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Abstract:
The World Happiness Report provides annual data on self-
reported life satisfaction and associated socio-economic 
factors for countries worldwide. In this study, a statistical 
model is used to explain and predict national happiness 
scores from 2015 to 2019 using six key factors (GDP, social 
support, healthy life expectancy, freedom, generosity, and 
corruption perceptions). The linear mixed-effects model 
is employed to account for repeated measurements for 
each country over time, including country-specific random 
intercepts. The mixed model captures both the differences 
between countries and the changes in happiness over time. 
Results show that GDP per capita, freedom to make life 
choices, and healthy life expectancy are significant positive 
predictors of happiness, while factors like generosity have 
a more minor and statistically insignificant effect when 
other variables are controlled. Social support did not 
exhibit a significant independent effect in the multivariate 
context. There is substantial unexplained variance between 
countries, validating the inclusion of country-level random 
effects. The model achieves high predictive accuracy 
(conditional R² ≈ 0.93), and diagnostic checks indicate 
assumptions are satisfied. These findings underscore the 
importance of economic and personal freedom factors 
in national happiness and highlight that country-specific 
characteristics play a significant role.

Keywords: GDP; happiness score; linear mixed-effects 
model.

1. Introduction
Happiness is increasingly recognized as a vital in-
dicator of national well-being, complementing tra-
ditional economic measures. The World Happiness 
Report provides annual rankings of countries based 
on citizens’ self-reported life satisfaction and several 

contributing socioeconomic variables. Using this 
data, the aim is to model and predict each country’s 
Happiness Score (a subjective well-being index) 
from 2015 to 2019, using measurable factors such as 
GDP, health, and social environment. The motivation 
for this analysis is to identify which factors have the 
most significant influence on national happiness and 
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to understand how happiness levels evolve over time.
A key objective of the study is to capture both with-
in-country changes in happiness over time and be-
tween-country differences. In other words, the model 
should track how each individual country’s happiness 
score varies from 2015 to 2019, while also accounting for 
persistent differences between countries. By doing so, it 
controls the intra-country correlations across years and 
isolates the common effects of predictors across all coun-
tries. This longitudinal approach can yield insights into 
whether global happiness trends exist and which factors 
consistently contribute to higher happiness levels.
The present analysis builds on a range of existing data 
sources and prior research. The World Happiness Re-
port Dataset (2015–2019) provides the primary data 
foundation for this study, offering consistent measures 
of happiness scores and key socioeconomic indicators 
across countries [1]. Standard procedures for conducting 
longitudinal analysis with mixed-effects models are doc-
umented in statistical software resources, which support 
the methodological framework applied here [2]. Official 
assessments such as the World Happiness Report 2020 
emphasize the persistence of country-level differences and 
the importance of institutional, economic, and health-re-
lated drivers of well-being [3]. Foundational research on 
the happiness–income paradox demonstrates that long-
term increases in national income do not necessarily yield 
corresponding gains in happiness, underscoring the need 
to evaluate additional determinants [4]. Methodological 
discussions caution that multilevel modeling of country 
effects requires careful interpretation, especially when 
sample sizes are limited [5]. Broader international guide-
lines, such as those published by the OECD, establish 
standardized practices for measuring subjective well-be-
ing, thereby ensuring comparability across contexts [6]. 
More recent panel studies provide evidence that the rela-
tive importance of GDP, social support, freedom, and cor-
ruption varies between developed and developing nations 
[7]. Finally, psychological perspectives advocate for the 
inclusion of national accounts of subjective well-being as 
complements to traditional economic indicators, reinforc-
ing the multidimensional nature of happiness [8]. Collec-
tively, this literature not only validates the modeling strat-
egy but also informs the interpretation of the empirical 
findings presented in this paper.

2. Data Source and Preprocessing
Utilizing the World Happiness Report data for five con-
secutive years (2015 through 2019), which covers approx-
imately 158 countries worldwide. For each country-year, 
the dataset provides an average happiness score (on a 

scale typically ranging from 0 to 10) and scores for six 
key explanatory factors: GDP per capita-a national income 
index (in terms of purchasing power), Social support-re-
spondents’ perceived social support network (availability 
of someone to count on), Healthy life expectancy-an index 
of population health and longevity, Freedom to make life 
choices-a measure of individual freedom in life decisions, 
Generosity-a measure of charitable giving and altruistic 
behavior, Perceptions of corruption – an inverse index in-
dicating a lack of corruption in government/business.
These six variables are used as predictors (features) for the 
happiness score. The data was compiled from the Gallup 
World Poll and other sources by the United Nations Sus-
tainable Development Solutions Network [1]. The World 
Happiness Report aims to identify the happiest countries 
and the factors contributing to happiness, to examine 
changes in happiness scores between 2015 and 2019, and 
to detect any countries with significant shifts in happiness 
over that period.
For consistency, the annual datasets and standardized vari-
able names are first merged, as the naming conventions 
varied slightly from year to year. Removing any entries 
with missing values in the seven key columns (happiness 
score and the six factors) to ensure a balanced comparison 
across years. After preprocessing, the longitudinal data-
set is complete for the 2015–2019 period for all included 
countries.
Before building the model, an initial exploration of the 
data is performed. A correlation analysis indicated that 
GDP per capita, healthy life expectancy, social support, 
and freedom are all strongly positively correlated with 
the happiness score. In contrast, generosity and perceived 
corruption exhibit weaker and more variable relationships 
with happiness. Also, the happiness scores over time for 
each country are plotted. Most countries show relative-
ly stable happiness scores from 2015 to 2019, with no 
dramatic global shifts over this period. The time trends 
formed distinct clusters: a set of consistently high-scoring 
countries (e.g., Finland, Denmark) maintained their lead 
with little change, whereas middle and low-scoring coun-
tries remained in lower ranges without converging to the 
top group. This exploratory finding suggests that baseline 
differences between countries are persistent, underscoring 
the importance of accounting for country-specific effects 
in the model.

3. Methodology

3.1 Why Use a Linear Mixed-Effects Model?
The data have a longitudinal structure: each country’s 
happiness score is observed repeatedly over multiple 
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years. Applying a standard linear regression model (which 
assumes all observations are independent and identically 
distributed) would ignore the inherent correlations among 
observations from the same country over time. Such an 
approach fails to reflect: Within-country time correlations: 
Each country’s scores across years tend to be related. Or-
dinary least squares (OLS) regression treats every coun-
try-year data point as independent, which is violated here. 
Baseline differences across countries: Countries have 
different cultural, social, or historical contexts that affect 
their overall happiness levels. A simple OLS model with 
a single intercept cannot capture these country-specific 
baseline shifts, potentially leading to biased estimates if 
these differences correlate with the predictors. Hierarchi-
cal data structure: The observations are grouped by coun-
try. Ignoring this structure (hierarchy) can underestimate 
standard errors and overstate the significance of predictors 
(since effectively there are fewer independent data points 
than a naive count of country-years).
Linear mixed-effects (LME) models address these issues 
by including random effects alongside fixed effects. In the 
context, a random intercept for each country will capture 
unobserved, time-invariant characteristics of countries (for 
example, cultural factors or other idiosyncratic influenc-
es on happiness) that cause their happiness scores to be 
consistently higher or lower. The LME framework thus 
allows each country to have its own baseline level, while 

still estimating the common influence of predictors (fixed 
effects) on happiness. Another advantage is that LME 
models can handle unbalanced data; if some countries 
were missing a year of data (which can happen in longi-
tudinal studies), the model can still utilize the available 
observations without discarding entire countries, unlike 
a repeated-measures ANOVA, which would require com-
plete data for all subjects.
By using an LME model for this longitudinal analysis, 
both the between-country variation (via random inter-
cepts) and the within-country variation are captured, as 
well as the over-time variation (via the time variable and 
repeated measures). This approach improves explanato-
ry power and predictive accuracy compared to a naive 
pooled regression. In summary, the mixed-effects model is 
more appropriate than a simple linear regression because 
it accounts for the non-independence of observations and 
the structured heterogeneity in the dataset.

3.2 Model Specification
Constructing a linear mixed-effects model to predict the 
happiness score yit for country i in year t. The model 
includes the six socioeconomic factors as fixed-effect 
predictors and a random intercept for each country. Also, 
initially including a fixed effect for Year to capture any 
overall time trend. The model can be written as:

HappinessScoreit = β0 + β1 (GDP per capitait ) + β2 (SocialSupportit ) + β3 (Healthit ) + β4 (Freedomit ) + β5 (Generosityit ) 
+ β6 (Corruptionit ) + β7 (Yeart ) + ui + ϵit

(1)

where β0 is the global intercept, β1 ...β6 represent the 
fixed-effect coefficients for the six predictors (GDP, social 
support, healthy life expectancy, freedom, generosity, and 
perceptions of corruption, respectively), and β7 is the co-
efficient for the Year term (with t representing 2015, 2016, 
..., 2019). The country-specific random intercept ui for 
country i as ui ~ N(0,σu

2

) is modeled, i.e., assumed to be 
drawn from a normal distribution with variance σu

2

 . The 
residual error term ϵit represents unexplained variability 
for each observation and is assumed ϵit ~ N(0,σ2 ). In this 
formulation, i indexes countries (i = 1, 2, ..., 158) and t 
indexes the year.
The inclusion of ui allows each country to have its own 
baseline happiness level (shifting the intercept by ui for 
country i) while assuming the effect of each predictor (the 
β coefficients for GDP, etc.) is constant across countries. 
By testing models with random slopes as well, but giv-
en the relatively short time span and the data, a random 
intercept model was sufficient and more parsimonious 
(initial analyses indicated that allowing country-specific 
slopes for the year or other predictors did not significantly 

improve model fit). The Year term in the fixed effects is 
intended to capture any global time trend in happiness 
common to all countries.
Interpretation of Components: In the LME model, each 
fixed-effect coefficient βk (for k = 1, …, 6) measures the 
average effect of the corresponding variable on the hap-
piness score, holding other factors constant and across 
all countries and years. For example, a positive β1 for 
GDP would indicate that countries with higher GDP per 
capita tend to have higher happiness scores on average, 
controlling for the other variables and country-specific 
effects. The Year coefficient β7 represents the estimated 
average change in happiness score per year (e.g., an over-
all upward or downward trend from 2015 to 2019 across 
all countries).
The random intercept ui represents the deviation of coun-
try i’s baseline happiness from the global intercept β0. 
If ui is positive, country i is systematically happier than 
the model would predict based on the fixed effects alone 
(perhaps due to favorable cultural or environmental as-
pects not captured by the six variables). If ui is negative, 
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country i tends to have a lower happiness baseline than 
expected from the fixed effects. The variance σu

2

 reflects 
how much countries differ from one another intrinsically. 
A large σu

2

 would indicate substantial country-level dif-
ferences in happiness beyond the predictors’ influence, 
whereas σu

2

 = 0 would mean the fixed effects and year 
fully explain all between-country differences (an unlikely 
scenario in this context).
By including ui, controlling for unobserved country-spe-
cific factors, and focusing on estimating the common rela-
tionships between the observed factors and happiness, it is 
effectively done. This approach improves the reliability of 
the estimated β coefficients and allows more accurate pre-
diction for each country (since the model can learn each 
country’s baseline happiness level).

4. Results and Analysis

4.1 Model Fit and Overall Performance
Fitting the mixed-effects model (Equation 1) to the 2015–
2019 happiness data. The model was estimated using max-
imum likelihood and successfully converged, indicating 
stable parameter estimates. Overall, the model provides a 
good fit to the data. The Akaike and Bayesian Information 
Criteria (AIC and BIC) are 549.04 and 590.99, respective-
ly, and the log-likelihood at convergence is -265.52 (see 
Table 1 for a summary of fit metrics). For comparison, a 
simpler linear model treating all data as independent had a 
higher AIC and BIC (i.e., worse fit), reinforcing the bene-
fit of including country-specific effects.
An intuitive measure of fit is the variance explained. By 
computing both the marginal R-squared (the proportion 
of variance explained by the fixed effects alone) and the 
conditional R-squared (variance explained by the full 
model, i.e., fixed + random effects) for the LME mod-
el. The fixed effects achieved a marginal R-squared of 
approximately 0.657, meaning that about 65.7% of the 
variance in happiness scores can be explained by GDP, 
health, freedom, and other variables, while controlling for 
country differences. When country random intercepts are 
included, the conditional R-squared rises to about 0.93, 
indicating that 93% of the variance is explained by the 
model when accounting for both the measured factors and 

the country-specific effects. In other words, incorporating 
the country-level heterogeneity substantially improves the 
explanatory power of the model.
The high conditional R-squared is reflected in the close 
alignment between predicted and actual happiness scores. 
Figure 1 shows a scatter plot of the model’s predicted 
happiness values versus the actual observed values for 
all country-year observations. The points cluster tight-
ly around the diagonal y = x line, demonstrating that 
the model’s predictions closely match the actual scores. 
Indeed, the model’s prediction for each year yields an 
R-squared above 0.93 when comparing across coun-
tries (each year’s predicted vs. actual points form a tight 
cloud). This suggests the model captures the rankings and 
magnitudes of happiness scores very well. The root mean 
squared error (RMSE) of the model is relatively low in 
the context of the happiness score scale (0–10), and the 
mean absolute error (MAE) is similarly small, indicating 
accurate and robust predictions with minimal average de-
viation from actual scores.
In addition to overall fit, checking model diagnostics is 
essential to validate the assumptions of linear regression 
and to ensure there are no systematic patterns in the resid-
uals. The residuals (differences between observed and pre-
dicted happiness scores) are examined for normality and 
homoscedasticity. Figure 2 provides two diagnostic plots. 
In Figure 2(a), the residuals are plotted against the fitted 
values; the residuals are scattered randomly around zero 
with no obvious trend or funnel shape, indicating that the 
model’s assumptions of linearity and constant variance are 
reasonable (no strong heteroscedasticity is observed). Fig-
ure 2(b) is a Q-Q plot of the residuals versus a theoretical 
normal distribution; the points lie approximately along the 
45-degree line, suggesting that the residuals are approx-
imately normally distributed. These diagnostics support 
the validity of the LME model for this data. By inspecting 
residuals by country (not shown here in a figure), most 
countries have residuals centered near zero with relatively 
small spread. A few countries exhibited larger residual 
variance or some outlying errors, which might indicate the 
model fits those specific cases less well or that those coun-
tries have unique factors not captured by the predictors. 
However, there was no indication of any severe model 
misspecification.
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Figure 1:  Actual vs. predicted happiness scores for the linear mixed-effects model. (Picture 
credit: Original. Data from Kaggle.)

In Figure 1, each point represents a country-year obser-
vation (color-coded by year), and the red dashed line in-
dicates the y = x reference line. Points closely follow the 
diagonal, indicating that predicted values closely match 
the observed scores.

4.2 Fixed Effects: Coefficients and Significance
Table 1 summarizes the estimated fixed-effect coefficients 
for the six predictors in the LME model, along with their 
statistical significance. The marginal R-squared represents 
the variance explained by the fixed effects alone, whereas 
the conditional R-squared represents variance explained 
by the combination of fixed and random effects (i.e., 
the entire model). The substantially higher conditional 
R-squared highlights the importance of including coun-
try-specific random effects. Overall, the model identified 
several key factors that contribute to national happiness. 
The most influential predictors of happiness in the model 

are GDP per capita, freedom to make life choices, and 
healthy life expectancy. Countries with higher GDP per 
capita are significantly happier on average; specifically, 
an increase in the GDP index by one unit is associated 
with an increase of about 1.25 points in the happiness 
score when controlling for other factors, making GDP the 
strongest single predictor in the model. Greater freedom, 
measured by the extent to which people feel free to make 
life choices, is also linked to substantially higher happi-
ness, with a one-unit increase in the freedom index corre-
sponding to an increase of approximately 1.07 points in 
the happiness score. Better health, as captured by healthy 
life expectancy, exerts a similarly strong effect, as a one-
unit rise in the health index is associated with roughly 0.92 
higher happiness points. Together, these three factors—
economic prosperity, individual freedom, and health/lon-
gevity—emerge as key contributors to well-being across 
countries, consistent with both theoretical expectations 
and prior empirical findings in happiness research.

Table 1 Statistics for the linear mixed-effects model.

Metrics Value
AIC (Akaike Information Criterion) 549.04
BIC (Bayesian Information Criterion) 590.99
Log-Likelihood -265.52
Marginal R-squared (fixed effects only) 0.657 (approx.)
Conditional R-squared (fixed + random effects) 0.943 (approx.)
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Var (Fixed) 0.67
Var (Random) 0.28
Var (Residual) 0.05

Table 2. Fixed-effects coefficient estimates from the mixed-effects model.

Predictor Coefficient p-value
Intercept 3.041 < 0.001
GDP 1.253 < 0.001
Social Support 0.025 0.672
Health 0.924 < 0.001
Freedom 1.074 < 0.001
Generosity 0.284 0.167
Corruption 0.767 0.004

In Table 2, each coefficient estimate is shown with its as-
sociated p-value (two-tailed test). Predictors with p < 0.05 
are considered statistically significant. The model also 
finds that lower perceived corruption is significantly asso-
ciated with higher happiness. The coefficient for the cor-
ruption perception index is about 0.77 (and significant), 
indicating that societies with less corruption (and more 
trust in institutions) tend to be happier, although the effect 
size is somewhat smaller than that of GDP, freedom, and 
health. This suggests governance and trust also play a role 
in national happiness, albeit not as dramatically as eco-
nomic or personal factors.
For the generosity variable, the coefficient is positive 
(~0.28), but it did not reach statistical significance at the 
5% level (the 95% confidence interval for the generosity 
effect overlaps zero, as illustrated in Figure 3). This im-
plies that, after accounting for the other variables, gener-
osity has an uncertain or modest impact on happiness. It’s 

possible that generosity has more complex or indirect re-
lationships with happiness that are not captured in a linear 
additive model, or that its effect is relatively small com-
pared to the other factors. Interestingly, social support, 
which had a high simple correlation with happiness in raw 
data, shows a near-zero coefficient (0.02) in the multi-
variate mixed model and is not significant. This indicates 
that once the model includes GDP, health, freedom, etc., 
the additional contribution of the social support metric to 
explaining happiness is negligible. One potential reason 
is multicollinearity: social support is generally high in 
the countries that also have high GDP and freedom, so its 
effect might be masked by those other variables. Another 
interpretation is that across countries, basic social support 
networks are somewhat universally present (with relative-
ly less variance compared to other factors), limiting their 
explanatory power for differences in happiness when other 
influences are accounted for.
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	 (a) Normal Q-Q Plot	 (b) Residuals vs. Fitted Graph
Figure 2: Diagnostic plots for residuals. (Picture credit: Original. Data from Kaggle.)

In Figure 2 (a), the points lie close to the diagonal line, 
indicating that the residuals follow a roughly normal 
distribution. These plots suggest that the LME model 
assumptions are reasonably satisfied. In Figure 2 (b), the 
residuals are evenly dispersed around zero with no clear 
pattern, and no noticeable heteroscedasticity (no widening 
or funnel shape), indicating that the model’s linear form 
and equal variance assumption are adequate.
Also, by including a fixed effect for Year in initial models 
to check for a global time trend in happiness. However, 
this coefficient was small and not statistically significant 
(p-value > 0.1), indicating there was no strong linear trend 
in the average happiness scores from 2015 to 2019 once 
other factors were controlled. In other words, the world as 
a whole did not become significantly happier or less hap-

py over this period, according to the model. Therefore, by 
omitting the year term from the final reported model for 
parsimony. The lack of a significant time effect aligns with 
the data observation that most changes in happiness were 
country-specific rather than a uniform global rise or fall.
To visualize the uncertainty in the coefficient estimates, 
Figure 3 displays the fixed-effect estimates along with 
their 95% confidence intervals. It can be seen that the 
intervals for GDP, freedom, healthy life expectancy, and 
(lack of) corruption are well above zero, confirming their 
strong positive and significant contributions. In contrast, 
the intervals for generosity and social support cross zero, 
which is consistent with those effects not being signifi-
cant. This plot helps identify which predictors can be con-
sidered reliable and which ones have less certain effects.

Figure 3: Fixed-effect coefficient estimates (points) and 95% confidence intervals (lines) for the 
linear mixed-effects model. (Picture credit: Original. Data from Kaggle.)
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In Figure 3, predictors GDP, Healthy Life Expectancy, 
Freedom, and low Perceived Corruption have confidence 
intervals entirely above zero, indicating statistically sig-
nificant positive effects on happiness. The estimate for 
Generosity shows a wider interval overlapping zero, sug-
gesting its effect is not significant. Social Support (not 
plotted here due to its near-zero estimate) likewise has an 
uncertainty interval crossing zero. These intervals reflect 
the uncertainty of the coefficient estimates and confirm 
which effects are reliably different from zero.

4.3 Random Effects and Country Variability
The mixed model reveals that there are indeed meaningful 
differences in baseline happiness between countries. The 
estimated variance of the random intercept ui (the coun-
try effect) is σu

2

 ≈ 5.06. This is quite large relative to the 
residual variance σ2 (not shown explicitly, but implied by 
the high conditional R2 ), indicating that country-to-coun-
try variations account for a substantial portion of the total 
variance in happiness scores. The standard deviation of 
the country intercepts is about σu

2

 ≈ √5.06 ≈ 2.25 happi-
ness points, which is a sizable spread on the 0–10 happi-
ness scale.
This result confirms that some countries are systemati-
cally happier than others, even after controlling for GDP, 
health, freedom, etc. In other words, there are coun-
try-specific traits or unmeasured factors that raise or lower 
the baseline happiness. For example, the Nordic countries 
(like Finland and Denmark) are known to consistently top 
the happiness rankings; the model’s random intercepts for 
such countries are likely significantly positive, meaning 
these countries have an intrinsic happiness advantage 
beyond what the six predictors alone would predict. Con-
versely, some countries may have persistently lower hap-
piness (negative ui ) even if their GDP or health levels are 
comparable, possibly due to factors like conflict, cultural 
differences in reporting happiness, or other societal issues 
not included in the model.
The significance of the random effect (formally testing 
σu

2

 > 0, and it is clearly greater than 0 here) justifies the 
use of the mixed-effects model over an ordinary regres-
sion. If ignoring the country effects, the model would be 
mis-specified and the residuals would have had to absorb 
these large baseline differences, likely resulting in a poor-
er fit and biased or less precise estimates. The LME mod-
el, by capturing this variance separately, provides more 
accurate fixed effect estimates and predictions.
Another way to interpret the random intercepts is through 
the lens of model prediction. The model essentially as-
signs each country its own intercept β0 + ui. For instance, 
the model might find that after accounting for all fixed 

effects, Finland still has a positive ui (indicating Finland’s 
observed happiness is higher than what one would predict 
from just its GDP, health, etc.), whereas a country like In-
dia or Venezuela might have a negative ui (observed hap-
piness lower than predicted by the socio-economic factors 
alone). This aligns with known narratives: Finland’s 
happiness is often attributed to social and cultural factors 
(trust, equality, etc.) that go beyond the basic economic 
and health measures, and Venezuela’s declining happiness 
in recent years is linked to turmoil not fully captured by 
the standard indices.
In summary, the random effects analysis highlights that 
while the six predictors are very important, they do not 
tell the whole story—intrinsic country characteristics and 
perhaps other intangible factors play a non-negligible role 
in national happiness levels.

4.4 Trends Over Time and Notable Cases
Although it did not find a significant global time trend in 
happiness, the model can be used to examine each coun-
try’s predicted happiness trajectory from 2015 to 2019. 
Broadly, the model’s country-level predictions over time 
mirror the actual observed patterns. For many countries, 
the happiness score remains fairly steady over the five 
years, reflecting no major upheavals or improvements. 
For instance, countries like Finland (which was among 
the happiest throughout) show a stable, high happiness 
level year after year in the model’s predictions. The Unit-
ed States also exhibits a relatively flat trend, maintaining 
its happiness level without a significant rise or fall during 
this period.
On the other hand, certain countries experienced note-
worthy shifts. Venezuela is a striking example: the model 
captures a marked downward trend in Venezuela’s hap-
piness scores from 2015 to 2019. This corresponds to the 
well-documented economic and political crisis in Vene-
zuela during those years, which had a severe impact on 
the well-being of its citizens. In contrast, China and India 
show gradual upward trends in predicted happiness. These 
increases, although modest, could be related to economic 
growth and development improvements in those countries 
over the period.
These country-specific trends highlight the usefulness of 
the LME model in longitudinal analysis: it can identify 
which countries deviate from the overall pattern and in 
what direction. While the average global happiness did 
not change significantly, the model-based analysis con-
firms that some countries improved and others declined, 
and these changes can often be linked to real-world events 
and policy changes in those countries.
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Figure 4: Five countries’ happiness change over time. (Picture credit: Original. Data from 
Kaggle.)

In Figure 4, Finland consistently shows the highest pre-
dicted happiness score, remaining very stable with only 
minor fluctuations, confirming its strong economic and so-
cial stability. The United States maintains a relatively high 
level of happiness but with slight year-to-year changes, 
suggesting stable but not improving conditions. Venezuela 
demonstrates a clear downward trend until 2018, reflect-
ing the severe social and economic crisis in recent years. 
China and India show gradual improvement, with happi-
ness scores increasing slightly over time, possibly due to 
economic growth and social development.

5. Key Findings and Implications
In summary, the longitudinal analysis of world happiness 
scores yielded several important findings:

5.1 Effectiveness of Mixed-Effects Modeling
The Linear Mixed-Effects model proved to be an appro-
priate and effective approach for this data. By including 
country-specific random intercepts, the model achieved 
a high goodness-of-fit (conditional R² ≈ 0.93) and passed 
diagnostic checks. The model convergence was success-
ful, yielding interpretable fixed and random effects. This 
confirms that accounting for a grouped data structure 
(countries over time) substantially improves model perfor-
mance compared to a naive linear regression.

5.2 Major Determinants of Happiness
Among the fixed effects, GDP per capita, freedom to make 
life choices, and healthy life expectancy emerged as the 
strongest positive predictors of national happiness (with 
large coefficients significant at p < 0.001). These factors 
represent economic prosperity, personal autonomy, and 
health, respectively, underscoring their critical roles in 
improving societal well-being. Low corruption (high trust 
in institutions) also has a meaningful positive association 
with happiness. These findings align with the notion that 
both economic and social governance factors contribute to 
how people evaluate their life satisfaction.

5.3 Smaller or Non-significant Factors
Generosity, while positively correlated with happiness in 
simple terms, shows a smaller effect in the multivariate 
model and was not statistically significant when con-
trolling for other variables. Social support, surprisingly, 
had essentially no additional explanatory power in the 
presence of the other factors (its effect was negligible and 
not significant). This suggests that much of the benefit of 
social support might be collinear with other factors (for 
example, countries with high social support also tend to 
have high GDP or freedom), or it could imply that basic 
social support is necessary but nearly universally present, 
thus not differentiating countries’ happiness once other 
differences are accounted for.
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5.4 Country-Specific Differences Matter
Strong evidence of intrinsic happiness differences be-
tween countries is found. The variance of the random 
intercept was large (estimated σu

2

 ≈ 5.06), indicating that 
some countries are systematically happier or unhappier 
than others, independent of the six measured factors. This 
validates the use of a mixed-effects model: a standard 
regression would miss these country effects. The result 
highlights that cultural, historical, or other country-spe-
cific factors (not captured by the predictors) significantly 
influence happiness. Policymakers should recognize that 
while improving GDP, health, and so on can raise hap-
piness, there may also be deeper societal characteristics 
affecting well-being.

5.5 Model Fit and Predictive Power
The LME model’s fit statistics (AIC, BIC) were substan-
tially better than those of an equivalent OLS model, and 
the residual analysis shows no major violations. The tight 
correspondence between predicted and actual values (Fig-
ure 1) implies that the model can be used to reliably pre-
dict happiness scores for given values of the factors. This 
predictive accuracy could be useful for scenario analysis: 
for instance, estimating how a change in a factor (like a 
rise in GDP or an improvement in freedom) might trans-
late into a change in expected happiness.

5.6 Temporal Trends and External Validity
The model captured year-by-year changes in happiness for 
individual countries, reflecting real-world developments. 
For example, the decline of Venezuela’s happiness and the 
steady top ranking of Finland in the 2015-2019 period are 
accurately mirrored by the model. The lack of a significant 
overall time trend suggests that global average happiness 
was fairly stable in the late 2010s, with improvements 
and declines happening in specific nations offsetting each 
other. This finding has an interesting implication: global 
progress in happiness may require targeted improvements 
in those countries that are falling behind or facing crises, 
as well as sustained efforts in the already high-performing 
countries.

5.7 Implications for Policy
The analysis confirms that improving economic condi-
tions (raising income levels), public health, and personal 
freedoms can have a substantial payoff in terms of happier 
societies. Efforts to reduce corruption and build trust-
worthy institutions are also likely to enhance happiness. 
The insignificant role of generosity in the model should 
not be interpreted as meaning generosity is unimportant; 
rather, it might mean that formal and informal support 

systems (captured partly by other variables) are more di-
rectly impactful. Governments and organizations aiming 
to raise national well-being should prioritize broad eco-
nomic and social reforms that empower individuals and 
provide security, while also recognizing that each country 
has unique characteristics influencing happiness. Thus, 
interventions may need to be tailored to country-specific 
contexts beyond the common global factor.

6. Future Work
This study opens several avenues for further research and 
analysis:

6.1 Non-linear and Complex Models
While a linear mixed-effects model is interpretable and 
effective, future work could explore non-linear or ma-
chine-learning models (e.g., Random Forests, XGBoost, 
Neural Networks) to capture more complex relationships 
or interactions between factors. These could potentially 
improve predictive performance or uncover non-linear 
effects (for example, diminishing returns to GDP on hap-
piness).

6.2 Additional Predictors
This study focused on the six main factors from the World 
Happiness Report, but other variables could be integrat-
ed to enrich the model. For instance, education levels, 
unemployment rates, inequality indices, mental health 
metrics, or environmental quality might explain additional 
variance in happiness. Including such variables, if data are 
available, could help identify new levers for improving 
well-being.

6.3 Time-Series Analysis
The year was treated as a simple fixed effect. A more 
detailed time-series modeling approach (such as incorpo-
rating lagged effects or using an auto-regressive mixed 
model) could be used to analyze dynamic aspects of 
happiness. For example, how quickly do changes in GDP 
translate into changes in happiness? Does happiness have 
momentum or mean-reversion over time for a given coun-
try? Addressing these questions would require a longer 
time series and potentially different techniques (e.g., ARI-
MA models or state-space models for longitudinal trends).

6.4 Grouping by Income or Region
It may be insightful to stratify or extend the model by 
grouping countries according to income level (e.g., 
high-income vs. low-income countries) or region. The 
effects of certain variables on happiness might differ in 
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magnitude across these groups. For instance, GDP might 
have a larger impact on happiness in developing countries 
(where basic needs are still being met) compared to devel-
oped countries. Similarly, cultural differences by region 
could interact with the predictors. Multi-level models with 
random slopes by region or separate models for different 
subsets could probe these variations.

6.5 Longer-Term and Causal Studies
As more years of happiness data become available, it 
would be valuable to see if the identified patterns hold 
or change over a longer horizon (e.g., a decade or more). 
Additionally, while the model identifies associations, es-
tablishing causality (e.g., via instrumental variables or ex-
perimental approaches) would strengthen policy implica-
tions. Future research could attempt to address questions 
such as: Does increasing freedom directly lead to higher 
happiness, or is it simply correlated with other improve-
ments? Such analyses would deepen the understanding of 
the mechanisms behind happiness changes.

7. Conclusion
This longitudinal study examined world happiness scores 
from 2015 to 2019 using a linear mixed-effects frame-
work designed to capture both within-country dynamics 
and persistent cross-country differences. By incorporating 
random intercepts at the country level, the model achieved 
high explanatory power and satisfied diagnostic checks, 
demonstrating that accounting for hierarchical data struc-
tures is essential in the study of subjective well-being. 
The analysis identified GDP per capita, healthy life expec-
tancy, freedom to make life choices, and lower perceived 
corruption as robust and statistically significant predictors 
of national happiness, while generosity and social sup-
port showed limited or nonsignificant effects once other 
covariates were controlled. These findings highlight that 
while material prosperity, health, institutional trust, and 
personal autonomy are critical drivers of well-being, other 
commonly emphasized variables may be more context-de-
pendent or collinear with major determinants.
Importantly, the random intercept variance indicated that 
unobserved country-specific characteristics continue to 
play a substantial role in shaping happiness outcomes. 
This highlights the importance of acknowledging the cul-
tural, historical, and societal factors that extend beyond 
measurable socioeconomic indicators. Furthermore, the 

absence of a significant global time trend between 2015 
and 2019 suggests that average world happiness was rela-
tively stable, with improvements in some nations offset by 
declines in others. The case of Venezuela’s downturn and 
the persistence of Nordic countries at the top exemplify 
this divergence. Taken together, the results demonstrate 
that effective policies to improve well-being must com-
bine general strategies—such as promoting economic 
security, health, and freedom—with sensitivity to national 
contexts. Future work that integrates additional predictors 
and employs causal or nonlinear modeling may provide 
deeper insights into the mechanisms linking structural 
conditions with subjective life evaluations.
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