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The thesis’s purpose is to find statistically significant healthcare services in relation to 
special healthcare utilizing net operating costs from 2015 to 2020. The objective is to 
identify preemptive services that contribute to the development of a preemptive healthcare 
system that focuses on early intervention and cost-effective healthcare delivery. By 
employing two machine learning techniques, classical linear regression, and weighted least 
regression the thesis summarizes the relationship between variables and validating 
hypotheses regarding critical preemptive services. 
 
Due to the lack of earlier and comparable studies utilizing only cost data to uncover 
relationships regarding healthcare services, the thesis explores also optimal statistical 
methodologies and model testing to validate practical as well as clinical hypotheses. To 
address the complex characteristics of nonnormality and heteroscedasticity the data is 
exploratorily transformed by using the Box-Cox method as well as using Cook’s distance to 
identify the significant observations. The model testing is done by employing parametric 
tests to ensure that the Gauss-Markow BLUE theorem assumptions are met.  
  
In conclusion, the cost data was sufficient enough to validate the clinical chain links from 
the financial data regarding Primary healthcare as well as Home care services. Also 
unraveling that the statistically most significant variables are likewise Primary healthcare 
services, Homecare services, and Other disabled care services. Although, the thesis resulted 
in a statistically significant WLS-model, the parsimony, stability, or robustness were not 
evaluated. Therefore, it is not known whether the model could produce a forecasted 
estimation for the special healthcare costs.  
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Tutkielman tarkoituksena on löytää tilastollisesti merkittävimmät terveydenhuollon 
palvelut suhteessa erikoissairaanhoitoon hyödyntämällä palveluiden 
nettokäyttökustannusdataa vuosilta 2015–2020.  Tavoitteena on tunnistaa 
ennaltaehkäiseviä palveluita, jotka vaikuttavat ennakoivan terveydenhuollon kehitykseen, 
keskittyen varhaisen puuttumiseen sekä kustannustahokkaan terveydenhuollon 
toimitukseen. Käyttämällä kahta koneoppimisen menetelmää; lineaarista regressiota sekä 
painotettua pienimmän nelilösumman regressiota tutkielmassa pyritään selittämään 
muuttujien välisiä suhteita, sekä validoimaan ennaltaehkäiseviä palveluita koskevia 
hypoteeseja. 
 
Johtuen aikaisempien ja vertailukelpoisten tutkimusten puutteesta, jotka käyttäisivät 
ainoastaan kustannusdataa terveydenhuollon palveluiden selittämiseen, tämä tutkielma on 
osittain kokeellinen ja tarkastelee samalla optimaalisia tilastollisia menetelmiä ja malleja, 
jotka kykenevät vahvistamaan kliinisesti ja käytännössä todennetut hypoteesit. Datan 
heteroskedastisuus sekä ei-normaalius huomioidaan käyttämällä Box-Cox 
transformaatiota, sekä Cookin etäisyyttä valikoiden ainoastaan vaikuttavimmat 
observaatiot. Malleja testataan lisäksi parametristen testien avulla, jotta nämä täyttävät 
Gauss-Markowin teoreeman mukaiset BLUE olettamukset.  
 
Yhteenvetona voidaan todeta, että nettokäyttökustannusdata oli riittävä validoimaan 
kliiniset yhteydet myös taloudellisesta datasta perusterveydenhuollon ja kotihoidon 
palveluiden osalta. Tilastollisesti merkittävimmät palvelut olivat niin ikään 
perusterveydenhuolto, kotihoito sekä muut vammaishoidon palvelut. Vaikka tutkielma 
johtikin tilastollisesti merkittävään WLS-malliin, niin mallin yksinkertaisuutta, vakautta tai 
luotettavuutta ei arvioitu riittävällä tavalla voidakseen varmuudella toteamaan pystyisikö 
malli tuottamaan erikoissairaanhoidon kustannuksista ennustettua arvoa.  
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1. Introduction 

The public healthcare, social welfare, and rescue services are going under a large-scale 

reform in Finland. The reform aims to improve the availability and quality of basic public 

services; however, the bellowing political turmoil and tight financial regime is challenging 

the change in one of our nation’s most important value, health. As the costs of healthcare 

are rising due to the aging population, the system is facing an increasing number of 

patients dealing with chronic diseases and illnesses that could be prevented by preemptive 

measures. The healthcare system is balancing now to find stability between inefficient 

funding and the increasing need for care. The question is, how can the need for care 

preemptively be estimated so that the resources could be targeted most effectively? 

 

The reform has been going on for years and it has emerged from the problems of inequality 

and inadequate healthcare services in its current, and soon to be old structure. Small and 

financially weak municipalities have especially been struggling with the difficulties of 

organizing services. The new reform aims to create more viable service organizers and 

create complete horizontal and vertical integration of social welfare and healthcare 

services.  

 

The greatest challenge is to allocate the available financial resources efficiently and fairly. 

Therefore, the Finnish institute for health and welfare has created a system that allows the 

expenditures to be examined together with the established service needs.  

 

The 21 self-governing wellbeing services counties will become the new responsible bodies 

in 2023 as the organizing duties are transferred from the municipalities. This thesis will 

concentrate on one wellbeing services county of North Savo. The county consists of 19 

individual municipal-members which are Iisalmi, Joroinen, Kaavi, Keitele, Kiuruvesi, 

Kuopio, Lapinlahti, Leppävirta, Pielavesi, Rautalammi, Rautavaara, Siilinjärvi, Sonkajärvi, 

Suonenjoki, Tervo, Tuusniemi, Varkaus, Veranto and Vieremä. This county has been 

chosen due to its powerful standing in the Eastern Finland, with the University Hospital of 

Kuopio a part of the whole. The area is facing migration losses and severely aging 

population, combined with expert Neuro, Heart and Carcer Centers that treat Finland’s 
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most common national diseases. The well-being county also serves as one of the top 

teaching hospitals in Finland.  

 

Since one of the key targets of the reform is to curb the increase of costs, it is vital to shift 

the emphasis towards preventive and preemptive services. This will also help promote 

national health and wellbeing.  This will be done by simulating the healthcare expenditure 

on each service over 2015-2020 by using the operating net costs of each municipality in 

the selected target area of North Savo.  
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2. Objectives 

The objective of this thesis is to explore how the independent cost variables affect on the 

dependent cost variable ESH, and by so finding the suggestive preemptive services that are 

key in ensuring the timely delivery and continuity of services. By using the calculated net 

operating costs of each provided healthcare service, which total to 15 independent 

variables. The dependent variable is also a cost-based variable consisting of the special 

healthcare net operating costs. The dependent variable has been chosen due to its 

significant role in accumulating cost across the entire healthcare system and with being the 

one healthcare service that ranks the highest individual costs per person.  

 

In special healthcare patients get treated for specialized care, severe health issues and 

trauma given in hospitals. The services vary from preventive measures to examinations, 

and treatments including surgeries and rehabilitation. Long-term diseases such as cancers 

accumulate most extra costs per patient, alongside mental health diseases (Häkkinen et.al, 

2020)  

 

There is some evidence (Holster, 2022.) on what services are critical in the chain link 

before the patient is admitted to special care. These are services such as dental care, home 

care as well as primary care. In this thesis these known hypothesis will be explored through 

the financial cost data, if the chain-links are visible also there. If some variables confirm 

the hypothesis in the financial data as well, these results will give an opportunity to put 

further emphasis on these services. This would enable a much more detailed understanding 

on how different services effect on special healthcare needs through financial data and 

allow easy access to monitor and even estimate future needs.  

 

2.1. Purpose of the study 

The thesis’s purpose is to focus on finding the association between the healthcare service 

cost and special healthcare costs. The aim is to find which of the health care services are 

statistically most significant in regards to the special healthcare costs, with all variables 

being cost variables from 2015 to 2020.  
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The study is exploratory due to its novelty and the lack of previous literature on the subject. 

The study utilizes two machine learning techniques, preliminarily classical linear regression 

and secondly weighted least regression. In linear regression, according to Olive (2010), the 

statistical model can predict the future value of the response or dependent variable Y or 

summarize the relation between the predictor variable x, also referred to as the explanatory 

variable. The purpose of using linear regression in this study is to explore if the built 

statistical model can summarize the relationship between the variables. This will most likely 

give informative and qualitative information about the statistical effects of the actual 

healthcare services which is equally as important as building the statistically optimal model. 

This could for example conclude in results stating that dental care services have a statistically 

significant relationship with special healthcare costs.  

 

The motivation for this study stems from previous occupational experience with calculating 

and modelling the financial standing of future wellbeing service counties. And with seeing 

how essential it is to understand which services are in a statistical relationship with each 

other cost-wise, since this may give indications on how to optimize for example the 

healthcare service structures as well as service networks. Since, reaching the reform 

ambitions of forming a preemptive healthcare system requires a shift in cost accumulation. 

This means that more emphasis should be targeted on earlier-stage healthcare services in 

order to preempt patients from progressing to more costly special healthcare services merely 

because the underlying health cause wasn’t detected in the earlier lifecycle stage of the 

illness. In the long run, this kind of cost sift could mean that fewer people would be treated 

in special healthcare for underlying primary diseases. And that the treatment for many 

illnesses would become more cost-efficient and also better for the patients, with possibly 

getting better life quality and prolonged health with the preemptive measures preventing 

sicknesses from escalating. 
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2.1.1. Research questions 

The aim is to be able to find: 

1. What healthcare services are most statistically significant regarding the dependent 

variable ESH (special healthcare costs)? 

2. Are the clinically proven relationships between home care services, dental care, and 

primary healthcare statistically significant regarding special healthcare? 

3. Is it possible to create a statistically significant regression model by using the net 

operating cost data, to forecast the special healthcare costs in a rough estimation? 
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3. Literature review 

The literature review and previous study exploration focuses on understanding the 

methodology of preemptive healthcare studies, as well as studies that employ healthcare-

related cost data. This aims to give a broad understanding on how and why different 

approaches are used in healthcare studies, and how they also explain this thesis’s objectives 

and methodology.  

Research has consistently demonstrated the positive impact of primary care on improving 

health outcomes and reducing mortality rates. This evidence highlights that primary care 

plays a crucial role in preventing illnesses and deaths, irrespective of the specific aspects of 

primary care delivery. (Kringos et al. 2001.) Primary care, unlike specialty care, has been 

linked to fostering fairness in health outcomes and mitigating health inequalities. (Starfield 

et. al 2005.) 

In the field of healthcare research, a multitude of studies concentrate on describing the 

“demographic trap”, meaning the progressively aging population, negative birth-rate as well 

as declining fertility rate burdening the economic and social welfare. (Locurcio et al. 2022). 

However, it has raised the importance of preventing pathological aging and its age-related 

costly diseases, which is also a driving force in this thesis.  

Nevertheless, previous studies have found that merely reinforcing primary care emergency 

services do not have cost- or load-lessening results regarding hospital accident and 

emergency department (A&ED) services, even if the statistical and practical significance is 

established. (Oterino de la Fuente et al. 2006). Redeeming both services relatively 

independent, and results being consistent with other findings as well. (Weinberg et al. 1996). 

Since improving the accessibility (longer opening hours, increased healthcare personnel and 

technical resources, walk-in centers etc.) to primary care have a minimum impact on 

diminishing the use of specialty services in a hospital setting. (Oterino de la Fuente et al. 

2006.) Therefore, examining all healthcare services, not only the primary healthcare service 

can offer new insights on the statistical significance regarding special healthcare. 

For example, in simulations and studies done by the University of Eastern Finland as well 

as the National Health and Nutrition Examination Survey in the United Stated found that 

there is a link between dental health and the manifestation health related issues such as 

pneumonia as well as cardiovascular diseases. However, deteriorating health is not the only 
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result regarding dental care. Since it can also help prevent such issues, when done properly. 

(KYS, 2022).  

Home care services also have an impact on the utilization of special healthcare services, 

although this topic has not been extensively studied or widely discussed. This proactive and 

preventive approach can effectively manage chronic conditions, mitigate the risk of 

complications, and reduce reliance on specialized healthcare facilities. (Graverholt et. al, 

2014.) Moreover, home care services enable individuals to maintain their independence and 

autonomy, which can have a positive influence on their overall well-being and healthcare 

outcomes, leading to better health outcomes and decreased reliance on specialized healthcare 

services. (WHO, 2017.) 

Therefore, the research questions of 1st and 2nd aim to prove and extend the practical 

relationship between primary care, home care as well as dental care to be visible in the 

financial cost data. The 3rd research question, however, focuses more on methodology and 

solving the healthcare related data’s limitations. The following literature review focuses 

more on the methodologies and outcomes when working with cost data stemming from the 

healthcare services, with intent on uncovering the statistical significances of the variables.  

 

In international examination of literature works first on risk adjustment methods in 

healthcare uses, the intensive research has found that as a method it is a credible way to 

estimate multiple outcomes in the healthcare sector. Risk adjustment methods have also been 

successful and widely used globally, as well as in private and public sector bodies. Examples 

of risk adjustment methods are (Lezzoni, 2013.): 

- Setting prospective payment levels for specific episodes of care, and 

- setting capitation payment levels for managed care organizations.  

Especially regarding the healthcare system many patient-associated factors affect on the 

costs of care given. And generally, a higher-risk person generates greater costs, even 

regarding the efficiency of the care provider. High-risk people have tendencies of having 

complex or coexisting diseases that may render the recipient of care more prone to 

complications. (Lezzoni, 2013). Also, in the study done by  Cameron et. al (1998) they found 

that healthier people sought out doctoral visits for minor issues more often than seriously ill. 

Risk adjustment aims to equalize these intrinsic health risks as well as include geographical 

location amongst other factors that affect the health outcomes and services. (Häkkinen, 

Holster, 2020). 
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The Finnish healthcare reform is also based on the risk-adjusted system. And in many studies 

the risk adjustment is a recommended way of offsetting the selection incentives. This results 

in capitation rates that aim to reflect to expected costs of individual people. The risk-adjusted 

methods have also been found to be important in creating a foundation for a preemptive and 

learning based healthcare system. (Wagner, 2016). 

The risk adjustment is widely used but is not suitable for this thesis due to it’s data 

requirements amongst others. Yet, other methods and sparser data could try and explain the 

outcomes from these risk adjustment models.  

In order to accurately estimate the costs of healthcare services and the cost for individual 

people, Chapko et al. (2009) introduces two categorized estimation methods: top-down and 

bottom-up. Other studies of cost analysis have been done by for example Carey et al (2009) 

where the dependent variables were the hospital total costs and the output variables the 

discharged and outpatient visits. Many studies however combine diagnostic data in the 

research, as in the Wagner et al. study examines the distinction between prospective and 

concurrent risk models where the financial cost data is combined to the diagnostic data. Here 

the prospective models estimate next year’s costs by using current diagnostic data, whereas 

the concurrent risk models use current diagnostic data in estimating current costs. The 

distinct difference is that the concurrent risk model places more emphasis on the acute needs 

whereas the prospective models place more weight on the chronic conditions that influence 

expenditures. (Wagner, 2016). 

However, the basis of many risk-adjusted and cost modelling studies is the cost data. And 

regression models are used to understand how for example established need or risk scores 

fit the data (Wagner, 2016). In the Wagner et al. study the regressions model of fiscal year 

2010 was used to predict the clinical costs of the next fiscal year of 2011. However, for 

risk adjusted models that aim to create need or risk scores the data should include at a 

minimum age, gender, and ICD-diagnostic information. (Wagner, 2016).  

 

Studies that use the total hospital or service costs as the dependent variable aim in 

understanding the cost accumulation and efficiency, as is in this thesis. And in a study done 

by Kim K, et al (2009) the study of ED costs were examined to understand whether there are 

economies of scale in ED care. The study was carried out by creating a hospital cost function 

where the dependent variable was the total cost of ED. It is also recognized that elements 

that explain costs in healthcare are theoretical in the cost function approach, using only input 
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and output prices. Not regarding a hybrid approach where the number of patients treated, 

socioeconomic status, and if the hospital has teaching activities require possible extra cost 

resources. (Kim, 2009).  

In this thesis the data consists of only cost variables, with the dependent variable being 

operating net costs from special healthcare services (ESH) same as the independent variables 

from other healthcare services. Therefore, in using only cost data, the methodology for 

hypothesis exploration and variable significance leads to classical statistical approaches. 

And since there aren’t exactly similar studies done, the literature review for classical 

approach is to understand how different datasets and their effects on the dependent variable 

can be done.  

Generally, in healthcare research the parametric statistics may not be accommodating to the 

potentially smaller sample sizes as well as irregularities in distributions. This was established 

according to Pett (2016) in her overview of nonparametric statistics for healthcare research. 

This thesis however employs parametric tests on the chosen data, with accepting the possible 

limitations regarding nonnormality as well as heteroscedasticity that may be present in the 

data. Nevertheless, since the minimum sample size for parametric statistics is approximately 

30 observations, which is in this case exceeded the parametric methods are acceptable. (Pett, 

2016, 1-2.) 

Multiple linear regression has a crucial role in supervised machine learning (Sanchayan, 

2020). And with understanding not only what independent variables are statistically most 

significant, but do they hold any predictive power over the dependent variable or predictor 

is another question. And with exploration purposes, the commonality analysis becomes 

instrumental in analyzing the variances between the predictors. And in Kim F. Nimons 

article “Understanding the results of Multiple Linear Regression: Beyond standardized 

regression coefficients“ paper the importance of optimizing (minimizing the sum of squared 

errors) in choosing the predictors. In a study conducted by Lahiff, C. et al. (2014) used 

hospital episode costs of emergency to predict the costs of medical admissions, stating that 

that since finance has an increasingly important role in medical landscape the prediction of 

costs is less well defined but relevant. Especially in targeting cost reductions and sustainable 

healthcare. Nevertheless, the study included also other risk predictors related to the episode 

costs.  

In recent studies using quantile regression analysis for predictive cost models have identified 

necessary interventions to lower overall costs. (Lahiff, 2014). In a study by Cody et al. 
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(2012) the quantile regression is described as the optimal method of choice for estimating 

hospital charges. However, this is necessary when the data is complex and presents skewness 

as well as heteroscedasticity. And since patient demographics, condition and hospital 

characteristics outcomes may have unequal variances across the sample (Stoltzfus, et al. 

2012). Nevertheless, the examining the financial or economic effects of data, one should 

consider the distinction between service charges and costs in designing the research.  

With a multitude of studies joining cost data with other demographic data as independent 

variables this thesis combines also traditional financial econometric methods and arguments. 

Since in financial econometrics, econometric, and financial data is commonly used to 

understand the relationships between variables using regressions as the tool. Where the 

variables both Y and X can be for example stock prices or return values used over time 

(Brooks, 2008). Brooks states in his book Introductory Econometrics for Finance (2008), 

that data may be quantitative e.g., exchange rates, prices, or numbers of shares, or qualitative 

such as credit ratings or days of week. This kind of time series data can have different 

frequencies from daily to monthly and even annual. 

Albeit financial cost data used also in this thesis can bear characteristics such as positive 

skewness, heteroscedasticity as well as an abundance of outliers. (Briggs et al. 2006, 18, 81-

82). Still, understanding if the same significances can be trailed in through the cost data than 

through randomized controlled trials and registries, administrative databases as well as 

clinical and epidemiological studies that take time to conduct as well as are not freely 

accessible. And in Germany, the Institute for Quality and Efficiency in Health Care deploys 

the method of assessing cost-effectiveness in terms of cost per unit. (Drummond et al 2015, 

123-125.) However complicated, the method is usually constricted in therapeutics or disease 

area.  

According to Manning & Mullahy (2001), log models can be used to deal with health-related 

expenditure data’s skewed outcomes. Including ordinary least squares on ln(y) as well as 

generalized linear models. However, understanding that cost data especially regarding 

healthcare has commonly problems of heteroscedasticity and heavy tails affecting biases and 

precision, with no one econometrical model being necessarily better than the other. 

(Manning et al. 2001) 

The question is whether these links can be visible in the financial cost data as well. And with 

linear regression being a flagship method in the field of statistics (Sanchayan, 2020) the 

method is suited to explore the relationships regarding cost data.  



 
 

18 

 

 



 
 

19 

4. Research data and workflow 

The quantitative study and its methodology consist of the following six (graph 1) steps 

beginning with acquiring the raw data, following with data preparations and descriptive 

statistics after which the two statistical models are built and tested. The main tool used 

especially for machine learning modeling is Matlab, however Microsoft Excel is used to 

process the raw data. 

 
Graph 1 Description of research steps 

In the first step, the two raw data outlets are acquired in excel form from the Statistics 

Finland database and the necessary consolidation and calculations are carried out in Excel. 

The final research data obtained from step two will from here on out be processed only by 

Matlab, which is a programming and numeric computing platform, to further analyze and 

build the models. The methods employed in this study are quite standard in the field of cost 

modelling in the healthcare sector, however, these studies utilize other than cost data as 

their explanatory variables. Therefore, answering the research questions requires an 

experimental mindset.  

 

In the third step the data is structurally visualized with descriptive statistics, giving a 

deeper understanding of the variable composition. And since the rest of empirical study is 

Data sourcing

Preliminary preparations 
and calculations

Descriptive statistics

Data modelling and 
testing

Data transformation and 
modelling

Final model testing

Description of research steps Tool

Raw data obtained from the Statistics Finland

Data consolidation and calculations to create individual 
net costs per service per capita 

Final cost data descriptive analysis and statistics with 
visualizations

Data modelling with classical linear regression

Variable transformation 

Data modelling with weighted least squares regression

Evaluating final models separately by OLS/ BLUE and 
RMSE

Microsoft Excel

Matlab

Matlab

Matlab

Matlab

Linear model testing phase
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conducted by Matlab, the summary statistics are performed in that working environment as 

well. 

  

The modelling phase is executed in two different steps (4,5), because the preliminary data 

understanding is done by fitting a linear regression model. The linear model is tested to see 

how it fits the data, and since the tests suggest that the normality as well as 

homoscedasticity are violated the two optimal linear models are processed in phase 5. This 

includes applying the Box-Cox transformation to the independent variables that have 

corners about the normality assumption. The transformed variables are then fit to a 

weighted least squares regression to explain the heteroscedastic data better. In the final 

phase 6 the two weighted least squares regression models are tested to get the final results 

answering the research questions.  

 

4.1. Data 

The data used in this thesis is public operating cost statistics from Statistics Finland or 

Tilastokeskus, including healthcare costs by service from years 2015 to 2020 (graph 2). 

The data includes 19 municipalities from which the operating net costs are calculated. To 

ensure coherent metrics for each municipalities service cost the service allocated operating 

net costs are divided by each municipality’s population. This will ensure a net cost by 

person categorized by healthcare service. This will give a 5-year period to validate 

historical changes in healthcare services in a comparable form. The population data for 

each municipality is also from Statistics Finland, and in the data preparation each years 

operating cost is divided by two years prior population. Therefore, the year 2015 service 

costs are divided with population data from 2013.  

 
Graph 2 Description of data 

The Statistics Finland
Municipal operating economy cost data 
divided by healthcare services. Frequency: 
annual

Municipal population statistics. Frequency: 
annual

Description of data Data source Data timeline

The Statistics Finland

2015-2020

2013-2018
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First, the net operating costs are calculated from the municipalities operational finance 

data. The final net operating costs are in the unit of thousands (k EUR). To calculate the 

net operating costs for each municipality the following formula is used. Also, the 

aggregated first five rows of the cost data are shown in below. 

 

Net Operating cost = (operating costs + depreciation and amortization + allocated common 

expenses) + (operating profits + allocated common income + Manufacturing for own use 

and change in stock) 

 

The net costs for each service-specific task are calculated according to the calculation 

formula. In the calculation, in general, from the point of view of wellbeing counties, only 

social and healthcare are taken into account whereas the tasks of rescue operations were 

excluded. For 2015 and 2016, the cost of basic income, which was transferred from the 

municipalities to KELA at the beginning of 2017, has been removed for the sake of 

comparability. Likewise, the cost of environmental health has been ignored in the 

calculation.  

 

The values in the calculation are in the unit of 1000 meaning that for example in Kuopio 

the net operating costs for special healthcare service (variable ESH) in 2015 was 1360 € 

per resident (graph 3). It is important to recognize that all of the cost data is reported per 

capita, and to get the entire net operating cost of a certain municipality would require to 

multiply the per capita cost with the municipality’s population. Also, the per capita cost is 

an average cost generated by the entirety of the municipality and does not take into 

consideration that in reality the cost is not spread as evenly amongst the population.  

 
Graph 3 First five rows of data used in the analysis 

Year Municipality LA1 LA2 LA3 IH1 IH2 IH3 VH1 VH2 VH3 KH1 TK1 PH1 PTH1 PTH2 PTH3 PTH4 ESH

2015 Iisalmi 0,13 0,03 0,06 0,31 0,04 0,04 0,04 0,16 0,14 0,23 0,06 0,01 0,36 0,07 0,15 0,27 1,37

2015 Kaavi 0,16 0,06 0,03 0,47 0,50 0,45 0,01 0,03 0,41 0,24 0,08 0,02 0,72 0,11 0,51 0,16 1,81

2015 Keitele 0,09 0,00 0,03 0,66 0,14 0,12 0,05 0,12 0,20 0,20 0,05 0,03 0,64 0,12 0,40 0,16 1,47

2015 Kiuruvesi 0,14 0,03 0,08 0,39 0,09 0,08 0,08 0,18 0,21 0,42 0,02 0,01 0,46 0,08 0,32 0,21 1,43

2015 Kuopio 0,17 0,01 0,04 0,14 0,06 0,06 0,05 0,09 0,11 0,20 0,11 0,05 0,33 0,07 0,16 0,13 1,36
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4.2. Descriptive analysis 

The descriptive statistics give a more detailed overview of the data, which is important to 

obtain as the analysis proceeds. The data consists of 114 observations (rows) and 16 

variables (columns), emulating the healthcare services categorized in three main 

categories: healthcare services, elderly care, and social care. Whereas the observations are 

the annual net operating costs generated by each municipality over the period of 2015 till 

2020. The frequency of the data is annual.  

 

Since the data is composed of net operating costs of the municipality’s healthcare, elderly 

care, and social services there aren’t any missing values, only zero values which are 

acceptable. A zero value means that the service in question may not be offered at that 

municipality and therefore any costs are not generated.  

 

The data contains zero values and outliers however, none of these were deleted in the 

preliminary data preparation phase. This is because each outlier is accurate information 

and not a measurement error in the data. Therefore, they can help explain the relationships 

in the data and make the model more robust in capturing variability. Of course, outliers 

have also disadvantages since they can distort the slope and intercepts of the regression 

line. And outliers can also increase the variance in the errors and therefore reduce the 

accuracy of the predicted values. However, in the financial cost data, each observation is 

important and therefore no rows were deleted in the preliminary phase. (Brooks 2008, 166-

167). 

 

The variables are described in detail in below table 1, where each variable is given its 

explanation, for example LA1 being the Child welfare service and it being an explanatory 

variable. The last column “Category” separates the variables in three different service 

categories; social services, elderly care services, and healthcare services. 
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Table 1 Variable descriptions 

 
 

A low-frequency data with a small sample size can have several limitations when it comes 

to data analytics. And the data used in this thesis may have the following issues (Brooks 

2008, 155, 174, 207, 424). 

 

• Reduced statistical power: With a small sample size, the data may not be sufficient 

to detect small but meaningful differences or trends in the data. This can lead to a 

lack of statistical power, which means that the results may be unreliable or not 

generalizable to a larger population. 

 

• Limited representativeness: With a small sample size, there is a greater risk of 

sampling bias. This can lead to inaccurate or biased conclusions about the 

population. 

 

• Higher variability: With a small sample size, there is a greater risk of random 

variation or noise in the data, which can make it difficult to distinguish between 

signal and noise. This can lead to inaccurate or unreliable conclusions about the 

data. 

 

Description Variable name Variable category Category

Child welfare LA1 Explanatory Social services

Child welfare, outpatient care LA2 Explanatory Social services

Other children's and families' services LA3 Explanatory Social services

Elderly institutional care IH1 Explanatory Elderly care

Elderly round the clock housing services IH2 Explanatory Elderly care

Other elderly care services IH3 Explanatory Elderly care

Disabled institutional care VH1 Explanatory Social services

Disabled round the clock housing services VH2 Explanatory Social services

Other disabled care services VH3 Explanatory Social services

Home care services KH1 Explanatory Social services 10%, Elderly care 90%

Employment services TK1 Explanatory Social services

Substance abuse special care services PH1 Explanatory Social services

Primary health outpatient care PTH1 Explanatory Healthcare

Dental care services PTH2 Explanatory Healthcare

Primary health ward care services PTH3 Explanatory Healthcare

Other social and health care services PTH4 Explanatory Healthcare

Special health care services ESH Dependant Healthcare
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• Limited ability to use certain statistical techniques: With a small sample size, 

certain statistical techniques may not be appropriate or feasible due to assumptions 

about the distribution of the data or the required sample size for the technique to be 

valid. 

 

Overall, a low-frequency data with a small sample size can limit the reliability and 

generalizability of the results and therefore, require additional scrutiny when drawing 

conclusions or making decisions based on the data. However, expanding the size of the 

sample used in this thesis is only possible by adding new municipalities to the dataset. This 

would not however add any contextual information to the locational information of North 

Savo. Since adding municipalities that are not a part of the Wellbeing service county of 

Nort Savo would not be pertinent to the area. Data frequency is another issue, but it can’t 

be fixed in this sample data since all reported cost data is generated on an annual basis at 

the end of the fiscal year.  

 

By increasing the sample size, the study would become broader than just the area of the 

well-being service county of North Savo. However, this is completely possible and even 

favorable if this sample data does not yield a statistically satisfactory result. Nevertheless, 

in this thesis the result of no statistical significance is a possible outcome.  

 
4.3. Summary statistics 

The summary statistics have been calculated for each variable, including the aggregated 

values of count, minimum and maximum values, mean, standard deviation as well as 

skewness and kurtosis (table 2,3). The values are sorted according to whether the variable 

is categorized in Social services, Elderly care, or Healthcare categories. From all the 

variables it can be seen that the highest maximum values e.g., the highest costs are in 

Special Healthcare (variable ESH) as well as round-the-clock housing services for elderly 

people (variable IH2). Whereas the lowest costs e.g., minimum values are found in other 

childcare services (variable LA3).  
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The higher and lower costs are affected by a number of factors, for example how the 

services are organized and how much are they used. There is also variation between years 

and by the municipality. On average the highest costs are accumulated from the healthcare 

category, with ED and special healthcare services being the highest. Also, elderly care 

services are higher on average especially in homecare services.  

 

However, in the healthcare category, it can be seen that the highest costs accumulate from 

the end of the care cycle where the most demanding care is given whereas the cost of 

preemptive care at the beginning of the care cycle is much less. Overall, the highest costs 

stem from the Healthcare category, followed by the Elderly care services, and the lowest 

costs are in Social care services.  
 

Table 3 Summary statistics of the Healthcare variables 

 

Table 2 Summary statistics of the Social and elderly care variables 
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In data analysis, the standard deviation measures how spread out or dispersed a set of data 

is. It is a statistical measure that helps to quantify the amount of variation or variability in a 

set of data. (Brooks 2008,18.) More specifically, the standard deviation measures the 

average distance between each data point and the mean of it. This is calculated by taking 

the square root of the variance, which is the average of the squared differences between 

each data point and the mean. A low standard deviation is an indication that the data points 

are closer to the mean, whereas a high standard deviation is an indication that the data 

points are more spread out. (Dong et. al, 2015) 

 

The standard deviations of the variables are all relatively low and close to 0, meaning that 

the values do not have much spread. A very low standard deviation indicates that the data 

points are tightly clustered around the mean, which may suggest that there is little 

variability or diversity in the data. While a low standard deviation is not necessarily a 

problem in itself, however, it may result in the following issues: (Dai, 2020) 

 

1. Lack of representativeness: A low standard deviation may suggest that the sample 

of data is not an appropriate representative of the population from which it was 

drawn. Meaning the sample can be biased. 

 

2. Limited generalizability: A low standard deviation may also limit the 

generalizability of the results, meaning that if the data is too homogeneous or lacks 

variability, it may be difficult to draw meaningful conclusions of. 

 

3. Insufficient information: A low standard deviation may also indicate that there is 

not enough information to make informed decisions or to detect important 

differences or trends.  

 

Overall, in the context of this thesis, the cost data is somewhat expected to have relatively 

low variation since the provided services are very homogenous in all the municipalities. 

Sure, variability comes from the quality and quantity of patient inflow, but also population 

age, unemployment rates, quality of facilities as well as distances to care units matter in the 

cost accumulation. Therefore, it is pertinent to recognize the differences in the 

municipality’s population as well as produced services.  
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Skewness and kurtosis however are important statistical measures because they help to 

identify the shape and pattern of the data, which can provide valuable insights and inform 

decision-making. For example, if a data set is positively skewed, it may suggest that there 

are outliers or that the data is not normally distributed, which may require different 

statistical methods for analysis. Similarly, if a data set has a high kurtosis, it may indicate 

that there are many extreme values, which may require different techniques for handling 

and interpreting the data. (Baltagi 2021,209.) By examining skewness and kurtosis, a better 

understanding can be gained of the characteristics of the data and make more accurate 

predictions and decisions based on that data.  

 

Skewness measures the degree of asymmetry in the distribution of the data. A positively 

skewed distribution has a tail that extends to the right, indicating that there are more low 

values in the data set, while a negatively skewed distribution has a tail that extends to the 

left, indicating that there are more high values in the data set. A perfectly symmetrical 

distribution has a skewness of zero. (Baltagi 2021,115-116.) 

 

Kurtosis measures the degree of peakedness or flatness in the distribution of the data. 

(Baltagi 2021, 116.) A high kurtosis indicates that the distribution has a sharp peak and 

heavy tails, meaning that there are many values far from the mean, while a low kurtosis 

indicates that the distribution is flat and spread out, meaning that there are fewer values far 

from the mean. A normal distribution has a kurtosis of three, while a distribution with 

higher kurtosis is called leptokurtic and one with lower kurtosis is called platykurtic. 

(Baltagi, 2021). 

 

First looking at the Healthcare services due to their clinical importance and effect on the 

special healthcare service (Tervo et al., 1993). From these variables PTH1(figure 1), PTH2 

(figure 2), PTH3 (figure 3), and PTH4 (figure 4) made histograms we can observe the data 

distribution visually that also the summary statistic skewness and kurtosis show. Based on 

the numerical values in the table (table 3.) the skewness and kurtosis of data are higher in 

healthcare ward services (PTH3).  

 

Looking more closely at the PTH3 variable, the skewness of 1.58 indicates (table 3) that 

the dataset is positively skewed, meaning that there are more low values in the dataset than 
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high values. The positive skewness suggests that there are outliers or extreme values on the 

high end of the data that are pulling the mean towards the higher values. A kurtosis of 5.48 

indicates that the dataset has high kurtosis, which means that the distribution is leptokurtic. 

The high kurtosis suggests that many extreme values or outliers in the dataset are 

contributing to the sharp peak and heavy tails of the distribution. 

 

Overall, the PTH3 variable with a skewness of 1.58 and kurtosis of 5.48 is likely to have a 

distribution that is heavily influenced by outliers or extreme values on the high end of the 

data (table 3). This may make it difficult to use traditional statistical methods that assume a 

normal distribution and may require different techniques for handling and analyzing the 

data. In addition, the high kurtosis may indicate that the data has more variability than a 

normal distribution, which may need to be taken into account when making inferences or 

drawing conclusions from the data. 

 

The same effect can be seen in also variables LA1, IH1, and IH3 meaning child protective 

services and elderly care services (table 2). Regarding these services, there may be areal 

differences or population needs that explain the extremes. For example, in some 

municipalities, the population is much older with a larger number of seniors requiring not 

only more healthcare services but also services appointed for elderly people. So, 

understanding the background of the data helps to explain the fact that the extreme values 

are not anomalies but rather an actual representation of a greater need for the service, or 

some inefficiency that is reflected in the cost formation such as service production.  

 
Figure 1 Histogram of variable PTH1       Figure 2 Histogram of variable PTH2 
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The Elderly care category variables IH1 and IH3 have the highest overall skewness and 

kurtosis values, and from the histograms (figures 5, 6) the cause is apparent. In both cases, 

the zero values form the majority of the data points, and therefore the graph is leptokurtic, 

whereas the skewness in both cases is well above 0 pointing out that there are much more 

positive values with a right-handed tail. This is however to be expected since the cost data 

is numerically positive.  

 

Nevertheless, the connection between elderly care and special healthcare is clinically 

strong and holds incentives for cost saving with investing in preemptive care measures. For 

example, the municipality of Porvoo made cost savings of over 1 million euros in Elderly 

care by intervening in the senior patients’ needs earlier on, this helped curb the patient flow 

into the more expensive special healthcare unit. The solution was outsourcing. (Tuominen, 

2014). In the sample data, it was deduced that since the cost data is distributed quite widely 

on the x-axis that the needs and costs vary between municipalities. And that with some 

municipalities not providing all services, others are burdened by an overflow of need with 

a large share of the population being over 65 years old. And in the Wellbeing county of 

North Savo, the share of pensioners was over 39% in 2020 and is expected to rise in the 

future. In some of the municipalities, the share is nearly 50%, making the elderly care need 

much higher. (Tilastokeskus, väestöennuste 2020.) 

 

Figure 4 Histogram of variable PTH4 Figure 3 Histogram of PTH3 
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Regarding variable IH2 in figure 7, a skewness of -0.10 indicates that the distribution is 

slightly negatively skewed, which means that the tail of the distribution is longer on the left 

side. However, since the absolute value of skewness is less than 1, the deviation from 

normality is not significant. 

 

IH2 also exhibits a kurtosis of -0.48, suggesting that the distribution is platykurtic. This 

implies that the distribution has thinner tails and is flatter compared to a normal 

distribution. Consequently, it signifies that there are fewer extreme values in the 

distribution than in a normal distribution. Overall, a slightly negatively skewed and 

platykurtic distribution is generally considered to be relatively normal.  

 

 

Figure 5 Histogram of variable IH3 Figure 6 Histogram of variable IH1 

Figure 8 Histogram of variable KH1 Figure 7 Histogram of variable IH2 
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This applies to the variable TK1 (figure 9) as well, except it has a skewness of 0.02 

indicates that the distribution is nearly symmetrical, with a slight tendency towards 

positive skewness. 

 

PH1 (figure 10) has a skewness of 1.64 indicating that the distribution is highly positively 

skewed, which means that the tail of the distribution is longer on the right side. This may 

suggest the presence of outliers or extreme values that are driving the skewness. A highly 

skewed distribution can also affect the accuracy and reliability of statistical analyses and 

modeling. The 2.32 kurtosis suggests that the distribution is leptokurtic, which means that 

it has fatter tails and is more peaked than a normal distribution.  

 
 

Checking the distribution of data aids in selecting suitable statistical models and methods 

for data analysis. For instance, if the data follows a normal distribution, parametric 

techniques such as regression, t-tests, and ANOVA can be applied. Conversely, if the data 

does not abide by a normal distribution, non-parametric methods should be utilized. 

(Brooks 2008, pp. 420). The sample data however does not follow normal distribution, as 

cost data in some cases does (Latiff et. al, 2014.) This is evident from the histograms but is 

also verified with the Kolmogorov-Smirnov one sample test verifying the visual outlook. 

 

The normal distribution (appendix 1) is symmetrical, bell-shaped, and characterized by two 

parameters: the mean (μ) and the standard deviation (σ). (Brooks 2008, pp. 55). The mean 

represents the center of the distribution, while the standard deviation represents the spread 

or variability of the data. (Franses 2002, pp. 15-16). 

 

Figure 9 Histogram of variable TK1 Figure 10 Histogram of variable PH1 
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The probability density function (PDF) of the normal distribution is given by: 

 
The notation can also be written as such: 

 
Where; 

N = is the normal distribution 

μ = represents the mean or average of the distribution 

𝜎! = represents the variance of the distribution. 

 
Approximately 68% of the data falls within one standard deviation of the mean (i.e., 

between μ - σ and μ + σ), 95% falls within two standard deviations, and 99.7% falls within 

three standard deviations. (Brooks 2008,57). Also, the total area under the curve is equal to 

1 with the inflection points of the curve at μ - σ and μ + σ. (Franses 2002, 17). In this 

thesis, the data distribution is assessed visually by plotting a frequency distribution chart or 

histogram. 
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5. Research methodology 

In this thesis, the objective is to describe and evaluate the relationship between the data, 

which is why regression as a tool is chosen. With classical linear regression the statistical 

approach aims in answering whether the dependent variable Y has an association with the 

independent variable X. And if a relationship is statistically significant, can the 

independent variables predict the dependent variable. This already includes the two steps 

being used in this thesis, with including descriptive analysis to get a better understanding 

of the data itself.  

 

In descriptive analysis also correlation will be measured to understand the relationship 

from a different perspective. Since correlations measures the degree of linear association 

regarding a symmetrical relationship rather than stating if X causes changes in Y (Brooks, 

2008) However, in economics a usual issue is the lack of data or having a small sample 

problem (Brooks, 2008.) Especially when data is not high frequency as with financial data, 

meaning that cost or budget data is usually measured annually with also the risk of the 

published data being revised between publications. However, this is being considered by 

using raw cost data from a public source and calculating net operating costs to ensure data 

validity. 

 

5.1. Classical linear regression 

Classical linear regression, also referred to as ordinary least squares (OLS) regression, is a 

statistical approach employed to establish a connection between a dependent variable and 

one or more independent variables. It is a commonly employed technique for forecasting 

the value of a dependent variable based on the values of independent variables. (Brooks 

2008, 22-23.) In classical linear regression, the relationship between the dependent variable 

(often represented as "Y") and one or more independent variables (often represented as 

"X") is modeled as a linear equation of the following form 
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Where; 

Y = the dependent variable, which is being explained or predicted 

Xn = the independent variables 

β1 = the constant term  

βn = the variable coefficients 

u = the error term  

 

The goal of classical linear regression is to estimate the regression coefficients β1, β2, β3, 

..., βk that best fit the observed data. Typically, this is done by utilizing the least squares 

method, which aims to minimize the sum of squared differences between the observed 

values of the dependent variable and the predicted values derived from the estimated 

regression coefficients. (Brooks 2008,27-29.) Then statistical indicators can be employed 

to evaluate the adequacy or, the goodness of fit of the regression model, such as the 

coefficient of determination (R-squared), which quantifies the proportion of variance in the 

dependent variable explained by the independent variables. (Brooks 2008,130-131). The 

adjusted R-squared takes into account the multiple explanatory variables better than R-

squared and that is why it is chosen as a better metric to evaluate the model goodness of fit 

rather than R-squared. (Watsham et. al, 1997, 203-204). 

 

The linear regression model contains five assumptions regarding the way in which the data 

is produced. By changing these assumptions, different forecast situations can be created 

when the least squares method is no longer the most favorable method. The assumptions 

and their technical notations are presented in Chapter 5.4. (Brooks 2008, 43-44.) 

 

1. Linearity. The independent variables and the dependent variable should have a 

linear relationship that can also be visually described as a straight line. Violation of 

linearity will result in the predicted values not being able to accurately represent the 

relationship between the variables i.e., biased, and inefficient estimates.  

2. Independence. The observations should be independent of each other meaning that 

the mean of the distribution, from which the error term is calculated is zero. 

Violation of this assumption leads to the spurious constant term problem. 

tktkttt uxxxy +++++= bbbb ...33221
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3. Homoscedasticity. The variance of the errors should be constant across all of the 

independent variables. When the assumption is violated, heteroscedasticity and 

autocorrelation problems arise, which causes the model to be inefficient. 

4. No multicollinearity. The independent variables should not have a perfect linear 

relationship between each other. If the assumption is violated and the predictor 

variables are highly correlated the contribution of each variable is not estimated 

accurately leading to unreliable estimates.  

5. Normality. The residuals should be normally distributed meaning that visually they 

could be described as a bell shape form. Violation of normality leads to incorrect 

hypothesis due to biased and inefficient estimates of the regression coefficients. 

Also, parametric statistical tests can’t be performed with non-normal data.  

 

5.2. Weighted least squares regression 

Linear models that violate for example the OLS assumptions of the errors having a 

constant variance can be fitted with the weighted least squares method to accommodate the 

nonconstancy. The weighted least squares (WLS) method is a modification of the ordinary 

least squares (OLS) method in which the aim is to minimize the sum of the weighted 

squared residuals. By assigning weights to each observation the WLS takes in 

consideration the heteroscedasticity, differences, and reliability of them. The more reliable 

and significant observations are assigned to have higher weights whereas less significant 

observations get lower weights. Meaning that observations with lower variance get higher 

weight as supposed to higher variance observations. (Montgomery, D.C et al. 2012,5r-5t of 

84.) 

 

The equation for the weighted least squares is based on the difference between the 

observed and expected values of   𝑦" being multiplied by the weight 𝑤". (Montgomery, D.C 

et al. 2012,5r of 84). 

 

𝑆%𝛽#,𝛽%' =)𝑤"(𝑦" − 𝛽# − 𝛽%𝑥")!
&

"'%
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The weights used in the regression will be calculated by using the reciprocal values, 

meaning the multiplicative inverse of a value. This is obtained by dividing 1 by the original 

value. Regarding this thesis the divider will be the calculated absolute residual values 

obtained from the linear regression model. The calculated weights will then be used in a 

newly fitted linear regression.  

 

The inverse weights are chosen to stabilize the impact of high variability as well as 

outliers. Since the inverse weight gives less weight on the larger values potentially 

reducing the extreme or outlier values effects. (Penn State, 2023). 

 

5.3. Variable transformation 

Box-Cox transformation as well as Cook’s distance is used to address and accommodate 

the problems evident in the data. With ln(y) for OLS models is a suitable option for such 

data according to Manning & Mullahy (2001), with still being biased if the data has 

heteroscedasticity. Alongside the more traditional transformations of square, root, log and 

inverse the Box-Cox is used to find the optimal normalizing transformation to each 

variable (Osborne, 2010). And as Osborne argues in his publication (2010) the Box-Cox 

transformation can potentially be the best way of normalizing data.  

 

The Box-Cox method uses lambda (l) as a parameter to transform non-normal data to have 

similar mean and standard deviation as the Gaussian probability function (PDF). Meaning 

that the lambda value is estimated to maximize the log-likelihood (natural logarithm) value 

to emulate normal distribution. (Matlab, 2023). The transformed variables can then be 

compared with a normal (Gaussian) probability distribution function by plotting a 

histogram. Box and Tidwell (1962) have described the transformation for the x variables, 

instead of the usual transformation done to the y variable. This is sufficient when the 

relationship between y and the independent variables is nonlinear or nonnormally 

distributed. (Montgomery, D.C et al. 2012,5o of 84) 

 

The Cook’s distance will be used to remove any uninfluential observations, and even if it’s 

not a data transformation tool since it does not change the original observations it still 
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alters the entirety of the variable composition. Therefore, the Cook’s distance is discussed 

in this chapter. However, the Cook’s distance measures the influence of each observation 

by calculating the distance of the individual observations. Through the distance measure 

the method can identify the influential data points that have a statistically significant 

impact, i.e., then removing the uninfluential ones. (Baltagi 2016,215-216.) 

 

In Graph 4 below the Cook’s distance plot is used to visually examine the Model 4’s 

influential observations. The larger the Cook’s distance is the more influential the 

observation is. (Baltagi 2016, 215). 

 

 
Figure 11 Cook's distance plot of Model 4 

 

5.4. Performance measures and model testing 

After defining the linear regression model and verifying that the model satisfies the 

assumptions of linearity, independence, homoscedasticity, and no perfect multicollinearity 

the model is estimated by using the OLS (table 4). The Gauss-Markow theorem-based 

OLS-estimators check that the error terms have a mean of zero, the variance of errors are 

constant (homoscedastic) and independent (no autocorrelation). (Brooks 2008, 43-45). 
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Table 4 Gauss-Markow theorem-based OLS estimators 

Technical notation Interpretation 

E(ut) = 0 The errors have zero mean 

Var(ut) = s2 < ¥ The variance of the errors is constant and finite over 

all values of xt 

Cov (ui,uj) = 0 The errors are linearly independent of one another 

Cov (ut, xt) = 0 There is no relationship between the error and 

corresponding x variate 

 

The Fitlm function in Matlab performs the least squares estimations and provides the 

estimated coefficients (i.e., the BLUE estimators). The chosen tests (table 5) are 

parametric, and they assume data to be normally distributed or samples to have equal 

variances, this especially difficult with smaller datasets that may have arbitrary 

distributions due to the number of observations. That would however resemble or follow 

normal distribution if the sample was larger in size. Nonparametric statistics would accept 

smaller sample sizes as well as categorical or ordinal levels of data without the need to 

transform the data. (Pett, 2016, 2-4). 

 

It's important to note that while the normal distribution is often assumed for the errors in a 

linear regression model, it is not a requirement for OLS estimators to be used or to be 

BLUE. The Gauss-Markov theorem, which establishes the properties of OLS estimators, 

does not rely on the specific distributional assumption of normality. (Brooks 2008, 45.) 

The assumptions of linearity, independence, homoscedasticity, and no perfect 

multicollinearity are the main assumptions for the Gauss-Markov theorem, and the 

normality of errors is not necessary for the OLS estimators to be efficient and unbiased. 

(Brooks 2008, 38-39.) 

 
Table 5 The chosen methods to test the OLS estimators 

Technical notation Test 

E(ut) = 0 P-value, R^2 and Jarque-Bera test, Anderson-Darling test 

Var(ut) = s2 < ¥ Plotting residuals, White’s test 

Cov (ui,uj) = 0 Plotting lagged values 

Cov (ut, xt) = 0 Durbin- Watson test 
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The hypothesis testing follows a two-way framework, with the null hypothesis indicated as 

H0 and the alternative hypothesis indicated as H1. The null hypothesis for the chosen tests 

to evaluate the models are noted in table 6. For example, the null hypothesis could test if 

the value of b is N (H0) or that it isn’t N (H1) hence the notation below. (Brooks 2008, 

52).: 

𝐻#:	𝛽 = 𝑁 

𝐻%: 𝛽 ≠ 𝑁 

 
Table 6 Null hypothesis for selected tests 

Tests Null hypothesis (H0) 

Jarque-Bera test The null hypothesis is that the data follows normal distribution 

Anderson-Darling test The null hypothesis is that the data follows a specified distribution e.g., 

normal distribution 

Kolmogorov-Smirnov test The null hypothesis is that the data follows a specified distribution e.g., 

normal distribution 

White’s test The null hypothesis is that the errors in the regression model are 

homoscedastic 

Durbin Watson test The null hypothesis is that there is no autocorrelation in the residuals 

 

Especially with non-normal distributed data the residual analysis is important. First the 

residuals obtained from each regression models are plotted to visually check any 

discernible patterns that may indicate non-linearity, heteroscedasticity or unequal variance 

of residuals, or autocorrelation meaning correlation between the residuals. Also analyzing 

the goodness of fit and any outliers that may influence the regression model. For example, 

outliers may have a significant impact on the estimated regression coefficient. (Brooks 

2008, 163-164.) 

 

If the errors (residuals) of a regression model are not normally distributed, the estimated 

coefficients (parameters) of the model may be biased. This means that the estimated 

coefficients may not accurately reflect the true relationships between the predictor 

variables and the response variable. The direction and magnitude of the bias can vary 
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depending on the shape and characteristics of the non-normal distribution. (Brooks 2008, 

164-165.) 

 

Non-normality of data can affect the performance of the regression model, such as the 

goodness of fit, model predictions, and model diagnostics. For example, if the residuals are 

not normally distributed, the goodness of fit measures, such as R-squared, may not 

accurately reflect the model's ability to explain the variation in the response variable. 

Similarly, model predictions may be less reliable if the errors are not normally distributed. 

(Brooks 2008, 165, 167.) Non-parametric tests would be appropriate if the assumptions of 

normality and homoscedasticity are met, even if some parametric tests such as ANOVA 

are robust even with substantial violations of normality and other assumptions (Pett 2016, 

13).  

 

5.4.1. P-value 

The p-value represents the level of significance one would make a decision whether to 

reject the null hypothesis, or as Brooks (2008) refers it as the exact significance level. For 

example, if the p-value is under the chosen significance level of 0,05 the null hypothesis is 

rejected, meaning that there is 5% chance of incorrectly rejecting the null hypothesis. 

(Brooks 2008, 74.) Therefore, the p-value measures the strength of evidence against the 

null hypothesis. 

 

5.4.2.  RMSE 

Root mean square error or RMSE is a performance-evaluating metric that measures the 

differences between the actual and predicted values of the dependent variable. It gives out 

the predictions error, therefore a smaller RMSE indicates a better performing model with 

its predictive values being close to the actual values, on average. (Glen, 2023.)  

 
The technical notation is: 
 

𝑅𝑀𝑆𝐸 = 	6
1
𝑛) (𝑦"

&

"'%
− 𝑦9")! 
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Where: 

𝑦9" = forecasted value of the dependent variable 

𝑦" = actual value of the dependent variable 

n = number of observations 

 

5.4.3. R-squared and adjusted R-squared 

R-squared, referred to as the coefficient of determination, is a statistical metric that 

quantifies the proportion of the variance in the dependent variable (Y) that is explained by 

the independent variable(s) (X) in the regression model. It ranges from 0 to 1, with higher 

values indicating a more adequate fit of the model to the data. An R-squared value of 0 

implies that the model fails to explain any of the variation in the dependent variable, while 

a value of 1 means that the model explains all of the variation. (Watsham et. al, 1997, 199-

200.) However, R-squared alone can be misleading, as it tends to increase as more 

variables are added to the model, even if those variables do not significantly improve the 

model's performance. Adjusted R-squared serves as a modified version of R-squared that 

considers the number of variables incorporated in the model. (Watsham et. al, 1997, 203-

204.) 

The R-squared is denoted (Watsham et. al 1997, 199-200.): 

 

𝑅!	 = 𝑆𝑆𝑅 𝑆𝑆𝑇⁄  

Where SSR is the sum of squares of the explanatory part of the regression model denoted 

as: 

𝑆𝑆𝑅 = 	)(Ŷ" − Ŷ)! 

Whereas SST is the sum of squares of the explanatory variables denoted as: 

 

𝑆𝑆𝑇 =)(Ŷ" − Ŷ)! 
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The adjusted R-squared can be defied as such (Brooks 2008, 110) 

 

 
Where: 

n = is the number of explanatory variables 

k = is the number of independent observations 

 

5.4.4. Jarque-Bera test 

The Jarque-Bera test is in practice usually performed together with other statistical tests 

and graphical methods to assess the normality of the data. Hence, the test itself assesses 

whether the data is normally distributed by calculating a test statistic based on the 

skewness and kurtosis of the sample.  The null hypothesis is that the data is normally 

distributed and when the p-value associated with the test statistic is under the pre-specified 

significance level, such as 0,05 the null hypothesis can be rejected concluding that the data 

is not normally distributed. (Brooks 2008, 161-163.) 

 

The Jarque-Bera test also gives out a jbstat value that is to be interpreted through the chi-

squared table given critical value (appendix 3). Since the null hypothesis is that the data 

follows a normal distribution, if the jbstat is greater than the critical value there is evidence 

to reject the null hypothesis i.e., the data deviates from normality. When the jbstat is lower 

than the critical value there is no evidence to reject the null hypothesis meaning that the 

data is consistent with normality. (Baltagi 2021, 116.) 

 

The test checks whether the coefficients of excess kurtosis and skewness are zero, when 

the kurtosis of normal distribution is 3. Therefore, for excess kurtosis to be zero, the 

function is written (𝑏! − 3).  
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The Jarque-Bera test statistic is given as such. 

 

𝑊 = 𝑇 @𝑏%
! +	(𝑏! − 3)!
6 24

E	 
 
Where; 
W=  The test statistic. 
T= Sample size. 
𝑏%= Skewness. 
𝑏! =	Kurtosis. 

 
The test however might not be reliable on smaller samples, since it can be sensitive to 

outliers in the data. Therefore, using other methods such as visual graphs and actual 

calculated kurtosis values help assess the normality of the sample. (Brooks 2008, 163.) 

 

5.4.5. Anderson-Darling test 

The Anderson-Darling test is a statistical test used to determine whether a given sample of 

data is drawn from a specific distribution, such as the normal distribution. The Anderson-

Darling test is considered to be a more powerful test than the Kolmogorov-Smirnov test, 

which is another commonly used test of distributional fit. The Anderson-Darling test 

places more weight on the tails of the distribution, which can be useful in situations where 

the tails are of particular interest. (Coronel et al., 2010.) 

 

5.4.6. White’s test 

White’s test is performed to detect any ARCH effects in the data. ARCH effects refer to 

the presence of heteroscedasticity in the error terms of a time series model, where the 

variance of the errors is not constant over time. (Brooks 2008, 167). The white’s test is 

chosen to detect heteroscedastic residuals in the models. (Brooks 2008, 193). 

 

White's test, also known as the White heteroscedasticity test or the White's robustness test, 

is a statistical test used to evaluate the existence of heteroscedasticity within a regression 

model. Heteroscedasticity occurs when the variance of the error term (or residuals) in a 

regression model demonstrates systematic variation in relation to the values of the 
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independent variables, thereby violating the assumption of homoscedasticity, which 

assumes a consistent variance of the error term across all levels of the independent 

variables (Masakazu, 2007).  

 

The tests null hypothesis is that the residuals of the regression model are homoscedastic, 

meaning constant variance. The alternative hypothesis is that there is evidence of varying 

variance i.e., heteroscedasticity. The test results gives out the null hypothesis 0 or 1 with a 

pvalue to reinforce the interpretation. However, the White’s test statistic is to be 

interpreted through the chi-squared table given critical value (appendix 3), where if the test 

statistic is greater than the critical value it suggest that there is evidence to reject the null 

hypothesis and conclude that there is heteroscedasticity. However, if the test statistic is 

lower than the critical value the is no sufficient evidence to reject the null hypothesis 

meaning that the residuals are homoscedastic. (Baltagi 2021, 124.) 

 

 

To test the var(ut) = s2 < ¥ the residuals, ut are first obtained from the regression model. 

After obtaining the residuals the auxiliary regression is run as such. 

 

𝑢)! = 𝛼% + 𝛼!𝑥!) + 𝛼*𝑥*) + 𝛼+𝑥!)! + 𝛼,𝑥*)! + 𝛼-𝑥!)𝑥*) + 𝑣) 
 
Where; 
𝑣) = Disturbance term. 
ut = Residuals from the original regression model. 
 
White's test is a robust test for heteroscedasticity because it does not assume a specific 

form of heteroscedasticity, but rather allows for a general form of heteroscedasticity. 

(Brooks 2008, 133-135.) 

 

5.4.7. Durbin-Watson test 

The Durbin-Watson test is a statistical test used to examine whether first-order 

autocorrelation exists in the residuals of a time series or regression model. Autocorrelation 

pertains to the correlation observed between the residuals of a model at distinct time 

points, indicating the presence of unaccounted patterns or trends in the residuals. The 
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Durbin-Watson test statistic varies between 0 and 4 (graph 4), where a value of 2 suggests 

the absence of autocorrelation. (Brooks 2008, 144-145.) 

 
Reject H0 
Positive 
autocorrelation 

Inconclusive Do not reject H0 
No evidence of 
autocorrelation 

Inconclusive Reject H0 
Negative 
autocorrelation 

0  2  4 

Graph 4 The Durbin-Watson test statistic range 

 
Where; 
DW= The Durbin-Watson test statistic. 
The sum of squared differences between adjacent residuals = The sum of the squared 
differences between each residual and the previous residual in the time series.  
The sum on squared residuals = The sum of the squared residuals in the regression model. 
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6. Results 

In this chapter, we go through the statistical testing of the research material and present the 

results from the regression analysis and model testing. The chosen statistical test method of 

regression analysis is used to find an answer to the research problem, of which healthcare 

services are most influential in causing cost accumulation or decrements in special 

healthcare services. This is to understand what services should be targeted if the aim was to 

for example cut ESH costs or if these services could indicate preemptive services. 

 

 
Graph 5 Process of model formation 

 

Summary of results 

In the upcoming chapters (6.2 and 6.3) the results are presented in greater detail, but as a 

concise compendium the final results are introduced here. The statistical outputs of the 

linear models are shown in table 7, whereas the WLS model outputs are shown in table 8.  

 

The modelling began with creating a preliminary model entailing all of the 16 independent 

variables, this was called Model 1. The Model 1 was meant to be optimized by variable 

selection by enforcing specific significance levels of p-values (> 0,05) and the highest 

performing adjusted R-squared values. Proceeding to exclude the unfit variables to build 

the second Model 2 with only 9 variables. The model performance enhanced, however the 

model still had some optimization to be done by excluding one variable from it that had a 

p-value over 0,05. Model 3 constructed of 8 variables from the previous Model 2 that 

fulfilled the statistical significance level of 0,05. 



 
 

47 

 

The third model didn’t increase the model performance statistic (adj. R-squared) however, 

the p-value did decrease a little. However, with all the models having extremely low p-

values the increases or decreases are relatively insignificant. Therefore, other metrics such 

as RMSE, and the F-statistic versus the constant model value are also evaluated. 

 The fourth model (Model 4) was created by adding yet again variables by actually 

excluding the least significant ones from the original set of 16 variables. Therefore, Model 

4 had 11 variables in total and could actually perform surprisingly highly considering the 

amount of only relatively significant variables. This was to see if giving the model more 

opportunities to explain the variance by adding more variables would improve the previous 

models. And it did. The model testing phase was conducted only to Model 2 and Model 4, 

which were considered to be best.    

 
Table 7 Linear regression model results for each model 

Regression 
model 

Variables P-value Adjusted R-
squared 

RMSE F-statistic 
vs. constant 
model 

Model 1 16 1,53e-15 0,587 0,117 11.1 

Model 2 9 6,04e-19 0,6 0,115 19.8 

Model 3 8 5,49e-19 0,591 0,116 21.4 

Model 4 11 6e-18 0,598 0,115 16.3 

 
Through the OLS testing the optimal model was Model 2 due to its statistical significance 

and goodness of fit. However, it did not statistically significantly satisfy the normality 

assumption and also having slight indications of heteroscedasticity. For the model to be 

able to predict reliably values of the dependent variable, the independent predictors should 

be either transformed or  a robust model should be used for a non-normal data.  

 

However, in this thesis the aim is not to build a predictive model but rather understand the 

statistical significance of each variable in regards the dependent variable the model 

predictive accuracy is not a priority. Nevertheless, for further studies the changes needed to 

increase the sample size and transform the variables give potential for a statistically 

accurate predictive model. This was done to both of the tested Models 2 and 4 by using the 

weighted least squared regression (WLS) to address the model’s slight heteroscedasticity.  
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In case of Model 2’s WLS regression residuals still violated the normality assumption and 

therefore the residuals needed to be transformed by using the Box-Cox-method which 

involves taking the natural logarithm of the data. Regardless of the transformation, the 

transformation did not entirely eliminate the nonnormality. The WSL regression without 

the transformed variables being better than the box-cox altered ones, the Mdl_WSL1 was 

chosen even if the nonnormality was present.   

 
Table 8 Transformed new Models fitted using weighted least squares method 

Original 
regression model 

New 
transformed 
model 

P-value Adjusted R-
squared 

RMSE F-statistic vs. 
constant model 

Model 2 Mdl_WLS1 5,17e-18 0,573 0,0295 20 
Model 4 Mdl_WLS2 1,08e-52 0,919 0,302 117 

 
Model 4’s calculated absolute residuals were normally distributed, so the Box-Cox 

transformation was not necessary, however due to indications of heteroscedasticity the 

model was regressed using the weighed least squares method. The model was improved 

with Cook’s distance to include only influential observations in the model. This resulted in 

statistically optimal model for the data called Mdl_WLS2, which had an adjusted R-

squared value of 0,91 as well as an extremely high F-statistic versus constant model value 

compared to all the previous ones. Although Mdl_WLS1 has indications of negative 

autocorrelation whereas Mdl_WLS2 had slight positive autocorrelation.  

 

6.1. Significant service cost variables 

The significance of the independent variables may be affected by the nonnormality and 

heteroscedasticity of the data and therefore the statistical significance is compared together 

with each of the preliminary linear regression models. The statistical significance is 

determined through the linear models without regarding the weighted least squares models 

because of the variable transformations. The transformation of Box-Cox and the Cook’s 

distance alter the datapoints and even if they may result in optimal models, the 

observations have been transformed. For the purpose of variable significance, the 

alternations will not be considered since the outliers in the original variables included in 

the below models have a significance as actual data points, and not measurement errors.  
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The significance of the independent variables will be determined by the regression outputs 

such as p-value and the ANOVA F-statistic as. In table 9 the independent variables are 

examined by each of the four models. The Columns represent the ANOVA F-statistic value 

of each variable, with a star-notation to indicate whether the variable is significant 

regarding the regression output p-value. Three stars (***) indicate strong significance 

where as one (*) or zero indicate minimal or entirely lacking significance. The last column 

is the correlation value between each independent variable and the dependent variable. The 

heatmap coloring of the table gives a visual outlook on the significance status. 

 
Table 9 Significance of variables determined by p-value and f-statistic value 

 Independent 
variables 

F-statistic 
(Model 1) 

F-statistic  
(Model 2) 

F-statistic 
(Model 3) 

F-statistic 
(Model 4) 

Correlation 
with ESH 

LA1 5,394** 3,1219 5,3354** 3,5289 0,26 

LA2 4,5038** 5,4777** 
 

5,3909** 0,19 

LA3 0,8074 
   

0,12 

IH1 4,2989** 10,7346*** 8,7012*** 9,3334*** 0,11 

IH2 0,2870 
   

0,25 

IH3 0,9000 
   

0,27 

VH1 3,1584* 4,5608* 7,6222*** 5,4034** 0,26 

VH2 0,0182 
   

0,14 

VH3 3,2488* 12,8482*** 17,4161*** 9,1593*** 0,35 

KH1 7,1582*** 25,3619*** 25,1050*** 17,4955*** 0,42 

TK1 6,7719** 8,5881*** 12,2304*** 8,7600*** 0,19 

PH1 4,4814** 8,8817*** 12,7778*** 6,4675*** 0,08 

PTH1 12,0323*** 28,5570*** 26,7997*** 16,6629*** 0,57 

PTH2 0,9616 
  

1,3613 0,43 

PTH3 0,2171 
  

0,0002 0,33 

PTH4 0,1392 
   

0,06 

 
Regarding these statistics the most significant variables are PTH1 (primary health 

outpatient care), KH1 (home care services) and VH3 (other disabled care services). These 

all also have a moderate to strong positive correlations. Other significant variables are TK1 

(employment services), IH1 (elderly institutional care), PH1 (substance abuse special care 

services), VH1 (disabled institutional care) and LA2 (child welfare outpatient care). 
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6.2. Correlation analysis 

Correlation analysis helps to understand and identify the strength and direction of the 

relationships between the predictor variables. Highly correlated variables can cause 

multicollinearity in the regression analysis, resulting in unstable estimates and reduced 

predictive accuracy. (Brooks, 2008, 170-172.) Nevertheless, regression modelling assumes 

that there is a relationship between the predictor and response variable and understanding it 

further aids in selecting variables. In the sample data there are non-highly correlated i.e., 

values near -1 or 1, so no variables needed to be excluded due to correlation.  

 

The correlation matrix (appendix 2) does not show any coefficients that are extremely high 

or surprising based on prior knowledge on the variables. The variables with the strongest 

correlations have been listen in the table below (table 10).  
 

Table 10 Moderate to strong correlations between independent variables 

Variables Correlation Explanation 

IH2 / KH1 + 0,55 Elderly care round the clock housing services / Home 

care services 

IH3 / IH2 - 0,64 Other elderly care services / Elderly care round the clock 

housing services 

VH2 / KH1 + 0,55 Disabled round the clock housing services / Home care 

services 

VH3 / IH3 + 0,64 Other disabled care services/ Other elderly care services 

PTH3 / PTH2 + 0,49 

 

Primary health ward care services / Dental care services 

VH3 / VH2 - 0,43 Other disabled services / Disabled round the clock 

housing services 

IH2 / IH1 - 0,64 Elderly care round the clock housing services / Elderly 

institutional care 

 

In table 11 we can observe that the highest correlations are for the most part between 

different housing and round the clock services for elderly people and disabled people. 

There is a lot of evidence and also common sense in understanding why for example the 

IH3 / IH2 as well as IH2/IH1 pair have both a negative -0,64 correlation. In this case by for 

example investing in preemptive elderly care services we can reduce the need for round the 
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clock housing services. This is due to enabling the elderly folk to fend for themselves in 

their own home, rather than needing institutional aid. Since the correlation is negative the 

variables move on opposite direction, meaning that saving from IH3 services would cause 

the need for IH2 or IH1 services to rise. (WHO, 2017.) This effect is also seen in disabled 

care services. 

 

The variables with strong positive correlation indicate that the variables tend to increase or 

decrease together. For example, with the pair IH2 / KH1 the reasoning is relatively sound. 

As elderly care round the clock housing services (IH2) rise, so will rise the other home 

care services providing instance (KH1). An old or disabled person would need round the 

clock housing services after the home care services are not enough. (Soteakseli, 2023). 

One of the most interesting variable correlations is between PTH3 and PTH2, meaning that 

primary health ward care services and dental care services move in the same direction 

(correlation + 0,49).  

 

Good oral health is an essential part of well-being and general health, for example poor 

oral health is one risk factor, e.g., in the background of arteriosclerosis and heart and 

cerebral infarction. Latent and chronic infections of the mouth can also contribute to the 

onset of other serious diseases. (Hammaslääkäriliitto, 2023.) 

 

In table 10 there are the correlations between the independent variables and the ESH 

dependent variable. All the correlations are positive, which is somewhat expected 

especially since most variables funnel patients onward to special care (ESH), therefore, as 

one service increases, the other service tends to increase as well. Similarly, when one 

service decreases, the other service tends to decrease as well. This does not necessarily 

mean causality between the two services, meaning that there would be a cause and effect. 

However, regression analysis suggest causality if the relationship is statistically significant. 

Other tests for causality would be for example the Granger causality test. (Brooks, 2008, 

297-298.) 
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Table 11 Correlations between each independent variable and the dependent variable 

Correlation LA1 LA2 LA3 IH1 IH2 IH3 VH1 VH2 VH3 KH1 TK1 PH1 PTH1 PTH2 PTH3 PTH4 

ESH 0,26 0,19 0,12 0,11 0,25 0,27 0,26 0,14 0,35 0,42 0,19 0,08 0,57 0,43 0,33 0,06 

 

The strongest correlation is between PTH1 and ESH, which is to be expected as the clinical 

relationship between primary healthcare and special healthcare is strong. (Tervo, 1993). In 

figure 12 the variables scatterplot shows visually the positive correlation in an upwards 

motion.  

 

 
Figure 12 Scatter plot of the linear relationship between the PTH1 and the dependent variable ESH 

 
6.3. Linear model results (OLS) 

The preliminary regression model, Model 1 has all of the 16 X variables included to see 

the performance relative to the improved models. Including all of the variables means that 

every healthcare, social care, and elderly care service costs are regressed against the 

special health care variable Y. This preliminary model performed relatively well with a p-

value of 1,52e-15 and an RMSE (root mean squared error) value of 0,117 with individual 

standard error values being relatively low. Also, the adjusted R-squared is 0,58. However, 
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some explanatory variables have higher p-values than the decided 5% significance level 

and therefore the model could be improved (table 12). 

 
Table 12 Model 1 regression output 

Regression 
model 

Variables P-value Adjusted R-
squared 

RMSE F-statistic vs. constant 
model 

Model 1 16 1,53e-15 0,587 0,117 11.1 

 
Then, building a second regression model (table 13) to satisfy the 5% significance 

parameter of the p-value in the independent variables, meaning that only the variables that 

meet the requirement are included in the model. This entails the following variables of: 

LA1, LA2, IH1, VH1, VH3, KH1, TK1, PH1 and PTH1. With all the variable p-values 

being under 0,05 the adjusted R-squared has a slightly higher value of 0,6 compared to the 

original model (table 13). Also, the RMSE value has declined to 0,115 indicating a slightly 

better performing model with the independent variables being significant looking at t-

statistic- and p-values. In this model for example the t-statistic values are high, over 2 with 

a low, under 0,05 p-value, except for one variable LA1.  And since the t-statistic measures 

how many standard errors the estimated coefficient is from the hypothesized value of 0, if 

the t-statistic is large (i.e., greater than 2 or less than -2 in absolute value), it suggests that 

the estimated coefficient is statistically significant at the 5% level. Meaning that it is 

unlikely to have occurred by chance alone. Conversely, if the t-statistic is small (i.e., 

between -2 and 2), it suggests that the estimated coefficient is not statistically significant 

and may have occurred by chance. (Brooks 2008, 65–66.) 

 
Table 13 Model 2 regression output 

Regression 
model 

Variables P-value Adjusted R-
squared 

RMSE F-statistic vs. 
constant model 

Model 2 9 6,04e-19 0,6 0,115 19.8 

 
Since the second model, Model 2 had one variable that did not satisfy the 0,05-significance 

level measured as p-value, this variable LA1 was excluded from the next Model 3. Model 

3 would therefore construct of the following variables:LA2, IH1, VH1, VH3, KH1, TK1, 

PH1 and PTH1. Model 3 (table 14) did not surpass the previous Model 2 in performance, 

which is somewhat surprising. Though this could be due to the R-squared value tends to be 

higher than when you only include the variables with the lowest p-values (under 0.05) 

because including more variables provides more opportunities to explain the variation in 
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the dependent variable. This is because including additional variables may capture more of 

the underlying complexity of the relationship between the independent and dependent 

variables. (Brooks, 2008, 519-521.) 

 
Table 14 Model 3 regression output 

Regression 
model 

Variables P-value Adjusted R-
squared 

RMSE F-statistic vs. 
constant model 

Model 3 8 5,49e-19 0,591 0,116 21.4 

 

Since the chosen metric for estimating model fitness is R-squared and adjusted R-squared, 

it somewhat surprisingly shows that the optimal model remains as Model 2 rather than the 

modified and sparser model 3.  

 

However, incorporating additional variables also increases the risk of overfitting, which 

arises when a model becomes excessively intricate and captures the noise in the data rather 

than the underlying or fundamental signal. Overfitting can lead to a high R-squared value 

on the training data but poor performance on new data. On the other hand, when only 

including the variables with the lowest p-values, it is essentially simplifying the model and 

reducing the risk of overfitting. This may result in a lower R-squared value, but the model 

may be more robust and perform better on new data. (Brooks, 2008, 519-521.) 

 

Therefore, the decision to include all the independent variables or only the ones with the 

lowest p-values should be based on the research question, theoretical considerations, and 

the trade-off between model complexity and predictive performance. And therefore, the 

model is modified again with excluding variables from the original model (Model 1) that 

have a negative t-statistic value (such as LA3, IH3, VH2) and a high p-value alongside the 

low tStat (such as PTH4).  

 

This resulted in Model 4 (table 15), which has 11 variables in total, even some that 

individually have relatively poor statistic values. However, including more variables in the 

model did improve the model performance compared to the previous Model 3 looking at 

the adjusted R-squared values and RMSE. However, the p-value did increase a bit, still 

being statistically significant and under 0,05. 
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Table 15 Model 4 regression output 

Regression 
model 

Variables P-value Adjusted R-
squared 

RMSE F-statistic vs. constant 
model 

Model 4 11 6e-18 0,598 0,115 16.3 

 
6.4. Weighted Least Squares regression model results 

Since in model testing (chapter 6.5) both models 2 and 4 had indications of slight 

heteroscedasticity, the OLS models could be optimized by fitting a weighted least squares 

regression. Two of the best performing WLS models are shown in the table 16, however 

there were two more estimated models that did not increase the performance of the models 

and therefore did not have any desirable qualities to continue working on. One of the 

discarded models used the Box-Cox method to transform the variables in model 2 to fit the 

linear requirements better, nevertheless this did not result in a better performing model.  

Nevertheless, regarding model 2 the WLS fitted estimation did significantly change the 

results of the OLS model and therefore the Mdl_WSL1 optimization is superior to its 

predecessor Model 2 (table13).  

 
Table 16 Weighted least squares regression models outputs 

Original linear 
regression model 

New 
transformed 
model 

P-value Adjusted R-
squared 

RMSE F-statistic vs. 
constant 
model 

Model 2 Mdl_WLS1 2,17e-45 0,879 0,303 91,9 
Model 4 Mdl_WLS2 6,83e-67 0,972 0,268 317 

 
Model 4 did have slightly better test results compared to model 2, since both models had 

slight heteroscedasticity but only model 4 belonged to normal distribution with a 10% 

confidence level. The test results are further analyzed in the next chapter (6.5). However, 

to improve the nonnormality caused by outliers, Cook’s distance was used to remove any 

uninfluential observations. This resulted in a significantly better model named Mdl_WSL2. 

All statistics considered the optimal model is the Mdl_WLS2 that is derived from Model 4 

(table 15).  
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6.5. Model testing results 

Model testing was only done to the chosen preliminary OLS models 2 and 4. However, 

through the testing phase it was evident that the classical linear regression was not optimal 

for the sample data. Therefore, through optimizing the latest two models Mdl_WLS1 and 

Mdl_WLS2 were also tested to see if the performance enhancement of the models were 

achieved. With Mdl_WLS1 being an optimization of Model 2 and Mdl_WLS2 an 

optimization of Model 4.  

 

The testing results have been divided into sections going through the OLS assumptions, 

first in table 17 each of the models are evaluated on the basis of the assumption that the 

errors have zero mean. With each model being statistically significant according to the p-

values well under the set confidence level of 0,05. Also, each model’s goodness of fit 

considered through the adjusted R-squared value is relatively good or excellent, with 

Model 2 and 4 showing a worse fitness in regards to the WLS models. This is to be 

expected. The Mdl_WLS2 adjusted R-squared suggests that the model explains 

approximately 97% of the variation in the dependent variable, this indicated a strong 

relationship between the predictors and the response variable.  

 

Nevertheless, the WLS models were created to endure the sample data issues regarding 

nonnormality amongst others as is evident from the Jarque-Bera and Anderson-Darling 

tests. The data outliers or rather extreme values in this case explain the high kurtosis and 

shape of the residuals However, the tests suggest that the deviation from normal 

distribution is evident through the jbstat value since in all models that value does not 

exceed the chi-squared table given critical value of 5,991 (appendix 3). The Mdl_WSL2 

has the best test results, even if the results do not have enough of evidence to reject the null 

hypothesis on a 5% significance level. The Anderson- Darling test concurs with the 

previous results that even if the null hypothesis is not rejected, meaning that the sample 

follows normal distribution, the insignificant p-value disregards the h=0 changing the 

interpretation to h=1.  
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Table 17 Test results for the assumption that errors have zero mean 

E(ut) = 0 Model 2  Model 4  Mdl_WSL1 Mdl_WSL2 

Model P-value 6,04e-19 6e-18 2,17e-45 6,83e-67 

Model adj. R^2 0,6 0,598 0,879 0,972 

Jarque-Bera test h= 0 
p= 0,5 
jbstat= 1,0962 
 
 
 

h= 0 
p= 0,2720 
jbstat= 2,0855 
 

h=0 
p= 0,5 
jbstat= 0,7532  
 
 
 

h= 0 
p= 0,0931 
jbstat= 3,8362 
 
 
 

Kurtosis 3,2799 3,4904 3,2907 3,7419 

Anderson-Darling 
test 

h= 0 
pvalue= 0,2723 
 

h= 0 
pvalue= 0,0587 

h= 0 
pvalue= 0,2674 
 

h= 0 
pvalue= 0,4823 
 

 

With the sample data having slight nonnormality, the tests also suggest that models 2 and 4 

had heteroscedasticity. Proceeding to compare the Model 2 and its improved version 

Mdl_WSL1 (table 18) the visual examination of the residuals and the White’s test suggest 

that there is evidence of heteroscedasticity, but only slight. Since the White’s test statistic 

is significantly lower than the chi-squared table given critical value of 16,919 (appendix 3). 

Therefore, the assumption of constant variance is not significantly violated. 

 

The Model 4’s and its enhanced version Mdl_WLS2’s White’s test results (table 19) very 

similar, since the interpretation of the results could be equal. With the data being slightly 

heteroscedastic, since the test statistic is significantly lower than the critical value from the 

chi-squared table, it further supports the conclusion that there is no significant evidence of 

heteroscedasticity even if the test pvalue renders the test insignificant.  

 
Table 18 Test results for the assumption of homoscedasticity for model 2 and Mdl_WSL1 

Var(ut) = s2 < ¥ Model 2 values Mdl_WSL1 

White’s test h= 0 
pvalue= 0,3967 
White’s test statistic= 0,71817 

h= 0 
pvalue= 0,3237 
White’s test statistic= 0,97411 
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Residual plot 
(fitted values) 

 

 
Figure 13 Plot of fitted residual values, Model 2 

 

 
Figure 14 Plot of fitted residual values, 
Mdl_WSL2 

 
 
However, it is evident that even if the model fitness is improved by fitting the weighted 

least regression, the WSL does still not eliminate the heteroscedasticity completely. Since 

both Mdl_WSL1 and Mdl_WLS2 still show some heteroscedasticity in the residuals. From 

assessing the visual plot, however the heteroscedasticity is not apparent. And with other 

metrics showing model improvement the weighted least regression seems to fit the data 

better, even if it does not guarantee a homoscedastic data.  

 
Table 19 The results for the assumption of homoscedasticity for model 4 and Mdl_WSL2 

Var(ut) = s2 < ¥ Model 4 values Mdl_WLS2 

White’s test h= 0 
pvalue= 0,3579 
White’s test statistic= 0,84535 
 

h= 0 
pvalue= 0,8630 
White’s test statistic= 0,02979 

Residual plot 
(fitted values) 

 
Figure 15 Plot of fitted residual values, Model 4 

 

 
Figure 16 Plot of fitted residual values, Mdl_WSL2 

 
 
These results are expected since the results from the Jarque-Bera test already indicated 

some deviance from normal distribution (table 17). This also suggesting signs of 
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heteroscedasticity which is then again proved by the somewhat inconclusive results from 

the White’s test results (Tables 18,19).  

 

Regarding autocorrelation, the preliminary OLS regressions Model 2 had slight positive 

autocorrelation not as visible in the plot, however proved by the Durbin-Watson result of 

1,9314 (table 22). As the weights were assigned to the same observations and the weighted 

least regression was estimated, the slight positive autocorrelation was amplified. This is 

evident from the Mdl_WSL1 plotted lagged residuals and the Durbin-Watson test result of 

1,8893 (table 22). This can result because of outliers, since the weighted least regression 

can be sensitive to them. (Baltagi 2021, 134).  

 
Table 20 The results for the assumption of no autocorrelation for model 2 and Mdl_WSL1 

Cov (ui,uj) = 
0 

Model 2 values Mdl_WLS1 

Plotted 
lagged 
values and 
Case Order 
residual plots 

 
Figure 17 Plotted lagged values of Model 2 

 

 
Figure 19 Case order residual plot of Model 2 

 
Figure 18 Plotted lagged values of Mdl_WSL1 

 

 
Figure 20 Case order residual plot of Mdl_WSL1 

 
 
However, with Model 4 and especially Mdl_WSL2 the slight positive autocorrelation 

seems to be corrected with the weighted least squares regression. This is probably because 

the Mdl_WSL2 used Cook’s distance to identify and remove any uninfluential 
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observations as well as outlier values (Montgomery 2012, 5h of 84). Therefore, the WSL 

regression did not have any amplifying impact on the residuals.  

 
Table 21 The results for the assumption of no autocorrelation for model 4 and Mdl_WSL2 

Cov (ui,uj) = 0 Model 4 Mdl_WLS2 

Plotted lagged 
values and Case 
Order residual 
plots 

 

 
Figure 21 Plotted lagged values of Model 4 

 
Figure 23 Case order residual plot of Model 4 

 

 
Figure 22 Plotted lagged values of Mdl_WSL2 

 
Figure 24 Case order residual plot of Mdl_WSL2 

 
 
 
Table 22 Results for the assumption of autocorrelation (Durbin-Watson) for each of the models 

Cov (ut, xt) = 0 Model 2 Model 4  Mdl_WSL1 Mdl_WSI2 

Durbin-Watson test p= 1,9314 p= 2,0064 p= 1,8893 1,9680 
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7. Discussions and conclusions 

This chapter will hold discussions and conclusions on whether and to what capacity the 

research questions were answered. Also, the results are compared to relevant other studies.  

 

1st research question: What healthcare services are most statistically significant 

regarding the dependent variable ESH?  

 

Answering the first question is the backbone of the entire study, since it can potentially 

give implications on what services, regarding costs, should be targeted or understood better 

in order to preemptively either curb the special healthcare costs, or foresee their rising. 

This thesis does not go as far as to try and actually forecast the Northers Savo’s special 

healthcare costs, however it would be possible through the built regression model. The 

study nevertheless answers in the first research question by estimating four linear 

regression models, using purely and wholly the independent variables without excluding 

any observations. Since the extreme and potential outlier values are important cost factors 

that have potential influence on the dependent variable.  

 

With the cost data having traits of nonnormalicy and heteroscedasticity the classical linear 

regression models may be biased and inaccurate, therefore the significant variables are 

examined regarding all of the four models- not just the statistically optimal one. By using 

F-statistic and p-values the most significant variables are PTH1 (primary health outpatient 

care), KH1 (home care services) and VH3 (other disabled care services). These all also 

have relatively strong positive correlations with the dependent variable ESH (special 

healthcare).  

 

In the study done by the Finnish Institute for Health and Welfare (Holster et al. 2022.) the 

most important sociodemographic factors driving overall healthcare costs were 

disablement, unemployment, and low education level. And the diseases that cause the most 

additional costs to the system are neurological diseases, oral diseases, memory disorders 

such as Alzheimer’s as well as cancer diseases. Most of which have a high prevalence 

amongst the elderly.  
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Through these results it is possible to 1) orient in the structure, service paths, patient 

demography, and utilization rate of the statistically significant services to understand the 

practical ways to establish cost savings in special healthcare. And to 2) draw conclusions 

of what demography’s use these services the most, and if they are prone to increase the use 

of them to prepare for cost and utilization increases in certain services in the long run. For 

example, remembering the “demographic trap” and its hallmarks to optimize elderly care 

services in areas that have a lot of senior citizens, investing in preemtive care in order to 

create savings in the long run.  

 

2nd research question: Are the clinically proven relationships between special healthcare 

and home care services, dental care as well as primary healthcare statistically significant? 

 

Though, determining the statistically significant healthcare services that impact the use of 

special healthcare requires conducting empirical studies and analyzing the specific context, 

the cost data does a relatively good job in reinforcing the chain-links from the clinical 

studies. Since the single most significant variable is primary healthcare (PTH1) that has 

been found significant in clinical studies. (Kringos et al. 2001 & Starfield et al. 2005.) It is 

remarkable that the significance is also visible from the cost data, without using any 

complex data sources. This gives a loosely applied opportunity to survey the other 

significant variables as suggestions of also clinical importance.  

 

For example, the second most significant variable of home care services (KH1) provides 

preventive and supportive care to individuals with chronic illnesses, disabilities, or 

complex healthcare needs. By delivering care in a home setting, these services aim to 

prevent the exacerbation of health conditions and reduce the need for hospitalizations or 

specialized medical interventions. Home care can also contribute to recovery processes, 

reduce the length of hospital stays, and minimize the need for specialized healthcare 

services by facilitating rehabilitative services in the home environment. With home care 

often managing long-term and complex care needs, it plays a crucial role in managing 

severe disabilities, age-related health issues as well as chronic diseases. By providing 

motoring and coordinated care the service can reduce the need of special healthcare and 

institutional care. (WHO 2017 & Graverholt et al. 2014.) 
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Home care services are often considered a cost-effective alternative to institutional care 

settings, such as hospitals. By delivering care in the home, unnecessary hospitalizations, or 

admissions to specialized healthcare facilities can be avoided, resulting in cost savings for 

the healthcare system. (WHO 2017 & Graverholt et al. 2014.) 

 

Dental care (PTH2) however, was not found statistically significant even if there is clinical 

evidence on its preventive role in developing systemic health conditions such as 

cardiovascular disease, diabetes, and respiratory problems. However, these results have 

been established between diseases, not so much as services. And therefore, it is 

understandable that the financial trail of significance is nonexistent.  

 

The significance of healthcare services may vary depending on the population, and a 

multitude of other demographic factors. And it is equally important to note that in this 

thesis the data is restricted to only the area of North Savo. Therefore, any conclusions can’t 

be drawn on a general level regarding healthcare services and their significance. It is 

important to note that statistical significance alone does not imply the magnitude or 

practical significance of the relationship.  

 
It might be worthy to discuss whether in Northern Savo area if the practical significance 

from patient data concurs with the results of this thesis arisen from financial data alone. 

However, while more research is needed to fully understand the extent of the impact of home 

care services and primary healthcare on specialized healthcare, the evidence suggests that 

preemtive and preventive care has the potential to revolutionize healthcare delivery. 

(Starfield et al. 2005.) By prioritizing personalized care, promoting independence, and 

optimizing resource allocation, these services can contribute to a more sustainable and 

patient-centered healthcare system. 

 

3rd research question: Is it possible to create a statistically significant regression model by 

using the net operating cost data, to forecast the special healthcare costs in a rough 

estimation? 
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Even if the thesis’s objective was not to build a predictive model for special healthcare cost 

estimation, the possibility of forecasting is still interesting. Looking at the previous studies 

related to the healthcare sector, comparable and similarly constructed analysis were not 

found. Therefore, the novelty of the combining different approaches from the field offered 

a challenge, which turned out to be worthwhile. It however is up to debate, whether using 

financial cost data could offer a shortcut to understanding the regional pitfalls and 

opportunities regarding healthcare services. Could perhaps monitoring the financial data in 

a new way open up discussions about cost-efficiency, service modelling and optimizing? 

 

To answer the first part of the question,  is it possible to create a statistically significant 

regression model by using the net operating cost data , the answer is yes. Though the 

sample data is had its limitations being relatively small, slightly nonnormal and 

heteroscedastic as previous studies also prevailed. (Briggs et al. 2006, pp. 18, 81-82). The 

issues are possible to be corrected. Firstly, the financial cost data can be expanded by 

adding municipalities and years. Also, it hosts opportunities to analyze cost data through 

individual services, patient paths, or locations just by filtering the cost data. Handling the 

financial cost data is quite efficient, with the upside that it is data which is generated 

through necessary reporting processes in each Wellbeing service county. Therefore, it is 

easy to access and free of charge. 

 

The process of building a significant regression model went through a few stages of 

estimation and testing. But in the ends two models offer relatively good fit on the data 

explaining the variances even surprisingly well, them being Mdl_WSL1 (pvalue= 2,17e-45 

& adj. R^2= 0,88) and Mdl_WSL2 (pvalue= 6,83e-67 & adj.R^2= 0,97). Both models 

were fitted using weighted least squares regression, with Mdl_WSL1 having original 

variables in the model, whereas Mdl_WSL2 used Cook’s distance to include only 

influential observations in the model. Since the data did not have any outliers that were not 

actual datapoints, it is debatable whether removing them is necessary. Therefore, the two 

different models prevail in the end.  

 

Through model testing both of the models still had nonnormal distributions, however 

Mdl_WSL2 an acceptable amount since the deviance was relatively small. The 

heteroscedasticity of the data was addressed using the weighted least squares regression, 
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however it did not entirely eliminate the heteroscedasticity. Mdl_WSL2 also had no 

autocorrelation present, whereas Mdl_WSL1 had slight positive autocorrelation. After 

testing the models, it was evident that Mdl_WSL2 would be more optimal regarding for 

example forecasting. Since the model accuracy and goodness of fit (RMSE= 0,268, 

adj.R^2 =0,972), statistical significance (pvalue=0,0000) as well as parsimony are all 

significant. Though, model parsimony could be further assessed using information criteria 

such as the Akaike Information Criterion (AIC) or the Bayesian Information Criterion 

(BIC). With residual analysis the model fills relatively well the assumptions. A good 

regression model for forecasting would also exhibit characteristics for stability over time to 

ensure the model’s predictive powers remain constant, as well as robustness that ensures 

the model’s performance with different data, scenarios, and conditions.  

 

To answer the latter part of the 3rd research question, that could the model forecast the special 

healthcare costs in a rough estimation?- the answer to this was not determined to the full 

capacity of the question. Sure, the model Mdl_WSL2 is statistically significant, but the 

parsimony, stability or robustness were not evaluated. Therefore, it is not known whether 

the model could produce even a rough estimation for the special healthcare costs.  
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Appendix 2: Correlation matrix 
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Appendix 3: Chi-square distribution table 
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