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ABSTRACT 

Background Population ageing is one of the greatest 

challenges of the 21st century. While in 1996 the 

number of retirees to the total population in the 

European Union was 14.97%, by 2020 this number 

had risen to 20.6%. Numerous studies talk about 

different aspects of ageing, however the European 

economic and demographic literature do not pay 

enough attention to the quality of pensioners’ life. 

Objective In this paper, we provide a wide picture of 

their life exploring the individual differences. We 

used data from the 2017 wave of the 

multidisciplinary database Survey of Health, Aging 

and Retirement in Europe (SHARE), including 

personal data on 17,726 retired people from 24 

European countries by demographics, education, 

health status, and their finances. Method We 

examined the differences with Principal component 

analysis and OneWay ANOVA evaluating the F-test 

significances. Results We found that (i) the health 

status of European pensioners depends mainly on 

their age and gender, (ii) investment habits are most 

significantly connected to education level and the 

region, (iii) happiness is particularly defined also by 

education and the region. 

INTRODUCTION 

2012 was the European Year for Active Ageing and 

Solidarity between Generations. Numerous 

initiatives have been launched all over the continent 

to improve the quality of life of older people and to 

preserve their activity. Physical and mental health 

programs and digital catch-ups were supported by 

smaller and larger communities. This initiative has 

put the ageing Europe in a more positive perspective 

and turned the focus to the active and healthy ageing. 

At the research level, several scientific papers have 

been conducted examining the main aspects of 

ageing (active ageing, age-dependency, physical and 

mental health with ageing, sustainable pension 

systems etc.). However, global analysis of the 

European quality of life in retirement is not 

conducted in the last five years. We scanned the Web 

of Science database of articles with the keyword of 

“Quality of life” for the last 5 years and found that 

most of the papers analyzed mainly health concerns, 

less financial and overall happiness factors. 

In our research, we present a comprehensive picture 

of the factors influencing the quality of life of retired 

citizens of the European Union, and provide a cross-

country comparison of the most important factors 

influencing their well-being. To examine our 

research questions, we developed a linear factor 

model on the multidisciplinary database of Survey of 

Health, Ageing and Retirement in Europe (SHARE) 

to reduce the multivariate sample and to characterize 

the differences with a combination of some latent 

variables, and then to determine the differences 

between the groups of retirees. 

DATA: SHARE WAVE 7 

SHARE is a research database of citizens aged 50 or 

older from 28 European countries and Israel. The 

first wave of SHARE was conducted in 2004 with 

twelve countries, however the last wave took place 

in 2019 including a special covid-focus 

questionnaire. All surveys are taken personally with 

CAPI (computer-aided personal interview) and 

contain several modules, such as social network, 

health, housing, employment, and pension. Most of 

the waves create regular panel database, however 

some of them are supplemented SHARELIFE 

questionnaire, which focuses on respondents’ life 

histories. SHARE research is harmonized with the 

US Health and Retirement Study (HRS) and the 

English Longitudinal Study of Ageing (ELSA) and 

has become exemplary panel database for ageing and 
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retirement studies in the world (Börsch-Supan et al., 

2013). 

Thus, SHARE database is a proper source for socio-

economic and life-quality research, however its 

weaknesses derive from its strengths. Building a 

panel database is not straightforward, because new 

modules, questions are included in the upcoming 

waves, and based on the higher age of respondents, 

there is a certain level of attrition, as well (Börsch-

Supan et al. 2013). 

In our database, we used data of Wave 7 from 2017, 

because on one hand we wanted to include our home 

state, Hungary, and on the other hand we also wanted 

to analyze the most recent data available. (Before 

Wave 7, Hungary was included in Wave 4 (2011).) 

The first and most important challenge we faced 

during the compilation of the data set was the 

significant proportion of missing values. For 

example time-constant variables (e.g. nationality, 

marital status or number of children) are not asked in 

every wave only if it has changed since the previous 

waves, or not all questions or modules are answered 

by all respondents.  

In order to minimize missing data, we built our 

database on a specific SHARE module included 

different kinds of multiple weight calibration and 

imputations, moreover we added financial criteria 

filtered from other financial SHARE modules, with 

a main focus on the biggest potential sample size. 

Thus, our database contains data on 17,726 retired 

persons from 24 European countries: Austria, 

Belgium, Bulgaria, Croatia, Cyprus, the Czech 

Republic, Denmark, Estonia, Finland, France, 

Germany, Greece, Hungary, Italy, Latvia, Lithuania, 

Luxembourg, Malta, Poland, Portugal, Spain, 

Slovakia, Slovenia and Switzerland (retired means in 

SHARE: retired from own work, including semi-

retired, partially retired, early retired, pre-retired, not 

including those retired who receive only survivor 

pensions and no pensions from own work (SHARE, 

2017)). Wave 7 included also the Netherlands, 

Romania and Sweden but we left these three 

countries out from our research because of 

significant missing data. However, we aimed to form 

the widest possible sample, our dataset is not 

representative for none of the countries examined, 

therefore our findings are primarily valid for this 

sample, but may serve a basis for further research.  

In our analyses, we worked with 38 variables that 

sufficiently describe the socio-economic conditions 

and well-being of 24 European countries’ retirees. 

The distribution of our data by demographic criteria 

is shown in Table 1. 

Table 1: Demographic Data Distribution 

Variable Values 
Frequency 

(%) 

Gender 
Female 

Male 

60,2 

39,8 

Currency 
Euro-zone 

Non-euro-zone 

69,2 

30,8 

Region 

South-Europe 

North-Europe 

Western-Europe 

Eastern-Europe 

25,8 

24,2 

26,1 

23,9 

Type of 

residency 

Capital 

Agglomeration 

Big city 

Small city 

Village or other rural 

Missing or non-response 

15,3 

6,8 

14,9 

23,4 

39,3 

0,3 

Marital 

status 

Married, with spouse 

Married, separated 

Registered partnership 

Never married 

Divorced 

Widowed 

51,9 

1,3 

1,0 

5,5 

10,3 

30,1 

ISCED 

(1997) 

0 (less than primary) 

1 (primary) 

2 (lower secondary) 

3 (upper secondary) 

4 (post-secondary, non-

degree) 

5 (degree) 

6 (doctoral) 

3,9 

13,9 

20,3 

37,5 

4,8 

18,8 

0,8 

METHODOLOGY 

We used Principal Component Analysis (PCA) to 

reduce the dimension of 24 original (scale and 

categorical) variables. This method of factor 

extraction is used to form uncorrelated linear 

combinations of the original variables by 

eigenvector-eigenvalue decomposition. The first 

component has the highest eigenvalue, i.e. the 

maximum variance, however, the consecutive 

components explain decreasing variance. We 

applied the Kaiser rule to determine the optimal 

number of factors (where λ>1) and sought to keep a 

minimum of two-thirds of the total variance. Last, 

we applied Varimax rotation on the orthogonal 

factors to minimize the number of variables with 

high loadings on each factor in order to simplify the 

factor interpretation. Similar research was conducted 

by Grané et al. (2021), who applied PCA on SHARE 

survey data. 

The other 14 variables we did not include in our 

linear factor model were used as grouping variables 

in OneWay Analysis of Variance (ANOVA) to 

explore the differences of certain groups of 

pensioners. We created the F-test statistics and 

searched for the most significant variables visualized 

by using boxplots. These grouping variables were:  



- age-groups: 41-60, 61-70, 71-80, 81-90, 91+  

- gender: male or female 

- income level: percentiles on a country-basis 

- education: (i) 3 categories by rescaling ISCED-

97 into primary, secondary and tertiary, (ii) 2 

categories of non-degree (ISCED 0-4) / degree 

(ISCED 5-6) education 

- region of residency: based on the real-time 

statistics of Worldometer (2022) North, South, 

West and East-European countries.  

All our calculations are prepared using IBM SPSS 

Statistics 27.0. 

RESULTS 

In our linear factor model, we extracted 9 orthogonal 

components of the 24 original variables (λ>1), which 

explain 69.088 percent of the original variance. The 

adequacy of PCA is measured with the determinant 

of the correlation matrix (≈0), the Kaiser-Meier-

Olkin (KMO) measure of sampling adequacy (KMO 

= 0.792, meaning our data suitability is strong-

average), and the Bartlett’s Test of Sphericity (Chi2 

= 284,951, df = 276, α = 0.000, meaning our data are 

not uncorrelated). The nine factors are shown in 

Table 2 (details are attached in Appendix).  

Table 2: Components of Linear Factor Model 

No Factor λ 
Original 

variables 

1 Partner 4.326 

marital status, 

demographic 

indicators of partner  

2 Health 2.864 

number of chronic 

diseases, health 

problem or 

disability, self-

reported health 

condition 

3 Investments 1.839 

investment in mutual 

funds, stocks or 

shares, life-

insurance policy, 

retirement account 

4 Hospital 1.499 

nights spent in 

hospital, doctor 

visits 

5 Pension 1.437 

old-age, early 

retirement, and 

survivor pension, 

disability and 

sickness benefits 

6 Residence 1.301 
type of settlement 

and real estate 

7 Happiness 1.248 

self-reported life 

satisfaction and 

happiness  

8 Expenses 1.067 
food spending at 

home and outside 

9 Education 1.000 years of education 

 

In this paper, we want to focus on the three important 

factors, i.e. Health-, Investments-, and Happiness-

factors. (Details of complete linear factor model are 

accessible by the authors.) Table 3 shows the F-

values of OneWay ANOVA for the five grouping 

variables. The null-hypothesis of this F-test is that 

the means of groups do not differ, which could be 

rejected in all listed cases. 

Table 3: F-values of ANOVA (all with p=0.000) 

Grouping var Health Investments Happiness 

Age 

(10 years) 
310.6 58.2 5.3 

Gender 

(male / fem) 
266.1 201.9 8.6 

Income 

(percentile) 
46.7 123.7 54.7 

Education 

(degree / non) 
125.2 742.4 132.6 

Region 

(E, W, N, S) 
72.0 499.1 134.6 

The bold figures in Table 3 show the highest F-

values of each component, meaning that by Health-

factor the strongest grouping variable is the age, 

however by Investments-factor the education level, 

and by Happiness-factor the region of residence. In 

the next sections we visualize the most significant 

grouping variables by using box-plots. 

Health-factor 

Health-factor includes variables as the number of 

chronic diseases, health problem or disability, 

limitation with activities, self-reported health 

condition and the number of doctor visits in the 

previous year of the interview. Therefore, the higher 

Health-factor score is given to a person, the worse 

health condition s/he has. Figure 1 shows the 

relationship between the Health-factor and age 

(F=310.6, and p=0.000). 

 

Figure 1: Health Differences by Age-groups 

It is straightforward that there are the most health 

problems in the 91+ age group, however the first two 

age groups need more detailed explanation. When a 

person retires at the age of 50 (significantly before 

the official retirement age), there are most probably 

health issues in the background. This is the reason 



why the youngest pensioners have more health 

problems than people in the second age group. 

The same conclusion might also be found in 

Chatterji et al’s (2015) meta-analysis, where they 

found rising number of health problems (morbidity) 

with age in all analyzed countries. However, they 

also found that elderly in Italy, Spain and Greece 

face this increase earlier (between 50 and 70 years) 

than those in the Netherlands, Sweden, or 

Switzerland. 

Figure 2 shows the gender-dependency of Health-

factor (F = 266.1, p=0.000). Based on gender 

variable, we concluded that rather women suffer 

from multi-morbidity (several chronical diseases, 

health and mobility problems) and consider their 

own health condition to be more serious. 

Figure 2: Health Differences on Gender 

In line with our results, Grané et al (2020) found that 

depression and anxiety affect mostly older women 

causing serious health problems on the long run. 

Chatterji et al. (2015) also mention other 

longitudinal analysis besides SHARE (Health and 

Retirement Study, English Longitudinal Study of 

Ageing) that serve evidence for more health barriers 

of elder women. 

Investments-factor 

We obtained the highest F-values analyzing the 

Investments-factor, i.e. there are the most significant 

differences among European pensioners concerning 

their investment habits. In Table 3 the education 

grouping variable shows 742.4 F-value (p=0.000), 

which means the pensioners with high education 

have better financial literacy and they are more 

conscious about their investments. On Figure 3 we 

show the difference between the education groups. 

 

 

Figure 3: Investment Habit Differences between 

Higher and Less Educated People 

Investments-factor consists of 4 original variables: if 

the person ever had investment in (i) mutual funds, 

(ii) stocks or shares, (iii) life-insurance policy, or (iv) 

retirement account. (The higher value of the 

variables show the person did not have that specific 

saving or investment form ever.) Pensioners with 

tertiary education had significantly more 

investments of this type, than those with no higher 

education. Table 4 shows the 95% confidence levels 

for median of investments-factor grouped by 

education. 

Table 4: Confidence-level for Median (Investments-

factor with Education) 

 Median 
95.0% 

Lower CL 

95.0% 

Upper CL 

Non-degree  0.561 0.549 0.572 

Degree -0.082 -0.138 -0.032 

Garcia and Marques (2017) also used SHARE data 

(Wave 2 and 4) to analyze the influencing factors of 

the ownership of Individual Retirement Accounts 

(IRA) in eight EU countries. IRA is a special 

investment vehicle for long-term savings. They also 

came to similar results: they found that the years of 

education influence significantly and positively this 

kind of investments, however they did not find it 

statistically significant, if the person had degree. 

Comparing the Investments-factor by the regions of 

Europe (F=499.1, p=0.000), we obtained that the 

Western countries’ pensioners have had any of the 

four investment vehicles. However, pensioners in 

North-, East- and West-European countries do not 

show statistically significant differences. Figure 4 

and Table 5 present the diverse Investments-factor 

by the European regions. 



 
Figure 4: Investment Habit Differences between 

European Regions 

Table 5: Confidence-level for Median (Investments-

factor with Regions) 

 Median 
95.0% 

Lower CL 

95.0% 

Upper CL 

South 0.608 0.591 0.623 

North 0.618 0.607 0.626 

East 0.568 0.546 0.586 

West -0.145 -0.177 -0.096 

By gender differences of Investments-factor 

(F=201.9, p=0.000) we found that men dominate the 

usage of this financial vehicles. With this result, we 

approved the mainstream literature inter alia Barber-

Odean (2001) who proved men are more risk-taking 

and intend to invest in sophisticated financial 

vehicles than women. On the other hand, Garcia and 

Marques (2017) show that among SHARE Wave 2 

respondents male people are less likely to have 

Individual Retirement Accounts. It seems 

contradictory to our result, however; women’s low 

risk appetite could lay in the background of the use 

of low-risk savings products. 

Happiness-factor 

Considering the happiness of European pensioners, 

our prior assumption was that we would not find 

huge differences along with our grouping variables 

because the 24 countries are all developed countries 

and their happiness-indices (Helliweel et al., 2017) 

were all above the average 5.354 points in 2017 

(except for Bulgaria with its 4.714). However, we 

found differences mostly by region (F=134.6, 

p=0.000) and education (F=132.6, p=0.000) (see 

Table 3). Age and gender differences are also 

significant but these grouping variables are less 

dominant. 

Happiness-factor represents two manifest variables; 

how satisfied the person with his/her own life is (on 

a scale of 0 to 10) and how often s/he looks back on 

life with happiness (scale of 1 to 4). In Figure 5 and 

Figure 6 higher values show higher happiness of 

specific groups. 

Figure 5: Happiness Differences by Regions 

Our strongest grouping variable is the region with F-

value of 134.6 (p=0.000). Figure 5 and Table 6 show 

pensioners in Western countries asses their life the 

happiest, however in Northern and Eastern countries 

people reported less happiness. (In our research, 

Northern countries include Denmark, Finland and 

also the 3 post-socialist Baltic countries, this could 

be the interpretation why our results are slightly 

different from e.g. the ranking of Global AgeWatch 

Index (GAWI, 2018).) 

Table 6: Confidence-level for Median (Happiness-

factor with Regions) 

 Median 
95.0% 

Lower CL 

95.0% 

Upper CL 

South 0.128 0.080 0.171 

North -0.020 -0.055 0.030 

East -0.080 -0.119 -0.044 

West 0.403 0.376 0.435 

The second strongest grouping variable was the 

education (F=132.6, p=0.000), as Figure 6 proves 

those retired people with degree self-reported 

happier than the others without degree.  

 
Figure 6: Happiness Differences by Education 

Most of the well-being research projects report that 

education is a key factor of several aspects of life. 

Those people with higher education are happier, 

healthier, financially more literate, therefore they 

live in a higher level of well-being overall. For 

example, Becchetti et al. (2018) used SHARE data 

in their robust econometric model and found that 

people with higher ISCED level of education face 

lower risk of diabetes, hypertension and heart attack 

as those at lower ISCED levels. By including several 

other explanatory variables, their general conclusion 



was that both objective and self-reported (subjective) 

health conditions of European highly educated 

pensioners are better deriving from their lifestyle 

differences. 

CONCLUSIONS 

Our empirical work investigates on a large sample of 

Europeans aged above 50 whether there are 

differences of health, investment habits, and 

happiness among their specific groups. We collected 

data from the Wave 7 (2017) of Survey of Health, 

Ageing and Retirement in Europe multi-disciplinary 

survey database and compiled responses of 17,726 

retirees along 38 different variables. In order to 

reduce the dimension of these 38 variables, we built 

a linear factor model of 24 variables forming nine 

components and used the other 14 variables for 

comparing different aspects with ANOVA. This 

paper details three factors of our principal 

component analysis, however, the other six factors 

might be analyzed in further research papers. 

Our analysis led to the following conclusions. We 

documented that age, gender, education, income, and 

region of residence are all statistically significant 

variables considering differences in health, 

investments and happiness of elderly Europeans. 

Investigating three factors of the factor model we 

found: 

1. The health conditions are mostly dependent on 

age and gender, i.e. the older the person is, the 

more health issues s/he faces and women suffers 

more likely multi-morbidity than men.  

2. Investment habits of elderly differs by the level 

of education, thus people with degree have more 

experience investing in sophisticated financial 

vehicles. We also found that pensioners living in 

Western-European countries are financially more 

literate than those in other regions of Europe. 

3. Happiness level of highly educated pensioners is 

significantly higher than the less educated ones, 

and the ‘happiness-rank’ of European regions: 

west, south, north and east. (The Baltic countries 

belong to North-Europe in our analysis, along 

with the grouping of Worldometers, this could 

result in slightly different conclusions found in 

the literature.) 
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Appendix: Total variance explained by the linear factor model 

Total Variance Explained 

Com-

ponent 

Initial Eigenvalues 
Extraction Sums of Squared 

Loadings 

Rotation Sums of Squared 

Loadings 

Total 
% of 

Variance 

Cumulative 

% 
Total 

% of 

Variance 

Cumulative 

% 
Total 

% of 

Variance 

Cumulative 

% 

1 4.326 18.025 18.025 4.326 18.025 18.025 3.843 16.011 16.011 

2 2.864 11.935 29.960 2.864 11.935 29.960 2.682 11.177 27.187 

3 1.839 7.662 37.623 1.839 7.662 37.623 1.892 7.882 35.069 

4 1.499 6.244 43.867 1.499 6.244 43.867 1.544 6.432 41.501 

5 1.437 5.987 49.854 1.437 5.987 49.854 1.524 6.348 47.850 

6 1.301 5.421 55.275 1.301 5.421 55.275 1.473 6.136 53.986 

7 1.248 5.198 60.473 1.248 5.198 60.473 1.359 5.662 59.648 

8 1.067 4.448 64.921 1.067 4.448 64.921 1.264 5.268 64.916 

9 1.000 4.167 69.088 1.000 4.167 69.088 1.001 4.172 69.088 

10 0.815 3.398 72.485             

11 0.782 3.260 75.745             

12 0.743 3.094 78.839             

13 0.727 3.027 81.867             

14 0.626 2.607 84.474             

15 0.589 2.453 86.927             

16 0.570 2.373 89.300             

17 0.522 2.176 91.476             

18 0.514 2.141 93.617             

19 0.477 1.989 95.606             

20 0.450 1.873 97.479             

21 0.446 1.859 99.339             

22 0.153 0.639 99.978             

23 0.004 0.018 99.996             

24 0.001 0.004 100.000             

Extraction method: Principal Component Analysis 
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