
1 
 

 

 

Exploring Happiness Trajectories in the Dutch Population: Latent Class Analysis 

and the Impact of Demographic Factors 

 

 

 

Lu Huang 

Student number: 2904241 

Email: l.huang-3@student.utwente.nl 

 

 

Masters Thesis 

Positive Clinical psychology & Technology 

Faculty of Behavioural Management and Social Sciences 

University of Twente 

 

 

 

Original First supervisor: Sander de Vos 

Current First supervisor: Thomas Vaessen 

Second supervisor: Jannis Kraiss 

September 19, 2023 

  

mailto:huangl17@student.utwente.nl


2 
 

Abstract 

Background: Researchers have long been interested in the topic of happiness, yet 

there is a research gap in understanding long-term happiness changes and trends 

among the Dutch population. Given the focus on quality of life and mental health in 

the Netherlands, understanding longitudinal happiness changes and their influencing 

factors is crucial. Objective: This paper examines 14-year happiness trends within the 

Dutch population, identifies latent classes, and investigates the influence of age, 

income, gender, and education on these classes at a subgroup level. Method: Using 

LISS panel happiness survey data from 2008 to 2022, repeated ANOVA tests were 

conducted to analyze happiness change trends. Latent Growth Modeling was 

employed to explore class trajectories, and a two-step Multinomial Regression 

Analysis assessed the influence of age, gender, income, and education on class 

membership. Results: The findings indicate a slight decline in happiness over time, 

year accounting for 0.4% of the observed variance. Four distinct classes emerged: 

Stable High, U-shaped, Stable Medium, and Inverted U-shaped. Age, gender, income, 

and education each played a role in determining class categorization. Discussion: This 

study provides insights into happiness changes over time, and the influence of age, 

income, gender, and education on happiness classifications. Understanding these 

classes informs targeted policies and programs to reduce happiness disparities among 

different groups. These findings contribute to existing happiness literature and support 

evidence-based strategies for improving the happiness of these subgroups and the 

overall population's happiness. 

 

Key words: Happiness; Latent Growth Model Analysis; LISS Panel; Dutch.
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Exploring Happiness Trajectories in the Dutch Population: Latent Class Analysis 

and the Impact of Demographic Factors 

Introduction 

While discussions on what brings happiness have existed since ancient Greek 

times (Ryan & Deci, 2001), there is still much to explore regarding long-term changes 

in happiness specifically within the Dutch context. There is still a big study gap when 

it comes to knowing how happiness changes over time in the Netherlands (Smith & 

Easterbrook, 2020). The Netherlands consistently ranks high in the World Happiness 

Report, making it intriguing to understand their high levels of happiness and its trends 

(Helliwell et al., 2022). Studying happiness trends in the Netherlands helps the cross-

cultural understanding of happiness by identifying happiness fluctuations during a 

period of time and their underlying reasons (Headey et al., 2010; Smith & Johnson, 

2021). 

In addition to investigating happiness trends, exploring latent classifications of 

happiness is an interesting field of research. Latent classes are groups or categories of 

individuals or items within a larger population characterized by shared patterns of 

responses or characteristics (Lazarsfeld & Henry, 1968). Previous studies have 

investigated happiness latent classes, but little is known about the specific classes that 

could emerge within the Dutch population over an extended period (Bergman et al., 

2019). Studying latent classes of happiness in the Dutch population enables the 

identification of distinct groups of individuals with similar happiness experiences and 

trajectories, and understanding the unique challenges and needs of different classes 

(Clark et al., 2008). Longitudinal happiness studies enable researchers to investigate 

both the stability, change, and influencing factors of happiness across time (Headey et 

al., 2021). 
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Moving from the population level to sub-group level, while factors such as 

personality traits (DeNeve & Cooper, 1998), self-esteem (Baumeister et al., 2003; 

Orth & Widaman, 2012), socioeconomic status (Pinquart & Sörensen, 2001), age 

(Stone et al., 2010; Diener & Chan, 2011), income (Aknin et al., 2012; Bonicatto et al., 

2021), gender (Huang & Yang, 2022), and education (Nikolaev & Rusakov, 2015) 

have been extensively studied in relation to happiness, less attention has been given to 

examining how these factors interact within the context of latent classes and their 

implications for happiness. It is vital to investigate how age, gender, income, and 

education affect membership in distinct happiness classes to address this research gap 

and shed light on the relationship between demographic characteristics and happiness 

classes. This understanding can provide useful insights into the intersectionality of 

these aspects and their impact on overall happiness outcomes (Luhmann et al., 2012). 

It could aid in determining if certain age groups, genders, income brackets, or levels 

of education are more likely to fall into certain happiness classes (Weller et al., 2020). 

This can reveal the vulnerability and strength of the different classes (Moreno-

Agostino et al., 2020). With these insights, targeted interventions, policies, and 

support systems may be developed to fulfill the specific needs of different groups, 

hence improving the welfare of society (Weller et al., 2020). 

Happiness Change Over Time  

When examining the happiness change over time, it is crucial to differentiate 

between population-level happiness and subgroup-level happiness. Nationally, the 

Dutch population ranks fifth in overall happiness among 156 countries (Helliwell et 

al., 2022). Longitudinal studies utilizing data from the Dutch Household Panel Survey 

and the Dutch General Social Survey suggest that happiness fluctuates in the short 

term but generally remains stable in the long term (Huijts et al., 2014; Huinink & 
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Schneider, 2019). Additionally, research has highlighted the positive impact of factors 

such as economic growth, social support, and freedom on national happiness levels 

(Helliwell et al., 2020; Deaton & Kahneman, 2010). In the pursuit of enhancing 

happiness, researchers aim to uncover factors that could elevate happiness at both the 

population and sub-group levels (Diener, 2000). However, this pursuit operates under 

the assumption that happiness can be improved (Lucas & Donnellan, 2007). Studying 

how happiness changes over time in the Dutch population is essential because it 

assists policymakers in evaluating the effectiveness of their policies and the overall 

happiness of the population (Oswald et al., 2010; Clark et al., 2018). 

The data used in this study spans from 2008 to 2022, encompassing a 

substantial period marked by worldwide and local occurrences, economic fluctuations, 

and sociocultural changes. First, the 2008-2009 global financial crisis hit economies 

globally, including the Netherlands. This economic downturn affected employment, 

income, and financial well-being (Edey, 2009). Economic recessions can cause stress, 

instability, and job loss, which can affect happiness levels in the population level (Di 

Tella et al., 2010). Secondly, technology has advanced rapidly in the previous decade. 

Tech advancements have changed social connectivity, job relations, and information 

availability (Brynjolfsson, 2009). Technology and well-being research shows that 

these changes can affect happiness (Brynjolfsson & McAfee, 2014). Finally, the study 

period includes the COVID-19 pandemic in 2020. The pandemic has altered daily 

routines, mental and physical health, economic instability, and social interactions 

(Brooks et al., 2020). Studies have demonstrated that the pandemic negatively impacts 

well-being, in turn can affect Dutch populational happiness (Wang et al., 2021).  

In conclusion, the overall happiness within a population usually exhibits 

stability. Fluctuations in happiness could potentially be linked to external macro-level 
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events. As a result, the anticipation of changes in Dutch population happiness levels 

gains support when the data timeframe is considered alongside the significant events 

that have happened during that period. 

Exploring Latent Classes 

Beyond predicting overall happiness changes in the Dutch population, 

exploring latent classifications of happiness offers a way to uncover and understand 

distinct patterns and variations in individuals' experiences at a more specific subgroup 

level (Weller et al., 2020). Latent class analysis (LCA) identifies hidden population 

subgroups based on shared traits or patterns (Clogg, 1988). Grouping people into 

classes deepens population understanding and uncovers characteristics of each group 

(Schreibe, 2017). The study by Han and Hong (2011) utilized data from the Korean 

Retirement and Income Study to investigate happiness classifications among Korean 

adults aged 50 and above. Through Latent Class Analysis, the study identified three 

classes of happiness (low, moderate, and high). Specifically, one class with 

consistently high happiness (stable high class), one with consistently low happiness 

(stable low class), and one with moderately stable satisfaction (Han & Hong, 2011). 

Class Membership Prediction 

While a lot of research has been done on the relationship between 

demographics and happiness, less attention has been dedicated to understanding the 

factors that lead to class membership within identified latent classes, as well as what 

those factors mean for overall happiness. Age, gender, income, and education are 

some of the most important demographic factors that influence happiness (Diener and 

Oishi, 2005; Lucas, 2007; Clark et al. 2008). However, the findings from these studies 

show mixed results, requiring careful interpretations. Building on this notion, research 

uncovered a U-shaped age-happiness relationship, characterized by high happiness in 
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early adulthood, a dip in mid-life, and a rise in late adulthood (Blanchflower et al., 

2023). However, some studies suggest consistent levels of happiness throughout life 

(Deaton et al., 2010; Chan & Diener, 2011). Transitioning to gender differences, 

research yields mixed results. While some studies indicate higher reported happiness 

among women, others find no significant differences or even a recent decline in 

female happiness relative to males (Stevenson & Wolfers, 2009; Hori & Kamo, 2018). 

The relationship between income and happiness is also complicated. The renowned 

Easterlin Paradox suggests that increasing income does not proportionally raise 

happiness. (Easterlin & O'Connor, 2020). However, other research has indicated a 

positive relationship between income and happiness (Deaton, 2008; Stevenson and 

Wolfers, 2008; Sacks, Stevenson, and Wolfers, 2013). On the other hand, some studies 

argue that while an increase in income initially boosts happiness, once income 

surpasses a threshold of $75,000, its impact becomes less significant (Deaton and 

Kahneman, 2010). Regarding education, there is a consensus that individuals with 

higher levels of education tend to report higher levels of happiness (Helliwell et al., 

2020). However, there are also contradictory findings suggesting either a negative or 

insignificant correlation between education and happiness (Clark & Oswald, 1996; 

Green et al., 2011). 

In summary, understanding how demographic factors, such as age and income, 

influence the happiness classifications enhances our comprehension of societal well-

being and dynamics. This understanding helps policymakers, researchers, and social 

welfare professionals to strategically target interventions and allocate resources 

effectively, thereby contributing to improve happiness in the societal level. 

Current Study  

Building on the literature review, this study aims to investigate happiness 
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changes in the Netherlands from 2008 to 2022, with a focus on addressing several 

important questions. Firstly, is there a change in the happiness levels of the Dutch 

population during this 14-year span? This question essentially explores how people's 

happiness has evolved over time. Furthermore, are there distinct patterns of happiness 

classes that might exist within the Dutch population? This question aims to reveal 

subgroups representing different happiness experiences. Lastly, do age, gender, 

income, and education influence an individual's likelihood of belonging to specific 

happiness classes? This investigation helps understand the connection between these 

demographic traits and happiness classifications. 

Method  

LISS Panel 

The Longitudinal Internet Studies for the Social Sciences (LISS) Panel is a 

long-term socioeconomic data gathering project that aims to observe changes in 

participants' lives and provide insights into Dutch families and society. Demographics, 

personality, mental health, physical health, income, and other data areas are included 

in the project.  

Participants  

Recruitment process involved random selection of 10,150 Dutch addresses, 

followed by mailing letters and informational brochures about the study. A 10-minute 

phone call or a brief in-person interview was done to determine the appropriateness of 

participation, and the procedure included an evaluation of internet connectivity. Those 

who consented to participate confirm their participation either online or by a 

confirmation card. It is worth noting that the figure 10,150 refers to residential 

addresses rather than the number of participants; multiple people living at the same 

home may participate as different participants. In the end, a total of 20043 participants 
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were recruited.   

Participants received monthly module questionnaires, which took between 15 

and 30 minutes to complete and they had a three-month timeframe to complete each 

module. Completion of each module resulted in a 10-euro incentive. Personality and 

background variables datasets from 2008 to 2022 were downloaded for this study 

from the LISS Panel website (https://www.lissdata.nl/).   

Exclusion criteria 

Participants under the age of 16 in the first wave in 2008 were excluded, as 

well as those who did not complete the happiness survey item at the first wave in 

2008 were excluded.  

 The Longitudinal Internet Studies for the Social Sciences (LISS) Panel is a 

comprehensive long-term socioeconomic data collection project aimed at tracking 

changes in the lives of participants and providing insights into Dutch families and 

society. The project encompasses a wide range of data domains, including 

Demographics, Personality, Mental Health, Physical Health, Income, and more. 

Measurement 

Happiness was measured using a single survey question: "On the whole, how 

happy would you say you are?" This question was taken from the European Social 

Survey, which used a 10-point scale ranging from 0 (totally unhappy) to 10 (totally 

happy).  

Demographic variables:  

Age was calculated by subtracting participants' year of birth from the year of 

the first wave of data collection (2008). Gender information was self-reported, with 

participants selecting from three categories: 1) Male, 2) Female, and 3) Other. Income 

data were collected through participants' self-reports of their total gross monthly 
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income in Euros. Education level was collected based on participants' responses 

indicating their highest educational diploma. 

Data Analysis 

Data analysis was conducted using both SPSS and R-studio. To explore the 

change in happiness over time, the data set was prepared with only "ID" variable and 

14 waves of happiness scores. A repeated ANOVA was done to assess overall changes 

in happiness over time.  

For the second research question, exploring latent class in the data set, Latent 

Class Analysis was performed using the LCMM package (Proust-Lima et al., 2017) in 

R-studio. Firstly, four baseline models were tested: (1) models with fixed intercept 

and slope, (2) models with random intercept, (3) models with random intercept and 

slope, and (4) models with random intercept and slope with a quadratic effect. The 

best baseline model was chosen based on the AIC (Akaike Information Criterion), 

BIC (Bayesian Information Criterion), Loglik (log-likelihood) and ICL (Integrated 

Completed Likelihood) values. AIC and BIC are measures that balance model 

complexity and goodness of fit, with lower values suggesting a better fit (Schreiber, 

2017). Loglik value shows how well the model explains the data, with higher values 

indicating a better fit (Schreiber, 2017). ICL is a latent class analysis fit indicator that 

considers both model fit and classification accuracy, with lower ICL value suggests 

better model fit (Bertoletti et al., 2015). Once the optimal baseline model was 

established, an additional class was added to the baseline model, and the fit of each 

subsequent model was compared to the previous one. This process repeated until 

seven classes were generated. When interpreting results, comparing ICL, entropy, and 

BIC values is important.  Entropy is a measure that indicates whether or not people 

are correctly assigned to latent classes (Bergman, 2019). Higher values of entropy 
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suggest a more accurate overall class classification (Bergman et al., 2019). The ICL 

indicator is the BIC corrected for entropy, lower values suggest a better match for ICL 

indicator (Wang et al., 2017). 

Lastly, a two-step Multinomial Logistic Regression analysis was conducted to 

explore associations between independent variables (age, gender, income, and 

education) and happiness class membership over a 14-year period. In the initial step, 

the assumptions of linearity, independence, and absence of multicollinearity were 

checked. The VIFs were computed to evaluate multicollinearity, with all values found 

to be within acceptable range. The first step of multinomial logistic regression, the 

independent variables (age, gender, income, and education) were regressed against 

happiness classes without including the happiness intercepts. In the second step of 

multinomial regression, the intercept representing the happiness score in 2008 was 

added because a two-step approach allows for a more structured and in-depth 

exploration of these complex research questions.  

Results 

Happiness Trends 

The repeated ANOVA test demonstrated a significant effect of year on 

happiness levels (F (9.08) = 12.778, p < .001). However, the effect size is small, the 

generalized eta-squared of 0.004 suggests that year explains only a small proportion 

of happiness scores. Figure 1 depicts the overall change in happiness from 2008 to 

2022.  

Latent Class Analysis 

Among the four baseline models, model 4 (Random intercept and slope with 

quadratic effect) is the best fit baseline model. It demonstrates the lowest values for 

AIC, BIC, ICL1 and ICL2. Table 1 shows the baseline model fit indices. Figure 2 
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shows the happiness means per year alongside the predicted values from the quadratic 

model. The plot demonstrates that the model predicts the observed data points well, 

suggesting it is a good fit in terms of prediction accuracy. This further supports the 

selection of the quadratic model as the optimal model for analyzing the link between 

time and happiness levels. 

Figure 1 

Overall change in Happiness in 14 years from 2008 to 2022 

 

Latent Class Analysis indicated that the improvement in the ICL value stopped 

at the four classes (gm4), indicating that further additional classes did not contribute 

significantly to explaining the data. Moreover, the four class model exhibited a 

satisfactory entropy value of 0.70, indicating a relatively high degree of classification 

certainty. Further, the AIC and BIC values displayed similar patterns across the 

different models. This suggests that the complexity added by including more classes 

does not necessarily lead to substantial improvements in model fit. Based on these 

considerations, a Latent Class Analysis model comprising four distinct classes was 
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deemed to be the most suitable fit for the given data. Figure 3 depicts predicted 

trajectory based on happiness scores between 2008 to 2022. 

Table 1 

Baseline model fit indices for fixed intercept and slope, random intercept, fixed slope, 

random intercept, random slope, and random intercept, random slope, quadratic 

effect 

Model                 Loglik             AIC             BIC                  ICL1                  ICL2 

1        -152744.7 305495.5  305518.6  305518.6  305518.6 

2    -141150.3  282308.7 282339.4  282339.4  282339.4 

3   -140784.9  281581.7  281627.9  281627.9  281627.9 

4         -140751.4  281516.8  281570.7  281570.7  281570.7 

Figure 2 

Predicted vs observed scores of happiness in the quadratic model 

 

Figure 3 

Class specific mean trajectory for Happiness between 2008 and 2021 
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Table 2 summarizes information on the specifics of the happiness trajectories 

for each class. In the four-class model, Class 1, further referred to as "Stable High" is 

the largest class with 972 individuals, comprising 88.67% of the cases. The class 

probability for this group is 0.89, indicating a very high likelihood of belonging to this 

class. This class shows a significant baseline happiness level (Intercept = 7.81, p 

< .001) with a negative linear trend (β1 = -0.02, p < .001) over time, accompanied by 

a curvilinear pattern (β2 = -0.07, p < .001). 

Class 2, further referred to as "U-Shaped" class. It comprises 74 individuals, 

representing 6.95% of the total valid cases. The class probability for this group is 0.77, 

indicating a good chance of belonging to this class. This class shows an elevated 

initial happiness level (Intercept = 7.10, p < .001), followed by a significant decrease 

(β1 = -0.05, p < .003) and an upward curve (β2 = -0.02, p < .009). 

Class 3, "Stable Medium", consists of 35 individuals, accounting for 3.24% of 

the total population. The class probably is .82 indicating participants has a strong 
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probably belonging to this class. This class has a starting happiness score of (Intercept 

= 6.27, p < .001), and while the slope (β1 = 0.002, p < .68) showed minimal change, 

the quadratic effect (β2 = -0.007, p < .14) was not statistically significant. 

Class 4, "Invert U-Shaped" has the smallest sample size, with only 12 

individuals accounting for 1.12% of the total population. The class probability for this 

group is 0.65. This class exhibits a lower baseline happiness (Intercept = 4.33, p 

< .001), a non-significant downward trend (β1 = -0.09, p < .23), and non-significant 

curvature (β2 = -0.12, p < .32). 

Table 2 

Information on the specifics of the happiness trajectories for each class  

Class                         N                   Prob        Intercept               Slope (β1)           Quadratic (β2) 

1 Stable High       972 (88.67%)  .89       7.81(<.001) *         - .02(<.001) *      - .07 (<.001) * 

2 U Shaped        74(6.95%)       .77       7.10(< .001) *         - .05 (.003) *       - .02 (.009) 

3 Stable Medium     35(3.24%)      .82       6.27(<.001) *           .002(.68)             - .007 (.14) 

4 Invert U-Shaped   12 (1.12% )    .65       4.33(<.001) *           - .09(.23)              - .12 (.32) 

Two step multinomial Regression 

The two-step multinomial logistic regression analyses were conducted to 

examine the factors influencing happiness within three different classes: Stable 

Medium, U-shaped, and Invert U-shaped. The reference category for comparison was 

the Stable High class.  

First step Multinomial Logistic Regression (Without happiness intercept):  

Compared to the reference group, age (OR = 0.099, B = -.008, p < .01, 95% CI 

[0.982, 0.997]) in stable medium class showed a significant negative effect. This 

means that for every one-unit increase in age, the odds of belonging to the stable 

medium class decreased by 0.8%. In other words, as individuals in this class get older, 

they are less likely to belong to the stable medium class. Income (OR = .517, B = -



16 
 

 .66, p <.001, 95% CI [1.000, 1,000]) demonstrated a negative relationship between 

income and belonging to this class. However, the CI of 1.000 - 1.000 suggests that 

there is no meaningful variability in the effect estimate, meaning income has no 

impact on the class membership prediction in the stable medium class. Although 

gender (OR = 1, B = .00, p < .001, 95% CI [0.421, 0.634]) indicates that there is no 

statistically significant association between gender and belonging to the stable 

medium class. The CI suggests the odds of belonging to this class are not significantly 

different for male or female. Education (OR = 0.848, B = -0.165, p < .001, 95% CI 

[0.786, 0.915]). This indicates that a one-unit increase in education was associated 

with a 16.5% decrease in the odds of belonging to the Stable Medium class. 

Compared to the reference group, age in the U-shaped class (OR = 0.982, B = 

0.018, p < .001, 95% CI [0.974, 0.967]) was significantly associated with this class. A 

one-unit increase in age was linked to a 1.8% decrease in the odds of belonging to this 

class, indicating that as individuals get older, they are less likely to be classified in 

this group. Income (OR = 1.000, B = 0.000, p < .001, 95% CI [1.000, 1.000]) implies 

that there is no association between income and likelihood of belonging to the U-

shaped class. An odds ratio of 1 indicates that the odds of the outcome occurring are 

equal across different levels of income. The confidence interval [1.000 - 1.000] 

further suggests that the estimated effect size is not statistically significant. This 

outcome indicates that income is unlikely to be a significant determinant of the U-

shaped class. Gender did not show a significant impact on class membership in the U-

shaped class (OR = 0.435, B = -0.832, p > .05, 95% CI [0.326, 0.581]). Education 

demonstrated a notable association with class membership (OR = 0.908, B = -0.033, p 

< .001, 95% CI [0.823, 1.002]). For each unit increase in education, individuals 

experienced a 3% decrease in the odds of belonging to this class. 
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Table3 

Multinomial logistic regression analyses on variables that potentially influence 

happiness 

 

CI = 95% confidence interval, OR = odds ratio, MNLR = multinominal logistic 

regression analysis.  

The reference category is Class 3 Stable high class.  

*=p<.05, **=p<.01, ***=p<.001 

Compared to the reference group, age in the Invert U-shaped class (OR = 

0.967, B = -0.033, p < .001, CI: 0.952 - 0.982) showed a significant negative effect. 

This indicates that as individuals within this class age, their likelihood of belonging to 

this class decreases. The influence of income (OR = 1.000, B = 0.000, p < .01, CI: 1-1) 

was not statistically significant in determining membership in the Invert U-shaped 

class for happiness. Additionally, gender displayed a noteworthy negative effect (OR 

= 0.458, B = -0.723, p < .01, CI: 0.307 - 0.768), indicating that being female is 

associated with a higher probability of belonging to this class compared to the Stable 

High class. 

Second step Multinomial Logistic Regression (With happiness intercept):  

Age, income, and education are not significantly associated with class 

membership across all three classes after adding the happiness intercept. Gender (OR 
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= 0.720, B = -0.329, p < .05, CI: 0.553 - 0.936) shows a significant influence on class 

membership with being female is associated with a lower probability of belonging to 

stable medium class compared to males. 

Discussion 

The first research question was to examine happiness changes, and the results 

indicate that year has a significant but small effect on happiness levels. The second 

research question was to identify possible latent classes, results revealed four distinct 

classes based on participants' happiness trajectories over time. The third research 

question investigated the influence of age, income, education, and gender on class 

membership, with findings suggesting that age, income, and education initially impact 

class membership but lose significance when adding the happiness intercept. Notably, 

gender remains a significant factor, with females showing a lower likelihood of 

belonging to the stable medium class compared to males when compared to the 

reference class. 

Happiness Changes 

This study explored changes and trends in Dutch happiness at both the 

population and sub-group levels from 2008 to 2022. The results indicated the lowest 

happiness score observed in 2021, accompanied by a slight decline in happiness levels 

within the Dutch population. The year alone explained only 0.4% of the variance in 

happiness levels. One possible reason for this minor decline over the 14-year period 

could be attributed to the data collection timeframe. The first data wave labeled as 

2008 was actually completed in the third or fourth quarter of 2007 and transcribed 

onto the internet in 2008, hence the label. The same applies to the data labeled for the 

year 2021, representing people's happiness levels in 2020. Figure 1 visually shows 

that the happiness score in 2008 was slightly lower than in 2007 yet remained high at 
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above 7. This observation could be due to the Dutch economy's resilience through its 

flexible labor market and low unemployment (Masselink & van den Noord, 2009). 

This finding echoes Diener's systematic review (2015), indicating that overall 

population happiness generally remains stable, with minor fluctuations linked to 

macroeconomic factors like unemployment rates. Additionally, the lowest happiness 

score among the 14 waves was noted in 2021, reflecting the happiness scores in 2020, 

the year of the Covid-19 outbreak. The COVID-19 pandemic might have impacted 

people's happiness levels due to restrictions, uncertainties, and health concerns, which 

increased stress, anxiety, and disrupted daily routines (Mohring et al., 2020). 

Moreover, results indicated the year alone explaining only 0.4% of the variance in 

happiness levels. This suggests that factors beyond the year alone influence the minor 

decline in happiness levels. Building on these interpretations, future research could 

comprehensively explore the underlying reasons for the slight fluctuations in Dutch 

population happiness, such as societal dynamics or lifestyle shifts. Furthermore, a 

more in-depth investigation of the effects of COVID-19 on happiness could provide 

valuable insights.  

The second aim of this study was to explore if distinct class trajectories exist 

within the gathered happiness data. The results revealed that four classes exist in the 

data set, namely, stable high levels of happiness trajectory, U-shaped happiness 

trajectory, stable medium level of happiness trajectory, and lastly invert U-shaped 

happiness trajectory. The identification of four distinct classes reveals that not all 

Dutch individuals experience consistently high happiness levels over time. Each 

trajectory represents unique patterns of change. The stable high happiness trajectory 

encompasses nearly 89% of cases, reflecting a sustained high happiness level over the 

14-year period. Consistent with previous findings, the people in the Netherlands tend 
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to be generally happy (Helliwell et al., 2022; Boelhouwer, 2021). Economic research 

suggests link between high happiness levels may be linked to the country's sustained 

high GDP (Boelhouwer & van Campen, 2013), which is further supported by the 

consistent economic growth since 1974, ranking 17th globally (Economic Forum, 

2020). Additionally, factors such as low corruption, quality governance, and freedoms 

contribute to elevated population happiness levels (Clark et al., 2019). Building on 

this, the "happiness pie" model developed by Lyubomirsky et al. (2005), which 

attributes variance in happiness to a set point (50%), deliberate activity (40%), and 

circumstances (10%), suggests that people on different happiness trajectories may 

adopt different strategies in response to life events and engage in different life 

activities within the same macroenvironment. The observed classes and associated 

trajectories give helpful insights into the population's different well-being profiles, 

displaying different trends in happiness experienced by individuals over time. These 

diverse patterns indicate the presence of subpopulations with unique well-being 

patterns, which has crucial implications for developing tailored interventions that 

cater to the individual needs of these groups while taking their unique happiness 

trajectories into consideration. For instance, for the stable high trajectory group, 

strategies to maintain and enhance existing sources of happiness might be beneficial. 

On the other hand, for the U-shaped and inverted U-shaped groups, interventions 

could focus on assisting individuals during transitions or providing support during 

challenging periods. 

The third research question was to explore how age, gender, income, and 

education affect the above-mentioned class membership. Using the stable high class 

as reference class, the Multinomial Regression Analysis without intercept revealed 

that age has a significant effect on all three classes, as individuals age, their 



21 
 

probability of belonging to all three classes decreases compared with the reference 

class. This suggests that advancing in age is associated with a decreased likelihood of 

following these three happiness trajectories. This finding is in line with findings from 

Moreno-Agostino et al.’s study (2020), which suggest that there are no unitary 

trajectories for older population. Future studies might examine how happiness 

trajectories evolve and develop over even longer periods of time. Additionally, 

investigating how people move between different classes of happiness trajectories and 

if there are certain turning points or life events that affect these transitions. Gender is 

not significantly associated with class membership in both the stable medium and U-

shaped classes. However, females are more likely to belong to the invert U-shaped 

class. This suggests that women in this class experience a low initial level of 

happiness, followed by an improvement and then a decline. These findings align with 

Stevenson & Wolfers (2009), highlighting a potential gender-specific pattern within 

this trajectory. It shows the unique life transitions and challenges commonly faced by 

women. On a positive note, gender differences are only observed in the smallest class, 

indicating good overall gender equality within Dutch society. Research on gender and 

happiness indicates substantial improvements in women's happiness over the years 

(Audette, 2019). Moreover, gender equality positively affects both men and women, 

as enhancing women's happiness does not reduce men's happiness (Audette, 2019). In 

other words, gender equality elevates societal happiness.  Future research can focus 

on investigating the specific life transitions or challenges that contribute to the 

observed happiness trajectory among women in the invert U-shaped class. For 

example, future research could investigate how marriage and marital changes 

influence the happiness trajectory of women in the invert U-shaped class. Specifically, 

how getting married, going through divorce, or experiencing changes in marital status 
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affect the happiness trajectories among women in this group. Identifying and 

addressing these factors could lead to targeted interventions that support women 

during challenging periods and improve their well-being. Additionally, utilizing 

qualitative methods such as interviews or focus groups on future research could 

provide deeper insights into the subjective experiences and perceptions of individuals 

belonging to the invert U-shaped classes. Exploring these research directions could 

potentially uncover underlying factors and mechanisms that contribute to the gender 

differences observed in happiness trajectories within the invert U-shaped class.   

Regarding education, higher levels of education are associated with a 

decreased probability of being assigned to all three classes compared with reference 

class, indicating that higher education is linked to lower likelihood of following a U-

shaped, invert U-shaped and stable medium happiness trajectory. Building on 

previous research, higher education has been found to be associated with higher levels 

of self-reported happiness scores (Araki, 2021; Jongbloed, 2018). This relationship 

could be associated with better career opportunities, financial stability, or access to 

resources and support systems (Chen, 2012). It suggests that improving educational 

opportunities and attainment levels have positive implications for overall happiness 

and life satisfaction (Nikolaev & Rusakov, 2015). Future research could explore the 

mediating factors, such as self-efficacy and job satisfaction. that potentially mediate 

the relationship between education and happiness.  

The second step Multinomial Regression Analysis found that, after adding the 

2008 intercept happiness score, age, income, and education did not have an impact on 

class membership across all three classes. Which means the baseline level of 

happiness in 2008 is a stronger predictor for group classification compared to age, 

income, and education. This suggests that, the baseline happiness level in 2008 has a 
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lasting influence on their class membership, potentially overshadowing the effects of 

age, income, and education. However, gender did show a significant effect, indicating 

that females had a lower probability of belonging to the stable medium class 

compared to males. It suggests that there is a significant difference in happiness 

trajectories between males and females, even when controlling for the initial level of 

happiness in 2008. To gain a deeper understanding of gender and happiness, future 

research could investigate how different gender roles and social expectations 

contribute to the gender differences in happiness levels. For example, by adding a 

questionnaire that explores caregiving responsibilities for children or the elderly 

within families, comparing the experiences of men and women, and compare how 

these responsibilities influence their levels and trajectories of happiness. 

Strengths and Limitations 

  One strength of the study was its use of longitudinal data from the Dutch 

population over a 14-year period, allowing for the identification of changes in 

happiness patterns over time (Tomaszewski et al., 2020; Charles & Carstensen, 2010). 

Additionally, the research included individuals of various ages, enabling the 

investigation of age-related happiness and developmental patterns impacting 

happiness at different life stages (Franssen et al., 2020). The large sample size of 1093 

cases enhanced the generalizability of the results and statistical power to detect 

changes and associations (Johnson et al., 2014). Using data obtained from Dutch 

households provided representative insights into the specific Dutch population and 

facilitated comparisons with similar studies in cultural settings. Finally, by employing 

latent growth modeling, the study accounted for the layered structure of the data, 

allowing the exploration of background variables influencing happiness (Singer & 

Willett, 2003) and enhancing the accuracy and reliability of the outcomes. 
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However, the study had limitations. Firstly, a single self-reported question was 

used to assess happiness scores, which may be influenced by assumptions, reaction 

styles, and situational factors when participants answered the question (Diener et al., 

2013). Thus, the findings may not fully capture the complexity and 

multidimensionality of happiness, potentially affecting the reliability of the scores. 

Secondly, the study only considered age, gender, income, and education as predictors 

of happiness, neglecting other important factors such as marital status, health, and 

social support (Lyubomirsky et al., 2005; Diener et al., 1999). Including a broader 

range of predictors could provide a more comprehensive understanding of the factors 

influencing happiness. Thirdly, potential confounding variables, including life events 

and policy changes occurring during the 14-year period, were not considered in the 

analysis (Lucas & Donnellan, 2011), which could have affected the observed 

relationships. 

Conclusion   

This study provides a comprehensive assessment of changes and trends in 

Dutch happiness from 2008 to 2022. The result helps our understanding of happiness. 

While there is a significant effect of year on happiness levels, the effect size is 

relatively small, emphasizing the need to consider other factors influencing happiness. 

Furthermore, the identification of four distinct classes provides a deeper 

understanding of happiness trajectories over time for different groups of individuals. 

Lastly, the significant influence of gender on happiness trajectories over time 

emphasizes the importance of considering gender-related factors in understanding 

happiness differences. This detailed knowledge provides an opportunity for 

personalized treatments and policies aimed at sustaining and improving happiness 

based on people's unique trajectories. The findings could aid policymakers and mental 
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health professionals, as they may use this information to develop targeted treatments 

and strategies that address the unique well-being requirements of different subgroups.  

  



26 
 

References 

Brynjolfsson, E. (2009). Wired for innovation: How information technology is 

reshaping the economy. Cambridge, MA: MIT Press 

Di Tella, R., Haisken–De New, J, & MacCullogh, R. (2010). Happiness adaptation to 

income and to status in an individual panel. Journal of Economic Behavior & 

Organization, 76, 834–852. 

Headey, B., Muffels, R., & Wagner, G. G. (2010). Long-running German panel survey 

shows that personal and economic choices, not just genes, matter for happiness. 

Proceedings of the National Academy of Sciences, 107(42), 17922-17926. 

https://doi.org/10.1073/pnas.1008612107 

Diener, E., & Biswas-Diener, R. (2002). Will money increase subjective well-being? 

Social Indicators Research, 57, 119–169. 

Jongbloed, J. (2018). Higher education for happiness? Investigating the impact of 

education on the hedonic and eudaimonic well-being of Europeans. European 

Educational Research Journal, 17(5), 733-754. 

https://doi.org/10.1177/1474904118770818 

MacKenzie, D. I., Nichols, J. D., Royle, J. A., Pollock, K. H., Bailey, L., & Hines, J. E. 

(2017). Occupancy estimation and modeling: Inferring patterns and dynamics of 

species occurrence. Elsevier.  

Moreno-Agostino, D., De la Torre-Luque, A., De la Fuente, J., Lara, E., Martín-María, 

N., Moneta, M. V., Bayés, I., Olaya, B., Haro, J. M., Miret, M., & Ayuso-Mateos, J. L. 

(2020). Determinants of subjective wellbeing trajectories in older adults: A growth 

mixture modeling approach. Journal of Happiness Studies, 22(2), 709-726. 

https://doi.org/10.1007/s10902-020-00248-2 

Nikolaev, B., & Rusakov, P. (2015). Education and happiness: An alternative 

https://doi.org/10.1073/pnas.1008612107
https://doi.org/10.1177/1474904118770818
https://doi.org/10.1007/s10902-020-00248-2


27 
 

hypothesis. Applied Economics Letters, 23(12), 827-830. 

https://doi.org/10.1080/13504851.2015.1111982 

Schreiber, J. B. (2017). Latent class analysis: An example for reporting results. 

Research in Social and Administrative Pharmacy, 13(6), 1196-1201. 

https://doi.org/10.1016/j.sapharm.2016.11.011 

Veenhoven, R. (2019). Happiness over the life course:. The Origins of Happiness, 15-

30. https://doi.org/10.2307/j.ctvd58t1t.5 

Adler, M. D., Dolan, P., & Kavetsos, G. (2015). Would you choose to be happy? 

Tradeoffs between happiness and the other dimensions of life in a large population 

survey. SSRN Electronic Journal. https://doi.org/10.2139/ssrn.2640117 

Aknin, L. B., Hamlin, J. K., & Dunn, E. W. (2012). Giving leads to happiness in 

young children. PLoS ONE, 7(6), e39211. 

https://doi.org/10.1371/journal.pone.0039211 

Aknin, L. B., Norton, M. I., & Dunn, E. W. (2012). "From wealth to well-being? 

Money matters, but less than people think." Journal of Positive Psychology, 6(3), 219-

236. 

Akaike, H. (1974). A new look at the statistical model identification. IEEE 

Transactions on Automatic Control, 19(6), 716–723. 

https://doi.org/10.1109/TAC.1974.1100705 

Banerjee, A., & Chaudhury, S. (2010). Statistics without tears: Populations and 

samples. Industrial Psychiatry Journal, 19(1), 60. https://doi.org/10.4103/0972-

6748.77642 

Baumeister, R. F., Campbell, J. D., Krueger, J. I., & Vohs, K. D. (2003). Does high 

self-esteem cause better performance, interpersonal success, happiness, or healthier 

lifestyles? Psychological Science in the Public Interest, 4(1), 1-44. 

https://doi.org/10.1080/13504851.2015.1111982
https://doi.org/10.1016/j.sapharm.2016.11.011
https://doi.org/10.2307/j.ctvd58t1t.5
https://doi.org/10.2139/ssrn.2640117
https://doi.org/10.1371/journal.pone.0039211
https://doi.org/10.1109/TAC.1974.1100705
https://doi.org/10.4103/0972-6748.77642
https://doi.org/10.4103/0972-6748.77642


28 
 

https://doi.org/10.1111/1529-1006.01431 

Becker, C. K., & Trautmann, S. T. (2022). Does happiness increase in old age? 

Longitudinal evidence from 20 European countries. Journal of Happiness Studies, 

23(7), 3625-3654. https://doi.org/10.1007/s10902-022-00569-4 

Blanchflower, D., & Oswald, A. (2007). Is well-being U-shaped over the life cycle? 

https://doi.org/10.3386/w12935 

Brewe, E., Sasson, I., & Norbert Schwarz, K. (2020). Beyond hedonic adaptation: 

Change and stability in subjective well-being over time. Journal of Happiness Studies, 

21(2), 607-626. 

Charles, S. T., & Carstensen, L. L. (2010). Social and emotional aging. Annual 

Review of Psychology, 61(1), 383-409. 

https://doi.org/10.1146/annurev.psych.093008.100448 

Clark, A. E. (2018). Four decades of the economics of happiness: Where next? 

Review of Income and Wealth, 64(2), 245-269. https://doi.org/10.1111/roiw.12369 

Clark, A. E., & Oswald, A. J. (1996). Satisfaction and comparison income. Journal of 

Public Economics, 61(3), 359-381. https://doi.org/10.1016/0047-2727(95)01564-7 

Clark, A. E., Diener, E., Georgellis, Y., & Lucas, R. E. (2008). Lags and leads in life 

satisfaction: A test of the baseline hypothesis. The Economic Journal, 118(529), F222-

F243. 

Clogg, C. C. (1988). Latent class models for measuring. Latent Trait and Latent Class 

Models, 173-205. https://doi.org/10.1007/978-1-4757-5644-9_9 

Deaton, A. (2008). Income, health, and well-being around the world: Evidence from 

the Gallup world poll. Journal of Economic Perspectives, 22(2), 53-72. 

https://doi.org/10.1257/jep.22.2.53 

Deci, E., & Ryan, R. (2001). Intrinsic motivation, psychology of. International 

https://doi.org/10.1111/1529-1006.01431
https://doi.org/10.1007/s10902-022-00569-4
https://doi.org/10.3386/w12935
https://doi.org/10.1146/annurev.psych.093008.100448
https://doi.org/10.1111/roiw.12369
https://doi.org/10.1016/0047-2727(95)01564-7
https://doi.org/10.1007/978-1-4757-5644-9_9
https://doi.org/10.1257/jep.22.2.53


29 
 

Encyclopedia of the Social & Behavioral Sciences, 7886-7888. 

https://doi.org/10.1016/b0-08-043076-7/01810-6 

DeNeve, K. M., & Cooper, H. (1998). The happy personality: A meta-analysis of 137 

personality traits and subjective well-being. Psychological Bulletin, 124(2), 197-229. 

https://doi.org/10.1037/0033-2909.124.2.197 

Diener, E., & Chan, M. (2010). Happy people live longer: Subjective well-being 

contributes to health and longevity. PsycEXTRA Dataset. 

https://doi.org/10.1037/e675972011-001 

Diener, E., & Suh, M. E. (1998). Subjective well-being and age: An international 

analysis. In K. W. Schaie & M. P. Lawton (Eds.), Annual review of gerontology and 

geriatrics, Vol. 17. Focus on emotion and adult development (pp. 304–324). Springer 

Publishing Company. 

Diener, E., & Oishi, S. (2005). Money and happiness: Income and subjective well-

being across nations. Culture and subjective well-being, 103-123. 

Diener, E., & Chan, M. Y. (2011). Happy people live longer: Subjective well-being 

contributes to health and longevity. Applied Psychology: Health and Well-Being, 3(1), 

1-43. https://doi.org/10.1111/j.1758-0854.2010.01045.x 

Diener, E., Kahneman, D., & Helliwell, J. (2010). International differences in well-

being. https://doi.org/10.1093/acprof:oso/9780199732739.001.0001 

Diener, E., Lucas, R. E., & Oishi, S. (2018). Advances and open questions in the 

science of subjective well-being. Collabra: Psychology, 4(1). 

https://doi.org/10.1525/collabra.115 

Diener, E., Oishi, S., & Lucas, R. (n.d.). National Accounts of Subjective Well-Being. 

American Psychologist, 70(3), 234-242. https://doi.org/10.1037/a0038899 

Diener, E., Suh, E. M., Lucas, R. E., & Smith, H. L. (1999). Subjective well-being: 

https://doi.org/10.1016/b0-08-043076-7/01810-6
https://doi.org/10.1037/0033-2909.124.2.197
https://doi.org/10.1037/e675972011-001
https://doi.org/10.1111/j.1758-0854.2010.01045.x
https://doi.org/10.1093/acprof:oso/9780199732739.001.0001
https://doi.org/10.1525/collabra.115
https://doi.org/10.1037/a0038899


30 
 

Three decades of progress. Psychological Bulletin, 125(2), 276-302. 

https://doi.org/10.1037/0033-2909.125.2.276 

Diener E. Subjective well-being. Psychol Bull. 1984 May;95(3):542-75. PMID: 

6399758. 

De Vos, E., & Van Praag, B. (2017). Trends in life satisfaction and happiness 

inequality in the Netherlands, 1994-2015. Social Indicators Research, 133(1), 357-

378. 

Dolan, P., Peasgood, T., & White, M. (2008). Do we really know what makes us 

happy? A review of the economic literature on the factors associated with subjective 

well-being. Journal of Economic Psychology, 29(1), 94-122. 

https://doi.org/10.1016/j.joep.2007.09.001 

Easterlin, R. A., & O'Connor, K. (2020). The Easterlin paradox. SSRN Electronic 

Journal. https://doi.org/10.2139/ssrn.3743147 

Et al., P. (. (2021). Development of human relations for the happiness in new normal 

era. Psychology and Education Journal, 58(1), 3795-3798. 

https://doi.org/10.17762/pae.v58i1.1395 

Franssen, T., Stijnen, M., Hamers, F., & Schneider, F. (2020). Age differences in 

demographic, social and health-related factors associated with loneliness across the 

adult life span (19–65 years): A cross-sectional study in The Netherlands. BMC Public 

Health, 20(1). https://doi.org/10.1186/s12889-020-09208-0 

Green, J. D., Sedikides, C., Saltzberg, J. A., Wood, J. V., & Forzano, L. B. (2003). 

Happy mood decreases self-focused attention. British Journal of Social Psychology, 

42(1), 147-157. https://doi.org/10.1348/014466603763276171 

Helliwell, J., Norton, M., Huang, H., & Wang, S. (2018). Happiness at different ages: 

The social context matters. https://doi.org/10.3386/w25121 

https://doi.org/10.1037/0033-2909.125.2.276
https://doi.org/10.1016/j.joep.2007.09.001
https://doi.org/10.2139/ssrn.3743147
https://doi.org/10.17762/pae.v58i1.1395
https://doi.org/10.1186/s12889-020-09208-0
https://doi.org/10.1348/014466603763276171
https://doi.org/10.3386/w25121


31 
 

Helliwell, J. F., Layard, R., & Sachs, J. D. (2020). World Happiness Report 2020. 

Sustainable Development Solutions Network. 

https://worldhappiness.report/ed/2020/ 

Helliwell, J. F., Layard, R., Sachs, J. D., De Neve, J.-E., Aknin, L. B., & Wang, S. 

(Eds.). (2022). World Happiness Report 2022. New York: Sustainable Development 

Solutions Network powered by the Gallup World Poll data. 

https://worldhappiness.report/ 

Hoogendijk, E. O., Deeg, D. J., De Breij, S., Klokgieters, S. S., Kok, A. A., 

Stringa, N., Timmermans, E. J., Van Schoor, N. M., Van Zutphen, E. M., Van der  

Huinink, J., & Schneider, N. F. (2019). Does subjective well-being change with age? 

A within-person analysis using mixed-effect models. Archives of gerontology and 

geriatrics, 85, 103921. 

Horst, M., Poppelaars, J., Malhoe, P., & Huisman, M. (2019). The longitudinal aging 

study Amsterdam: Cohort update 2019 and additional data collections. European 

Journal of Epidemiology, 35(1), 61-74. https://doi.org/10.1007/s10654-019-00541-2 

Hori, M., Kamo, Y. Gender Differences in Happiness: the Effects of Marriage, Social 

Roles, and Social Support in East Asia. Applied Research Quality Life 13, 839–857 

(2018). https://doi.org/10.1007/s11482-017-9559-y 

Huang, M., & Yang, F. (2022). Self-transcendence or self-enhancement: People’s 

perceptions of meaning and happiness in relation to the self. 

https://doi.org/10.31234/osf.io/n72ud 

Huang, H., & Veenhoven, R. (2019). The trajectory of happiness in later life: 

Evidence from the Dutch Longitudinal Aging Study. Social Science & Medicine, 222, 

313-321 

Huang, L., & Yang, T. (2016). "The gender-specific impact of personal income on 

https://worldhappiness.report/ed/2020/
https://worldhappiness.report/
https://doi.org/10.1007/s10654-019-00541-2
https://doi.org/10.31234/osf.io/n72ud


32 
 

subjective well-being in contemporary China." Social Indicators Research, 127(2), 

865-885. 

Huang, M., & Yang, F. (2022). Self-transcendence or self-enhancement: People’s 

perceptions of meaning and happiness in relation to the self. 

https://doi.org/10.31234/osf.io/n72ud 

Jacobsen, E., Ran, X., Liu, A., Chang, C. H., & Ganguli, M. (2020). Predictors of 

attrition in a longitudinal population-based study of aging. International 

Psychogeriatrics, 33(8), 767-778. https://doi.org/10.1017/s1041610220000447 

Johnson, W. (2014). Analytical strategies in human growth research. American 

Journal of Human Biology, 27(1), 69-83. https://doi.org/10.1002/ajhb.22589 

Kahneman, D., & Deaton, A. (2010). High income improves evaluation of life but not 

emotional well-being. Proceedings of the National Academy of Sciences, 107(38), 

16489-16493. https://doi.org/10.1073/pnas.1011492107 

Kim-Prieto, C., Diener, E., Tamir, M., Scollon, C., & Diener, M. (2013). Integrating 

the diverse definitions of happiness: A time-sequential framework of subjective well-

being. Happiness Studies Book Series, 47-75. https://doi.org/10.1007/978-94-007-

5702-8_4 

Kringelbach, M. L., & Berridge, K. C. (2010). The neuroscience of happiness and 

pleasure. Social Research: An International Quarterly, 77(2), 659-678. 

https://doi.org/10.1353/sor.2010.0049 

Krys, K., Park, J., Kocimska-Zych, A. et al. Personal Life Satisfaction as a Measure 

of Societal Happiness is an Individualistic Presumption: Evidence from Fifty 

Countries. J Happiness Stud 22, 2197–2214 (2021). https://doi.org/10.1007/s10902-

020-00311-y 

Layard, R. (2011). Happiness and public policy: a challenge to the profession. 

https://doi.org/10.31234/osf.io/n72ud
https://doi.org/10.1017/s1041610220000447
https://doi.org/10.1002/ajhb.22589
https://doi.org/10.1073/pnas.1011492107
https://doi.org/10.1007/978-94-007-5702-8_4
https://doi.org/10.1007/978-94-007-5702-8_4
https://doi.org/10.1353/sor.2010.0049
https://doi.org/10.1007/s10902-020-00311-y
https://doi.org/10.1007/s10902-020-00311-y


33 
 

Economic Journal, 121(553), F1-F23. https://doi.org/10.1111/j.1468-

0297.2010.02447.x 

Lin, C., Cheng, T., & Wang, S. (2013). Measuring subjective well-being in Taiwan. 

Social Indicators Research, 116(1), 17-45. https://doi.org/10.1007/s11205-013-0269-z 

Luhmann, M., Hofmann, W., Eid, M., & Lucas, R. E. (2012). Subjective well-being 

and adaptation to life events: A meta-analysis. Journal of Personality and Social 

Psychology, 102(3), 592-615. https://doi.org/10.1037/a0025948 

Lucas, R. E. (2007). Adaptation and the set-point model of subjective well-being: 

Does happiness change after major life events? Current Directions in Psychological 

Science, 16(2), 75-79. 

Lyubomirsky, S., Sheldon, K. M., & Schkade, D. (2005). Pursuing happiness: The 

architecture of sustainable change. Review of General Psychology, 9(2), 111-131. 

https://doi.org/10.1037/1089-2680.9.2.111 

Masuda, Y. J., Williams, J. R., & Tallis, H. (2020). Does life satisfaction vary with 

time and income? Investigating the relationship among free time, income, and life 

satisfaction. Journal of Happiness Studies, 22(5), 2051-2073. 

https://doi.org/10.1007/s10902-020-00307-8 

Nikolaev, B. (2015). Economic freedom and subjective well-being. Economic 

Behavior, Economic Freedom, and Entrepreneurship. 

https://doi.org/10.4337/9781784718237.00021 

Nikolaev, B., & Rusakov, P. (2015). Education and happiness: An alternative 

hypothesis. Applied Economics Letters, 23(12), 827-830. 

https://doi.org/10.1080/13504851.2015.1111982 

Orth, U., Robins, R. W., & Widaman, K. F. (2012). Life-span development of self-

esteem and its effects on important life outcomes. Journal of Personality and Social 

https://doi.org/10.1111/j.1468-0297.2010.02447.x
https://doi.org/10.1111/j.1468-0297.2010.02447.x
https://doi.org/10.1007/s11205-013-0269-z
https://doi.org/10.1037/a0025948
https://doi.org/10.1037/1089-2680.9.2.111
https://doi.org/10.1007/s10902-020-00307-8
https://doi.org/10.4337/9781784718237.00021
https://doi.org/10.1080/13504851.2015.1111982


34 
 

Psychology, 102(6), 1271-1288. https://doi.org/10.1037/a0025558 

Oswald, A. J., Proto, E., & Sgroi, D. (2009). Happiness and productivity. SSRN 

Electronic Journal. https://doi.org/10.2139/ssrn.1526075. 

Pinquart, M., & Sörensen, S. (2000). Influences of socioeconomic status, social 

network, and competence on subjective well-being in later life: A meta-analysis. 

Psychology and Aging, 15(2), 187-224. https://doi.org/10.1037/0882-7974.15.2.187 

Powdthavee, N. (2010). Does education reduce the risk of hypertension? Estimating 

the biomarker effect of compulsory schooling in England. SSRN Electronic Journal. 

https://doi.org/10.2139/ssrn.1579569 

Proust-Lima, C., Philipps, V., Liquet, B., & Estève, J. (2017). lcmm: Extended Mixed 

Models Using Latent Classes and Latent Processes (Version 1.7.9) [Computer 

software]. Retrieved from https://cran.r-

project.org/web/packages/lcmm/index.htmlSchwarz, G. (1978). Estimating the 

Dimension of a Model. The Annals of Statistics, 6(2), 461– 464. 

https://doi.org/10.1214/aos/1176344136 

Singer, J. D., & Willett, J. B. (2003). Applied longitudinal data analysis: Modeling 

change and event occurrence. Oxford University Press. 

https://doi.org/10.1093/acprof:oso/9780195152968.001.0001 

Shin, J. (2016). The effect of young children's happiness program linked with Nuri 

curriculum on young children's happiness and self-esteem. Korean Journal of 

Childcare and Education, 12(5), 17-45. https://doi.org/10.14698/jkcce.2016.12.05.017 

Shin, D. C., & Johnson, D. M. (2016). "Culture and subjective well-being revisited." 

Journal of Happiness Studies, 17(5), 1719-1745. 

Steptoe, A., Deaton, A., & Stone, A. A. (2015). Subjective wellbeing, health, and 

ageing. The Lancet, 385(9968), 640-648. 

https://doi.org/10.1037/a0025558
https://doi.org/10.2139/ssrn.1526075
https://doi.org/10.1037/0882-7974.15.2.187
https://doi.org/10.2139/ssrn.1579569
https://doi.org/10.1214/aos/1176344136
https://psycnet.apa.org/doi/10.1093/acprof:oso/9780195152968.001.0001
https://doi.org/10.14698/jkcce.2016.12.05.017


35 
 

Stevenson, B., & Wolfers, J. (2009). The paradox of declining female happiness. 

https://doi.org/10.3386/w14969 

Stone, A. A., Schwartz, J. E., Broderick, J. E., & Deaton, A. (2010). A snapshot of the 

age distribution of psychological well-being in the United States. Proceedings of the 

National Academy of Sciences, 107(22), 9985-9990. 

https://doi.org/10.1073/pnas.1003744107 

Steptoe, A., Deaton, A., & Stone, A. A. (2018). Happiness at Different Ages: The 

Social Context Matters. Emotion, 18(3), 377-385. 

Timmermans, E. J., Hoogendijk, E. O., & Huisman, M. (2019). The longitudinal 

aging study Amsterdam (LASA): An overview. Encyclopedia of Gerontology and 

Population Aging, 1-6. https://doi.org/10.1007/978-3-319-69892-2_1090-1 

Tomaszewski, L. E., Zarestky, J., & Gonzalez, E. (2020). Planning qualitative 

research: Design and decision making for new researchers. International Journal of 

Qualitative Methods, 19, 160940692096717. 

https://doi.org/10.1177/1609406920967174 

Van den Berg, H., Manstead, A. S., Van der Pligt, J., & Wigboldus, D. H. (2006). The 

impact of affective and cognitive focus on attitude formation. Journal of Experimental 

Social Psychology, 42(3), 373-379. https://doi.org/10.1016/j.jesp.2005.04.009 

Verduyn, P., Brans, K., Conner, T. S., Coyne, S. M., de Witte, H., & Vansteenkiste, M. 

(2017). Happily ever after? A review of the literature on duration and determinants of 

subjective well-being. Applied Psychology: Health and Well-Being, 9(2), 291-322. 

Veenhoven, R., & Hagerty, M. (2006). Rising happiness in nations, 1946-2004: A 

reply to Easterlin. Social Indicators Research, 79(3), 421-436. 

Weller, B. E., Bowen, N. K., & Faubert, S. J. (2020). Latent class analysis: A guide to 

best practice. Journal of Black Psychology, 46(4), 287-311. 

https://doi.org/10.3386/w14969
https://doi.org/10.1073/pnas.1003744107
https://doi.org/10.1007/978-3-319-69892-2_1090-1
https://doi.org/10.1177/1609406920967174
https://doi.org/10.1016/j.jesp.2005.04.009


36 
 

https://doi.org/10.1177/0095798420930932 

 

 

 

 

https://doi.org/10.1177/0095798420930932

