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Abstract 
This paper explores the most robust determinants of life satisfaction using empirical 
analysis of World Values Survey data, including the latest version 4.0, time series 1981-
2022. Three significant ones emerged (a triad), namely contentment with household 
financial situation, freedom of choice and control, and democracy in terms of exposure 
to it and democratic values, all in a logit model with good accuracy of classification 
(AUC-ROC greater than 0.8) and a high maximum probability (more than 95%). 
Rigorous selection processes coupled with advanced methodologies such as variable 
selection, triangulation, cross-validations (random, and non-random - both on socio-
economic variables and dataset versions), overfitting removal, collinearity and reverse 
causality checks, and different regressions contributed to the evaluation and validation 
of the final most robust model. Zlotnik and Abraira’s prediction nomograms helped rank 
the predictors and stood behind the final model with three core components to estimate 
life satisfaction probabilities. The findings are a step forward in life satisfaction 
research and provide significant ideas for policymakers. 
Keywords: World Values Survey (WVS); life satisfaction; financial contentment; 
freedom of choice and control; democracy. 
JEL Classification: I31, C55, G51. 
 
1. INTRODUCTION 

Life satisfaction seems to be a complex and subjective concept that can 
vary so much from person to person and can depend on many factors such as 
personal values, relationships, health, financial situation and stability, and life 
experiences. While some people find happiness in money (Boyce et al., 2010) 
and material possessions (Keng et al., 2000; Sirgy et al., 2013), others find it in 
spiritual or emotional fulfillment (Koohbanani, 2013). Life satisfaction does not 
seem to be under the governance of a single formula. Moreover, its attainment 
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varies from person to person, and individuals must discern what brings them 
fulfillment and happiness and actively pursue those aspects in their personal 
lives. It could also mean there are general and specific patterns for this 
satisfaction. The primary focus in this paper is on the former. 

The study of life satisfaction is not something new. Historically, this 
research line can be rooted in the 18th century (Veenhoven, 1996), associated 
with Enlightenment thought. From this point of view, the purpose of existence is 
life itself rather than serving the ruler or God. Therefore, self-improvement and 
happiness become central values in a society responsible for providing citizens 
with what is necessary for a good life. The same conviction manifested a century 
later under the form of the Utilitarian Creed that the best society is that which 
offers the greatest happiness for the highest number of people and inspired two 
centuries later large-scale attempts to carry out social reform and influenced the 
development of the welfare state (Pacek and Radcliff, 2008). The overall 
progress started with creative efforts of a better society, translated first into 
attempts to avoid ignorance, diseases, hunger, and poverty, as well as increasing 
the level of literacy and controlling diseases and epidemics and later into ways to 
ensure a good life for all, and a good material standard of living through 
monetary earnings, income security, and income equality. The latter has given 
rise to much social research on poverty and social inequality (Schröder, 2016; 
Roth et al., 2017). Later, the term quality of life emerged in the context of the 
new themes related to the limits to economic growth and post-materialism. 

In terms of differences between life satisfaction and happiness (San Martín 
et al., 2010), the latter is often described as a more momentary and emotional 
state (Silbermann, 1985; Mangels, 2009; Sundriyal and Kumar, 2014), often 
influenced by external factors such as events, experiences, or possessions. It can 
be short-lived and fluctuate frequently. Moreover, life satisfaction is a more 
enduring and cognitive evaluation of a particular life, as a whole or overall 
happiness (Lu, 1999; Suldo et al., 2006; Veenhoven, 2012; Zhang et al., 2018). 
It comprises many factors, including individual overall sense of purpose, 
relationships, financial stability, health, etc. Life satisfaction tends to be a more 
stable and long-term assessment of happiness. It is worth noting that while there 
is often an overlap between happiness and life satisfaction, they are not the same 
thing and can exist independently of each other. One can feel happy at a 
particular moment but still have low life satisfaction or vice versa. 

Other authors also indicate the role of socio-demographic and individual 
features (Argan et al., 2018; Rajani et al., 2019). They emphasize influences 
from this category above, such as age, gender (Becchetti and Conzo, 2022), 
psychological features, lifestyle, participation in leisure activity, and satisfaction 
related to spending free time or leisure satisfaction (Dirzyte et al., 2022). 

Life satisfaction is more liable to shifts in the aspiration level (Ng, 2022) 
when compared to happiness, thus reducing the comparability of the resulting 
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indices. Moreover, life satisfaction is the evaluation of personal life, not simply 
the current level of happiness (Feldman, 2008). 

According to some other authors (Gundelach and Kreiner, 2004; Li et al., 
2017), higher levels of freedom of choice and control are usually strong 
influences associated with life satisfaction. From other perspectives (Diener and 
Diener, 2009; Oishi et al., 2009), those with higher levels of financial 
satisfaction are also more inclined to show higher levels of life satisfaction. 

According to other scholars, those more inclined and exposed to democracy 
as an expression of the will of the people (Denton, 2015) and of the subjectivity 
of the society (Łużyński, 2019) or as a crucial way to realize human rights (Yin, 
2022), are also more likely to be satisfied with their lives (Dorn et al., 2007; 
Owen et al., 2008). 

Some socio-demographic features (Meléndez et al., 2009) seem to be also 
significant influences associated with this type of satisfaction. For instance, 
some researchers (Kassenboehmer and Haisken-DeNew, 2012; Hellevik, 2017; 
Bartram, 2020; Bittmann, 2021; Kaiser et al., 2022) invoke even an U-shape 
when it comes to the graphical representation of the influence of age on life 
satisfaction, with high levels of life satisfaction in young adulthood, a gradual 
decline in middle age with a minimum of being satisfied with life between 40 
and 60 years of age, and then an increase in later life. Other scholars revealed 
significant correlations between personality, self-esteem, and life satisfaction 
(Halvorsen and Heyerdahl, 2006) or between optimism-related variables, goal 
orientation, and the same type of satisfaction (Supervía et al., 2020). 

Still, the main hypotheses of this paper are: 
 H1-Freedom of choice and control (Verme, 2008; Sohier, 2018) are 

strongly related to well-being, happiness, and this type of satisfaction 
(Bartolini and Sarracino, 2015). 

 H2-Financial choice and satisfaction are closely associated with well-
being, the latter being considered more than happiness and life 
satisfaction (Ruggeri et al., 2020). Therefore, the first two are also 
related to being satisfied with life. 

 H3-Democratic values (Keane et al., 2012) positively correlate with 
increased life satisfaction. 

The article further describes the data and methodology used before 
presenting and discussing the main findings in a dedicated section. 
 
2. DATA AND METHODS 

This article started from one of the most comprehensive World Values 
Survey (WVS) datasets. The latter (version 4.0, WVS_TimeSeries_4_0.dta - 
https://www.worldvaluessurvey.org/WVSDocumentationWVL.jsp) includes 
1,045 variables and 450,869 raw observations. It served all selection rounds. 
Other three versions have been used just in the first selection round (Adaptive 
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Boosting in the Rattle visual library of R), namely: version 3.0 
(WVS_TimeSeries_1981_2022_Stata_v3_0.dta, 1,041 variables and 440,055 
observations, available online on the WVS site until the end of 2022), version 2.0 
(WVS_TimeSeries_1981_2020_stata_v2_0.dta, 1,072 variables, and 432,482 
records) and 1.6 (WVS_TimeSeries_stata_v1_6.dta, 1,045 variables, and 426,452 
observations), the latter two still available on the WVS site. Their .csv (Comma-
Separated Values data format) exports were preceded by designing, testing, and 
running a script sequence responsible for removing the DK/NA (Tsikriktsis, 2005) 
values, Don't Know or No Answer/No Opinion or Not Applicable/Not Asked - 
coded by WVS as negative ones, artificially increasing the scales, and not beneficial 
for selections. Figure 1 and https://tinyurl.com/ddz8239j of all variables and by a 
simple binary derivation, i.e. A170bin of the original variable to analyze A170, 
Satisfaction with your life. This applies considering the two symmetric halves of its 
original scale: 1-5 for 0, and 6-10 for 1, https://tinyurl.com/3h59wyhp. Moreover, 
the option to generate numerical values for labeled variables, instead of the text, was 
enabled when exporting, e.g., export delimited using "F:\data\WVS-
TS4_A170bin.csv", no label replace. 

 
Running 1remove_DKNA.do for Stata (at https://tinyurl.com/ddz8239j) 

 
Figure 1. The target variable and the frequency of its values before and after 

removing (1remove_DKNA.do for Stata) the artificial increase of scales due to the 
original encoding of DK/NA values as negative numbers by WVS 
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The next step was to load these .csv exports into the Rattle interface, version 
5.5.1 – started using two commands in R, namely library and rattle, then set A170bin 
as the target, ignore its source A170 from the list of inputs and apply the Adaptive 
Boosting technique for the decision tree classifiers (Karabulut and Ibrikci, 2014). This 
step ran (Chen et al., 2008; Williams, 2011) for four versions of this most 
comprehensive dataset of WVS - v4.0, 3.0, 2.0, and 1.6 - using default settings. The 
purpose was to discover the most resilient related variables at the intersection of those 
four versions, cross-validation considerations. The latter was the 1st selection round, 9 
resulting variables. 

Other alternative selections applied only to the most recent and 
comprehensive version (4.0) and starting after the same DK/NA treatments 
considered: 

 The use of the Naïve Bayes classification algorithm inside the Microsoft 
DM add-in for spreadsheets that works together with SQL (Structured 
Query Language) Server Analysis Services 2016 on a machine running 
Windows 10 Professional X64; 

 The use of filter options applied to the results of a correlation command 
(PCDM or Pairwise Correlation-based Data Mining) for selections in 
Stata 17 (invoked for the scale form of the target variable, namely A170, 
Figure 2) on the same machine.  

First, they meant a minimum threshold of 0.1 (Schober et al., 2018) for the 
absolute values of pairwise correlation coefficients (Homocianu and Airinei, 
2022) between each recoded variable from the previous step and the one to 
analyze. In addition, a maximum accepted p-value, max p=0.001, and a 
minimum support afferent to a minimum number of valid observations for the 
target variable, at least half the total corresponding number – 444917/2, Figure 
2, for each pair. 

Only seven (7) variables proved to be the most resilient at the intersection 
of Adaptive Boosting (Rattle in R), Naïve Bayes (Analysis Services), and 
PCDM (Stata). From these seven, only the first six were confirmed, successive 
invocations until no loss in selection, when using CVLASSO or Cross-
Validation LASSO for performing random cross-validations and RLASSO or 
Rigorous LASSO for removing overfitting available after installing the LASSO - 
Least Absolute Shrinkage and Selection Operator pack (Ahrens et al., 2020), and 
the BMA (Bayesian Model Averaging) command in Stata 17 for both forms of 
the target variable (S002VS set as auxiliary influence in BMA). 

Additionally, some socio-demographic variables served non-random cross-
validations. For the first (non-random cross-validations), these variables helped 
mixed-effects models (Roberts et al., 2017; DeBruine and Barr, 2021) in Stata 
17 MP or Multi-Processing, 64-bit version. Such models included both fixed-
effects, the remaining six variables after the previous selection phases and 
random ones, clusters on gender, age, marital status, number of children, 
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education level, income level, professional situation, settlement size, country, 
and survey year, all as socio-demographic variables, bottom of Table A1, the 
Appendix A section. 

The immediate selection phase measured the existing collinearity between 
the remaining influences, the six above. First, a matrix with correlation 
coefficients augmented with intensity bars has been generated only for these six 
remaining influences (Schober et al., 2018). In addition, Ordinary Least Squares 
(OLS) regressions served the same purpose by measuring the computed VIF 
(Variance Inflation Factor) against (eq.1) the maximum accepted VIF threshold 
of the model (Vatcheva et al., 2016) for all combinations of two influences of 
those 6 (combinations of n=6 taken by k=2, meaning 15 possibilities – eq.2). 
E235 and E236 emerged as being collinear at this point. 

  
Model’s maximum accepted VIF = 1/ (1– model’s R-squared)         (1) 
C (n, k) = n! / (k! * (n-k)!)                      (2) 
Where:   C (n, k) is the number of combinations of n taken by k, 

  n! is the factorial of n, 
      k! is the factorial of k, 

  and (n-k)! is the factorial of (n-k). 
 

In addition, to choose between these two, logistic regressions have been 
used. The variable that is responsible for generating models with more 
explanatory power/larger R-squared (Irandoukht, 2021) and more information 
gain/smaller values for both AIC (Akaike Information Criterion) and BIC or 
Bayesian Information Criterion (Lai, 2020) was preserved, e.g. E236. 

Additionally, two prediction nomograms (Zlotnik and Abraira, 2015) 
resulted one simple and another one augmented with additional details to 
become self-explanatory when using the nomolog command (after its previous 
install using a specific installation syntax, namely net install st0391, and 
considering most stalwart remaining influences. 

Moreover, reverse causality checks were performed using ordinal 
logit/logistic or ologit (Ordered LOGIT) regressions and the scale form of the 
target variable A170osc. In each of these regressions that considered only one of 
the remaining input variables, the latter served both as input and outcome 
interchanging these roles with A170osc, regression pairs. A larger R-squared, 
representing smaller differences between the observed data and the fitted 
values/theoretical model, and/or a lower AIC and BIC, better fit and smaller 
information loss for the resulting models are an indication that each of the 
remaining variables to further select are more likely to be determinants of 
A170osc rather than vice versa, determined by it. 

Finally, for each variable in the core, three determinants, a two-way 
graphical representation scatter chart was automatically generated by 
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considering each corresponding relationship with the outcome variable, life 
satisfaction in its scale format tabulated on average by peculiar criteria using the 
tabstat command in Stata. The reporting of results mainly benefited from the 
estout prerequisite package, with support for both the eststo and esttab 
commands (Jann, 2005; Jann, 2007), allowing the direct generation of tables, in 
the console and as external files, respectively) with default performance metrics 
and some additional ones (Homocianu and Tîrnăucă, 2022) for well-known 
statistical models. 

 
3. RESULTS AND DISCUSSION 

After performing the first selection step using Adaptive Boosting on four 
versions of the WVS dataset, a set of nine intersecting variables resulted A008, 
A009, A173, C006, D002, E235, E236, S002/S002VS, and X047/X047_WVS, 
as seen in all four sources. This acted as the first selection round based on cross-
validations considering different versions, with different numbers of 
observations of the source dataset. 

The results of applying the first alternative selection based on Naïve Bayes 
classification in Microsoft DM and Analysis Services on version 4.0, the most 
comprehensive one of the WVS dataset, after removing DK/NA values, was a 
dependency network. Only eight of those nine influences resulting at the 
previous step, all at the intersection of those four sources above, except for 
D002, are present in this network. 

Next, some filters served the selections when performing correlations using 
the PCDM custom command in Stata (Homocianu and Airinei, 2022) on the 
same WVS dataset (the most recent and comprehensive version, 4.0). For 
instance, min.abs.correl.coeff.=0.10, min.N=222459(=round of 444917/2, where 
444917 is the number of valid observations for the target variable, as seen on the 
top-right and bottom of Figure 2, and maximum p-value of 0.001. The results in 
Figure 2 indicate only seven (A008, A009, A173, C006, E235, E236, and 
X047_WVS) of those nine remaining variables above, all except for D002 – low 
support, meaning just 26459 observations as seen in the description of variables 
and general statistics, Tables A1 and A2, Appendix A-
https://tinyurl.com/nb9xkcrw, and S002VS – low correlation coefficients below 
the threshold value of 0.10. 

The next concern was to start from the same nine robust common 
influences above and perform random cross-validations (cvlasso), selections 
based on removing overfitting (rlasso), and BMA selections, which reports 
Posterior Inclusion Probabilities or PIP, preferably as close to 1 as possible, all 
three until convergence (no loss) and considering both forms (binary and scale) 
of the target variable (A170 and A170bin). Cvlasso used both the lse option, 
largest lambda for which MSPE or the Mean Squared Prediction Error is within 
one standard error of the minimal MSPE, and the lopt one, the lambda that 
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minimizes MSPE. After this stage, those seven variables remaining after PCDM 
persisted, all nine except for D002 and S002VS. 

Next, three rounds of non-random cross-validations run using mixed-effects 
modeling. For the first such round, just one variable, namely X047_WVS, scale 
of incomes of the remaining seven, the ones bolded in Figure 2, acting as fixed-
effects lost significance, nine from eleven models/scenarios with A170 set as 
target. And this was observed because of considering many clustering 
criteria/random effects the socio-demographic variables mentioned in the 
previous section, and two mixed-effects regression types, both melogit (Mixed 
Effects LOGIT) for the binary form of the response variable and meologit 
(Mixed Effects Ordered LOGIT) for the one having values on a scale. If 
considering only the remaining six as fixed-effects, all bolded in Figure 2 except 
for X047_WVS - 2nd round of non-random cross-validations, there was no loss 
in significance no matter the clustering criteria. 

 

 
Figure 2. Results of a selection command (PCDM) based on pairwise correlation 

and additional filters on magnitude, support, and significance for the WVS dataset 
(v 4.0) 

To additionally validate the simultaneous removal of both X047_WVS and 
S002VS at the previous steps, D002 no longer considered due to its low number 
of valid observations, an additional set of non-random cross-validations (3rd 
round of non-random cross-validations) based on both melogit and meologit has 
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been performed (eight fixed-effects and other ten clustering variables in Table 
A3, Appendix A-https://tinyurl.com/nb9xkcrw). 

Those six remaining influences above proved to be robust, in terms of no 
loss of significance, in this additional round, namely A008, A009, A173, C006, 
E235, and E236. The other two failed at least in one scenario: X047_WVS when 
cross-validating using most socio-demographic variables as cluster criteria 
except for the age (X003) and the number of children (X011) and considering 
the scale form of the target variable (A170), while S002VS (chronology of EVS-
WVS waves) when cross-validating using the highest educational level attained 
(X025), the country code (S003), and the survey year (S020) as cluster criteria 
and considering both forms of the target variable (A170bin and A170). 

Next, when verifying the existing collinearity using the first method, a 
matrix with correlation coefficients and a minimum visual augmentation using 
intensity bars for the remaining six influences emerged, in Figure 3 all Pearson 
correlation coefficients are significant at 0.1‰. The latter, as absolute values, 
shows no evidence of collinearity if considering 0.1 and 0.39 as the lower and 
upper limits for weak correlation, while 0 and 0.1 as the ones for negligible 
correlation (Schober et al., 2018). 

 

 
Figure 3. Collinearity view using a matrix with correlation coefficients coupled with 

intensity bars only for the remaining six influences  
and the pwcorr command in Stata 

 
In addition, OLS max.Comput.VIF against OLS max.Accept.VIF (eq.1) for 

models with all six previously tested influences (Figure 3) at once (model 1 in 
Table A4) and additionally taken each two (models 2-16 in Table A4) in all 15 
combinations (eq2.) served discovering further evidence of collinearity. The 
removal decision considered one of the two variables. It is about E235 and E236, 
namely the importance of democracy as own value and democracy as perceived 
in own country, respectively model 16 in Table A4, namely the only one for 
which OLSmaxComputVIF > OLSmaxAcceptVIF (Homocianu and Tîrnăucă, 
2022). 

After performing additional logit regressions, E236 brought higher 
accuracies (AUC-ROC or Area under the ROC Curve (Receiver Operating 
Characteristic Curve) of 0.8350 and 0.8351) and R-squared values (0.2645 and 
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0.2649) together with better fit due to lower AIC and BIC values than E235 
(AUC-ROC of 0.8340 and 0.8345, R-squared of 0.2624 and 0.2638). And this 
was recorded when considering the binary form of the target variable, model 3 
vs. model 4 for comparable support due to the same number of observations 
using a filtering condition on the variable dropped, and model 5 vs. 6 for all but 
different numbers of available responses and no filtering condition - Table A5. 
In the case of additional ologit regressions, the models keeping E235 and 
dropping E236 were better as R-squared than those keeping E236 and dropping 
E235. Not the same applied in terms of information gain. Consequently, the 
balance is inclined towards keeping E236. This was at the expense of removing 
E235, the other democracy-related variable. 

 

 
Figure 4. Prediction nomogram for a model with five influences  

 
As support, 234,223 valid intersecting observations, meaning 51.95% of the 

total number of records for the entire dataset) corresponding to the last three 
waves were behind the first core model (model 5, Table A5). This is because all 
five most resilient influences and the response variable were considered 
simultaneously only in these three waves (2005-2009, 2010-2014, and 2017-
2022), E236 having no observations for the first four. The same happened if 
removing E236 and preserving E235 with a slight increase in the number of 
responses (more than 245,000 valid intersecting observations - model 6, Table 
A5, and a slight decrease in terms of accuracy of classification (AUC-
ROC=0.8345). If removing both E235 and E236 (model 2, Table A5), the 
support increases to 410,513 non-null intersecting observations, meaning 
91.05% from the total number, namely 450,869, and 92.26% from those 444,917 
valid for the target variable, while covering all seven waves and increasing the 
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accuracy of classification (AUC-ROC=0.8458). Furthermore, the four remaining 
influences are now fully included in the list of the mightiest links in a Naïve 
Bayes dependency network. 

Next, a simple Stata script design supports the alignment of the scales to 0 
for the target variable and those corresponding to some solid influences of it. 
Another purpose of the latter was to optimize the following two prediction 
nomograms (Figure 4, nomolog command in Stata) for better readability. Both 
fundaments on binary logistic regressions. The corresponding two models are 
identical to those numbered 2 and 5 (Table A5) in terms of performance metrics 
and values of coefficients and errors for the top five influences except the sign of 
the first two, namely A008 and A009, due to reversed scales. These serve the 
visual interpretation of all remaining most potent influences. The first nomogram 
is simple, meaning the exact way it results after generating it using the nomolog 
command. It corresponds to a model with five resilient influences, with lower 
support, 51.95% of the total number of observations because of E236osc, but 
still generating a considerable R^2 (0.2649) and a good accuracy of 
classification (AUC-ROC of 0.8351). The second one corresponds to a model 
with only those four most resilient influences and high support (91.05% of the 
total observations of the WVS dataset, version 4.0), generating an R^2 of 0.2884 
and a good accuracy of classification (AUC-ROC of 0.8458). This second 
nomogram is augmented with metadata about the individual score at the 
intersection with the X-axis, perpendicular lines drawn next to each possible 
value of the associated influences, respectively with suggestions for interpreting 
the input values, their corresponding scores, and the resulting total score and 
afferent likelihood, so that the nomogram is self-explanatory. The maximum 
theoretical probability for the most advantageous combination of variable 
values, extreme right in both nomograms is high. It indicates a value of more 
than 0.95, middle and bottom of Figure 4. These nomograms also reflect the 
magnitude of marginal effects, better comparability than with raw coefficients, 
for the corresponding variables. In addition, they serve to understand the 
cumulated effect size by considering the amplitude of any scale easily noticeable 
in these visual representations. 

Final cross-validations considered models with seven, the quad-core plus 
the marital status/X007osc, social class/X045osc, and settlement size/X049osc 
or eight influences, the penta-core plus the same three above) and a reasonable 
number of criteria for cross-validations. They infirmed the last three influences 
added to those two cores when considering cross-validation criteria such as 
gender, employment status, the chronology of waves, country, and survey year 
in the case of the last two from those three, social class and settlement size, or 
the number of children in the case of marital status. This happens even if the two 
overall models with 7 and 8 influences did not show multi-collinearity and 
recorded significance for all corresponding variables and accuracy and R^2 
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scores better than the two core models with four and five components that 
passed already all the cross-validation tests. 
 

 
Figure 5. Prediction nomogram corresponding to a robust model with only three 

determinants (after performing reverse causality checks) 
 

After performing some reverse causality checks (Table A6), only three 
variables from those five most robust influences (model 5, Table A5) confirmed 
also as determinants (A173osc, C006osc, and E236osc). Both a separate binary 
logistic model and a corresponding prediction nomogram (Figure 5) only for this 
triad of determinants were generated. The performance metrics of this model 
with only three components indicated an AUC-ROC of 0.814, lower than the 
one of model 5, Table A5, but still meaning a good accuracy of classification, 
and an R-squared of 0.2205. Moreover, the maximum theoretical probability for 
the most advantageous combination of those three determinant values (right 
edge of each line in Figure 5) still indicates a value of more than 95% (18 or the 
sum of 5.75, 10 and 2.25 on the score axis corresponds to a lot more than 0.95). 

Some tabulations by mean support the to-way graphical representations 
between the target variable and each of the core model with three determinants 
(Figure 5) as depicted in the representation below (Figure 6). As magnitude 
(descending order of scale amplitudes), the first and most important of these 
three determinants (triad) corresponds to satisfaction with the household 
financial situation. It indicates that people more satisfied in such terms are more 
likely to show more contentment with their lives (positive influence or the 
maximum recoded value of 9 for C006osc, the right side of Figure 5). The latter 
means that this type of financial satisfaction (household-related) is among the 
best associated with life satisfaction according to WVS data (complete 
validation of H2). This finding is in line with the already documented 
relationship between both the financial costs and benefits and their well-being 
implications (Xiao et al., 2009; Ng et al., 2019; Brzozowski and Spotton Visano, 
2020; Barrington-Leigh, 2021). 
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Figure 6. Two-way graphical representations of the relations between each variable 

from the core model  
 

The second most potent determinant found is afferent to the level of 
freedom of choice and control. It means that the people with a higher level for 
this type of freedom are also more likely, positive influence or the maximum 
recoded value of 9 for A173osc - the right side of Figure 5, to be satisfied with 
their lives. The latter is in line with the findings of other scholars (Abbott et al., 
2016; Ngamaba, 2016; Li et al., 2017) and contributes to the validation of H1. 

The third overpowering determinant relates to considerations about 
democracy. E236osc corresponds to the perceived level of democracy in own 
country, and it is a positive influence, the maximum recoded value of 9, the right 
side of Figure 5. E235 (model 4 in Table A5) also indicates the importance of 
democracy, as reflected in the WVS survey responses. The latter is also 
positively correlated with the response variable and shows that people more 
inclined to declare the overall importance of democracy are also more likely to 
be satisfied with their lives. These two findings are compatible with other similar 
discoveries from the scientific literature (Orviska et al., 2014; Loubser and 
Steenekamp, 2017). The latter means a complete validation of H3. 

The specific features of some countries will be the object of future research 
on the same topic. For instance, a dummy variable referring to ex-communist 
countries or not (Homocianu et al., 2022), some country-dependent measures of 
economic activity such as GDP or the ratio between Stock Market Capitalization 
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and GDP (Gross Domestic Product) defined in The World Bank Data Catalog, or 
even the Worldwide Governance Indicators defined by Kaufmann et al. in 2010 
and used in many other studies including recent ones (Abegaz et al., 2023; 
Antón et al., 2023). 

The reverse causality checks indicated only three determinants (a triad) 
from the penta-core model, namely the satisfaction with the household financial 
situation (C006osc), the level of freedom of choice and control (A173osc), and 
the perceived level of democracy in own country (E236osc), in this specific 
order given by the descending order of magnitude of effects corresponding to 
these three (Figure 5). 

A limitation of this study is the impossibility of applying the obtained 
models to a specific list of countries. For instance, the core model with three 
determinants does not apply to respondents from Israel (no responses for 
variables A173, and C006). The same happens in the case of 16 other countries 
from a total of 108, namely Albania, Bosnia-Herzegovina, Croatia, Dominican 
Republic, El Salvador, Israel, Kuwait, Latvia, Lithuania, Montenegro, Qatar, 
Saudi Arabia, Uganda, North Macedonia, Tanzania, and Uzbekistan (this time, 
no responses for E236). 

 
4. CONCLUSIONS 

Following an exploratory approach to World Values Survey data, including 
the latest and the most comprehensive dataset (version 4.0, time-series 1981-
2022), an accurate model with three strong non-redundant determinants fully 
supported by most data emerged. It indicates that a specific type of respondent is 
more likely to be satisfied with life. The latter means being more content with 
the household financial situation, showing a superior level of freedom of choice 
and control, and exhibiting more exposure to democracy and democratic values. 
Prediction nomograms presented in this article acted as powerful ranking 
instruments and probability identification tools. All conclusions related to the 
identified determinants stand on a triad logit model with a good classification 
accuracy (AUC-ROC greater than 0.8) and a high maximum probability (more 
than 95% for the most advantageous combination of values for those three most 
resilient identified determinants). They resulted after performing initial value 
treatment and, in addition, many selection rounds, and robustness tests, 
including three types of cross-validation and overfitting, collinearity, and reverse 
causality checks. 
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