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Abstract
Subjective Well-Being (SWB) has emerged as a key measure in assessing societal progress
beyond traditional economic indicators like GDP. While SWB is shaped by diverse socio-
economic factors, most quantitative studies use limited variables and overlook non-linearities
and interactions. We address these gaps by applying random forests to predict regional SWB
averages across 388 OECD regions using 2016 data. Our model identifies 16 key predic-
tors of regional SWB, revealing significant non-linearities and interactions among variables.
Notably, the sex ratio among the elderly, a factor underexplored in existing literature, emerges
as a predictor comparable in importance to average disposable income. Interestingly, regions
with below-average employment and elderly sex ratios show higher SWB than average, but
this trend reverses at higher levels. This study highlights the potential of machine learning
to explore complex socio-economic systems, connecting data-driven insights with theory-
building. By incorporating multidimensionality and non-linear interactions, our approach
offers a robust framework for analyzing SWB and informing policy design.

Keywords Well-being · Random forest · Regions · Human development

1 Introduction

The pursuit of understanding, quantifying and promoting human well-being has become a
paramount concern for international organizations, policy-makers, andgovernments (Durand,
2015; European Commission: Directorate-General for Employment, 2021; Mahoney, 2023;
O’Neill et al., 2018). While economic activity measured through Gross Domestic Product
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(GDP) is the focal point for policy-makers to approximate well-being, it is increasingly
acknowledged that it ignores the entwined nature of economic, social, and environmental
determinants that collectively shape what constitutes the perception of a good life for people
(Boarini et al., 2006; Diener & Suh, 1997; Durand, 2015). Not only is GDP a poor measure
of how economic activity translates into well-being (Stiglitz et al., 2017), it can even exhibit
a partially negative relationship with certain aspects of well-being, such as environmental
health and leisure time (Costanza et al., 2009, 2014; Otero et al., 2020). The critique of
the reliance on GDP received a renewed resurgence in the public debate since the work of
the Stiglitz-Sen-Fitoussi Commission issued by the French Presidency (Bleys, 2012; Brand-
Correa et al., 2022; Hoekstra, 2019; Stiglitz et al., 2017).

Three main alternative approaches emerged to overcome GDP-dependence: 1) combin-
ing economic, monetary factors with other monetized objective factors via indices (Cook
& Davíðsdóttir, 2021; Talberth & Weisdorf, 2017; Kenny et al., 2019; Hayden & Wilson,
2018; Zhang et al., 2018), 2) promoting subjective measures of well-being as a policy target
(Kahneman & Krueger, 2006; Cavalletti & Corsi, 2018), and 3) weighted composite indices
of objective factors and subjective measures (Barrington-Leigh & Escande, 2018; Diener &
Suh, 1997; Durand, 2015). Objective factors cover awide range of elements, including air and
water quality, availability of land and amenities, political engagement, housing, healthcare,
and security. These components influence the so-called exterior dimension of well-being,
which is related to the fulfillment of a certain set of psychological, material, and social
needs, as well as the degree of freedom and resources to meet individual desires (Atkinson &
Mourato, 2015; Diener & Suh, 1997). While objective indicators provide valuable insights,
they are incomplete without considering the lens through which individuals perceive and
experience their lives. Subjective well-being (SWB) encompasses self-reported life satis-
faction, the realization of the individual’s potential, and personal evaluation of one’s life.
All those components pertain to the interior dimension of well-being (Atkinson & Mourato,
2015; Chaaban et al., 2016). Descriptive social indicators can partially capture this subjective
perspective, yet the actual interplay between objective and subjective dimensions remains
challenging to empirically delineate (Atkinson&Mourato, 2015; Diener & Suh, 1997; Dolan
et al., 2008; Michalos et al., 2011; Stiglitz et al., 2017).

Insights from research on the objective and subjective influences on SWB are useful in
orienting policies to promote SWB. However, effectively capturing and comparing SWB
across diverse contexts presents a formidable challenge. Its multidimensionality implies
that no single indicator can provide a comprehensive assessment. Attempts to condense the
myriad dimensions into composite indicators can facilitate cross-country comparisons but
risk oversimplification and loss of nuanced information (Ciommi et al., 2017). Conversely,
employing many indicators for analysis may yield a wealth of information but hinder com-
parability across countries and over time (Durand, 2015). The intricate web of individual,
household, and societal levels further complicates the task of measurement (Durand, 2015).
The OECD’s “Better Life Index,” for example, encompasses a wide array of dimensions
spanning material conditions and quality of life. Yet, even such holistic frameworks may
fall short of capturing the full spectrum of well-being (Chaaban et al., 2016; OECD, 2019).
Moreover, the existing analytical frameworks often neglect spatial interdependencies and
regional variations, a crucial omission given the profound influence of local context on SWB
(Ballas & Thanis, 2022; Hoogerbrugge et al., 2022; Pacione, 1982, 2003).

The challenge lies in reconciling these different concerns anddeterminingwhen andhow to
measure specific aspects of SWB while simultaneously considering its multidimensionality
and non-linearity. The elements of multidimensionality and non-linearity potentially pose
difficulties for the scientific method solely based on human induction, as human thinking
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tends to follow linear reasoning (De Langhe et al., 2017). For example, the existing literature
stresses the multidimensional nature of SWB but typically limits the number of variables
analyzed to a modest range and employs linear regression models (Balestra et al., 2018;
OECD, 2017). In the era of big data (Luhmann, 2017) and recent advances in data analytics,
the question arises whether amore data-driven approach can offer novel perspectives between
SWB and its exterior dimensions, contributing to the step of exploration and consequent
induction in the theory building process. More specifically, machine learning’s ability to
recognize non-parametric patterns in large amounts of data when predicting outcomes may
help to formulate novel and testable hypotheses, an approach explored in other fields of social
science already (Shrestha et al., 2021; Van Lissa, 2023).

This paper’s main contribution is to offer a workflow that generates hypotheses based
on machine-learning informed induction to the scientific method when studying outcomes
of complex socio-economic systems, such as SWB. We argue that machine learning meth-
ods are better suited for these exploratory tasks than traditional econometric methods, as
they inherently allow to account for multidimensionality based on flexible functional forms
including non-linearities and interactions among predictors1, while at the same time enable
the inclusion of a large set of predictors (Mullainathan & Spiess, 2017). We develop a multi-
ple step workflow to achieve this. First, we extend the predictors used in the OECD regional
well-being database, those defining the Better Life Index, with available predictors from
other, more general OECD regional databases. Second, we employ machine learning to iden-
tify the most important predictors of SWB across all OECD regions. Third, we investigate
the functional forms and interactions in our final machine learning model via methods of
interpreting machine learning models (Molnar, 2022) and thoroughly compare our gathered
insights to the traditional literature on the topic. Finally, we derive hypotheses for future
causal studies on the topic. To our knowledge, no prior studies employ machine learning
techniques to investigate regional well-being.

By applying the developed workflow to SWB, our study seeks to answer the following
questions: How similar or divergent are the results of algorithm-based estimates of SWB at
the regional level to previous studies and current frameworks, such as the OECD Better Life
Index? Are there non-linear relationships and interactions between SWB and its predictors?
Are there any novel hypotheses that emerge out of our results?

Our results highlight that the most important predictors of SWB are related to socioe-
conomic and subjective factors, such as perception of corruption and perception of social
support. Those findings are in line with previous contributions in the literature (Ali et al.,
2020; Cavalletti & Corsi, 2018; De Neve & Sachs, 2020; Dolan et al., 2008; Glatz & Eder,
2020; Peiró-Palomino, 2019; Puntscher et al., 2015; Schmidt et al., 2023; Steiner et al., 2015).
However, compared to the established literature, our results also offers a novel important pre-
dictor of regional SWB in the sex ratio among the elderly population. Given this novelty, we
derive hypotheses for future causal research on this predictor.

Through its regional focus, our study offers a diverse perspective on SWBwhich holds cru-
cial implications for regional policy-making.Most of the studies at the regional level (Di Paolo
& Ferrer-i-Carbonell, 2022; Peiró-Palomino, 2019; Puntscher et al., 2015) have analyzed
SWB considering only one or two dimensions between economic, social, and environmen-
tal. This study provides a multidimensional framework considering all three dimensions.
However, the representativeness of our results might be limited by the choice of our sam-

1 Variables are usually referred to as predictors in the machine learning literature. For this reason, we will
stick to the term predictor for the rest of the manuscript.
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ple. The data we employed for the analysis come from OECD regions. Hence, we cannot
generalise our results.

The use of machine learning techniques in this work aims at spotting new angles of
the relationship between SWB and relevant predictors. Machine learning algorithms are
constructed to deal with the most common pitfalls of standard econometrics. However, the
algorithm we have chosen for the sake of this analysis does not deliver any causal claim.
To further clarify this point in this work we will refer to “predictors” or “features” and not
“determinants” or “covariates” of SWB (Bartram et al., 2024).

The remainder of the paper is structured as follows: In Section 2, we review the literature
on the determinants of SWB. In Section 3.1, we present our methods and describe the data in
Section 3.2. Section 4 provides results and their discussion, whereas, in Section 5, we draw
conclusions.

2 Literature Review

We categorise the literature on subjective well-being (SWB) into three types, individual,
national and, regional. These categories have subsequently emerged and influence each other.
Early studies analysed SWB on the individual scale, mostly analysing how SWB changed
across the lifespan of individuals (Kahneman & Krueger, 2006). Later, data collection on
SWB at the individual level strove for representative national scale samples to compare how
national policies can shape SWB and possibly use it as an alternative to GDP. Only more
recently, representative regional scale samples are available to study. The studies on the
individual scale established the association of SWB with absolute income, relative income,
health, personal and community relationships, and employment status (Dolan et al., 2008;
Steiner et al., 2015). More recent studies on individual SWB showed the inverse effects of
regional (Di Paolo & Ferrer-i-Carbonell, 2022) and national (Glatz & Eder, 2020) unem-
ployment rates, positive effects of social and institutional trust (Glatz & Eder, 2020), the
impact of household structures and associated feelings of loneliness (Mínguez & Vírseda,
2019), and reactions of SWB to extraordinary event like the financial crisis of 2008 (Deaton,
2012). Furthermore, the literature explored place-specific determinants on individual SWB,
finding positive effects of green and natural environments, with heterogeneous effects for dif-
ferent gender and age groups (MacKerron &Mourato, 2013), the impact of spatial structures
(Hoogerbrugge et al., 2022), a positive effect, similar in size to income, for the regional bird
species richness (Methorst et al., 2021), and living in a city that hosts the European Capital
of Culture (Steiner et al., 2015).

Insights from the individual scale have shaped the initial explanations of variations
between countries and informed the first analyses of country differences in SWB. How-
ever, the literature studying national variations also extended the scope of analysis in SWB
towards more context specificity. Different studies on the national scale are not easily com-
parable, as they include various sets of countries, indicators, and methodologies in their
analyses. Methodological differences between studies can lead to contradictory results in
the literature, as shown for the link between inequality and SWB (Schneider, 2016). The
positive relationship with SWB established for GDP and income per capita on the individual
scale was confirmed at the national scale (Ali et al., 2020; Cavalletti & Corsi, 2018; De Neve
& Sachs, 2020; Schmidt et al., 2023). Results for health indicate positive correlations with
SWB (Cavalletti & Corsi, 2018; De Neve & Sachs, 2020) and variations in health contribute
to a large share of variance of SWB (De Neve & Sachs, 2020). However, regression results in
Cavalletti and Corsi (2018) suggest no to a slightly negative relationship of a composite indi-
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cator of health with SWB. The social reality faced by individuals explains differences in SWB
between countries well. The corresponding factors are the level of spending on social protec-
tion and social safety nets, both with a positive relationship, the share of the population over
65 years with a negative relationship (Schmidt et al., 2023), and demographic differences
more generally (Cavalletti & Corsi, 2018). The importance of employment for individual
well-being translates into a negative relationship between unemployment and SWB on the
national scale (Ali et al., 2020; Cavalletti & Corsi, 2018; Schmidt et al., 2023). Also, larger
shares of the resource-based sectors in the total economic activity of a country predict lower
SWB scores (Ali et al., 2020).

The literature on estimating regional averages of SWB is scarce. However, some stud-
ies analysing the individual scale include regional characteristics in their estimations. Prior
work confirms results from the national scale estimating a negative relationship of regional
unemployment rates with regional averaged SWB (Puntscher et al., 2015) and individual
SWB (Di Paolo & Ferrer-i-Carbonell, 2022). Furthermore, using the same data as this study,
regions with a growing population, a lower share of the population above 65 years, higher
levels of ethnic fractionalization, higher regional expenditure, and higher institutional quality
have been estimated to have higher regional SWB (Peiró-Palomino, 2019).

In conclusion, the prior literature on SWB offers a point of reference to compare our
data-driven results. We seek to find the established predictors from the literature reflected in
our final set of predictors from the data-driven reduction process. Aligning results will prove
our confidence in our methodological approach. Furthermore, they provide the baseline for
possible novel insights coming from our analysis.

3 Methods & Data

3.1 Methods

Our methodological approach reflects the multidimensionality of well-being and the
exploratory nature of our research questions. Thus, two aspects are of particular interest.
First, we want to include as many predictors as possible for the data-driven analysis. Second,
we do not wish to make any assumption about the functional form between predictors and
subjective well-being (SWB), explicitly allowing for non-linearities and interactions among
predictors. These two characteristics are well captured through algorithm-based machine-
learning approaches and their main advantage compared to regression analyses.

The methods described below reflect the step-wise approach of our analysis. First, we
introduce the random forest (RF) algorithm (see Section 3.1.1) and methods for its inter-
pretability (see Section 3.1.2). Then, we describe the process of attaining our final RF model
by selecting the optimal group of predictors (see Section 3.1.3).

3.1.1 Random Forests

While machine learning algorithms and their consequent prediction models are framed as
black-box models due to the inability to understand how they reached their results (Breiman,
2001b), recent advances in the interpretability of these models allow to reconstruct their
innate functioning (Molnar, 2022). However, there are differences between different machine
learning algorithms in their interpretability. Due to their complexity, (deep) neural network
may still be seen as black boxmodels,whereas there aremany available techniques to interpret
tree based models (Molnar, 2022).
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For this study, we choose the tree-based Random Forest (RF) algorithm which is one of
the most widespread machine learning approaches (Breiman, 2001a). This choice is mainly
based on two aspects: its ability to include non-linearity and interactions when predicting
outcomes and the wide availability of methods to interpret RF models (Molnar, 2022).

As an ensemble regression technique, RF utilises many regression trees to predict an
outcome variable yi . Tree-based methods make predictions through a step-wise approach
(James et al., 2013). Predictions are made by splitting the sample based on a predictor’s
mean value and taking the average of the outcome variable in the resulting sub-samples to
predict the outcome variable. The next step splits the sub-samples again by the mean of a
predictor in that sub-sample. The maximum number of splits is usually restricted; otherwise,
the resulting model will overfit the data. The predictor used to split the (sub-)sample at each
split is chosen based on the maximum decrease in the residual sum of squares (RSS) of the
resulting sub-samples prediction. One consequence of these splitting rules is the non-linear
and interdependent functional relationships between the predictors and the outcome variable.
Single regression trees are easy to interpret but their predictions compare poorly to predictions
made frommany ensembled trees. Through randomization of the used predictors, the method
of RF decorrelates trees in the ensemble and enhances the out-of-sample predictions (James
et al., 2013).

There are different parameters to choose before running a random forest algorithm, includ-
ing the minimum number of nodes in a tree, the number of trees and the number of randomly
chosen predictors in each split. We choose the optimal configuration of these parameters
through a hypertuning process. Hypertuning is the process of running the algorithm with
different parameter combinations and selecting the resulting model that has the lowest mean
squared error (MSE) in predicting the outcome variable.

Based on the exploratory nature of our work, we will focus on finding the most relevant
predictors of SWB and explore their functional forms and interactions.

3.1.2 Model Interpretability

There are several methods to understand the behavior of RF models and to learn about their
included predictors, including the importance of single predictors, their functional forms and
interactions. A predictor X j is considered important in predicting the outcome variable Y
if breaking a link between X j and Y through randomizing the values of X j increases the
prediction error, measured in the MSE (Breiman, 2001a).

One of the strengths of the RF model is its ability to find different functional forms in the
relationship between the outcome variable and predictors. A common way to investigate the
functional form is through partial dependency plots (PDP) that plot average predictions over
the marginal distribution of a predictor. However, this is problematic as PDPs assume the
independence of the corresponding predictor (Molnar, 2022, Chapter 8.1). In other words,
PDPs assume uncorrelated predictors, and their calculation involves unreasonable combina-
tions of the corresponding predictor values with other predictors used in the RF model that
are not found in the original data. In our case, computing PDPs would include imaginative
and unrealistic combinations of regional characteristics. To overcome this issue, we employ
Accumulated Local Effect (ALE) plots, which show how the machine learning model pre-
dicts the outcome variable over different values of a predictor (Apley & Zhu, 2020). ALE
plots average and accumulate local effects over the conditional distribution. i.e. the distribu-
tion of a predictor conditional on the values of other predictors. In other words, ALE plots
calculate changes in the predictions, not the prediction itself, over the conditional distribution
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within a small window of values and, thus, consider only realistic combinations of regional
characteristics found in the data.

We compute the interaction effects between predictors using theH-statistic (Molnar, 2022;
Friedman & Popescu, 2008). It is based on the partial dependency function, which measures
how the prediction changes over the range of values of a predictor. The H-statistic measures
howmuch of the variance in the partial dependency function of a predictor in themodel can be
explained by the change in another predictor or all other predictors in the model. The statistic
ranges from 0, no interaction, to 1; all the variance can be attributed to the interaction. We
compute the H-statistic for the total interactions strength of a predictor and for the two-way
interactions between two predictors.

3.1.3 Variable Selection

The final number of available predictors from the OECD databases is 134 (see Section 3.2
for details) which necessitates to reduce this number to improve the performance and inter-
pretability of RF models. To avoid a researcher bias and to be consistent with our data-driven
approach, we apply machine learning to optimally reduce the number of predictors.

One recently introduced method is to select variables via the least absolute shrinkage and
selection operator (LASSO) before running the RF algorithm (Tan et al., 2018). However,
we chose to select the variables for our final RF model via a method based on RF, too. The
rationale for this choice is related to OLS being the inherent optimization function used
in the LASSO method (Tibshirani, 1996). Our main motivation in this study is to employ
machine learning to account for the non-linearities and interactions when predicting the
highly multidimensional concept of SWB. Thus, not accounting for this when choosing our
final set of predictors would have introduced a linearity bias to our final variable selection
method.

We reduce the number of predictors included in the final RF model through recursive fea-
ture elimination (Gregorutti et al., 2017).This data-driven technique ismainly employedwhen
there are many predictors and a relatively small number of observations. Recursive feature
elimination exploits an RF algorithm that selects predictors according to their permutation
importance. Furthermore, the selection criterion based on variable importance also consid-
ers correlations. Correlated predictors show smaller importance scores and, consequently,
are more likely to be excluded in the process of recursive feature elimination (Gregorutti
et al., 2017). The recursive feature elimination ranks all the predictors according to their
permutation importance. After that, the algorithm eliminates a fraction, in our case 20%, of
predictors deemed least important by the computation. Then, a new forest is trained on the
remaining predictors. The process is repeated until only one predictor remains. We compute
the so-called Out-Of-Bag error for each RF model in the process, which is the error when
predicting out-of-the sample used to train the RF model, and choose the final set of predic-
tors based on the lowest Out-Of-Bag error of the corresponding RF model (Breiman, 2001a;
Gregorutti et al., 2017).

3.1.4 Workflow of the Analysis

We will conduct our analysis on a script, a consequential step-wise approach, that we call
workflow, corresponding to the code provided. After compiling the dataset (see Section 3.2
for details), we use the variable selection method presented in the previous subsection. Then,
using the most appropriate set of predictors, we randomly divide the sample into a training
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set with 75% and a test set with 25% of its observations. After hypertuning to find the best
combination of parameters, we build our final random forest model.

With the final established random forest model, we compare its performance of predicting
the test set of SBWvalues to those of an Ordinary Least-Squares (OLS) model and XGBoost,
another widely used tree-based algorithm, Chen and Guestrin (2016) by the coefficient of
determination R2 and the root mean squared error RMSE . Finally, we apply the model
interpretability methods to learn about the RF model’s behaviour and gather knowledge on
the most important predictors, their functional forms and their interactions when predicting
SWB.We focus our investigation on the model’s predictors that are most important and show
the strongest interaction effects. Furthermore, we focus on those results differing from the
established literature on SWB. This focus corresponds to this study’s primary motivation for
using machine learning. To ensure the robustness of our results, we contrast results from the
RF estimation to those of a XGBoost model and show the results in the Appendix.

3.2 Data

The well-being and regional databases offered by the OECD allows the analysis of harmo-
nized regional data across different continents. Our data stems exclusively from the 2016
edition of OECD Regional Statistics (OECD, 2019). The core of our dataset is the Regional
well-being (Edition 2016) database, consisting of 14 indicators covering material conditions
(jobs and housing), quality of life (education, health, environment, safety and access to ser-
vices), and mean subjective life satisfaction scores for 388 OECD regions2. Regional data
on SWB stem from the Gallup World Poll, gathered between 2006 and 2014, that were
reweighted for regional representativeness (OECD, 2016). To extend the variables for the
RF algorithm and to test whether there are predictors of SWB different to those gathered in
the OECD Regional Well-being Statistics, we combined it with five other OECD regional
databases on regional demography, regional economy, regional education, regional labormar-
kets, and regional social and environmental indicators. Then, we included the most recent
available data points from our database that were no older than 2006. This decision is based
on the years when the data on subjective life satisfaction originates.

The combined database includes 362 indicators for 388 OECD regions. However, there
are missing entries for some regions and indicators. As we needed a dataset with no missing
entries to run the RF algorithm and wanted to dismiss any possible selection bias of the
non-reporting regions, we chose the indicators that have no missing entries for our 388
regions and ended up with 134 different indicators, including subjective well-being.3 The
data collected have different units of measurement. To allow comparabilty and reduce the
computational time, we centered all data and scaled it by the respective standard deviation

with Xscaled = Xi−X̄
σ(X)

before running the RF algorithm.
Our data represent different social, environmental, and economic aspects of people’s

living environment. They includes, among others, data on air quality, labor statistics, life
expectancy, income, and innovative capacities. The outcome variable for our analysis is a

2 The database gathers information for 391 OECD regions. However, we erased three regions, as their infor-
mation for all 14 well-being indicators was incomplete. These were Helsinki-Uusimaa in Finland, Los Rios,
and Arica Y Parinacota in Chile.
3 From this follows a trade-off between including as many different indicators or regions as possible in a
final estimation. For example, excluding the 120 regions with the highest number of missing entries across
all indicators increases the number of indicators with full information to 202. Still, it reduces the number of
available regions to 268.
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measure of SWB. In this case, subjective well-being is the average score of self-evaluated
life satisfaction for each region. The index ranges from 0 to 10, where zero represents the
minimum, and ten is the maximum level of life satisfaction reported. The average score at
the regional level is based on estimates provided by the single National Statistical Offices.
Those estimates come from broadly comparable questions that follow the OECD Guidelines
on Measuring Subjective Well-Being issued in 2013.

4 Results

4.1 Selection of Predictors

The first step of our analytical strategy involves the selection of predictors. We thus ran
the feature elimination algorithm on the 134 indicators collected from the OECD database.
Figure 1 depicts theOOBs for the process of recursive feature elimination. For the first rounds
of elimination, going left to right, theOOBerror steadily decreases along a decreasing number
of predictors included in an RF model to predict SWB. Then, there is a minimum when the
RF model uses 20 predictors and an OOB error of 0.230. After that minimum, the error stays
relatively constant before increasing steeply when the RF model uses only a few predictors
for prediction. We continue our analysis with the 16 predictors solution, as this solution does
not increase the OOBmuch but decreases the final number of predictors to interpret and, thus,
reduces the possible correlation between predictors. Table 1 shows the summary statistics
for our final predictors. It is important to note here that our predictors include only nine of
the original fourteen OECD Regional Well-being predictors, and seven predictors stem from
other regional databases of the OECD.

Fig. 1 Results of the recursive predictor selection process. In each step, a number of predictors remain along
with the corresponding OOB error of an RF model using these predictors to predict subjective well-being
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Table 1 Summary statistics

Predictors Database Mean SD

Predictor

Employment rate Wellbeing 66.34 10.26

Sex ratio 65+ (male/female) Demographic 77.88 8.66

Disposable income Wellbeing 17909.62 10393.23

Unemployment rate Wellbeing 8.63 5.98

Perceived social network support Wellbeing 88.89 7.69

Subjective perceived corruption Wellbeing 60.47 19.69

Population density growth index (2001 vs. 2014/2015) Demographic 109.32 12.36

Rooms per capita Wellbeing 1.75 0.56

Air pollution (PM2.5) Wellbeing 10.57 5.29

Death rate (male) Demographic 8.77 2.30

Population growth index (2001 vs. 2014/2015) Demographic 109.53 11.30

Child-to-woman ratio Demographic 25.71 6.03

Youth dependency rate Demographic 27.87 8.09

Labour force with at least secondary education (in %) Wellbeing 74.15 18.96

Household broadband access Wellbeing 69.84 18.99

Sex ratio total population (male/female) Demographic 97.02 3.68

Outcome variable

Subjective Wellbeing Wellbeing 6.66 0.81

Notes: Employment rate is the share of people currently employed out of the workforce (aged 15-64). The
Sex ratio 65+ (male/female) is the ratio of male over female population aged more than 65. Disposable
income is the income available to households from wages and salaries, self-employment and unincorporated
enterprises, pensions and other social benefits, and financial investments. The Unemployment rate is the share
of the population of the working-age population who are without work, are available for work, and have
taken specific steps to find work. Perceived social network support represents the share of the population who
reported having relatives or friends they can count on. Subjective perceived corruption is a score ranging from
0 if the regional institutions are perceived as highly corrupt to 100 if they are perceived as very clean. The
Population density growth index represents the ratio between the growth rate of the population in 2001 and the
growth rate of the years 2014/2015. Rooms per capita is the average number of rooms in a dwelling divided
by the number of persons living in a dwelling. Air Pollution (PM 2.5) is the average level of PM 2.5 (µg/m3)
experienced by the population of a region. Death rate (male) is the average number of deaths among the
male population divided by the number of total deaths. Child-to-woman ratio represents the average number
of children aged 0-4 years and the number of females aged 15-49. Youth dependency rate is the number
of persons aged less than 15 as % of the population aged 15-64. The Labour force with at least secondary
education (in %) is the share of working-age people with an upper secondary education level. Household
broadband access is the average share of households with broadband internet connection. The Sex ratio total
population (male/female) is the share of male over female population in a region. Subjective well-being is the
average score of self-evaluated life satisfaction for each region, ranging from 0 (minimum) to 10 (maximum)

The resulting predictors can be expected to be correlated. To check for any correlations
that need to be considered when interpreting our results, we provide a visualised correlation
matrix in the appendix (see Fig. 5).

4.2 Random Forest Estimations

After hypertuning the parameters of themodel4, we use the 16 predictors to predict subjective
well-being. Utilizing our RF model compared to an Ordinary Least-Squares (OLS) model

4 The final model parameters are six randomly chosen predictors to possibly split at in each node, two as the
minimum number of nodes, and 1085 trees.
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and a hypertuned XGBoost model with the same predictors increases the share of variance
predicted, called the coefficient of determination, R2 from R2

OLS = 0.666 and R2
XGBoost =

0.731 to R2
RF = 0.780 and decreases the rootmean squared error RMSE from RMSEOLS =

0.621 and RMSEXGBoost = 0.552 to RMSERF = 0.521. Thus, our RF model yields a
significant improvements compared to a linear OLS estimation and slightly better prediction
compared to aXGBoostmodel.We attribute the improvements compared toOLS to including
non-linearity between the outcome variable and the predictors and interactions between
predictors.

Figure 2 shows the predictor importance for all employed predictors as measured by the
loss of mean squared error (MSE). The importance of the predictors steadily decline. How-
ever, with a significant gap, the most important predictor in the model is the employment rate.
It is followed by subjective perceived corruption, disposable income, subjective perceived
social support, sex ratio of the elderly population, and the unemployment rate. As mentioned
in the Section 3.1.3, predictors with higher correlations are punished when computing their
importance score. We see this effect when considering the correlation matrix visualised in

Fig. 2 Importance of all predictors in the final model. The importance of a predictor is evaluated based on a
higher loss of mean squared error (MSE) for shuffled values when predicting SWB. The dot represents the
median value for 100 repetitions of the shuffling process, and the bar depicts the range of its 5% and 95%
quantiles. Variables that do not stem from the well-being database are marked in bold
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the appendix in Fig. 5. The male death rate and the household broadband access show par-
ticularly high correlations with several other predictors. Therefore, their importance scores
are relatively low. Furthermore, through randomising which predictors are used in each split,
results from the random forest algorithms are not as susceptible to correlations of the included
predictors as linear regressions.

The ALE plots of the predictors complement their importance as they show the functional
form of the relationship between SWB and the main predictors. Figure 3 shows the results
of the ALE plots for each predictor. The predictors are ordered based on their importance in
predicting SWB (Fig. 2). Most predictors show an S-curve-like shape that signifies certain
levels of those predictors up to which SWB does not further increase or increase with dimin-
ishing magnitude. The ALE plot for subjective social support, the male death rate, and the
child-to-woman ratio have slight U-shaped curves.

Figure 4 shows the emerging interactions in the RF model that are useful to assess the
influence of interactions among predictors in the model on SWB predictions. Due to all

Fig. 3 ALE plots of all predictors. The y-axis depicts changes in the predicted Accumulated Local Effects
(ALE) for subjective well-being (SWB) at different values of the corresponding predictor. The x-axis is
scaled in units of the standard deviation of the corresponding predictor, with zero representing its sample
mean. Steeper ALE curves, indicating more substantial changes in the prediction as the value of the predictor
changes, suggest that the predictor is more important. Variables that do not stem from the well-being database
are marked in bold
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Fig. 4 Selection of interactions in the model. Panel A: shows the overall interaction strength of all predictors
in our final prediction model, measured by the H-statistic. Panel B: shows the contribution of each two-way
interaction with the employment rate to the variance from the previous step (Panel A); Panel C: shows the
functional form of varying values for the interaction of employment rate and sex ratio of people over 65, i.e.,
the share of male over female for people aged above 65 years, through the Accumulated Local Effect (ALE)
of predicting SWB. Darker shades of grey depict higher predicted SWB values. Variables that do not stem
from the well-being database are marked in bold

the possible interactions among the predictors, we only engage with the major interactions
in our model to showcase the potential of such an analysis. Among all the predictors, the
employment rate shows the highest interaction effect. The interactions with other predictors
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account for more than 15 % of its prediction variation of SWB (Fig. 4A). As defined in our
workflow in Section 3.1.4, we further investigate the interactions of the employment rate.
Figure 4B shows the two-way interactions of the employment rate. The largest two-way
interactions are the sex ratio of people over 65 that accounts for around 8 % of the prediction
variation of the employment rate, the disposable income, and the unemployment rate (both
around 8 %).

Among all the two-way interactions of the employment rate, the sex ratio of people over
65 is the strongest. Moreover, the latter is a novel predictor that emerged from our data-
driven variable selection procedure. For both reasons, we decided to further investigate the
functional form of this two-way interaction to visualise how the predicted SWB changes in
response to changes in the employment rate and the sex ratio of people over 65 (Fig. 4C). The
figure shows that predicted SWB is lower in regions with high employment rates and a lower-
than-average elderly sex ratios, as represented by the upper-left quadrant. The same applies
to the bottom-right quadrant, where a higher-than-average elderly sex ratio combined with
low employment predicts lower values of SWB. Conversely, in the bottom-left quadrant, a
lower-than-average employment rate and a lower-than-average elderly sex ratio are associated
with higher SWB. The same is true for the upper-right quadrant, where higher-than-average
employment and a higher-than-average elderly sex ratio are associated with higher predicted
SWB.

We check whether our results depend on the RF algorithm and contrast them with the
results of the XGBoost algorithm. We present the contrasting results in the appendix. They
show that our main results hold for both algorithms, namely the importance of the employ-
ment rate, its strong interaction with the elderly sex ratios, and the functional form of this
interaction.

5 Discussion and Conclusion

The subjective perception of well-being reflects the multidimensionality of the ”good life” in
a society. In this study, we predict subjective well-being (SWB) in OECD regions by socio-
economic and environmental factors with machine learning techniques, thus accounting for
its highlymultidimensional nature. Our results indicate that these data-driven approaches can
meaningfully reduce many factors, what we call predictors, to an essential set for predicting
outcomes of a complex socio-economic system. The data-driven reduction is meaningful,
as the final predictors correspond well to established frameworks while still offering novel
insights previously unexplored in the literature. Also, our results reveal non-linear relation-
ships between predictors and SWB and the interactions between predictors.

In line with previous contributions in the literature, our results highlight socioeconomic
predictors as crucial to SWB. However, a novel insight into our approach stresses the impor-
tance of the regional gender composition of older people. Nonetheless, a residual component
of SWB remains elusive, emphasizing the need for further investigation. Nine out of 16
predictors that emerged from our data-driven approach stem from the well-being database
of the OECD. The previous literature established the importance of the employment and
unemployment rate (Ali et al., 2020; Cavalletti & Corsi, 2018; Dolan et al., 2008; Puntscher
et al., 2015; Schmidt et al., 2023; Steiner et al., 2015), subjective social network support and
perceived corruption, as proxied by social and institutional perception/trust (Glatz & Eder,
2020; Peiró-Palomino, 2019), and disposable income (Ali et al., 2020; Cavalletti & Corsi,
2018; De Neve& Sachs, 2020; Schmidt et al., 2023), all among themost important predictors
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in our machine learning model. Also, the general importance of demographics on SWB has
been established in the previous literature (Cavalletti & Corsi, 2018) and connects to the
seven predictors from the demographic OECD regional database in our final model.

A previously unexplored aspect in the literature relates to our finding that the sex ratio
among the elderly population is as significant a predictor of the regional average SWB as
the average disposable income. Higher inequalities in sex ratios indicate that more elderly
females live alone, possibly facing financial stress due to pension-gender gaps (Ebbinghaus,
2021). Also, this translates into higher care demand from other, mostly female members of
society, decreasing their financial and time resources and, thus, negatively affecting general
well-being in a region. This interpretation is also in line with our findings on the interaction
between the employment rate and the sex ratio among the elderly, which shows that our
model predicts higher SWB in regions with a lower-than-average employment rate and a
lower-than-average sex ratio among the elderly compared to both average levels, as the lower
employment rate translates intomore available time resources to care for the single elderly.We
view these findings with their tentative interpretations as the results from the here presented
inductive exercise and as hypotheses to be substantiated by future causal studies.

By reaching well-aligned results with the previous literature despite using a different
method, we consider our data-driven approach a fruitful methodological contribution to the
study of SWB, especially to untangle the multidimensional aspects of the complex socio-
economic concept of SWB to raise novel research questions. Furthermore, we advance the
field by raising novel hypotheses for future causal studies.

An important point of reflection relates to the general usage of data-driven approaches
and how their results crucially hinge upon the input data to this process. We tried to avoid a
selection bias in the selected regions and only included predictors covering the full range of
regions forwhich SWBaverageswere available.Hence, the input data to themachine learning
algorithm only included the well-being database and most entries from the demographic
database, restricting our possible results to these twodatabases. Furthermore, fewprior studies
analysed regional averages of SWB, and compared to country scale studies, indicators on the
regional scale show higher variation compared to national averages, thus allowing a more
nuanced analysis of indicators that shape collective SWB. We believe the more nuanced
regional input data combined with the exploratory nature of our analysis including non-
linearities and interactions, contributed greatly to our novel findings of predictors for SWB.

The empirical strategy chosen for this work is well-suited to deal with analyses involving
a high number of features. The process to deal with this higher amount of variables is fully
data-driven with limited interventions by the researchers. In general, and in particular, for
the relationship between SWB and its predictors, the choice of which variable to include in
the model might influence results significantly (Bartram, 2024; Bartram et al., 2024). The
issue has also been raised with respect to variables related to gender and their interactions
with other socio-economic controls (Bartram, 2022). We thus acknowledge that our results
are influenced by the set of variables used in the model and that another setting would have
led to different outcomes.

Our work naturally comes with limitations. First, our sample includes regions in OECD
countries, consisting of only a tiny subset of all countries worldwide and representing mostly
industrialized countries. Consequently, we cannot easily generalize our results to regions
in low-and middle-income countries. A more general limitation concerns the framework
of our analysis, which does not allow for causal claims. The machine learning techniques
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chosen only serve as a predictive tool. Nevertheless, the insights of this study serve as a
valuable source of different hypotheses for future causal works, that could include methods
of instrumental variables and propensity score matching. Further, even though our predictors
were chosen based on the predictor importance measure, which punishes highly correlated
predictors, our final list still contains correlated predictors, and future studies should consider
this limitation when referencing our results.

From the current study,we identify several promising directions for future research. Future
work should include regional data from low- and middle-income countries in our analysis,
which would contribute to their generalisability. However, the lack of harmonised data is a
caveat to such an effort. Though machine learning models derive results for prediction pur-
poses, future work needs to establish our results in a causal framework, especially regarding
the link between SWB and the sex ratio of the elderly population. Our results align well
with prior research and are an encouraging sign for applying machine learning approaches
to study socio-economic systems. For instance, the study of individual SWB and its socio-
economic determinants could utilise the workflow of the present study to generate novel,
previously unexplored hypotheses. Finally, the empirical literature on SWB would benefit
from considering spatial interlinkages when estimating SWB, as socio-economic outcomes
tend to show spatial dependencies across neighbouring regions.

We draw specific tentative policy implications regarding our results on the sex ratio of
the elderly population and general implications from our methodology for studying complex
socio-economic outcomes. Policy implications from our results on the sex ratio of the elderly
population can only be tentative as they need to be verified by future causal studies. Following
our results, policies should promote more equal health outcomes for women and men so
that elderly sex ratios equalize more effectively in the long term, have a strong focus on
greater equality of distributive outcomes such as incomes, working time and pensions to
reduce the financial dependencies of the female part of the population and promote the
importance of the societal role of elderly care, especially regarding needs of elderly female
parts of the population. However, in many OECD countries, demographic shifts, such as
the progressive aging of the population and a declining generational exchange in the job
market between younger and older workers, pose significant challenges to the sustainability
of welfare systems. In the future, there may be fewer workers to support a growing number
of elderly individuals reliant on pensions. This imbalance could undermine the viability
of redistributive pension schemes designed to promote more equitable pension outcomes.
Additionally, another critical factor affecting pensions, particularly for women, is the gender
pay gap. Women consistently earn less thanmen, which directly translates into lower pension
benefits in later life.

The dimension of gender ratios and their role in regional well-being is overlooked in
most well-being indicators and constitutes one of the novelties in our findings. Our study
also implies the usefulness of exploratory data-driven approaches in the empirical research
of multidimensional, complex socio-economic outcomes to generate novel hypotheses and
contribute to a step-wise theory-building process (Shrestha et al., 2021). In the spirit of
open science practices, the workflow and corresponding code established in this paper are
readily available for adaptation to studying other socio-economic outcomes. With an ever-
increasing coupling of social and economic processes in an ever-increasingly connected
world that generates lots of data, social scientists should embrace the ability of data-driven
approaches to contribute to novel hypotheses in the scientific inquiry of the outcomes of this
complex system.
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Appendix

Correlations of our Final set of Predictors

Fig. 5 Correlation matrix visualized of the predictors used in our final RF model. The plot shows pairwise
Pearson correlation coefficients (colored cells) for each predictor in the dataset. Predictors are ordered based a
hierarchical clustering. Coefficients are displayed in black text with one decimal point. The color scale reflects
the strength of the correlations
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Robustness Check - Random Forest - XGBoost

Fig. 6 Importance comparison betweenRandomForest andXGBoostmodel. Along the lines of the importance
plot in the main manuscript, this plot shows the importance scores for the predictors for the Random Forest
and the XGBoost model

Fig. 7 Interaction comparison between Random Forest and XGBoost model. Along the lines of the interaction
plot in the main manuscript, this plot shows the interaction scores of the predictors for the Random Forest and
the XGBoost model
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Fig. 8 Interaction with employment rate comparison between Random Forest and XGBoost model. Along
the lines of the interaction plot in the main manuscript, this plot shows the interaction scores of the predictors
with the Employment Rate for the Random Forest and the XGBoost model
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Fig. 9 ALE plot for the interaction of the employment rate with the elderly sex ratio of the XGBoost model.
Along the lines of the ALE plot in the main manuscript, this plot shows the ALE plot and thus the functional
form of the interactions between the employment rate with the elderly sex ratio scores for the XGBoost model
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