 𝜏 is a h-dimensional 

multivariate time series. Grangers causality tests if the past values of x1 have 

information to help predict x2. If the test results tell that x1 causes x2, atleast one of the 

lags of x1 should be significant up to order p in the equation for x2. And if the changes 

in x2 causes changes in x1, atleast one of the lags of x2 should be significant in the 

equation for x1 up to order p. This is called a bi-directional causality. If x1 causes x2 but 

x2 does not cause x1 then x1 is exogenous in the equation for x2. If neither x1 or x2 have 
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any effect on the changes in each other, then both of the variables are independent. 

(Kirchgässner & Wolter 138, 2012) 

4.5.2. Impulse Responses 

Impulse responses are used to see the responsiveness, of the dependent variables in 

the VAR, of shocks to the error term. Shock is applied to each variable and its effects 

are examined (Brooks 326, 2014). A shock is applied to the residuals to see the 

influence of the effect that the shock has on vector x. (Kirchgässner & Wolter 140, 

2012). 

And example of Impule response can be given of a VAR model of order one with two 

variables.  

𝑥1𝑡 = β
10

+ β
11

𝑥1𝑡−1 + 𝛼11𝑥2𝑡−1 + 𝑢1𝑡 

𝑥2𝑡 = β
20

+ β
21

𝑥2𝑡−1 + 𝛼21𝑥1𝑡−1 + 𝑢2𝑡 

 

A shock is applied to u1t and it will have an immediate effect on x1. The shock in u1t 

also has an effect on x1 and x2 during the next period. When applying the shock to the 

model, we can examine how long and to what degree the shock has an effect on all of 

the variables in the system. If the model is stable, the shock should gradually fade 

away. The goal of building a VAR model would be to build a model that is stable, 

meaning that if a shock is applied to the model, it will die gradually. (Brooks 336, 2014)  

 

4.5.3. Variance Decomposition 

Variance decomposition is an analysis that allows to decompose the forecasted error 

variance. The forecasted error variance is decomposed to parts which are generated 

by the innovations of the different variables In the VAR model (Kirchgässner & Wolter 

146, 2012). Variance decomposition gives the proportion of the movement in the 

explained variable that is due to their own shocks versus shocks to the other variables. 

When given a shock to the variable z, it will directly affect that variable, but it will also 

affect other variables in the VAR model. In practice it is rather often discovered that in 

the model, the serieses own shocks explain most of the forecasted error in variance. 

(Brooks 337, 2014).  
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4.5.4. Durbin Watson test 

Durbin-Watson test is used in the vector autoregressive model to detect serial 

autocorrelation in residuals. The test statistic is roughly calculated with 2(1 − 𝑤) 

Where w is the sample first order autocorrelation of residuals. The test statistic of the 

Durbin-Watson test always lies between 0 and 4. If the statistic is less than 2, there is 

proof of positive serial correaltion and if the test statistic is over 2, there is evidence of 

negative serial correlation. If the test statistic is 2 there is no autocorrelation. (Dagum 

& Bianconcini 160, 2010) 

 

 Description of the dataset 

In this part of the research, I describe the different datasets and their attributes. I 

analyze if there is seasonality, trend or outliers. In this part of the research I also test 

the stationarity of the datasets and if nescessary, turn the datasets into first 

differences. Every dataset is turned into a train dataset that consists of all the 

observations except the last 12. This train set is used to estimate the model and then 

forecasting is done for the last twelve observations. The stationarity testing of the 

dataset is done on the original dataset, not the train set. 

The datasets are monthly observations of six different HR variables. The variable are 

Sickleave Absence, Flex hours, Overtime Work 50%, Overtime Work 100%, Holidays, 

Extra Holidays. The data is monthly data and the data represents hours. There are 60 

observations in each variable. The goal is to build a model that is able to forecast the 

last twelve observations better than the LY actuals. 

5.1. Sickleave absence 

Sickleave Absences consist of sickleave hours in each month (figure 6). There can be 

some form of seasonality expected, since the number of sickleave hours is tied to the 

number of persons working in a current month and during holiday seasons ther are 

less people working so it is probable that there is less sickleave hours during those 

times. In the dataset there does not seem to be trend present. Based on the plot, the 

variance seems to be constant and there is no clear sign of the values gradually rising 

or decreasing over time. However there definetily seems to be seasonality. The values 

seem to drop every 12 months. Based on this observation, a seasonal form of ARIMA 
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could be a viable choice for the forecast model. There seems to be one outlier, at the 

end of the dataset. At observation 58, the number of sickleaves seems to spike greatly 

and after that, drops heavily. There is no clear explanation as why this is, but it might 

be because of corona virus pandemic that started in Finland around same time. It is 

probable that the forecasting models are not able to predict this kind of rise since it 

does not happen regularly. If the spike is because of corona virus, it should not be 

removed because the pandemic might still have an effect on the number of sickleave 

hours next year. Also the comparison to the benchmark model can be done even with 

the spike at observation 58 because the LY Actuals can not predict that value either, 

so the forecasting model can be compared to the benchmark model. 

 

Figure 6 Sick leave absence monthly values 

5.1.1. Stationarity 

To test if the dataset is stationary ADF test is used. The stationarity is also analysed 

through visual represenatiton. Based on the visualization of the dataset, it seems like 

the dataset is close to being stationary. The mean, standard deviation and 

autocovariance seem to be constant, based purely on the visual representation. To 

get confirmation of stationarity being present, ADF test is used.  The test ADF Statistic 

is -1.444816 and the critical levels for different confidence levels are 1%: -3.621, 5%: 

-2.944 and 10%: -2.610. The null hypothesis can be rejected if the test statistic is lower 

than the critical level, or if the corresponding p-value is smaller than the confidence 

level. Based on these results the test statistic is not lower than the critical values and 
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since the null hypothesis in augmented Dickey-Fuller test is that the series has unit 

root, meaning it is not stationary, it can be said that the time series is not stationary. 

We can also compare the given p-value with the chosen confidence level (95%). The 

p-value is 0.560612 and with the chosen confidence level, that is compared to 0.05. 

Since 0.05 is lower than the p-value from the test, the timeseries is not stationary. 

Since the p-value of the test statistic is 0.56, there is strong evidence of no stationarity. 

Since the dataset is not stationary, first differencing is done to ensure the dataset being 

stationary. After the new differenced series is created, another ADF test is done.  This 

time the ADF Statistic is -6.604646 which is clearly under the corresponding value with 

the chosen confidence level. With the differenced time series, the null hypothesis of 

presence of unit root can be rejected meaning that the time series is stationary.  

5.1.2. Autocorrelation and Partial autocorrelation 

The plot of the autocorrelation function shows a significant lag at lag 12. Based on 

this, a seasonal ARIMA model could be a good fit for the dataset, also the first lag in 

the dataset is statistically significant. 

 

Figure 7 Autocorrelation function of sick leave absences 

The figure of the partial autocorrelation has rather many signficicant lags up to lag 11. 

Since there isnt a clear cutoff or tailoff in the autocorrelation function or the partial 

autocorrelation function, the order of the model cannot be chosen purely based on the 

visual representation of the autocorrelation and partial autocorrelation functions (figure 

8). 
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Figure 8 PACF of sick leave absences 

5.2. Flex hours 

Flex hours hours dataset consists of overtime work that the employees have done 

earlier and now can be used as a paid vacation. The Flex hours dataset consists of 

flex hours used in each month. In the variable Flex hours there seems to be again a 

sign of seasonality. The values have a clear spike in a fixed time interval, which again 

points towards the seasonal version of ARIMA, or ARIMA of order twelve. Based on 

the visual representation of the data the mean seems to be constant. However, there 

is a slight trend during the first three seasons. The values before the spike grow every 

year, for three seasons. The slight change in trend might affect the forecasting power 

of the model. The spike that occurs every season grows during the last two seasons 

(figure 9). 
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Figure 9 Flex hours monthly values 

5.2.1. Stationarity 

Stationarity can not be verified only based on visual representation so adfuller test is 

used again to test stationarity. The test is implemented and based on the results the 

dataset is not stationary. The ADF test statistic is -1.858629 which is clearly over the 

critical value of a chosen confidence level. The p-value of the ADF test is 0.351766 

and since it is over 0.05, the presence of unit root is not rejected, meaning that the 

dataset is not starionary. 1st order differencing is done again to the dataset and the 

ADF test is implemented again. The results show that the 1st differencing of the time 

series is enough to make it stationary. The ADF statistic is -8.459070 and p-value is 

0.0000. Based on the ADF test the presence of a unit root can be rejected and the 

dataset can be said to be stationary.  

5.2.2. Autocorrelation and partial autocorrelation 

In the autocorrelation function there is a significant negative correlation at lag one. 

There are no clear tail offs or cutoffs in the autocorrelation or partial autocorrelation 

functions so based on this the order of the model is not clear and the functions are not 

pointing clearly towards Autoregressive or moving average models (figure 10).  



29 
 

 

Figure 10 ACF of Flex  

In the partial autocorrelation function, there are rather many lags that are statistically 

significant. Lag 12 is significant in the partial autocorrelation function so also the partial 

autocorrelation function points towards seasonal ARIMA or ARIMA of order 12 (figure 

11). 

 

Figure 11 PACF of flex hours 

5.3. Overtime work 50% 

Overtime Work 50% dataset consists of hours of overtime work with 50% pay increase 

done each month (figure 12). There are 60 observations in the dataset. Based on the 

visualization of the overtime work dataset, there is a trend present, during the first four 

seasons. The plot shows an increase of values over time. There is a large drop in the 
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end of the dataset at observation 49 and since the train dataset is created using all 

but last 12 observations, this can be hard to estimate because the train dataset has a 

continuous increase in values and it does not take into account the drop that the last 

12 observations have. It is hard to comment on the standard deviation and 

autocovariance based on the visualization, but the standard deviation seems to be 

constant. The dataset shows seasonality again every 12th lag. There seems to be 

seasonality, based on the visualization, but the seasonality is not as clear as it was in 

the previous datasets, but a clear drop in overtime work hours can be seen every year. 

This would again guide towards seasonal ARIMA model. 

 

Figure 12 Over time work 50% monthly values 

5.3.1. Stationarity 

Based on the ADF test the dataset is stationary. The ADF test statistic is -4.424796 

and the p-value is 0.000268 which means the null hypothesis of unit root can be 

rejected. 

5.3.2. Autocorrelation and partial autocorrelation 

The autocorrelation function shows a significant lag at lags 1 and 8 (figure 13). There 

isn’t a clear cutoff or tailoff at a specific lag so it is again hard to choose a model based 

on the visual representation of the autocorrelation and partial autocorrelation function. 

The lag 12 in autocorrelation function is very close to being significant and the lag 11 

in partial autocorrelation is significant. The seasonality in this dataset is definitely not 

as strong as it was in the previous datasets. In the original dataset it can be seen that 
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there is a decrease in owertime work hours every year at the same time. The 

seasonality is not as strong in overtime work hours, so its is highly probable that the 

results for the seasonal ARIMA are not as precise as they are in the other datasets. 

 

Figure 13 ACF of overtime work 50% 

 

Figure 14 PACF of overtime work 50% 

5.4. Overtime work 100% 
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The overtime Work 100% consists of hours of overtime work with 100% pay increase 

done in each month (figure 15). The overtime Work100% dataset has a lot of 

similarities with the overtime 50% dataset. There seems to be same kind of upwards 

going trend and a change of trend in the last 12 observations at observation 49. There 

is a decrease in work overtime hours once a year at the same time. This would again 

point towards seasonal ARIMA model. The does not seem to be constant based on 

the visualization. Autocovariance and standard deviation being constant is difficult to 

notice based on the visualization. 

 

Figure 15 Overtime work 100% monthly values 

5.4.1. Stationarity 

The stationarity of the data set is tested again with ADF. Based on the test the null 

hypothesis of a unit root can be rejected. The ADF test statistic is -3.610464 and the 

corresponding p-value is 0.005564. 

  

5.4.2. Autocorrelation and partial autocorrelation 

In the autocorrelation function the lag one is the only statistically significant lag and 

the lags seem to be gradually decreasing over time (figure 16). In the partial 

autocorrelation function, the lag one is the only statistically significant lag (figure 17). 

Autocorrelation function that a clear tailoff after lag one and the partial autocorrelation 

function has a cutoff after lag one, it would suggest using moving average of order 

one. 
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Figure 16 ACF of overtime work 100% 

 

Figure 17 PACF of overtime work 100% 
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5.5. Holidays 

 

Figure 18 Holidays monthly values 

Holidays dataset consists of hours of holidays in used in each month (figure 18). The 

dataset has 60 observations. In the holidays hours there seems to be a slight 

downwards going trend. The trend is not strong so it shouln’t be a problem in 

estimating the model. There is strong seasonality in the dataset, since once a year the 

holiday hours peak upwards. There also seems to be a slight peak upwards every 

year, few periods after the large peak. This strongly point towards the seasonal version 

of ARIMA or ARIMA of order 12 and since the seasonality is so strong in the dataset, 

accurate results can be expected.  

5.5.1. Stationarity 

Based on the ADF test the dataset is not stationary. There is strong evidence of a unit 

root being present since the ADF test statistic is -0.226218 and the corresponding p-

value is 0.935324.  

After differencing the dataset is stationary based on the ADF test. The ADF test 

statistic is -94.535971 and the p-value 0.0000 which gives strong evidence to reject 

the null hypothesis of a unit root being present in the dataset. 

5.5.2. Autocorrelation and partial autocorrelation 

The autocorrelation function shows a significance at lag 12 (figure 19). The 12th lag is 

particularly strong one which implicates a strong seasonality. The partial 
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autocorrelation function shows a lot of significant lags. There is not a clear cutoff or a 

tailoff after a specific lag so based on this AR or MA model cannot be chosen purely 

based on the visual representation of the autocorrelation and partial autocorrelation 

functions. The partial autocorrelation function has significance at lags 9, 10, 11 and 

12. 

 

 

Figure 19 ACF of holidays 
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Figure 20 PACF of holidays 

5.6. Extra holidays 

 

Figure 21 Extra holidays monthly values 

Extra holidays are a form of holidays that some employees get each month (figure 21). 

The dataset consists of hours of extra holidays used in each month. The dataset has 

60 observations. In the extra holidays there is again a clear sign of seasonality and 

there seems to be  a downwards going trend. The first two years have a greater peak 

once a year compared to the last three years. There is a second peak once a year that 

is lower than the first one. The second peak seems to have a downwards going trend 

as well. The data set does not seem to be stationary based on the visual 

representation of the data. The mean of the dataset or standard deviation does not 

seem to be constant over time. 

5.6.1. Stationarity 

Based on the ADF test the dataset is not stationary with the ADF test statistic of -

0.569152 and p-value 0.877801. The dataset is differenced and the ADF test is 

implemented again and now there is strong evidence for rejecting the null hypothesis 

of a unit root, meaning the dataset is now stationary. The ADF test statistic is -

14.771349 and p-value 0.0000 
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5.6.2. Autocorrelation and Partial autocorrelation 

The autocorrelation function has a significant lag at lag 12 (figure 22). The 

autocorrelation point towards seasonal ARIMA. There is not a cutoff or a tailoff at a 

specific lag so there is not evidence to purely go for autoregressive or moving average 

model. The Partial autocorrelation function also points towards seasonal ARIMA since 

the 12th lag is significant (figure 23). 

 

Figure 22 ACF of extra holidays 
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Figure 23 PACF of extra holidays 

 Results 

ARIMA and SARIMA models are estimated for each dataset or if differencing was 

required based on the ADF test, the models are estimated for the differenced dataset. 

The results of the models are analyzed in this part of the research.  Since it is difficult 

to choose a correct model or order of the model based purely on visualization, Akaike 

information criteria is used, to choose which model to use. This is done by building a 

for loop in python that does grid search for the different models. The grid search goes 

through parameters 0 to 15 for AR, MA  parts of the model and for the integrated part 

I, the grid search goes from 0 to 1. the model with the lowest AIC score is chosen. The 

loop has one parameter for the order of an AR model (p), one parameter for the order 

of a MA model (q) and one parameter for the integrated part (d) and when the seasonal 

models are estimated there are parameters for all the seasonal components. The 

seasonal grid search goes through 0 to 4 for the seasonal part of ARIMA. The model 

performance is evaluated based on the visual representation and based on MAPE and 

this is compared to LY actuals. Since the LY actuals are always the same for the same 

dataset, deeper analysis of LY actuals is only on the SARIMA models. 
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6.1. Sickleave absence 

6.1.1. SARIMA 

Grid search suggests ARIMA parameters of order (0,1,5) and seasonal parameters 

(1,1,0,12). Coefficients are estimated for the parameters and the figure 24 shows that 

based on the p-values of the results, two of the coefficients are statistically significant. 

 

Figure 24 SARIMA (0,1,5)(1,1,0,12) sickleave absence 

Ljung-Box test is used to test for autocorrelation in the residuals. Based on the test 

results, there is no autocorrelation in residuals as seen on figure 25. Since coefficients 

are statistically significant and there is not autocorrelation in residuals, forecasting is 

done using the model. 

 

Figure 25 LB-test sickleave absence 

6.1.1.1. Forecasting 

Forecasting is done using SARIMA (0,1,5)(1,1,0,12). The forecasting results are 

evaluated same way as in traditional ARIMA models. First the last twelve observations 

are estimated and plotted against the original values. Based on the visual 

representation of the forecasts in figure 36, the model gives pretty accurate results. 

The model clearly fails at forecasting the highest peak and the lowest drops in the 

dataset. The peak that happens in the end of the dataset seems to be an outlier since 

it is clearly higher than any other peak in previous periods. The model also forecasts 

that the drop in the end of the dataset is not as steep as it actually is. The error in the 

prediction during the last two observations is quite big. 
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Figure 26 Forecasted values with the original data sickleave absence monthy values 

When plotting the last years actuals against the original data and the forecasted values 

in figure 27, it seems that the forecasted values are mostly more accurate than the 

actuals from last year. The actuals from last year are a better fit when looking at the 

first few observations of the forecasts. The model forecasts the first few observations 

to be higher than they actually are. After those first observations, the forecasted model 

is clearly better. The model is able to follow the direction where the data is going better 

than the actuals from last year and we can see that the model is able to predict the 

direction where the data is going better than the actuals from last year. After 

observation 58 there is a dip and the model is able to forecast that. The actual from 

last year however predicts that there is a small peak. The MAPE tells similar results 

than the visual representation. MAPE for the forecasted values is 21.15% and for last 

year actuals it is 22.17%. Based on this it would seem that the forecasted model is 

slightly better at making predictions. 
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Figure 27 Forecasted data with the original data and last year actuals for sickleave absence monthly values 

6.1.2. ARIMA 

The AIC suggests that the model to be fitted for the data is ARIMA (10,1,4). Meaning 

it has an Autoregressive part of order 10, integrated 1, and Moving average part of 

order 4. The AIC score that the ARIMA(10,1,4) got was 698.11.  

An ARIMA(10,1,4) is then fitted to the dataset and the coefficients are estimated (figure 

28). The coefficients that are statistically significant with the confidence level 5% are 

AR(2) with p-value 0.006 AR(6) with p-value 0.000 and AR(10) with p-value 0.038 as 

seen on figure 38. Coefficient for AR(8) weas rather close to being statistically 

significant since AR(8) has a p-value of 0.053. 
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Figure 28 ARIMA(10,1,4) sickleave absence 

 

 

After the coefficients have been estimated, the autocorrelation of residuals is tested to 

ensure that there is not a component in the dataset that still can be modelled. A Ljung-

Box test is done for the residuals to test for 20 lags of autocorrelation (figure 29). The 

p-values for the lags are all over the confidence level 0.05, so the null hypothesis of 

no autocorrelation in residuals is not rejected. Based on this test result it can be said 

that the model is verified to be adequate enough, to be used in forecasting. 

 

Figure 29 LB test for sickleave absence 

 

6.1.2.1. Forecasting 

ARIMA(10,1,4) model is used to forecast the last twelve observations of the time 

series. This is done by removing the last twelve observations of the series and then 

forecasting those values and plotting the forecasted values against the original 

differenced values. The visualization of the forecasted values with the original values 

in figure 30 shows that the model is able to follow the moving patterns of the original 

data. The model clearly falls on the high and low extremes as it is not able to predict 

any of the large jumps in data. The model also predicts falsely the direction where the 

data is going at some time periods. At observation 50, the original data takes a rather 

large leap upwards, but the model forecasts that the data goes downwards. 
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Figure 30 Forecasted values with original data sickleave absence monthly values 

When plotting the LY actuals with the forecasted and the original values in figure 31 it 

is clear, that the LY actuals have less forecasting error than the forecasted values. To 

give more insight on the performance of the model, Mean Absolute Percentage Error 

is calculated.  The calculated MAPE was 31.94%, meaning that the model was on 

average 31.94% wrong on the predictions. For LY actuals MAPE was 22.17%. This 

statistic gives similar results that the plots gave, since based on the visualization the 

model was able to predict the data somewhat well, but it had clear fallings on some 

parts. One thing to note on the MAPE statistic is that there is a clear outlier in the end 

of the dataset. When looking at the original dataset, the dataset takes a large leap at 

observation 58 and the model fails completely on predicting this. The value on 

observation 58 is larger than any other value In the dataset by a large margin and for 

this reason the model is not able to predict these kind of outliers. 
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Figure 31 Forecasted values with original data and last year actuals for sickleave absence monthly values 

 

 

6.2. Flex hours 

6.2.1. SARIMA  

The grid search suggests SARIMA (2,1,2) (0,1,1,12) with AIC 500.81. Based on the 

results (figure 32), the AR coefficients are not statistically significant, but since the 

model is made purely for forecasting, the coefficients are still kept in the model. 

 

Figure 32 SARIMA(2,1,2)(0,1,1,12) flex hours 

Based on the Ljung-box test there is still autocorrelation in residuals (figure 33), 

meaning that there is still a component in the time series that could be modelled. 

Different models are estimated, but there is still autocorrelation is residuals. Reason 
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for this might be that there is not enough data to go for the higher order of seasonal 

ARIMA models and because of this, all the components of the time series can not be 

modelled. Since estimating more parameters doesn’t seem to remove the 

autocorrelation in residuals, the SARIMA (2,1,2)(0,1,1,12) seems to be the best model 

for forecasting, based on the AIC and statistically significant coefficients. 

 

Figure 33 LB test for flex hours 

6.2.1.1. Forecasting 

SARIMA (2,1,2)(0,1,1,12) Is used for forecasting and based on the visual 

representation of the forecasts plotted against original values, the forecasts seem to 

be close to the actual values (figure 34). The model is able to forecast the peak at time 

period 54. The model fails at predicting the values after time period 55. The reason for 

this is that there is a large dip after period 55, that does not occur in the previous years. 

This dip was due to a policy that suggested employees to use their flex hour holidays 

during that time.  

 

Figure 34 Forecasted values with original data for flex hours monthly values 
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When plotting the last year actuals against the original data and forecasts, it seems 

the the last year actuals have less error than the forecasting model does (figure 35). 

The model is able to forecast the peak at period 54 better than the LY actuals and it 

also performs better during the outlier drop that happens after period 55. The LY 

actuals clearly have less error at the beginning of the forecasting period. The 

forecasting model seems to predict that there is a slight upwards going trend for the 

first few time periods in the forecasting period, but since the values from period 48 to 

53 are nearly identical to the values in last year, the model fails to predict this. The 

MAPE for the forecasts is 31.03% and for the LY actuals it is 27%. Based on the visual 

representation and MAPE it seems that the LY actuals give better performance in 

predicting the last twelve observations. 

 

Figure 35 Forecasted values with original data and last year actuals for flex hours monthly values 

6.2.2. ARIMA 

Based on the AIC, the model that is estimated is ARIMA of order (11,1,1). The AIC 

score of ARIMA(11,1,1) was 701.9521238210398. This model is fitted to the dataset 

and parameters are estimated. The model estimated 11 parameters for 

Autoregressive components and 1 for moving average. 
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Figure 36 ARIMA(11,1,1) flex hours 

Based on the p-values, most of the estimated parameters are statistically significant 

(figure 36). Ljung-box test is implemented for 20 lags to test the autocorrelation of 

residuals. Since the p-values are over the confidence level, there is no autocorrelation 

in the residuals (figure 37). 

 

Figure 37 LB test for flex hours 

6.2.2.1. Forecasting 

Forecasting is done using ARIMA (11,1,1) for the train dataset. Forecasting is done 

for twelve time periods and those are plotted against the actual dataset. Based on the 

visualization, the model seems to be able to predict the actual values fairly accurately 

(figure 38). The model fails at predicting the highest peak, also the two last predictions 

seem to go to the opposite way than the actual dataset goes. It seems that the model 

is able to forecast the first observations accurately, but the prediction accuracy falls 

after that.  
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Figure 38 Forecasted values with orginal data for flex hours monthly values 

When plotting the LY actuals with the original data and forecasted values it seems that 

the ARIMA model and the LY actuals have similar perfomance (figure 39). The values 

are almost identical, but it seems that the ARIMA model fails at the end of the dataset, 

when the dataset takes a sudden drop, which is due to a company policy of regulating 

flex hours. MAPE was calculated for the predictions and the result is 30.33%. This was 

pretty similar to the MAPE value of sick leave absence. The MAPE for LY actuals was 

27% 

 

Figure 39 Forecasted values with orginal data and last year actuals for flex hours monthly values 
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6.3. Overtime Work 50% 

6.3.1. SARIMA 

Grid search for Seasonal ARIMA for over time work 50% is implemented and the grid 

search suggests SARIMA (0,1,2) (0,1,1,12) with AIC 430.61. The dataset in stationary 

so there is no need for differencing. Based on the results the MA(2) coefficient is not 

statistically significant with a p-value of 0.913 (figure 40). Also the seasonal AR(1) is 

just over the limit of not being statistically significant with p-value 0.089. All the 

coefficients are kept in the model since the model is built purely on forecasting 

purposes.  

 

Figure 40 SARIMA(0,1,2)(0,1,1,12) overtime work 50% 

Based on the Ljung-box test there is no autocorrelation in residuals meaning that there 

is strong evidence that the model is able to estimate all the components, that can be 

estimated (figure 41). The SARIMA (0,1,2) (1,1,0,12) Is used for forecasting. 

 

Figure 41 LB test for overtime work 50% 

6.3.1.1. Forecasting 

SARIMA (0,1,2) (1,1,0,12) is used for forecasting and based on the visual 

representation of the forecasted values the model has a high forecasting error (figure 

42). The error can be expected since looking at the previous years, there is clearly 

upwards going trend that suddenly stops during the forecasting period. The reason for 

this change in trend is a decision to regulate overtime work. The model is not able to 

predict this kind of change and forecasts that the values keep the same trend as 

before. The largest difference is at period 53, which accounts a large part of the error. 
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Figure 42 Forecasted values with original data for overtime work 50% monthly values 

When plotting the LY actuals with the original data and the forecasted values we can 

see that the forecast error in LY actuals is also rather high, but the difference is that 

model forecasts upwards going trend which causes the forecasting error to be larger 

than in LY actuals (figure 43). MAPE for the forecasts is 165% and for LY actuals 

111.42%. The MAPE is high in LY actuals and in the forecasts, but the forecasts have 

clearly even higher MAPE since it estimates the values to greatly increase and it can 

not take in to account the change in trend. 

 

Figure 43 Forecasted values with original data and last year actuals for overtime work 50% monthly values 
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6.3.2. ARIMA 

For Overtime work50% a grid search is performed to find a best model and order of 

the model out of AR,MA and ARIMA. The grid search recommends ARIMA(0,1,1) 

Parameters for ARIMA(0,1,1) are estimated and based on the p-values the parameters 

are statistically significant. The p-values are 0 for both constant and MA(1) coefficients, 

so there is strong evidence of the paramters being statistically significant (figure 44). 

 

Figure 44 ARIMA(0,1,1) overtime work 50% 

Based on the Ljung-box test, there is no autocorrelation in the residuals. The Ljung-

box test is applied to 20 lags and no of the lags are significant based on the p-values. 

The null hypothesis of no autocorrelation is not rejected (figure 45).  

 

Figure 45 LB test for overtime work 50% 

 

6.3.2.1. Forecasting 

Forecasting is done using the ARIMA(0,1,1) Model. Since the original dataset was 

stationary there was no need for differencing, so the forecasting is done by using the 

actual values. Based on the visual representation of the forecasts, it seems that the 

model is able to predict the movements of the dataset very poorly (figure 46). The 

model Basically forecasts all the time periods to have the same value. 
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Figure 46 Forecasted values with original data for overtime work 50% monthly values 

Based on the visualization of LY actuals, forecasted values and original data, it is clear, 

that LY actuals are better suited for forecasting, than the ARIMA model (figure 47). 

MAPE is calculated for the forecasted values. The MAPE is 170.50 which confirms the 

inaccuracy of the model, that the visual representation shows. MAPE for LY actuals 

was 111.42% 

 

Figure 47 Forecasted values with original data and last year actuals for overtime work 50% monthly values 
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6.4. Overtime work 100% 

6.4.1. SARIMA 

The grid search for overtime work 100% suggests SARIMA (0,1,1) (0,1,1,12) with AIC 

of 428.57. The dataset was stationary, as was overtime work 50%, so there is no need 

for differencing. Parameters are estimated and based on the results the MA(1) is 

statistically significant and the seasonal MA(1) is close to being statistically significant 

with a p-value of 0.067. All the coefficients are kept in the model again since this 

research focuses on forecasting (figure 48). 

 

Figure 48 SARIMA(0,1,1)(0,1,1,12) overtime work 100% 

There is no autocorrelation in residuals, based on the Ljung-box test. Based on these 

results we have strong evidence that the model estimated here captures all the 

components of the time series, that can be modelled (figure 49). The SARIMA (0,1,1) 

(0,1,1,12) can be used to do the forecasting. 

 

Figure 49 LB test for overtime work 100% 

6.4.1.1. Forecasting 

SARIMA (0,1,1) (0,1,1,12) is used for forecasting and based on the visual 

representation the forecasting error is rather high, as it was in overtime work 50% 

(figure 50). This can be expected since the datasets are similar to each other and there 

is a unexpected change in trend that is due to a same reason as it was in overtime 

work 50%. Period 53 has a significant forecasting error since the model predicts that 

the data is going entirely different direction than it actually does. 
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Figure 50 Forecasted values with original data for overtime work 100% monthly values 

Plotting the LY actuals, original data and forecasted values, it can be seen that the LY 

actuals seem to have less error compared to the forecasts (figure 51). This can be 

explained again with the change in trend since the model forecasts an upwards going 

trend, based on previous years, but the dataset takes a sudden dip due to refulation 

of overtime work. The error between forecasts and LY actuals is a lot smaller than it 

was in overtime work 50, but it due to the change of trend the forecasts have higher 

error. MAPE for the forecasts is 109.99% and for LY actuals it 93.64%. The difference 

is smaller than it was for overitme work 50%, but the difference is still quite large, so 

based on this the LY actuals are a better choice for predictions. 
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Figure 51 Forecasted values with original data and last year actuals for overtime work 100% 

6.4.2. ARIMA 

Based on the Grid search for over time work 100%, the best regular ARIMA model is 

ARIMA (0,1,1). The grid search suggests the same model as it does for Work 50%. 

This can be expected since the datasets are very similar. Parameters are estimated 

for ARIMA (0,1,1) and there is strong evidence that the parameters are statistically 

significant (figure 52). 

 

Figure 52 ARIMA(0,1,1) overtime work 100% 

Ljung-box test is implemented for 20 lags and based on the test results, the null 

hypothesis of no autocorrelation in residuals is not rejected. There is rather strong 

evidence for not rejecting the null hypothesis, since all the p-values of the lags are 

clearly over the confidence level (figure 53).  

 

Figure 53 LB test for overtime work 100% 

6.4.2.1. Forecasting 

ARIMA (0,1,1) is used to do the forecasts for twelve periods. Based on the visual 

representation, the model does not give good performance in predicting the values. 

Like the model for overtime work50, this model also predicts the same value for every 

time period (figure 54).  
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Figure 54 Forecasted values with original data for overtime work 100% monthly values 

It seems that LY Actuals are better fit for the forecasting period, when comparing to 

the ARIMA model (figure 55). The MAPE for work100 is not as bad as for work 50, 

with the MAPE value of 107,94. The MAPE for LY actuals was 93.64%. Based on the 

MAPE and visual representation, the model does not give good performance in 

predicting the values. 

 

Figure 55 Forecasted values with original data and last year actuals for overtime work 100% 
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6.5. Holidays 

6.5.1. SARIMA 

Grid search for holidays suggest SARIMA (3,1,3) (1,1,1,12) with AIC of 577.05. 

Parameters are estimated and based on the results there are statistically significant 

coefficients. Based on the p-values the coefficients for AR(1), MA(2) and seasonal 

AR(1) were statistically significant (figure 56). 

 

Figure 56 SARIMA(3,1,3)(1,1,1,12) holidays 

When looking at the Ljung-box test there is definitely autocorrelation in the residuals. 

The p-values are well under the confidence level so we reject the null hypothesis of 

no autocorrelation (figure 57). Since there is autocorrelation in the residuals, a larger 

model is estimated. 

 

Figure 57 LB test for holidays 

Estimating SARIMA(4,1,3) (1,1,1) and SARIMA(5,1,3) (1,1,1,) is tried. For SARIMA 

(4,1,3) (1,1,1) there is autocorrelation in residuals (figure 58) and for SARIMA (5,1,3) 

(1,1,1) there is still some autocorrelation, but there is definitely less of it (figure 59). 

Estimating a larger model is still tried, but that doesn’t seem to solve the small amount 

of autocorrelation in residuals. It might be, that to truly capture all the components of 

the time series, it is necessary to build a model so large that there are not enough 
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observations in the time series to estimate this. Since there is only a little 

autocorrelation in residuals and there are statistically significant coefficients (figure 60) 

SARIMA (5,1,3) (1,1,1) it is used for forecasting.  

 

Figure 58 LB test of SARIMA(4,1,3)(1,1,1,12) for holidays 

 

Figure 59 LB test of SARIMA(5,1,3)(1,1,1,12) for holidays 

 

Figure 60 SARIMA(5,1,3)(1,1,1,12) holidays 

6.5.1.1. Forecasting 

Forecasting holidays is done using SARIMA (5,1,3) (1,1,1,) and based on the visual 

representation the model is able to forecast the values fairly accurate (figure 61). The 

forecasting model seems to estimate that there is a downwards going trend, since the 

forecasted values are slightly lower than the actual values, but the overall performance 

is good. 
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Figure 61 Forecastes values with original data for holidays monthly values 

When plotting the LY Actuals, original values and forecasted values it seems that the 

LY actuals have slightly lower error (figure 62). The reason for this might be that based 

on the previous data, the second smaller peak that first happens at period 9, is 

decreasing each period and a third smaller peak is forming over time. The first sign of 

that peak can be seen at period 22. Over time this third peak is increasing, except in 

the period we are trying to forecast. During that period, the peak is decreasing and the 

model expects the peak to keep slightly increasing. The same can be seen In the 

highest peak. It has been decreasing over time after the first season, but it is no longer 

decreasing during the period we are forecasting. This causes a slight error In the 

forecasts.The MAPE for SARIMA was 23.63% and for LY Actuals 17.06%. 
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Figure 62 Forecasted values with original data and last year actuals for holidays monthly values 

6.5.2. ARIMA 

ARIMA model is estimated for Holidays dataset. Since the original dataset was 

stationary, it is used to estimate the model. The grid search suggests ARIMA(12,1,0). 

Parameters are estimated for ARIMA(12,1,0) All of the parameters are statistically 

significant (figure 63)  

 

Figure 63 ARIMA(11,1,0) holidays 

Based on the Ljung-box test there is no autocorrelation in the lags of residuals since 

all of the p-values are over 0.05 (figure 64). 
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Figure 64 LB test for holidays 

6.5.2.1. Forecasting 

The forecasting is done for twelve time periods and based on the visual representation 

the model is able to forecast the values very accurately. The model estimates the 

highest peak to be slightly lower than it actually is, but other than that, the forecast is 

accurate (figure 67).  

 

Figure 65 Forecasted values with original data in holidays monthly values 

Based on the visualization the LY actuals and the ARIMA model have a similar 

performance in predicting the values (figure 68). The MAPE value for Holidays is 

28,35%. This is higher than expected since the visual representation of the forecasts 

seems a lot more accurate. The MAPE for LY actuals is 17.06% 



62 
 

 

Figure 66 Forecasted values with orignal data and last year actuals in holidays monthly values 

 

6.6. Extra holidays 

6.6.1. SARIMA 

The grid search suggests SARIMA (0,1,2) (1,1,1,12) with AIC of 531.76. Parameters 

are estimated and based on the results there are no statistically significant parameters 

(figure 69). All the p-values are clearly over the confidence level, so this is a white 

noise model, meaning it cannot be used in predictions. 

 

Figure 67 SARIMA(0,1,2)(1,1,1,12) extra holidays 

The second lowest AIC was in SARIMA (1,1,2) (0,1,1,12). This model has statistically 

significant coefficients (figure 70). All the coefficients, except for AR(1), are statistically 

significant. Based on the Ljung-box test, there is still autocorrelation in residuals. The 

p-values are under the confidence level 0.05, so we reject the null hypothesis of no 

autocorrelation In residuals. Larger models are estimated, but the autocorrelation in 

residuals is still present. This dataset might have the same problem that the holidays 
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had, to truly capture all the components of the dataset with seasonal ARIMA, it is 

necessary to estimate even larger model and there are not enough observations to do 

this. Since there are statistically significant coefficients the in SARIMA (1,1,2) 

(0,1,1,12) can be used to do forecasting, even though there is still autocorrelation is 

residuals (figure 71). 

 

 

Figure 68 SARIMA(1,1,2)(0,1,1,12) extra holidays 

 

Figure 69 LB test for extra holidays 

6.6.1.1. Forecasting 

Forecasting is done with SARIMA (1,1,2) (0,1,1,12) and based on the visual 

representation of the forecasted values against the original values, the model seems 

to be somewhat decent in forecasting the values (figure 72). There is still a lot of error 

in the forecasts. The reason for this might be that there is a downwards going trend in 

the previous years, but during the forecasting period, the trend is not that strong. 

Another reason for this error might be that the estimated model is simply not large 

enough to capture all the components of the times series and because of this the 

forecasts have higher error. 
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Figure 70 Forecasted values with original data in extra holidays monthly values 

When plotting the LY actuals, original data and forecasts it seems that the LY actuals 

are more accurate in predicting the future values (figure 73). The actual values are 

overall slightly lower than the LY actuals are, but the LY actuals are more accurate 

since the model predicts that the downwards going trend is larger than it actually is. 

MAPE for the forecasts is 49.60% and for LY Actuals 25.12%. Based on these results 

the LY Actuals are better suited for predicting the future values.  

 

Figure 71 Forecasted values with original data and last year actuals in extra holidays monthly values 
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6.6.2. ARIMA 

Based on the grid search of ARIMA models for extra holidays, ARIMA(12,1,1) with AIC 

of 762,76 is estimated. Since the dataset is not stationary differenced dataset is used 

to estimate parameters and to do forecasting. Parameters are estimated for 

ARIMA(12,1,1) and based on the p-values, all the parameters are statistically 

significant, except AR(12) with p-value 0.632 (figure 74). 

 

Figure 72 ARIMA(12,1,1) extra holidays 

Based on the Ljung-box test, there is no autocorrelation in residuals. All the p-values 

are well over the confidence level so there is strong evidence of no autocorrelation in 

residuals (figure 75). The model can be used for forecasting 

 

Figure 73 LB test for extra holidays 

6.6.2.1. Forecasting 

ARIMA(12,1,1) is used to forecast the last twelve observations of the dataset. Based 

on the visual representation of the forecasted values against the original values, the 

accuracy of the predictions is rather high. The model is able to follow the direction 

where the original data is going really well (figure 86). The clear falling is the large dip 



66 
 

at the end of the dataset. The model estimates the dataset to have a larger change in 

values than it actually does. 

 

Figure 74 Forecasted values with original data in extra holidays monthly values 

Plotting the LY actuals with forecasted values and original data tells that the 

forecasting model is better suited for forecasting the future values (figure 77). MAPE 

for the forecasts is 22.09% which is better than most of the forecasts for other datasets. 

MAPE for LY actuals is 25.12% and it confirms the results that the model is better for 

forecasting. 

 

Figure 75 Forecasted values with original data and last year actuals in extra holidays monthly values 
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6.7. Grangers Causality 

Grangers Causality test is performed for the six variables and the results are integrated 

to the Grangers Causality matrix (figure 78). For the causality to be high enough to do 

the forecasting with the VAR model, the causality needs to be over 0.01. Based on the 

results none of the variables have explanatory power in sick leave absences. All the 

results show 0 for correlation. For flex hours, it seems that overtime work 50% and 

overtime 100% have some explanatory power. The matrix shows that overtime work 

50% has 0.0002 and overtime work 100% have 0.0015 explanatory power. This kind 

of serial correlation is no reason to go for VAR models since the serial correlation is 

low and the other variables have barely any explanatory power over the flex hours. 

For overtime work 50% there is little explanatory power in overtime work 100%, extra 

holidays and holidays. Overtime work 100% have 0.0062, extra holidays have 0.0001 

and holidays has 0.0018. Since the causality between the different variables are so 

low, forecasting is not done using the VAR model. 

 

Figure 76 Grangers causality matrix 

 



68 
 

 Conclusion 

 

Figure 77 Summary table of MAPE of SARIMA, ARIMA and LY Actuals 

Based on the results of the study, it is possible to forecast HR data. All the datasets 

had some form of correlation when the datasets were stationary. All the datasets, that 

were not originally stationary, could be made stationary using first order differencing. 

The change in trend and the external decisions had an effect on the forecast accuracy. 

For example, the amount of overtime work was regulated during the forecasting 

period, which caused the dataset to have a sudden change in trend. That affected the 

forecast accuracy, since the model expected the dataset to keep a similar trend.  

Based on the results of the grangers causality matrix, there was not enough causality 

between the datasets to go for the VAR models so the multivariate analysis consisted 

purely on the grangers causality matrix. Another thing to notice is that since the 

datasets had some form of seasonality there is not enough data to build a model large 

enough to capture all the components of the different time series’ with VAR models. 

For further research it would be interesting to research different companies HR 

datasets and study, using the grangers causality matrix, if there is causality between 

different HR variables. This way we could find out if there is any causality in the 

different HR variables, or if the VAR models are better suited for example forecasting 

production components. 

The first research question was, which of the ARIMA and SARIMA models can 

outperform the benchmark model and the third one was if a model gives bad 

performance, what is the reason for this. Based on the results the best model for sick 

leave absence was seasonal ARIMA. The seasonal ARIMA model was better than the 

traditional ARIMA by a large margin and the seasonal ARIMA also had less error than 

the LY actuals. There was a clear outlier in the forecasting period which had a large 
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impact in forecasting the dataset. The reason for this spike is unknown which makes 

it difficult to build a model that takes in to account the outlier. (Figure 77) 

For flex hours it seems the the LY actuals had less error compared to the SARIMA 

and ARIMA models. (Figure 77) The difference is not large and most of the forecasting 

error is due to an external suggestion for the use of flex hours, which caused the 

dataset to have a sudden drop that did not happen previous period. If this drop is 

known before hand, it can be taken into account when doing the predictions and it is 

probable that both of the models would perform better. Also in the flex hours dataset, 

there was a slight upwards going trend which suddenly stopped for the forecasting 

period. The SARIMA model expected the slight trend to keep continuing and since it 

stopped it had an effect on the forecasting error. If the dataset keeps the similar trend 

that it did before, it is probable that the SARIMA model would give the most accurate 

results, since it was able to predict the slight trend better than the LY actuals and 

ARIMA. Another finding was that there still was autocorrelation in the residuals of the 

SARIMA model. Larger models were estimated, but the autocorrelation was still there. 

There is a size limit for the SARIMA models since there is not enough observations to 

build a model with high order coefficients. If there were more observations, it could be 

possible to truly capture all the components of the dataset with the SARIMA model.  

 

For both overtime work 50% and 100%, LY actuals had less forecasting error than the 

SARIMA and ARIMA models. (Figure 77) The grid search suggested a low order 

ARIMA model and the prediction was basically just the mean of the dataset. The 

reason why the SARIMA model was not able to give a good prediction was because 

of the regulation of overtime work. Based on the previous periods the model expected 

that the trend keeps on going during the forecasting period and since there was a large 

drop, the forecasting error was quite large. Since this kind of regulation is probably 

known before hand, it should be taken into account when doing the predictions and 

also if the same kind of regulation doesn’t happen during the next period, it is important 

to take this into account when forecasting the future values.  

For holidays the LY actuals were more accurate in predicting the values than the 

SARIMA and AIRMA models. (Figure 77) Since the holidays seem to be somewhat 

constant over time, the LY actuals can be used in forecasting the values with a fairly 
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small forecasting error. Of the forecasting models, SARIMA was more accurate. The 

reason why the SARIMA model has a higher forecasting error than the LY actuals had, 

is that there is a small change in trend for the forecasting period. During the first 

seasons the second spike gets smaller and a third small spike is forming. This 

happened every season except for the forecasting season. The model expects the 

same trend to happen and since it does not, the forecasting error gets larger. Another 

finding was that for SARIMA models there probably was not enough data to truly model 

all the components of the time series.  

 

For Extra holidays ARIMA model was the most accurate in forecasting. (Figure 77) 

The ARIMA model was a lot more accurate than the SARIMA model was. The SARIMA 

model was not able to model all the components of the time series since there was 

still autocorrelation in residuals. The ARIMA model was able to forecast the slight 

downwards going trend that the dataset had and also it was able to foreast the highest 

peak with a fairly good accuracy. 

This research had some familiarity the subjects studied within the masters program. 

During the masters program we have built forecasting models, but doing this with HR 

data was something we had never done before. There is clearly a reason to go for the 

ARIMA and SARIMA models when forecasting HR data. Most of the reasons for the 

downfalls of the models, could be explained in the research. Change in trend was 

clearly the biggest problem within the forecasting models. The forecasted period was 

somewhat difficult to forecast since it had some variability in trend, compared to the 

previous seasons.  

In conclusion to the results, the best models for the variables were 

1. Sickleave Absence SARIMA(0,1,5)(1,1,0,12) 

2. Flex Hours:  LY Actuals 

3. Overtime Work 50%: LY Actuals 

4. Overtime Work 100%: LY Actuals 

5. Holidays: LY Actuals 

6. Extra Holidays: ARIMA(12,1,1) 
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The second research question was is SARIMA or ARIMA better suited for the datasets 

on average. Based on the results it seems that the SARIMA and ARIMA models were 

equally good on forecasting the values since both of the models were able to 

outperform the other forecasting model three out of six times and both the SARIMA 

and ARIMA was able to outperform the LY actuals only once.  

These models clearly can be used to foreacst similar HR dataset, but it is important to 

notice if the datasets have outliers or change of trend. For example both of the 

Overtime Work datasets had a change in trend right before the last season, which was 

caused by the company prohibiting overtime work. These kinds of changes are not 

possible to forecast with these models. Also for the Flex Hours dataset there was large 

drop in values during the last period and it also had an effect on the prediction 

accuracy. Based on these results we can say the forecasting with these models can 

be done if there is no structural changes within the datasets. As mentioned before, the 

poor performance of some of the models was because of the structrual changes and 

if we have a dataset without the structural changes in trend, it is probable to the model 

is able to perfrom better. If the datasets do have structural changes then it might be a 

better idea to use the LY actuals as the forecasting model. The SARIMA and ARIMA 

models still can be used on datasets with structural changes but based on these 

results it is more probable that the LY actuals are able to outperform the SARIMA and 

ARIMA models. It is also important to always plot the data and also plot the results. 

Plotting the data helps seeing the structural changes in the dataset and plotting the 

results with the original data is a good way to evaluate the performance of the model. 

For future research the causality of HR data would be an interesting research. In this 

study the VAR models were studied only with the results of the grangers causality 

matrix, and since there was really not enough causality to build VAR models, the actual 

models were left out of the research. It would be interesting to research if there is any 

causality between the HR variables in different companies. The effects of change in 

trend and the effects of outliers would be important to know when predicting the future 

values. Especially when actually using the predictions, it would be useful if the user 

had information if there have been changes in trend or clear outliers within the dataset. 

This way the user could have fast information about the accuracy of predictions and 

could interpret the results according to it, since if there have been large changes in 

trend, it is probable that the forecasts have higher error. 
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