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Abstract 

Research on personality differences has been well-established on the levels of broad personality 

domains such as the Big Five  and their more specific facets. Over the past decade, a small number 

of researchers have proposed that lower-level, more specific personality traits, especially nuances 

(items), are also of vital importance for personality research, yet nuance-level research has not 

received sufficient attention. Considering that personality research has been getting broader as well 

as more fine-grained over time, the structured domains or the Big Five are not sufficient to fit the 

diversity of research purposes nowadays. Nuance-level research provides a new avenue for 

research by offering additional information which can supplement the Big Five focused research. 

This thesis aims to explore whether nuances offer additional useful information above and beyond 

domains and facets and whether nuance-level research can help to advance understanding of two 

important research areas in personality: the mechanism of personality differences over time and 

the association between personality and health outcomes. The data used in this thesis came from 

five studies: the Ained ja Arenevad Ajud (AAA; Drugs and Developing Brains), the Common-

Language California Child Q-Set Study (CCQS), the Life Outcomes of Personality Replication 

Project (LOOPRP), the HEXACO Online Study (HEXACOS), and the German Revised NEO 

Personality Inventory validation study (GNEOPIRS). 

Results of the empirical studies indicate that lower levels of the personality hierarchy contained 

substantially more unique information than higher levels which means that nuances provide unique 

information beyond the information captured by their shared variance that represent broader traits. 

Thus, aggregating individual traits might result in the loss of useful information which is only 

offered by nuances (chapter 2). Therefore, nuance-level research could supplement the high-
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dimensional approaches (domains, and facets) focused research and provide a more complete 

picture of personality change. This information further allows for the testing of novel hypotheses 

that rely on systematic between-trait variance in age differences. Based on these findings, this 

thesis tested some potential mechanisms of personality differences across the life span using 

nuance-level traits and found that while traits’ self-regulation requirements could not explain 

personality change, social expectations partially explained personality differences during 

childhood and adolescence (chapter 3). These findings are further used to test whether they support 

the social investment theory which has also been proposed to explain personality change based on 

the maturity principle. The finding that social expectations partially explain personality differences 

was also evident in young adulthood and results also offered some limited empirical evidence to 

support the social investment theory (chapter 4). In the last empirical chapter, nuances were used 

to create personality profiles of health-related lifestyles and outcomes, which allowed for new 

insights into the covariance structure of these health and wellbeing outcomes. The sixteen 

outcomes (health-related lifestyles and mental health problems) could be categorized into four 

groups based on their personality correlations (shared personality correlates): psychological 

distress, health awareness, emotional control and substance use. The high personality correlations 

between mental health problems support the hypothesis that co-occurring mental health problems 

can be partly explained by a general personality-based psychopathology factor, that makes 

individuals more vulnerable to developing any form of psychopathology. 

Overall, the findings of this thesis indicate that nuance-level traits can be useful for personality 

research, highlighting that it is essential to develop theoretical models specifically for nuance-level 

personality research. Importantly, this thesis aims to illustrate the possible value of lower-level 
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personality traits, that is nuances, to extend and diversify the field, not to criticize or negate the 

Big Five focused research.   
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Lay Summary 

The Big Five taxonomy is a well-established tool to study personality, classifying personality into 

five domains including openness to experience, conscientiousness, extraversion, agreeableness, 

and neuroticism. As personality research is getting deeper and broader, the Big Five itself is not 

enough to do justice to emerging topics. Therefore, more detailed analyses which take into account 

nuance-level personality traits are increasingly needed. Nuances are the lowest level of the 

personality trait hierarchy, and in practice tend to equate to individual personality questionnaire 

items. To date, there is still little known about this level of personality traits. This thesis aims to 

gain a better understanding of nuance-level traits as well as ways of using nuance-level analyses 

to advance personality research. In particular, this research investigated some potential 

mechanisms of personality development during childhood, adolescence, and early adulthood. 

Results showed that nuance-level traits contained unique information that was not captured by the 

aggregated higher-level traits (e.g., domains and facets). Overall, this thesis has highlighted an 

important advantage offered by nuance-level analyses – that is nuances allow for the testing of 

new research hypotheses that cannot be done with the traditional Big Five model, such as studying 

the systematic variations of traits. Results further suggested potential clinical advantages of 

nuance-level personality traits in terms of studying health and wellbeing. In summary, the findings 

of this thesis provide evidence for the value of nuance-level analyses and highlight the importance 

of developing a model specifically to measure nuance-level traits.   
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Chapter 1: Introduction 

 
Synopsis: 

This chapter provides some brief introductory background information on personality differences 

across the life span based on previous literature, and outlines the current research gaps that the 

empirical chapters of this thesis aim to address. It also introduces the aims of the thesis and 

provides a general overview of the following chapters.  
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Can we predict the future of an individual who is open to experiences, extroverted and highly 

organised? Will they find a decent job, form a happy family, and adopt a healthy lifestyle across 

their life span? Personality research has come a long way to describe and explain individual 

differences in people’s typical thinking, feeling and behaving. While the field used to highlight the 

stability of personality traits (McCrae & Costa, 2008), demonstrating that personality traits are 

powerful predictors of a wide range of important life outcomes (Bleidorn et al., 2019; Wagner et 

al., 2020),  research on personality development has now emphasized that it is unlikely for a person 

to retain the same personality traits across all developmental stages of childhood, adolescence, and 

adulthood (Specht, 2017).   

Personality can change in various aspects, such as mean-level change, rank-order consistency, and 

individual differences in change (Bleidorn & Hopwood, 2019; De Fruyt et al., 2006; Roberts et 

al., 2008). Mean-level change refers to the extent to which a trait changes within a population. 

Rank-order consistency refers to whether people maintain their position and show uniform change 

in personality levels within a population (Roberts & DelVecchio, 2000). Individual difference in 

personality refers to the degree people deviate from the average population (Bleidorn, Hopwood, 

Back, et al., 2020b). Typically, personality traits tend to shift in a socially desirable direction, with 

people becoming more agreeable, conscientious, and emotionally stable as they age 

into adulthood, at the mean level (Allik et al., 2004; Caspi et al., 2005; Donnellan & Lucas, 2008). 

At the mean level, people also tend to be less extraverted and open as they age, although these 

changes are not strongly linked with social desirability (Wortman et al., 2012). On the other 

hand, personality trait variances tend to increase from childhood until mid-adolescence and plateau 

thereafter (de Haan et al., 2013; Kandler & Zapko-Willmes, 2017; Mõttus, Soto, et al., 2017; Van 

den Akker et al., 2014). Personality researchers are eager to understand the mechanisms of 



3 

 

personality change across the life span, as well as individual differences that appear during this 

process – especially as a substantial number of studies show that personality differences predict 

many major life outcomes, such as physical health, mental health and academic 

performance (Hampson et al., 2007; Israel et al., 2019; Moffitt et al., 2011; Samuel & Widiger, 

2008).  

Prior to answering any of these research questions,  it is essential to begin with a close examination  

of the key notion of the personality trait. What exactly are personality traits? Previously, the 

variation of behaviour has been considered as either residing within a person or within a situation. 

According to these beliefs, traits are the individual differences conceived analogous to static 

dimensions (Hunt, 1965). Later, broadly speaking, personality traits were used to refer to relatively 

enduring styles of behaviors, feelings, and thoughts. Alternatively, personality traits can also be 

understood as specific behaviors, thoughts, feelings, motives, attitudes, values, which are often 

referred to as personality characteristics. These personality characteristics tend to vary among 

people but show certain patterns (Mõttus & Allerhand, 2018) which is also the key reason for why 

traits are important to study. Notably, personality traits are an abstract concept, thus traits cannot 

be directly measured but have to be inferred from patterns of behaviour. The pattern of covariation 

among these traits that tends to be summarized into a few factors (e. g., the Big Five) represents 

the basic dimensions of personality, that is the personality structure (McCrae & Costa, 1997). For 

example, extraversion is a dimension encompassing multiple traits such as cheerfulness and being 

energetic to describe an individual as sociable (Eysenck & Eysenck, 1967).  

In order to study the conceptualization and measurement of personality traits, different 

hierarchically structured models such as the Big Two, Big Three, Big Four, and Big Five have 

been widely used. In these hierarchically structured models, different personality constructs have 
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different levels of abstraction. Specifically, moving from one or two high-level overarching 

constructs to specific characteristics reflected by individual test items (DeYoung, 2006; McCrae, 

2015; Mõttus, Kandler, et al., 2017; Rushton et al., 2008). These hierarchically structured models 

solved many problems in personality assessment such as whether the same trait has been referred 

to by different names or different traits have been referred to by the same name (J. Block, 1996; 

Kelley, 1927; Thorndike, 1904) and offered a powerful framework to test individual differences 

in different domains (Markon, 2009). More importantly, the primary strengths of hierarchically 

structured models are parsimony and flexibility in describing the relations between traits from 

different levels (e.g., in the hierarchical model).  

In particular, the Big Five (L. R. Goldberg, 1990), the Five‐Factor Model (McCrae & John, 

1992) and the HEXACO model (Ashton & Lee, 2020), have been most prominently used in 

personality research and have become a default way of operationalizing personality differences 

among people (Mõttus et al., 2020). Some commonly used domains in the hierarchically structured 

Big Five and HEXACO measures include openness to experience, conscientiousness, 

extraversion, agreeableness, and neuroticism or emotional stability. These high-dimensional 

approaches (domains and facets) are useful in summarising how people differ through time and 

predicting life outcomes. Many personality researchers try to understand personality differences 

across the lifespan by using domain-level analysis, indicated by the large volume of research on 

this topic. Some findings include that a higher score on neuroticism tends to be associated with a 

higher risk of mental and physical health issues (Moffitt et al., 2011; Samuel & Widiger, 

2008).  In contrast, higher scores on openness have been found to be associated with healthy 

dietary habits, whilst higher scores on conscientiousness have been found to be associated with 

longevity (Conner et al., 2017; Roberts, Walton, et al., 2005).  



5 

 

However, personality traits form a hierarchy, meaning that domains can be further separated 

into lower-level traits such as facets and nuances. Facets are groups of items within the domains 

that share more content similarities and combine to form the personality traits, although the number 

of facets per trait is still debated. For example, each Big Five Inventory – 2 domain only accesses 

three facets while each NEO-PI-R domain accesses six facets. Facet-level research 

supplements domain-level research by adding more fine-grained insights into personality trait 

effects. Nuances are the lowest level of the personality trait hierarchy and in practice tend to equate 

to individual items (Mõttus, Sinick, et al., 2019).   

Personality traits that statistically covary among people and are similar in subjective perception 

are combined in order to form the higher order traits. Categorizing lower-level traits into fewer 

and broader groups for greater parsimony are what most personality researchers have been trained 

to do. The simple structure of the Big Five allows for a straightforward interpretation 

of findings and has thus contributed to gaining a good understanding of personality differences 

and its associations with life outcomes on a broad level.   

Despite the advantages of the hierarchically structured domains, research demonstrates that facets 

within the same domains often display different or opposite associations (Mõttus, Sinick, et al., 

2019; Vainik, Dagher, et al., 2019). For example, Vainik et al. (2019) showed that higher BMI can 

be predicted by higher scores on the warmth, positive emotions and assertiveness facets but also 

by lower scores on the activity level facet, all within the extraversion domain. Similarly, previous 

research has found that nuances capture unique variance beyond the aggregated facets and domains 

they belong to (Mõttus, Sinick, et al., 2019; Revelle, 2019; Seeboth & Mõttus, 2018; Vainik, 

Dagher, et al., 2019). For example, previous studies have found a divergence of age trends in 

ambitiousness and working hard: in the diligence facet, the item that referred to setting ambitious 
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goals negatively correlated with age, but items that referred to working hard positively correlated 

with age (Mõttus et al., 2015; Mõttus & Rozgonjuk, 2019). These findings indicate that lower-

level personality traits sometimes have divergent associations with life outcomes and other factors. 

Simply ignoring the predictive power of lower-level personality traits, especially nuance-level 

traits, would lead to attenuated associations as well as lower specificity, or discriminant validity, 

of the observed associations. Therefore, focusing solely on the high-dimensional approaches not 

only reduces the potential ability to predict outcomes from personality traits but also makes it 

harder to differentiate between the personality correlates of different outcomes.   

Since nuances particularly contain more detailed developmental information compared to domains 

and facets, nuance-specific associations could provide three key benefits. First, the unique 

information captured by nuances offers a more complete picture of personality development, either 

in terms of its details or general structure. Researchers could study information about which 

specific traits are more prone to develop, or whether the mechanisms underlying personality 

development are narrow and numerous or few and broadly acting. Second, nuance-level analysis 

could help researchers understand inconsistencies in findings. For instance, some studies found 

that openness is positively associated with subjective wellbeing (Ha & Kim, 2013; Wang et al., 

2020), others found openness is not associated with subjective wellbeing (Hayes & Joseph, 2003), 

or negatively associated with subjective wellbeing (Kapure, 2017). These conflicting findings 

could be because these studies use different personality measurements and consequently sample 

different nuances. Third, nuance-level analysis allows researchers to investigate areas that could 

not be completely studied by the domains and facets. For example, researchers can study the 

systematic variation of personality traits in certain aspects of life outcomes (e.g., health) using 200 
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nuances which would capture a reasonable amount of variation in life outcomes, but researchers 

could not achieve the same goal with five domains, simply due to the limited number of traits.   

As personality research becomes more detailed, focus exclusively on the high-dimensional 

approaches cannot be sufficient to address the diversity of research purposes (Mõttus et al., 2020). 

The three main purposes of personality research can be classified as description, prediction and 

explanation. In order to fulfil the disparate research purposes, we should choose appropriate 

research methods for each research aim rather than try to fit the high-dimensional approaches into 

every investigation and ignore that it might not be the most suitable method for some questions. 

For example, descriptive findings should be more detailed and nuance-level analysis could offer 

greater flexibility than aggregating traits (Mõttus et al., 2020).  To be clear, it is not argued that it 

is problematical to conduct research using the high-dimensional approaches and the aim of this 

thesis is not primarily to criticise structured domain or facet level research. Indeed, the high-

dimensional approaches are a useful tool to study personality and the parsimony of the domains 

and facets offers great advantages to identify and describe personality patterns. It is fair that many 

personality researchers traditionally aggregate numerous personality traits into more structured 

domains and facets, and are used to studying personality with high-dimensional approaches. 

Parsimony, in particular, is important to study personality traits and their effect on other outcomes, 

but nuance-level traits lack parsimony compared to high-dimensional approaches. Understandably 

so, given that hundreds of personality traits could also be overwhelming to analyse and explain. 

Thus, research focusing on nuance-level traits is disadvantaged by the large quantity of traits, 

massive results generated and difficulties in explaining complex findings. Taking all these into 

consideration, it is a personal preference that researchers choose to focus on a particular level of 

personality hierarchy for study. The goal of this thesis is to highlight the importance of nuance-
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level traits and draw attention to the advantages of such research. In particular, a key message of 

this thesis is that studies of nuance-level personality traits so far indicate much promise, and 

suggest that it is not always valuable a priori to aggregate them into broader traits.   

Early history of personality traits 

Although nuance-level research is still in its infancy, there is still an early history of using item-

level approaches. The earliest standard personality test assumed that, while the important 

components of psychological functioning (attitude, emotions, and psychopathology) are held in all 

individuals, the differences in psychological profiles comes from the degree to which each  

component of psychological functioning is expressed within an individual (Buchanan, 1994). 

Consequently, responses on each individual items reveal the magnitude of a trait. The combination 

of all responses can then be used to form an individual’s personality profile and this profile can be 

compared to the distribution of profiles from a group of participants (Buchanan, 1994). The 

Minnesota Multiphasic Personality Inventory (MMPI), which is one of the most widely used 

personality test in the world, shares a similar approach and rationale. Developed by J. Charnley 

McKinley and Starke R. Hathaway for use in medical or psychiatric settings, the MMPI is now 

used in broader settings such as for screening potential airline pilots and police personnel (Butcher 

& Williams, 2009). In order to develop the MMPI, Hathaway and McKinley first created an item 

pool based on a variety of resources such as psychiatric textbooks and previous personality scales. 

However, all statements taken from the prior literature were re-phrased to ensure the expression 

of each item was simple, frequently used and in an active voice. Thus, all items’ wording should 

be understandable to the larger population regardless of whether one is highly educated or not. 

Although the items’ wordings were carefully modified, the individual items were not very 

important (Buchanan, 1994).  
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Although, MMPI has been developed and revised since its first creation in 1940 (Hathaway & 

McKinley, 1940, 1942; McKinley et al., 1948; Meehl & Hathaway, 1946), the importance of 

understanding item-level traits has only been brought up during the climax of the person-situation 

debate. The person-situation debate is concerned with whether stable behavioral dispositions or 

traits exist (Epstein, 1979). In particularly, the debate over whether human behaviour is a result of 

an internal force and traits of the individual or the outcome of external situational influences 

(Mischel, 2009). Situationists argue that individual differences are essentially an error term which 

can be attributed to a systematic bias of reducing complex individual behavioral differences into 

certain limited and simple person-distinguishing underlying traits (Shweder, 1975). One of their 

key pieces of evidence is that personality coefficients, i.e. the correlation between behaviour under 

one situation and behaviour under another situation, is low, usually less than .30 (Epstein, 1979; 

Mischel, 1968). Situationists thus concluded that behaviour is largely depend on situational context 

and personality is characterized by a lack of stability in such contexts. In contrast to situationists, 

proponents of the view that human behavior is a result of individuals’ stable traits, view the 

situations as the error term. They further provided evidence for the stability of personality. A series 

of study testing cheating behaviour of children in various situations, has been seen as influential 

evidence against personality stability for a long time since the results suggested that the average 

intercorrelation between cheating in different situations was low. However, when aggregating 

many tests into a single score, the reliability coefficient increased significantly, thus suggesting 

that the lack of stability was driven by measurement error due to situational context and in fact 

supporting the stability of trait personality (Hartshorne et al., 1930). Hence, the prediction will be 

much more reliable from when using multiple tests and averaging behaviour from multiple 

settings.  
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The trait position and the situationist position also share some similarities. The trait position aims 

to study consistent behavioral patterns within some selected situations and the situationist position 

aims to study the effects of situations on a population. In either case, measurement error could 

emerge if the result only rely on an individual observation since any situation could contain its 

uniqueness. Averaging a sufficient sample size of items is essential to reduce the measurement 

error to further ensure the reliability, replicability and generalizability of results (Epstein, 1979). 

Here then, the importance of having enough personality items and item-level personality traits 

became more visible. Finally, the interactionist position, which tries to find a compromise between 

the situationist and the trait position, believes that behavioral stability only exist within situational 

constraints and proposes that the relationship between the situation and the person does not have 

to be an either-or dilemma (Epstein, 1979). 

Although the importance of personality items have been noticed at the time, there is ample 

evidence to show that personality has a hierarchical structure that can integrate high-dimensional 

traits within a common structural framework, thus suggesting hierarchy is an intrinsic and 

pervasive feature of trait structure (Markon, 2009; Markon et al., 2005).  Thus, if any traits can be 

split into narrower traits and then even more narrower traits and so on, it is difficult to decide 

which combination of traits should be focused on. Empirical explanatory power such as the 

reliability or criterion-related validity also cannot provide a clear result of whether higher-level 

traits or lower-level traits are better. Higher-order traits or superordinate traits tend to be more 

reliable, show better generalization or cross-validation and better predict external criteria (Morey 

et al., 2007; Ones & Viswesvaran, 1996). These higher-order traits also show good descriptive 

utility in terms of describing certain properties of human personality, despite evidence such as 

heritability, cross-rater agreement, and high rank-order stability potentially not reflecting the 
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reality of these traits (Mõttus & Allerhand, 2018). Moreover, considering why the covariation of 

traits can be fairly easily summarized into distinct personality factors/domains, one possible 

explanation could be that the clustered personality characteristics reflect some levels of shared 

underlying etiology (Mõttus & Allerhand, 2018). From a practical point of view, a few big 

dimensions are simpler to analyze and analytically/theoretically allow for better parsimony. 

Especially, during the initial stages of personality research, when research topics were neither as 

specific nor as broad as nowadays, a simple and parsimonious structure was more useful for both 

research and educational purposes, since these structures help personality researchers to better 

summarize and describe personality related topics (Mõttus & Allerhand, 2018). In contrast, lower-

level traits or subordinate traits often afford greater predictive validity than higher-order traits 

(Paunonen, 1998; Reynolds & Clark, 2001). Especially, item-level personality traits also provide 

an opportunity to reduce measurement errors, improve reliability of results and create new research 

methods which benefits the field now that research topics are becoming more specific as well as 

broader. In sum, focusing on item-level traits would have been too complex, time consuming and 

the results of such studies would not have been easily understood in the early stage of personality 

research. Especially since hierarchically structured models could answer the majority research 

questions at the time, research focusing on hierarchically structured models became the 

mainstream. This facilitated the development of the personality field in terms of easily spreading 

these finding to different audiences for different purposes.  

Personality differences and possible mechanisms    

Research on personality development has indicated that people are less likely to retain the same 

personality traits across developmental stages (Specht, 2017). For example, a person’s personality 

at 10 years old would likely be different to their personality at 30 years old. What are the 
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underlying mechanisms of personality differences across time? A broad array of literature 

has found that both personality and social situations have important influences on behaviour 

(Specht, 2017). Personality is expected to have higher influences on behaviour under situations of 

low social pressure (Hurlock, 1994). For example, students show more diverse behaviours after 

school compared with in the classroom. Teachers and parents expect children to gain 

new knowledge and respect teachers in the classroom, in turn, these expectations or pressures 

drive students to behave in certain ways. In contrast, teachers and parents have less expectations 

for children’s behaviour after school, thus children  perceive less pressure to behave a certain 

way after school and can choose how to behave according to their own interests. According to 

gene-environment transactions (Mõttus, Briley, et al., 2019) or gene-environment 

interactions (Kandler & Zapko-Willmes, 2017), children are increasingly becoming less alike 

because self-selected/created environments amplify their predisposed traits and reinforce 

individual differences (Caspi et al., 2005). Therefore, individual differences are more likely to 

occur in situations that are free and with fewer social expectations on how to behave. If social 

expectations are a potential cause of personality maturation/change across time, and there are 

consistent social expectations for children to behave in a certain way, then normative personality 

development should be at least partially driven by the changing social expectations.   

In addition to social expectations, self-regulatory abilities, which are the abilities that allow 

individuals to meet social expectations, are another potential explanation for personality 

differences across time (Denissen et al., 2013). If children’s close contacts such as their parents 

and teachers or even their society expect children to be kind and well-behaved, children might 

adjust their behaviours gradually to meet these standards. This would lead to a mean-level increase 

in the relevant personality traits and cause children to behave in a more socially desirable way. 
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However, if children’s abilities have not sufficiently developed to meet these standards, that 

is, they do not have sufficient self-regulatory abilities, then the discrepancy between expectations 

and children’s trait levels might be even broader (Denissen et al., 2013; Soto, 2016; Soto et al., 

2011; Van den Akker et al., 2014). This thesis tests whether social expectations and self-regulatory 

ability are potential mechanisms to explain personality change.   

Critical periods in personality development: adolescence and emerging adulthood   

Throughout the lifespan, adolescence is one of the most crucial developmental stages of 

personality maturation. Adolescence is a developmental period of great psychosocial and neural 

development, and according to the WHO lasts until age 19 years (Blakemore & Mills, 2014; 

Pringle et al., 2016; World Health Organization, 2021). During this period, adolescents face 

dramatic changes physically (e.g. puberty), mentally (e.g. want to be independent) and 

environmentally (e.g. leave state education), which leads to unique challenges and changes in 

personality (Call et al., 2002). One of the defining features of adolescence is that individuals start 

exploring their identities and social roles and spend less time with their family and more time in 

new contexts with peers, and colleagues, as well as entering into romantic relationships (Ellis et 

al., 2012). Experiencing new contexts and being independent can cause psychological distress and 

potentially increases  risks of developing mental health issues (Call et al., 2002). The changes in 

physical and mental conditions greatly contribute to personality development during this 

period. Understanding the driving factors that lead to individual differences in adolescents’ 

personality may enable better support for this crucial period.   

While adolescence is a crucial period for the establishment of social roles, this process is unlikely 

to be completed by age 19 years. Over the last century, social roles have changed drastically and 

most individuals do not settle on specific social identities until their late 20s (Schwartz et al., 
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2013). People in their 20s are not adolescents anymore, but they are not considered to be adults 

yet either since they have not taken on adult role identities (L. J. Nelson & Barry, 2005). This 

developmental period has been referred to as emerging adulthood (Arnett, 2000), a stage of the 

lifespan between adolescence and adulthood encompassing the late teens to mid-20s 

(approximately 18 to 25 years), characterized by instability and an increase in exposure to new 

environments (Moreira et al., 2015; Pusch et al., 2019). There are many overlaps between 

adolescence and emerging adulthood such as the common age range (about the beginning of 20s) 

and definitions (the transitioning period of exploring role identities). This makes it essential to 

include emerging adulthood in investigating individual differences in personality 

change. Furthermore, many studies also show that young adults may be particularly vulnerable to 

personality change (Bleidorn, 2015; Bleidorn, Hopwood, Back, et al., 2020b; Schwaba & 

Bleidorn, 2018). Therefore, the present thesis focuses on understanding personality differences 

and the impact of personality during these important developmental stages.   

Summary 

In sum, personality differences throughout the life span and the degree of change in personality 

traits could help to predict many life outcomes. However, existing research has mostly relied 

on the high-dimensional approaches and has underestimated the value of nuance-level traits. This 

thesis aims to examine effects of lower-level personality traits, particularly nuances, and explore 

possible ways to use nuance-level traits to advance understanding of personality differences over 

time, and associations between personality traits and life outcomes.   

Thesis aim   

Nuance-level research has been, until recently, relatively neglected and consequently, no fine-

grained findings for many key personality research topics are available. These include, but are not 
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limited to, the mechanisms of personality differences across time, and the associations between 

life outcomes and personality traits at different levels. Therefore, this thesis has the following 

aims:   

a. Investigate the value of lower-level traits, especially nuances, and possible methods 

of using them.  

b. Explore potential mechanisms of personality differences during critical 

developmental stages.   

c. Gain insight into whether nuance-level research has real life implications in terms 

of understanding health and wellbeing.   

 

Overview of chapters   

Chapter 2 exemplifies the value of nuances, by investigating the predictive accuracies of all levels 

of the personality hierarchy for age. Nuance-level research provides unique information that is not 

shared by the domains and facets. Five datasets with different personality measurements, and 

participants from more than 48 countries, were tested to investigate the extent of age related 

information captured by domains, facets and nuances. This was to gain more evidence on how 

nuance-level research can supplement the high-dimensional approaches focused research and to 

contribute to a better understanding of personality differences. This chapter also provides an 

overview of all datasets used in this thesis: the Ained ja Arenevad Ajud (AAA; Drugs and 

Developing Brains), the Common-Language California Child Q-Set Study (CCQS), the Life 

Outcomes of Personality Replication Project (LOOPRP), the HEXACO Online Study 

(HEXACOS), and the German Revised NEO Personality Inventory validation study 

(GNEOPIRS). Results from chapter 2 emphasised the importance of nuance-level research in 
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general and how nuance-level research can be used to examine mechanisms of personality 

differences across time. These results provide further evidence for the value of 

developing psychometrically sound scales for measuring nuances in future research.   

Chapter 3 tests whether social expectations and self-regulation are some of the key mechanisms to 

explain personality differences during childhood and adolescence using nuance-level analysis. 

Mean-level personality traits, personality variances, socially expected level of traits and self-

regulatory requirements for achieving the desired trait levels were measured by the Common-

Language California Child Q-Set. Due to the characteristics of nuances, a unique method which is 

to study the systematic variations of personality traits in different aspects rather than the change 

of different people was adopted in this chapter.  

Chapter 4 expands on chapter 3 by extending the age range to early adulthood to 

further study another critical developmental period. Results in chapter 3 conclude that self-

regulation could not explain personality differences with age, however social expectations provide 

a partial explanation. Therefore, chapter 4 focuses solely on social expectations. 

Social investment theory suggests that personality differences might be due to role related social 

expectations changing with age. The same new approach (to focus on nuance-level traits rather 

than people) was applied  in this chapter to investigate empirical evidence 

for social investment theory.   

Chapter 5 highlights a practical application of nuance-level research. This chapter aims to gain a 

deeper understanding of health-related issues through personality traits. Specifically, personality 

profiles of different lifestyle aspects and mental health outcomes were created to explore how they 

connect with each other. In addition, this chapter also demonstrates that nuance-level research may 



17 

 

be important for explaining associations between personality and other life outcomes such as 

health.   

Chapter 6, the final chapter, summarises the results from Chapter 2 to 5 and contextualises the 

findings. It also discusses the implications and limitations of the empirical chapters and provides 

some directions for future research.   
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Chapter 2: Analysing Age Differences in each Personality 

Hierarchy 

 

Synopsis: 

This chapter explores why excluding nuance-level analyses in personality research is tantamount 

to scientific neglect by investigating how much unique age-sensitive information is captured by 

nuances compared to domains and facets. Aggregating personality traits into domains and facets 

inevitably discards a substantial amount of information that is only contained in the personality 

nuances. Five different datasets with participants from more than 48 counties were tested to 

investigate the extent of age-related information captured by domains, facets and nuances. Results 

indicate that across samples and measures, lower trait hierarchy levels tended to contain 

substantially more age-sensitive information than higher levels and nuances capture unique age-

sensitive information that is not shared with domains and facets. Moreover, findings indicate that 

higher numbers of personality items provide better predictive accuracy.  

 

Dissemination status: 

This chapter has been published in the Journal of Research in Personality entitled “Age 

Differences in the Personality Hierarchy: A Multi-Sample Replication Study across the Life Span”. 

https://doi.org/10.1016/j.jrp.2021.104121 
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Abstract 

This replication and extension of Mõttus and Rozgonjuk (2019) compared the extents of age-

related information captured by different levels of the personality trait hierarchy (domains, facets 

and nuances, indexed by individual items) in several samples (N = 51,524) of different age ranges 

and cultural backgrounds, and tested with different instruments. Across samples and measures, 

lower trait hierarchy levels (especially nuances) tended to contain substantially more age-sensitive 

information than higher levels; most of the unique age-sensitive information was in nuances. 

Besides showing the need for more nuanced personality (development) research, the findings 

suggest ways of testing novel hypotheses that rely on systematic between-trait variance in age 

differences. 

Keywords: personality development, age differences, the Big Five domains, facets, nuances 
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Introduction 

Among other goals, personality research aims to describe and understand how personality –  

patterns of thinking, behaving, feeling, and motivation – change as individuals grow older. Besides 

rank-order stability (Roberts & DelVecchio, 2000) and associations between personality traits and 

individual-level variables such as life events (Bleidorn, Schwaba, et al., 2021), a commonly 

studied aspects of personality change is age differences mean trait levels, often described using the 

broad Five-Factor Model (FFM) or the Big Five trait domains: Extraversion, Agreeableness, 

Conscientiousness, Neuroticism, and Openness to Experience. On average, mean scores of the 

personality domains gradually shift in a socially desirable direction, with people becoming more 

agreeable, conscientious, and emotionally stable as they age in adulthood (Allemand et al., 2008; 

Caspi et al., 2005; Donnellan & Lucas, 2008; McCrae et al., 1999); however, the general 

maturation trend tends to temporarily stall or even reverse in adolescence (Denissen et al., 2013; 

Soto & Tackett, 2015).  

Although the Big Five domains provide a useful way to summarize individual differences in 

behaviour, there is more to personality traits than these broad domains, as they can be split into 

narrower traits – personality traits form a hierarchy (Mõttus et al., 2020). Facets, narrower traits 

below the Big Five in the trait hierarchy, contain unique personality variance above and beyond 

domains (Jang et al., 1998). It is therefore not surprising that facet level analyses have shown more 

varied developmental age trajectories compared to their domains (Lucas & Donnellan, 2009; 

Mõttus et al., 2015; Mõttus, Briley, et al., 2019; Mõttus & Rozgonjuk, 2019; Soto et al., 2011; 

Terracciano et al., 2005). For example, Soto and John (2012) investigated the mean-level age 

trends of Big Five domains and facets in adulthood and reported longitudinal decreases in the 

Rumination and Depression facets of Neuroticism but increases for the Anxiety and Irritability 
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facets. Similarly, Ashton and Lee (2016) examined age trends in HEXACO-PI-R self-reports and 

found that the Unconventionality facet of Openness slightly decreased over adulthood, the 

Inquisitiveness facet showed a modest upward trend during adulthood and the Aesthetic 

Appreciation facet remained stable during middle age and then increased. Mõttus and Rozgonjuk 

(2019) reported that facets contain over 50% more age-related variance than the Big Five domains. 

As summarized by Soto and colleagues (2011, p. 342), a “growing body of findings indicates that 

conceptualizing traits at the level of Big Five facets is necessary for a full understanding of life-

span age differences in personality; research at the domain level can provide a rough sketch of 

these differences, but not a complete picture”.  

Although facet traits provide a more-specific picture of personality development than the Big Five 

domains, they are not the lowest level of the personality hierarchy. That is, facets themselves can 

be split into still-narrower traits, referred to as nuances, that represent specific personality variance 

not shared with facets (McCrae, 2015). Nuances can be indexed by single personality questionnaire 

items or bundles of highly similar items and are currently the lowest level of the trait hierarchy 

typically assessed by personality measures (Condon et al., 2020; McCrae, 2015; Mõttus, Kandler, 

et al., 2017). It is important to realize that nuances are not merely indicators, or stylistic 

expressions, of domain-level and facet-level traits, but instead display distinctive properties of 

traits such as cross-method agreement, rank-order stability, and heritability (Mõttus et al., 2014; 

Mõttus, Kandler, et al., 2017). For example, in Mõttus and colleagues (2017; 2019), even when 

the 240 items of the NEO Personality Inventory (NEO-PI-R) (Costa & McCrae, 1992) were 

residualized for the 30 facets and five domains assessed by that inventory, the remaining variance 

(representing unique nuances) of most items showed these properties. Nuances may also show age 
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trends different from their domains and facets and, hence, capture unique developmental 

information (McCrae, 2015; Mõttus, Kandler, et al., 2017).   

Indeed, Mõttus and Rozgonjuk (2019) “predicted” (in a statistical sense) age from the FFM 

domains, their 30 facets and 300 items to systematically compare the extents of age-related 

information captured by different levels of the personality trait hierarchy. The study used a large 

sample (N = 24,000), aged between 18 and 50 years with six evenly distributed and sex balanced 

age groups. Participants were tested with a 300-items personality questionnaire (IPIP-NEO) (W. 

A. Goldberg, 1999), which included a shorter 120-items version of the IPIP (the 120 items were 

chosen from the 300 items). The 300 items collectively captured over 40% more age-sensitive 

information than their facets, and over 130% more information than the five broad domains, and 

they also contained 20% more age-relevant information than the 120 items of the shorter version 

of the questionnaire. Moreover, residualizing the items for their facets (and thereby also the FFM 

domains) had virtually no effect on how much age-sensitive information they contained, 

suggesting that the variability of behaviour, thinking and affect with age was mostly driven by 

narrow personality characteristics better captured by single items than by broader trait constructs 

represented by the items’ shared variance (the residuals also out-predicted the domains and facets; 

see Table A1 and A2). These findings indicated that items of the same facets and domains often 

varied in their age differences: indeed, Mõttus and Rozgonjuk (2019) even found that for half of 

the facets, items had significant correlations with age in both negative and positive directions.  

Nuances thus contain more detailed developmental information compared to the Big Five domains 

and facets. In fact, it may even be that much of the age differences in the domains and facets 

themselves can be accounted for by the nuances that happen to be included in them.  Documenting 

nuance-specific associations could help researchers address some currently unanswered questions 
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(e.g. inconsistent findings across studies may result from instruments sampling different nuances) 

and provide them with a more complete picture of personality development, either in terms of its 

details (e.g., information about which specific traits develop) or general architecture (e.g., by 

suggesting whether the mechanisms underlying personality development are narrow and numerous 

or few and broadly-acting).  

We realize that some readers may be sceptical about describing age differences in terms of 

nuances. For example, there is currently no taxonomy for nuances, but merely evidence for their 

existence that has resulted from various item-level analyses (Mõttus et al., 2020). We think of 

nuances as traits beyond the few dozens of facets that have currently been outlined for the Big Five 

or HEXACO domains. Among others, these additional traits include those that have already 

received considerable attention in literature and are commonly referred to in everyday language 

(e.g., jealousy, competitiveness, humour, loneliness, procrastination, or gratitude) but simply have 

not been explicitly included among the facets of the Big Five or HEXACO, even if many of them 

are tapped into by the individual items of these facets. Given this, there should be little 

revolutionary in the idea that personality trait hierarchy could be extended below the existing few 

dozens of facets (Condon et al., 2020): often it would mean no more than explicitly outlining many 

of the traits that are already measured by various inventory items and / or have already been 

addressed in the literature. If so, not paying attention to possible age differences in these traits 

would seem like a scientific neglect. 

But our current analyses do not intend to comprehensively outline how nuances vary with age, 

although we hope the eventual need for this to be obvious. This is exactly because there is no 

systematic taxonomy for nuances yet, likely because researchers never saw a need for this. As a 

result, our current analyses intend to further strengthen the case for the pursuit of developing a 
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taxonomy for nuances and thereby also being able to properly study their development. The more 

robust and replicable evidence there is that facets do not capture all of the valid and potentially 

useful information about individual differences, including age differences, the more obvious the 

need to start the hard work of clearly mapping out the traits below facets becomes (Condon et al., 

2020). That is, to motivate the research community to move towards a taxonomy of nuances in the 

first place, the need for it has to be shown with as much evidence and rigour as possible. The 

present paper is one key part of this effort. 

We also realize that some readers may feel overwhelmed by the outlook of describing age 

differences in personality using dozens of traits. The level of details individual researchers are 

most comfortable with is obviously a matter of personal preference (Mõttus et al., 2020; Yarkoni, 

2020). But it is also a matter of what research questions researchers are focusing on. For example, 

regardless of the number of traits used to describe how people psychologically vary with age, 

examining personality development at the nuance level would also allow for testing novel kinds 

of hypotheses that a) pertain to general principles rather than specific details and b) therefore result 

in even more parsimonious findings. Specifically, if many nuance-level traits show distinctive age 

trends, then it will be possible to quantitatively explore systematic differences between these traits 

in their age trajectories and link these with other properties of the traits (Mõttus et al., 2020; Mõttus 

& Rozgonjuk, 2019). For example, researchers could (finally) formally test the hypothesis that 

personality development reflects psychosocial maturation (Caspi et al., 2005) by quantifying a 

large and diverse sample of traits in terms of both their distinctive age trends and their links to 

psychosocial maturity, and then testing the association between these two trait-level properties. 

Similarly, quantifying the extent to which different nuance traits reflect behavioural, affective, 

cognitive, or motivational aspects of personality would allow researchers to test how much of 
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personality development is driven by each of these four aspects (Wilt & Revelle, 2015). In short, 

examining systematic differences between traits in their age differences could be informative about 

general principles of personality development that cut across particular traits, broad and few or 

narrow and specific. This cannot be done when considering personality trait variation with age 

only along a few dimensions such as the Big Five.  

Some readers may also think, justifiably, that increasing the number of predictors in a model is 

inevitably bound to increase the amount of variance that the model can explain in the sample it is 

fitted to, but the same result would not apply to a different sample even within the same population. 

This is known as over-fitting, a serious concern in statistical modelling (Seeboth & Mõttus, 2018; 

Yarkoni & Westfall, 2017). Thus, it may seem like nuances out-predicting higher-level traits is a 

given. In order to address this, the present study used a combination of regularized regression and 

testing the models in samples other than the samples used for constructing them: this approach has 

been shown to give more complex model no artefactual advantage – if anything, the opposite 

(Seeboth & Mõttus, 2018).  

To our knowledge, Mõttus and Rozgonjuk (2019) have provided the only previous systematic test 

comparing the extent of age-related information captured by different levels of the personality trait 

hierarchy (e.g., domains, facets, and nuances). Therefore, the present study aims to test whether 

the key findings of Mõttus and Rozgonjuk (2019)—that personality nuances capture substantially 

more age-related information than facet-level traits, and that facets in turn capture more 

information than broad domains like the Big Five—will replicate and generalize to several 

different samples with a) different age ranges and b) different cultural backgrounds that c) were 

tested with different instruments and using different rater perspectives.  
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The present research thus extended that of Mõttus and Rozgonjuk (2019) in four key aspects. First, 

it examined both youths and adults. It is conceivable that the pattern observed in adults by Mõttus 

and Rozgonjuk does not generalize to youths; for example, it is possible that development becomes 

more nuanced (i.e., differentiated) only in adulthood, whereas personality may vary with age only 

along a few dimensions among children and adolescents. If so, there may be less of a need for 

developing nuanced designs to study adolescents, as opposed to adults.  Second, we analysed both 

self-reports and parent-reports, allowing us to test whether previous findings derived from self-

reports will generalize to informant-reports (Kööts-Ausmees et al., 2020; Rohrer et al., 2018). It is 

important to study key questions of personality science using multiple methods, because any one 

method contains considerable degree of method-specific variance which can bias the results (Costa 

et al., 2019; McCrae & Mõttus, 2019; Mõttus et al., 2020). Third, we tested whether our findings 

would generalize across different frameworks for operationalizing personality traits. This included 

measuring the Big Five domains with either the thirty facets of the Revised NEO Personality 

Inventory (NEO-PI-R; 240 items) (Costa & McCrae, 1992) and the Estonian Personality Item Pool 

(EE.PIP-NEO; 240 items) (Mõttus, 2006) or the fifteen facets of the Big Five Inventory–2 (BFI-

2; 60 items), (Soto & John, 2017) as well as measuring the six HEXACO domains 

(Honesty/Humility, Emotionality, Extraversion, Agreeableness, Conscientiousness, and 

Openness) (Ashton & Lee, 2020) with 25 facets (100 items) (Ashton & Lee, 2007). Beyond these 

hierarchically structured Big Five and HEXACO measures, we also used a less-structured 

measure: the common-language California Child Q-Set (CCQ) (J. H. Block & Block, 1980; Caspi 

et al., 1992). Fourth, we tested whether our findings would generalize across different cultural 

contexts such as the United States, Germany and Estonia.  



28 

 

We expected that (a) personality nuances would contain more age-related information than facet-

level traits, (b) facets, in turn, would contain more age-related information than domain-level traits, 

and (c) these findings would generalize across different developmental periods, rating 

perspectives, personality inventories, and cultural contexts. That is, we expected the original 

findings to replicate across the study designs and rule out the possibility that they had been driven 

by something questionnaire-specific, sampling or other methodological choices. We used a similar 

data analytic plan than the original study. 

Method 

Participants 

Participants for measuring personality traits were drawn from five different studies: Ained ja 

Arenevad Ajud (AAA; Drugs and Developing Brains), the Common-Language California Child 

Q-Set Study (CCQS), the Life Outcomes of Personality Replication Project (LOOPRP), the 

HEXACO Online Study (HEXACOS), and the German Revised NEO Personality Inventory 

validation study (GNEOPIRS). Similarly to Mõttus and Rozgonjuk (2019), we attempted to create 

a relatively uniform age and sex distribution within each sample to facilitate the comparison of 

results across samples. This often meant limiting the age range of the sample and dropping 

participants who did not fit into the age range or sampling quotas (see below). 

The AAA studied drug use and mental health conditions in Estonian youths, as well as their 

personality traits. Participants were from Estonia and data were collected online over two years 

between 2018 and 2019. From among the 4,005 participants in the initial sample, (2,514 females, 

1,489 males, 2 did not indicate their sex, mean age = 21.42 years), we selected  participants aged 

between 16 and 19 years old (N  = 2,269, mean age = 17.41 years; 1,304 females; 963 males, 2 did 

not indicate their sex, participants outside this age range were scattered across many ages; some 
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data was dropped due to concerns with its quality) 1 . Compared to most other datasets, the 

questionnaire for the AAA dataset was long, consisting of a total of 240 personality questions 

which could have impacted participant’s willingness for carefully complete the whole 

questionnaire. While the GNEOPIRS questionnaire (described below) was also 240 items long, it 

was completed in person, thus increasing the likelihood of people completing the whole 

questionnaire with care. 

The CCQS aimed to describe personality development from early childhood to the end of 

adolescence: participants were parents of 16,000 children aged from 3 to 20 years, with each parent 

rating one or more of their children in terms of their personality traits (Soto & John, 2014). At each 

age from 3 to 17, participants included exactly 500 boys and 500 girls, whereas ages 18 to 20 were 

combined to achieve the target of 500 boys and 500 girls. The target children were drawn from 

different countries with an estimated 83% from the United States, 7% from the United Kingdom 

or Ireland, 6% from Canada, and 4% from Australia or New Zealand. Approximately 78% of the 

target children were of White/Caucasian, 4% of Black/African American, 4% of Hispanic/Latino, 

3% of Asian/Asian American, 1% of Native American/American Indian, 8% of mixed 

race/ethnicity, and 2% of another race/ethnicity. The data were collected online from a non-

commercial website over ten years between 2004 and 2013 and participants volunteered to 

 
1Data from 364 participants with more than 40 missing personality responses were dropped (N = 3,641). Then, we 

limited age from 16 to 19 years, because most participants with valid data were in this age range (N = 2,269). There 

were 306, 919, 825, 219 participants in each age, respectively, whereas other ages had 78 people at most. We replaced 

missing values with the median of all values. 
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complete this survey in exchange for automatically generated feedback about their child’s 

personality. In the present study, target children were divided into three age groups: childhood 

(ages 3 to 8 years), adolescence (ages 9 to 14 years) and emerging adulthood (ages 15 to 20 years), 

so that non-linear age trends and age differences could be described.  

The participants of the HEXACO online study (HEXACOS) completed an anonymous self-report 

questionnaire at the hexaco.org website between October 19, 2014 and October 18, 2018 (Lee & 

Ashton, 2020). There were 370,857 participants in the initial sample (mean age = 30.22 years, 

57.3% were male, 41.5% were female and 1.2% did not indicate their sex). Participants were drawn 

from about 48 different countries (e.g. US, Germany, Australia, Japan). The HEXACOS was also 

divided into two age groups. In one group, we selected participants who aged between 18 and 50 

years old (N  = 24,000, mean age = 35.15 years)2 to compare with the original study. In the other 

group, we selected participants aged between 16 and 19 years old (N  = 8,000, mean age = 17.50 

years) in order to study the same age range as the AAA, for comparison. Note that there was 

overlap in participants’ ages and some participants may have been sampled into both the younger 

and older samples.  

The LOOPRP estimated the replicability of the personality-outcome literature. Participants were 

collected from the Qualtrics Online Sample service in 2017 and quota sampling was used to ensure 

 
2 To ensure an even distribution of age and sex across the two groups, for the analysis of age differences between 18 

and 50 years we sampled 4,000 participants (2,000 women, 2,000 men) based on six age levels (aged 18-25, 26-30, 

31-35, 36-40, 41-45, 46-50), amounting to 24,000 participants in total; we also sampled 2,000 participants to each of 

four age levels (aged 16, 17, 18, 19) for the analyses of age differences between 16 and 19 years, which amounted to 

8,000 participants in total. We applied a similar procedure in LOOPRP and the GNEOPIRS, trying to sample 

participants, so that the age ranges would be as equal as possible, although due to smaller participant numbers we 

could not sample equal numbers to each age level and we could not ensure sex balance. 
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that the samples were representative of the United States population in terms of sex, race, and 

ethnicity (Soto, 2019). The 6,126 participants in the initial sample were selected into two age 

groups: between 18 and 50 years (N  = 1,662, mean age = 35.09 years) and between 18 and 25 

years old (N  = 3,459, mean age = 21.89 years). There was again some overlap in participants’ 

ages, and therefore the samples partly overlapped.    

The GNEOPIRS data came from the German Revised NEO Personality Inventory validation 

sample (Olaru et al., 2018; Ostendorf & Angleitner., 2004). The data were collected in person over 

several years (1992-2002; estimated mean: 1999) in more than 50 individual studies. There were 

a total 12,003 participants (in non-clinical subsample: 35.99% were male, in clinical subsample: 

50.2% were male) with ages ranging from 16 to 91 years (mean age = 30.8 years) in the initial 

sample. To ensure this sample was representative of the general population, it also included a 

clinical subsample (N = 279). Participants were from three different countries with approximately 

94% from Germany, 5% from Austria and 1% from Switzerland. We separated the GNEOPIRS 

into two groups, with 3,324 participants aged between 18 and 50 years old in one group (mean age 

= 34.48) and 5,796 participants aged between 18 and 25 years old in the other group (mean age = 

21.64). There was also overlap in participants’ ages in the GNEOPIRS, hence the younger and 

older sample partly overlapped. 

We conducted a post-hoc power analysis for all included datasets using the pwr R package 

(Champely et al., 2018) in order to evaluate whether we had enough power to detect any true 

effects (Cohen, 1988), here correlations between predicted and observed ages. Results showed that 

sample sizes for each of our datasets had a power of .80 for detecting correlations of r = .10 or 

lower with two-tailed alpha set to .001.  

Measures 
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We used five different questionnaires to measure personality traits. In the AAA dataset, 

participants completed a 240-item Estonian version of the International Personality Item Pool NEO 

(EE.PIP-NEO) (Mõttus et al., 2006). It mimics the structure of the Revised NEO Personality 

Inventory (NEO-PI-R) in measuring the Big Five domains and 30 facets, with each facet assessed 

by eight items (Costa & McCrae, 2010). The EE.PIP-NEO was comparable to the NEO-PI-R in 

terms of relevant psychometric properties (Mõttus et al., 2006), but the EE.PIP-NEO is 

linguistically simpler. Participants were required to rate the items on a 5-point Likert scale ranging 

from 1 (wrong/ does not agree at all) to 5 (correct/completely agree).  

In the CCQS, parents rated their children on the 100-item common-language California Child Q-

Set (CCQ) (J. H. Block & Block, 1980; Caspi et al., 1992), which includes 94 items assessing 

personality traits (Soto & John, 2014). Sixty seven of these 94 personality-relevant items can be 

aggregated to measure six broad trait domains representing the “Little Six”: the Big Five plus 

activity level (Soto, 2016). However, because the CCQ items were developed to be individually 

informative and non-redundant (J. H. Block & Block, 1980), they can also be analyzed at the item 

level. Participants were asked to rate each CCQ item on a 9-point Likert scale ranging from 1 

(extremely uncharacteristic) to 9 (extremely characteristic).   

In the LOOPRP, personality was measures using the Big Five Inventory-2 (BFI-2) (Soto & John, 

2017). The BFI-2 assesses the Big Five domains and 15 more-specific facets using 60 items written 

as short, easy-to-understand phrases, with four items per facet. Participants rated each item on a 5-

point Likert scale ranging from 1 (disagree strongly) to 5 (agree strongly).  

The HEXACO-PI, used to measure personality traits in HEXACOS, was developed to measure 

six major dimensions that have been found in several previous lexical studies of personality 

structure (Ashton et al., 2004; Lee & Ashton, 2004). Each HEXACO-PI domain subsumes four 
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facets, with one additional, interstitial facet (Altruism) not scored on any of the six domains. Each 

facet scale includes four items, and participants rated each of the 100 HEXACO-PI items on a five-

point scale from 1 (strongly disagree) to 5 (strongly agree). 

In the GNEOPIRS, personality was measured with the German adaptation of the NEO-PI-R (Olaru 

et al., 2018; Ostendorf & Angleitner., 2004). NEO-PI-R measures the Big Five domains and 30 

facets, with each facet assessed by eight items. Participants rated the 240 German NEO-PI-R items 

on a 5-point scale from 0 (strongly disagree) to 4 (strongly agree). 

We emphasize that none of the measures was designed to capture personality nuances, perhaps 

apart from CCQ. However, based on existing evidence we considered it is likely that the items of 

each of the measure capture a broader range of traits than they have been designed to capture — 

nuances — although some more than others and none of them likely as comprehensively as an 

instrument designed to measure nuances would do. 

For simplicity, all datasets will be labelled as the name of their measurement instruments rather 

than the dataset names for the rest of the study. Therefore, the AAA dataset will be referred to 

EE.PIP-NEO, the CCQS dataset will be referred to CCQ, the LOOPRP dataset will be referred to 

BFI-2, the HECACOS dataset will be referred to HEXACO, and the GNEOPIRS dataset will be 

referred to NEO-PI-R. 

Data analysis 

Statistical analyses were carried out in R (R Development Core Team). The EE.PIP-NEO, CCQ, 

BFI-2 data and the R scripts are publicly available at [the Online Supplemental Material: 

https://osf.io/jh6q8/?view_only=e1ff6aa708454cb3b120db0be157a840]. Given the conditions of 

research ethics approval, the HEXACO data cannot be made publicly available, but it is available 
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for researchers from Kibeom Lee and Michael Ashton. The NEO-PI-R dataset is available for 

researchers from Fritz Ostendorf. 

To strictly test the incremental information provided by lower-level personality traits, we analysed 

personality nuances in terms of both raw and residualized scores. The residuals-based analyses 

could show how much age-related information in nuances was unique and how much was due to 

facets and domains they had been designed to measure. In EE.PIP-NEO, we residualized each of 

the 240 items for their 30 facets (and thereby the Big Five domains) using a linear regression model 

(with the item being residualized removed from its facet at the time). In CCQ, we residualized 

both the complete set of 94 personality-relevant items and the subset of 67 items assessing the 

Little Six domains for these domains in a similar way. In BFI-2, we residualized the 60 items for 

their 15 facets (and thereby the Big Five domains). In HEXACO, we also residualized the 100 

items for their 25 facets and in NEO-PI-R, we residualized the 240 items for their 30 facets in a 

similar manner3.  

Following Mõttus and Rozgonjuk (2019), our analyses treated age as the outcome variable (in a 

statistical sense) and the personality traits (raw or residualized domains, facets, and items) as the 

predictor variables. Specifically, age was predicted from either (a) the Big Five domains, 30 facets, 

240 items, and the residuals of the EE.PIP-NEO items; (b) the Little Six domains, 94 or 67 CCQ 

items and their residuals; (c) the Big Five domains, 15 facets, 60 items, and residuals of the BFI-2 

items; (d) the six domains, 25 facets, 100 items and residuals of the HEXACO items; or (e) the 

 
3 Note that residualizing each item for all of the facet scores does not simply reorganize the variance captured by the 

raw item responses. Instead, it removes some information from the items: the common variance that is shared across 

items. Importantly, this common variance is the main focus of classical test theory and latent trait models; thus, 

according to those approaches our residualizing procedure should remove all of the interesting variance from the 

items. However, our results show that the residualized items still retain considerable information. 
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Big Five domains, 30 facets, 240 items, and residuals of the NEO-PI-R items. Since the inclusion 

of a high number of predictors can lead to over-fitting with complex model having an a priori 

advantage, (Yarkoni & Westfall, 2017; Zou & Hastie, 2005), the models were trained using (linear) 

elastic net regressions and applied for prediction in separate sample partitions, with a 75% - 25% 

split, respectively. A simple regression model trained and applied for prediction in the same sample 

(as is customary in most psychological modelling) would lead to inflated (over-fit) coefficients, 

but the current approach of using penalized regression coefficients by a) shrinking them towards 

zero and b) separating model training from its testing effectively mitigates this problem (Seeboth 

& Mõttus, 2018). Elastic net regressions were implemented in the glmnet package (Friedman, 

Hastie, Simon, & Tibshirani, 2016), with 10-fold cross-validation and the regularization parameter 

(“lambda min”) minimizing the cross-validation error. This reduces the chance of capturing more 

variance in the outcome purely based on the inclusion of many predictors and thus helps estimating 

a model that is likely to also generalize to other populations (Yarkoni & Westfall, 2017). In each 

dataset, we repeated the training-validation procedure for 500 random sample splits. In the 

validation samples, the predicted age was then correlated (using Spearman’s rho) with the actual 

ages. This approach yielded 2,000 correlations for each type of analysis in the EE.PIP-NEO, BFI-

2, HEXACO, and NEO-PI-R —500 for domains, 500 for facets, 500 for items, and 500 for the 

residuals of the items—and 1,500 correlations for each analysis in the CCQ (because there were 

no facets in this dataset). We then computed the mean and standard deviation for each type of 

correlation in each sample, and report these summary statistics as our main results. Using this 

procedure, if the associations between personality traits and age were primarily due to domains 

and facets, then the mean correlation between predicted and actual age would be stronger when 
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age was predicted from the domains or facets than when it was predicted from the items (Seeboth 

& Mõttus, 2018).  

We note that age was predicted from these sets of predictors not because we believed age to be 

causally influenced by personality nor because age is inherently something worthwhile to predict 

from other pieces of information (although sometimes it could be, for example when age is 

unknown but of interest). Instead, these statistical models allowed us to estimate and compare how 

much age-sensitive information each set of personality traits (domains, facets, and nuances) 

contained. That is, prediction was used in a purely statistical sense to quantify and compare 

information captured across trait hierarchy levels, with no causal implications. 

Results 

Do Personality Nuances Capture More Age-Related Information than Domain and Facet Traits? 

In the combined age group of both the 67 items-based and 94 items-based CCQ, both age groups 

of the HEXACO and NEO-PI-R, the predictive accuracy of domains, facets and nuances followed 

the same pattern that lower-level personality traits containing more age-sensitive information than 

higher-order traits (see Table A1). This pattern was again displayed in the broader age group (18 

to 50 years) of BFI-2. However, this pattern did not appear in the narrower age group (18 to 25 

years): the accuracy of the domain-based predictions was only somewhat lower; the accuracy of 

the item-based predictions and the accuracy of the facet-based predictions were almost the same. 

Similarly, the pattern also did not appear in the EE.PIP-NEO. The accuracy of the domain-based 

predictions and facet-based predictions were similar while item-based predictions was higher than 

the domain and facet-based predictions. 
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Table A-1.Correlations between Actual Age and Age Predicted by Elastic Net Models Based on 

the Big Five Domains, Facets, Items, and Their Residuals. 

Datasets Age range Param

eter 

Big five Facets Items Residuals of 

items 

M & R 

(2019) 

aged 18-50 Mean .28 .44 .65 .65 

SD < .01 < .01 < .01 < .01 

EE.PIP-

NEO 

aged 16-19 Mean .11 .11 .16 .09 

SD .04 .03 .03 .03 

  95%CI .06 - .17 .04 - .17 .10 - .21 .03 - .14 

CCQ      

(67 items) 

aged 2-20 Mean .44 - .68 .67 

SD .01 -  < .01 < .01 

               95%CI .43 - .46 - .66 - .69 .66 - .69 

CCQ  

(94 items) 

aged 2-20 Mean - - .73 .73 

 SD - - < .01 < .01 

  95%CI - - .72 - .74 .72 - .74 

BFI-2  aged 18-25 Mean .10 .11 .11 .07 

SD .02 .03 .02 .02 

  95%CI .06 - .16 .05 - .16 .07 - .17 .02 - .11 

BFI-2  aged 18-50 Mean .13 .21 .24 .21 

SD .03 .03 .03 .03 

  95%CI .07 - .22 .14 - .27 .17 - .30 .12 - .28 

HEXACO  aged 16-19 Mean .13 .19 .24 .24 

SD .02 .02 .02 .02 
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  95%CI .11 - .17 .16 - .22 .23 - .29 .23 - .29 

HEXACO  aged 18-50 Mean .24 .36 .50 .50 

SD .01 .01 < .01 < .01 

  95%CI .21 - .25 .34 - .38 .49 - .51 .49 - .52 

NEO-PI-R  aged 18-25 Mean .18 .25 .37 .36 

SD  .02  .02 .02 .02 

  95%CI .14 - .22 .21 - .29 .33 - .41 .32 - .41 

NEO-PI-R  aged 18-50 Mean .33 .49 .66 .65 

SD .02 .02 .02 .02 

  95%CI .30 - .39 .45 - .53 .62 - .69 .62 - .69 

Note. The mean and standard deviation (SD) are across 500 replications with the training sample of 75% of the 

total sample. The M & R dataset indicated the results from the original study. 

We also compared the predictive ability of the Big Five domains, items, and their residuals in 

narrower age groups within the CCQ. Specifically, we divided the CCQ into three narrow age 

ranges— ages 3 to 8 years, 9 to 14 years, and 15 to 20 years—and then analysed 500 random 

sample partitions with 75% of the age group used for training and 25% used for validation in each 

case. The purpose of analysing these narrower age ranges was to test whether domain, facet, and 

nuance-level traits could detect the non-linear trends in age differences that are often observed in 

childhood and adolescence (Denissen et al., 2013; Soto & Tackett, 2015).  The results (Table A2) 

indicated curvilinear trends in the predictability of age and hence in the associations of personality 

traits with age: that overall amount of age-related information captured by personality traits was 

highest during childhood and then gradually decreased into adolescence and early adulthood, 

consistent with age-differences often being non-linear.  
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Table A-2. Correlations between Actual Age and Age Predicted by Elastic Net Models Based on 

the Big Five Domains, Items, and Their Residuals in Four Age Groups in CCQ.  

CCQ Parameter Little Six / 

Big Five 

Facets Items Residuals 

CCQ 

(67 items) 

Age 3 to 8 

years 

Mean .32 - .53 .53 

SD .02 - .02 .02 

 95% CI .28 - .35 - .51 - .56 .50 - .57 

Age 9 to 13 

years 

Mean .22 - .37 .37 

SD .02 - .02 .02 

 95% CI .16 - .26 - .33 - .40 .33 - .41 

Age 14 to 

20 years 

Mean .08 - .16 .16 

SD .02 - .02 .02 

  95% CI .04 - .13 - .11 - .20 .12 - .20 

CCQ 

(94 items) 

Age 3 to 8 

years 

Mean - - .58 .58 

SD - - .01 .01 

 95% CI - - .55 - .60 .55 - .61 

Age 9 to 13 

years 

Mean - - .41 .41 

SD - - .02 .02 

 95% CI - - .38 - .44 .38 - .44 

Age 14 to 

20 years 

Mean - - .20 .20 

SD - - .02 .02 

  95% CI - - .17 - .24 .16 - .24 

Note. The mean and standard deviation (SD) are across 500 replications with the training sample of 75% of the 

total sample.  
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These results indicate a general trend whereby lower levels of the personality hierarchy (facets and 

especially nuances) contain more age-sensitive information than higher levels of the hierarchy. 

This pattern generalized across age groups, rating perspectives, and personality inventories, with 

age differences in the EE.PIP-NEO and young-adult BFI-2 sample being the exceptions, thus 

replicating and extending the findings of Mõttus and Rozgonjuk (2019). However, the overall 

amount of age-relevant information captured by personality traits varied across both 

developmental periods (it was generally smaller when younger participants with smaller age 

ranges were studied) and instruments (with the BFI-2 containing less age-sensitive information 

than the HEXACO and NEO-PI-R, for example). Differences in the breadth of item content 

included on different measures could be one possible explanation for this finding. For example, 

the BFI-2 was developed to measure the most prototypical content within each Big Five domain, 

besides being the shortest of the measures. Its domain and facet scales may therefore be more 

narrowly focused and unidimensional than the other measures analysed, leading to less unique 

information at the nuance level as well as capturing less age-sensitive information at the domain 

level (because domains are nothing but aggregates of their nuances).   

Does this Pattern Hold while Controlling for Overlap between Domain, Facet, and Nuance Traits? 

Our second set of analyses tested whether the finding that nuance-level traits capture more age-

relevant information than domain- and facet- level traits would remain robust even when the 

overlapping information shared between domains, facets, and nuances was removed. We therefore 

repeated the analyses described above after residualizing each inventory item for all higher-order 

facets (where applicable) and domains. These residualized items no longer contained the variance 

of any of the Big Five (Little Six, HEXACO) domains and facets; instead, the residuals only reflect 

the unique age-sensitive information captured by individual items.  
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In the CCQ, residualizing either 67 or 94 items did not impact their collective ability to capture 

age-sensitive information (see Table A1); item residuals still outperformed the domain-level traits. 

This also applied to the HEXACO and NEO-PI-R (see Table A1). Residualizing items for their 

facets had essentially no impact on how much age-sensitive information they contained, either in 

young adulthood specifically or across three decades of adult life more broadly. These results 

further suggest that age-related information was better captured by single items than by broader 

trait constructs measured from the items’ shared variance: age differences are mostly in nuances 

in which people vary even when statistically made identical (“clones”) in the domains and facets. 

However, in the EE.PIP-NEO and BFI-2 dataset, residualizing items for domains and facets 

slightly decreased their collective ability to capture age-sensitive information (see Table A1), 

although they still did predict age. As stated in the previous paragraph, the BFI-2 domains and 

facets are more narrowly focused than the other personality measured analysed in the present 

research, which might explain why the BFI-2 items contained less age-sensitive residual variance 

once the domain and facet-level information is removed. However, this hypothesis would not help 

explain the relatively small predictive value of residualized items in the EE.PIP-NEO.  

Why items out-predicted broader traits? 

Figure A1 to A4 indicated that items of the same facets (or domains) often (but not always) differed 

in terms of their correlations with age, which help to explain why item-level analyses captured 

more age-related information than domain and facet-level analyses. For example, while all NEO-

PI-R items from the O1: Fantasy facet were negatively correlated with age, several facets such as 

the A6: Tender Mindedness facet and the C4: Achievement Striving facet contained items that 

correlated with age in different directions, thus reducing the facet- and domain-level personality 

trait–age associations. 
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Figure A-1. Plots for the correlations of the 240 items of the NEO-PI-R and their residuals with 

age (with participants aged between 18 and 50). The correlations are grouped according to the Big 

Five domains (indicated by letter) and their facets (indicated by number). The dashed line indicates 

the threshold for statistical significance after correcting for multiple comparisons using Holm’s 

correction (Holm, 1979).  

 

As a result, nuance-level associations can provide additional information for understanding 

psychological development, although we note again that items of questionnaires that have not been 

designed to capture nuances may not be most suitable for interpreting nuance-age correlations: 

they only signal the presence of such associations, but for a proper interpretation of them, 

appropriate instruments will ultimately be required. For example for participants aged between 18 

and 50 years, NEO-PI-R items in the E1: Warmth facet that referred to liking others showed 

positive correlations with age, but items that referred to enjoying gabbing, talking, and emotionally 

attaching to others decreased with age: older people might be more accepting of others, but not as 

talkative as younger people, on average. For the E4: Activity facet, items that referred to having a 

fast moving life showed negative correlations with age, but items that referred to being energetic 

and engaging in strenuous activities showed positive correlations with age. For the C4: 

Achievement Striving facet, scores of items that referred to being ambitious and wanting to get 

ahead slightly decreased with age, whereas scores of items that referred to being enthusiastic and 
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working excessively showed positive correlations with age: older people might not be as ambitious 

as younger people, on average, and yet even more hard-working.  

 

Figure A-2. Plots for the correlations of the 100 items of the HEXACO and their residuals with 

age (with participants aged between 18 and 50). The correlations are grouped according to the six 

HEXACO domains (indicated by the first letter: A for Agreeableness, O for Openness to 

Experience, C for Conscientiousness, E for Emotionality, X for Extraversion, H for Honesty-

Humility) and their facets (indicated by the second letter: see https://osf.io/d6t37/ for facet names). 

The dashed line indicates the threshold for statistical significance after correcting for multiple 

comparisons using Holm’s correction (Holm, 1979).  

 

For participants aged between 18 and 50 years, HEXACO items showed a similar pattern of 

occasional within-facets variance in age differences more generally and working hard specifically. 

In the Diligence facet, the item that referred to setting ambitious goals negatively correlated with 

age, while items that referred to working hard increased with age: older people might be more 

realistic in terms of setting goals than younger people, but work harder towards achieving their 

goals. A similar pattern for diverging age trends in ambitiousness and working hard has also been 

reported previously (Mõttus et al., 2015; Mõttus & Rozgonjuk, 2019). Such robustly divergent age 

trends can be very informative. 
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Figure A-3. Plots for the correlations of the 60 items of the BFI-2 and their residuals with age (with 

participants aged between 18 and 25). The correlations are grouped according to the Big Five 

domains (indicated by letter) and their facets (see https://osf.io/se7r4/ for facet names). The dashed 

line indicates the threshold for statistical significance after correcting for multiple comparisons 

using Holm’s correction (Holm, 1979).  
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Figure A-4. Plots for the correlations of the 67 items of the CCQ and their residuals with age (for 

participants aged 14 to 20). The correlations are grouped according to the Little Six domains (the 

Big Five and activity). The dashed line indicates the threshold for statistical significance after 

correcting for multiple comparisons using Holm’s correction (Holm, 1979).  

 

Here we aimed to explain the reasons for the generally lower predictive accuracy in domain and 

facet level traits in comparison to items, and therefore highlighted item-level associations that 

showed opposite directions in their relations with age within the same facets. However, we want 

to be absolutely clear that in many cases items belonging to the same facets showed consistent 

correlations with age. For example, all CCQ items of the Activity domain showed negative 

associations with age indicating that children might become less physically active as they get older, 

across the nuances of the domain. Similarly, all NEO-PI-R items from the C3: Dutifulness facet 

and the C5: Self-discipline facet were positively correlated with age indicating that people might 

become more responsible and disciplined as they mature across all nuances of these facets.  

Do Longer Personality Inventories Provide More Nuance-Level Information? 

In their initial study comparing the age-related information captured by domain, facet, and nuance-

level personality traits, Mõttus and Rozgonjuk (2019) suggested that more information in terms of 

more variables should allow for better prediction. To test this hypothesis, we examined the age-

predictive ability for personality inventories of different lengths. Specifically, we re-ordered 

different personality questionnaires based on the number of items in an ascending manner: BFI-2 

(60 items), CCQ (67 items), CCQ (94 items), HEXACO (100 items), NEO-PI-R (240 items), and 

EE.PIP-NEO (240 item). In theory, the predictive ability of personality nuances should also follow 

this order.  
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In the age range between 18 to 50 years, the results obtained with the NEO-PI-R, HEXACO and 

the BFI-2 indeed showed that the predictive ability of the models increased with the number of 

items. The predictive accuracy of the 240-item NEO-P-IR was highest among the domain, facet, 

and nuance models, and the predictive accuracy of the 60-item BFI-2 was the lowest among these 

three models (see Table A1). For samples in the age range of 14 to 25 years old, the predictive 

ability of the NEO-PI-R, HEXACO, CCQ (67 and 94 items) and BFI-2 mostly followed the 

expected order (see Table A1). However, on the domain level, the predictive ability of BFI-2 

slightly outperformed the predictive ability of CCQ. The only personality inventory that did not 

follow the general pattern of longer inventories capturing more age-relevant information was the 

EE.PIP-NEO. Theoretically, the predictive accuracy of the EE.PIP-NEO should have been 

comparable to the NEO-PI-R because they both include 240 items. However, the predictive 

accuracy of EE.PIP-NEO was similar to the much-shorter BFI-2. 

Another noteworthy pattern apparent from these analyses is that the predictive accuracy of groups 

with broader age ranges generally outperformed groups with narrower age ranges. For example, 

the predictive accuracy of participants aged around 18 to 50 years old in the HEXACO was 

substantially better than the predictive accuracy of participants aged around 16 to 19 years old in 

the HEXACO. This same pattern can also be observed in the BFI-2 and NEO-PI-R (see Table A1). 

The most likely explanation for this pattern is that greater variance in age allows for greater 

covariance between age and personality traits. 

Discussion 

We compared the amounts of age-related information captured by domain, facet, and nuance-level 

personality traits. We tested whether the results generalized across samples representing different 

developmental periods, cultural backgrounds, rating perspectives, and personality instruments. 
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Within each sample, we used elastic net models and random sample partitions to prevent 

overfitting and capitalization on chance. Our findings support four key conclusions: (a) that lower 

levels of the personality hierarchy (facet and especially nuance-level traits) generally contain more 

age-sensitive information than higher-level trait domains like the Big Five; (b) personality nuances 

usually retained their age-sensitive information even after controlling for overlap with their higher-

order facets and domains; (c) personality inventories that can assess a larger number of personality 

nuances because of containing more items generally provided more age-sensitive information than 

do shorter measures; and (d) the amount of age-sensitive information captured by personality 

inventories was generally highest during childhood, then decreased into adolescence and 

adulthood. Moreover, the predictive advantage afforded by nuance-level traits was substantial: 

across all analyses reported in Table A1 that compared the three levels of the trait hierarchy, 

personality nuances allowed for 36% more accurate prediction of age than did facets, and 87% 

more accurate prediction than did domains, whereas facets allowed for 38% more accurate 

predictions than did domains.  

These findings successfully replicate and extend previous research on age differences in 

personality nuances. Using a similar analytic design in the age range of 18 to 50 years, Mõttus and 

Rozgnonjuk (2019) found that 300 items allowed for 47% and 132% more accurate predictions of 

age than the Big Five facets and domains, respectively. Our results similarly indicate a pervasive 

pattern for facets to capture more age-relevant information than domains and item-level nuances 

to capture more information still. Even the unique variance in items, after controlling for the 

domains and facets, contained on average over 58% more age-sensitive information than the 

domains. This finding may seem puzzling at first: how could residualized variance, which is 

considered “measurement error” in classical test theory, in fact contain much more predictive 
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information than trait scores, which are often taken to approximate error-free “true scores”?  But 

they can in fact be explained: what varies mostly with age in personality is the unique variance of 

many lower-level traits that can be summarized with broader traits that aggregate these lower-level 

traits (as much of research does), but not accounted for by them.  

This general pattern held for children, adolescents, emerging adults and adults; it also held across 

sample languages / cultures, rater perspectives and specific instruments. But the present results 

also suggest two potential boundary conditions for these findings: on average, personality nuances 

captured less age-sensitive information when there was less between-person variance in age (and 

therefore less potential for age to covary with personality nuances), and when the personality 

questionnaires used were relatively brief (and therefore assessed fewer personality nuances). 

Implications 

The present findings have important implications for understanding life-span personality 

differences. They suggest that age-trends in personality traits can be described along many 

dimensions, meaning that lower levels of the personality trait hierarchy may sometimes and 

possibly even often be better suited for studying age differences in personality traits than higher 

levels. This is because these lower-level traits contain “free” information that is typically thrown 

away when specific personality nuances and facets are aggregated into broad, domain-level traits; 

in fact, the broader traits may only be useful for summarizing but not for explaining age 

differences. 

This insight implies at least three possible benefits. First, nuance-level analyses provide a 

possibility to describe age differences in personality traits in greater detail. Items within the same 

domains and facets can vary in their age trends (McCrae, 2015; Mõttus, Kandler, et al., 2017), so 

it makes sense to incorporate this information to get a more accurate picture of personality age 
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differences and avoid undue generalizations about broader traits when some of the traits’ facets 

and nuances show distinctive age trends. As personality research more generally matures and 

research questions become increasingly focused and refined, nuance-specific information may 

prove valuable for informing specific research questions; for example, at which life stage are 

people most lonely or competitive, on average. Clearly, there is still a lot to be discovered with 

respect to how people psychologically vary with age. 

Second, representing age differences with many personality dimensions makes it possible to test 

new hypotheses. Specifically, nuance-level analyses will allow researchers to study systematic 

variations between traits in terms of how (a) nuances change with time and (b) how they intersect 

with developmental factors / mechanisms that characterize the nuances in different degrees. For 

example, some have hypothesized that personality development largely reflects social maturation 

(Caspi et al., 2005). To test this hypothesis, they could quantify the mean-level changes for a large 

pool of nuance-level traits as well as the degrees to which these traits reflect social maturity, and 

then correlate these two properties across all of the nuances. Similarly, some have proposed that 

personality maturation is largely driven by the development of self-regulation (Denissen et al., 

2013). To test this hypothesis, they could correlate the degrees of age differences in a pool of 

personality nuances with the degrees of self-regulation required to express each nuance. The item-

specific age differences that we briefly described would support the case for testing these 

hypotheses: it often seemed as if older age was associated with more realistic expectations and 

greater ability to adapt to circumstances, which are plausible signs of maturity and greater self-

regulatory skills. Testing such associations of personality traits’ developmental trends with the 

traits’ other properties requires a large and diverse pool of traits, because the effective sample is 

the number of traits rather than the number of participants. Therefore, such tests would be best 
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conducted when conceptualizing and measuring personality in terms of a large and diverse pool of 

nuance traits, rather than a much smaller set of broad traits such as the Big Five or HEXACO 

domains. 

Third, the nuance-level analyses can help to explain why findings obtained with different 

instruments often do not converge (Costa et al., 2019): this is plausibly because different 

instruments sample different nuances. For example, age differences in Extraversion and Openness 

can even vary in direction, depending on which lower-level traits their measures happen to samples 

(Costa et al., 2019). For example, items of the diligence facet that referred to hard working 

positively correlated with age while scores of items that referred to having ambitious goals 

negatively correlated with age. This suggests that older people might have relatively more realistic 

goals and work hard to achieve them, while younger people might have somewhat more ambitious 

goals and more urge for success. Such examples of disparate correlations between items of the 

same facet and age were numerous. 

Overall, the parsimony-focused Big Five or FFM trait models have been criticized for multiple 

inadequacies (e.g. lack of discriminant validity or lack of an underlying theoretical model), but 

they have provided the most widely used traits for operationalizing personality variance and, by 

virtue of allowing research findings to accumulate, they have led to fundamental advances in the 

description of personality-related phenomena in the past decades (J. Block, 2010; Mõttus et al., 

2020; Paunonen & Ashton, 2001). That is, the Big Five domains have been very instrumental for 

the progress of descriptive personality research. As a result, using nuances to describe personality 

variation and its links with other variables may go against how many personality researchers have 

been trained and are used to think – to categorize lower-level traits into fewer and broader groups 

for greater parsimony, without necessarily considering whether those lower-level traits themselves 
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might offer unique information. However, the present study aims to illustrate the possible value in 

also considering the lower-level personality traits, nuances, and not always a priori aggregating 

them into broader traits. We want to make it very clear that such nuanced research is not aimed at 

negating the Big Five-focused research, but to extend it and qualify the finding. 

Of course, before more “nuanced” personality research can really take off, it will be necessary to 

develop psychometrically sound scales for measuring the nuances in future research. Developing 

a new generation of tools for personality assessment will require a lot of work, but it is not 

impossible and strategies for this have already been articulated  (Condon et al., 2020; Mõttus et 

al., 2020). However, because developing a proper model for accessing nuances is effortful and 

time-consuming, it is still necessary to bolster the case for this effort, as was done in the current 

study.  

Limitations and Future Directions 

Although the present findings have important implications for understanding age differences in 

personality traits, they should also be interpreted with five key caveats in mind. First, the idea of 

“predicting” age seems unusual since, implicitly, we often think of age as an explanatory variable 

and not an outcome. However, in the present research “prediction” was simply a tool for 

quantifying the amount of age-sensitive information that a set of personality traits collectively 

contain. Machine learning prediction models such as elastic net are particularly well suited for 

comparing sets of variables in how much criterion-relevant information they contain, because they 

allow for better control of overfitting than traditional regression models. Therefore, the present 

findings regarding “prediction” should only be interpreted in a statistical sense, without any 

implications regarding causality. 
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Second, one alternative explanation for the present results is that narrow personality traits within 

broader domains may only show distinctive age trends because they explicitly capture social 

expectations and roles that vary with age. However, the finding that items out-predict domains 

even when only closely adjacent age-levels are compared make this unlikely to be the sole 

explanation: social roles and expectations are unlikely to change so quickly. The findings also 

generalized across inventories which vary in how their items tend to be written: for example, the 

NEO-PI-R and HEXACO items tend be more contextualized (and thereby perhaps more sensitive 

to age differences in social roles) than the BFI-2 items, which are more abstract and less likely to 

refer to any specific social roles and expectations. Moreover, BFI-2 items are based on adjectives 

and many items with interstitial content that fell between multiple domains or facets were excluded 

(Soto & John, 2017). These adjective based items might not capture as much social role variance 

as contextual and behavioural items do. Moreover, the pattern also held in parent-ratings, which 

mitigates the possibility that the nuance-specificity of age differences may have reflected 

differences in how items were interpreted at different ages. Also note that personality inventories 

such as NEO-PI-R tend be fairly invariant across ages in how their items correlate with each other 

even though the items of the same traits substantially vary in how they correlate with age, 

suggesting that the meanings of items do not vary as much with age as the content does (Mõttus et 

al., 2015).In our view, it is at least as plausible that personality traits per se—specific patterns of 

thinking, feeling, and behaving—vary in highly nuanced ways across these years.  

A third caveat is that although the present study analysed data from multiple large and diverse 

samples of participants, all of the data were cross-sectional in nature. We therefore inferred 

personality change rather than directly observing it. Therefore, future research is needed to 
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examine the development of domain, facet, and nuance-level personality traits in longitudinal 

samples. 

Fourth, we compared personality questionnaires with different numbers of items to show that the 

predictive accuracy of longer personality questionnaires are better than the accuracy of shorter 

ones. In this way it is difficult to control for whether the predictive accuracy is solely due to the 

larger number of items or due to other questionnaire differences. To establish whether it indeed 

due to the larger number of items, it would make sense to select different sized samples from the 

same item pool and then compare the results. For example, we compared 67 items with 94 items 

in the CCQ dataset. However, we did not do the same in other datasets. Future studies could 

combine both methods to obtain a more reliable result.  

Finally, although the present research operationalized personality nuances as individual 

questionnaire items, at present there are no theoretical models to justify which items should be 

used in nuance-level personality research. Most of the items analysed here—and in previous 

research on personality nuances—were chosen to measure broader trait domains and facets, and 

purposefully not to capture unique item-level information. Thus, future research would benefit 

from developing a stronger theoretical basis for choosing items in order to advance nuance-level 

analysis of age differences, as there is likely a much larger pool of nuances that vary with age than 

is captured by the items currently used in personality inventories. Moreover, personality traits can 

be conceptualized at levels of abstraction other than domains, facets, and nuances, from the very 

broad (e.g., meta-traits) to the very narrow (e.g., highly homogeneous item clusters). We have 

focused on the domain, facet, and item levels because they are the most prominent levels assessed 

by contemporary personality inventories. However, future research could establish a basis for 

extending the present results to other levels of abstraction. This basis could be established in ways 
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similar to how researchers developed domain and facet-level personality measures (Mõttus & 

Rozgonjuk, 2019). In other words, researchers should consider developing new measurement 

models of personality that explicitly consider nuances and therefore allow for more comprehensive 

personality assessment. This is not unrealistic: Condon and colleagues (Condon et al., 2020) have 

described the concrete steps needed for the development of such models. 

Conclusion 

The present findings show that specific, nuance-level personality traits—as operationalized by 

individual personality questionnaire items—capture a great deal more of age-related personality 

information than broader traits do. We therefore conclude that future research can benefit from 

examining personality development at multiple levels of abstraction. Domain-level models like 

the Big Five and HEXACO are suitable for many purposes; for example, they allow researchers 

to efficiently describe broad-stroke patterns, which can be useful for describing personality 

development to the public or students (Mõttus et al., 2020). However, nuance-level analysis can 

allow us to characterize age differences in personality traits in much greater detail, which will be 

especially useful as personality research matures and the research questions become increasingly 

focused. As the result of this trade-off between efficiency and specificity, some studies might like 

to examine personality age differences at the level of broad domains; some might want to study 

the extra information provided by nuances; and others might choose to address personality 

differences using multiple levels of the personality hierarchy.  
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Chapter 3: Mechanisms of Personality Differences in Childhood  

 
Synopsis: 

The previous chapter discussed that nuance-level analyses capture more unique information than 

facets and domains and highlighted that nuance-level analyses tend to be overlooked in the current 

personality research literature. To extend current research on personality differences based on 

domain and facet level analyses, this chapter investigates mechanisms of personality development 

during childhood and adolescence using nuance-level personality traits. Social expectations and 

self-regulation were the two key mechanisms that were tested in the present chapter. Results 

indicate that strong social expectations partially contribute to personality differences during 

childhood and adolescence but, contrary to hypotheses, self-regulation did not explain personality 

changes.  

Dissemination status: 

This chapter has been under review at Journal of Personality entitled “Social expectations and 

abilities to meet them as possible mechanisms of youth personality development”. A pre-print is 

available on PsyArxiv: https://doi.org/10.31234/osf.io/8yp6x 
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Abstract 

Rationale: Personality traits change in both mean levels and variance from childhood through mid-

adolescence, but the mechanisms underlying these developmental trends remain unknown. We 

tested the possible roles of social pressure and self-regulation. Methods: The Common-Language 

California Child Q-Set was used to measure youths’ mean-level personality, social expectations 

for youths’ behaviour from multiple perspectives (parents, teachers, peers) and the self-regulatory 

requirements for achieving the desired trait levels. Results: There were consistent expectations for 

youths’ traits, regardless of who described the expectations or whether these pertained to children 

or adolescents. Mean trait levels were moderately commensurate with social expectations, but age 

differences only followed these expectations in late adolescence. Traits with strong expectations 

showed more pronounced individual differences and increased even more in variance with age. In 

contrast, traits’ self-regulation requirements did not predict their developmental trends. 

Implications: Strong social expectations may contribute to the development of individual 

differences, but there was little evidence for systematic development to catch up with consensually 

held social expectations. 

 

Keywords: personality development; mean-level; variance; social expectations; self-regulation 
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Introduction  

Personality traits change in both mean-levels and variances from childhood through mid-

adolescence (Mõttus et al., 2016; Mõttus, Soto, et al., 2017). Although in adulthood personality 

traits tend to shift gradually in a socially desirable direction, with people becoming, on average, 

more agreeable, conscientious, and emotionally stable over time (Allemand et al., 2008; Caspi et 

al., 2005; Donnellan & Lucas, 2008; Van den Akker et al., 2014), the pattern is different for 

childhood and adolescence. Specifically, there are temporary mean-level decreases in 

Agreeableness, Conscientiousness, Openness to Experience and Emotional Stability (Allik et al., 

2004; Denissen et al., 2013; Soto, 2016; Soto et al., 2011). Also, although there may be no 

systematic age-trends in the magnitudes of individual differences in adulthood (Mõttus et al., 

2016),  personality trait variance appears to increase from childhood until mid-adolescence and 

plateaus thereafter (Allik et al., 2004; de Haan et al., 2013; Kandler & Zapko-Willmes, 2017; 

Mõttus, Soto, et al., 2017). The mechanisms underlying these developmental trends in adolescent 

trait levels and variances remain unknown.  

Relying on the social investment theory (SIT) (Roberts, Wood, et al., 2005), Denissen and 

colleagues (2013) discussed the roles of social expectations and self-regulation as possible 

mechanisms of youth personality development. SIT suggests that personality matures as 

individuals are confronted with new social expectations and alter their behaviour accordingly. 

Denissen and colleagues (2013) expanded on SIT by proposing that although changes in 

expectations drive personality change by motivating individuals to meet these expectations, 

regulatory skills determine how much individuals can actually change their traits. In their meta-

analyses, Denissen and colleagues (2013) found that mean levels of two personality traits, 

conscientiousness and openness, decreased during early adolescence, followed by an increase in 
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later adolescence. In their view, as social expectations increase with age, early adolescents might 

lack sufficient regulatory skills to meet these expectations which thus leads to a temporary decrease 

in how their personality traits are perceived by themselves and others – due to an increased gap 

between expectations for the youth and their actual behaviour. Late adolescents might have more 

developed regulatory skills which allows them to meet the expectations, which in turn leads to the 

rebound of rated personality traits in late adolescence – as the gap between expectations and actual 

behaviour narrows. The present study set out to test the key ideas of Denissen and colleagues 

(2013) by further investigating whether (a) social expectations for youths’ behaviour, and (b) the 

degree of self-regulation needed to meet these expectations are among the potential mechanisms 

that could explain personality trait changes in both mean levels and variance. 

Social expectations and normative personality differences  

If there are consistent expectations from other people for children and adolescents to behave (here, 

broadly defined and including thinking, feeling and acting) in particular ways, then it is reasonable 

to hypothesize that youths will generally attempt to comply with these expectations (Roberts, 

2018). If so, then normative personality development (i.e., patterns of personality differences that 

generalize across individuals) may in part be driven by changes in the social expectations and/or 

changes in youths’ abilities to meet them (Denissen et al., 2013). 

For example, it may be generally expected that children should consider other people’s feelings 

and not display jealousy, and most children may indeed do this most of the time. Such expectations 

may become stronger with age and most children may adjust their behaviour accordingly, 

producing a mean-level increase in these traits. However, even if such expectations remain similar 

over time, children’s ability to regulate their behaviour so as to meet the expectations may improve, 

which could also prompt mean-level changes in these characteristics. But if the expectations 
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increase more and/or faster than youths’ ability to meet them, then the gap between expectations 

and youths’ observed trait levels may (at least temporarily) widen. Moreover, if parent-reports or 

self-reports of personality traits are influenced by the rater’s expectations, then this gap between 

expectations and behaviour could produce dips in some generally desirable trait levels as reported 

by parents or children themselves (Denissen et al., 2013; Soto, 2016; Soto et al., 2011; Van den 

Akker et al., 2014). 

Either increasing social expectations and/or youths’ improving abilities to meet them, may be 

explanations for why increases in trait variance slow down and stop in mid-adolescence (Mõttus, 

Briley, et al., 2019; Mõttus, Soto, et al., 2017). Mechanisms such as gene-environment transactions 

(Mõttus, Briley, et al., 2019) or gene-environment interactions (Kandler & Zapko-Willmes, 2017) 

may contribute to increases in variance; for example, individuals’ traits may be pulled away from 

their genetically influenced baseline levels as a result of self-selected/created environments 

amplifying the traits (Caspi et al., 2005). However, social expectations and/or youths’ improving 

abilities to meet them may counteract these processes and constrict variance by rewarding 

individuals for behaving alike – in the generally expected ways. There is yet another possibility: 

if social expectations for trait levels rise but youths’ ability to meet them is yet to catch up with 

the expectations, then social pressure may initially contribute to increasing variance as some 

individuals are able to meet the expectations developmentally earlier than others. If so, the 

increases in variance would stop and may even be reversed once slower-developing youths 

eventually catch up with their peers. In this paper, we explored the association between variance 

in personality traits and the social expectations of them, without specifying a directional hypothesis 

for the possible link. 

Testing the hypotheses 
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The hypotheses were tested by quantifying a sample of diverse personality traits in terms of their 

a) observed mean-level and variance changes through childhood and adolescence, b) socially 

expected levels, c) changes in these expected levels through childhood, and d) degrees of self-

regulatory ability required to meet the expected levels.  

Given these data, we addressed four key research questions:  

Question 1: Do children’s personality traits generally comply with social expectations? We 

hypothesize that traits expected to have higher scores indeed tend to have higher scores across 

all ages (Hypothesis 1).  

Question 2: Do children’s personality traits change in accordance with changes in social 

expectations? Mean-level changes in the traits may mirror traits’ expected levels and/or 

changes in their expected levels (Hypothesis 2a). Additionally, the association between 

expectations and age differences in trait levels may be moderated by age, such that the 

association is negative before mid-adolescence (indicating that individuals tend to move 

against expectations because their abilities to meet them lags behind) and positive only 

thereafter (as youths’ abilities catch up with the competencies associated with the 

expectations) (Hypothesis 2b). 

Question 3: Do more-demanding traits fall furthest short of expectations, especially before self-

regulation abilities are more fully in place (i.e., before mid-adolescence)? Mean-level age 

trends may be moderated by the degree to which traits require self-regulation, with traits 

requiring more self-regulation displaying larger discrepancies between socially expected levels 

and levels actually observed in children (Hypothesis 3a). Again, this effect may be further 

moderated by age such that the discrepancy is linked with a trait’s self-regulation demands 

more strongly in younger children (Hypothesis 3b). 
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Question 4: Do traits with stronger social expectations tend to have especially large or small 

variances, and are these associations moderated by age or the traits’ reliance on self-regulation 

skills? For example, before mid-adolescence variance may increase for traits with stronger 

expectations due to some individuals not yet able to sufficiently self-regulate their behaviour 

(Hypothesis 4a). After mid-adolescence, however, more children may have sufficient self-

regulatory capacities to meet the social expectations for their traits, entailing decreases in trait 

variances as the slower self-regulation-developers are catching up (Hypothesis 4b). For traits 

with lower social expectations, most children may be able to meet the expectations, thus trait 

variance might remain similar irrespective of age.   

We emphasize that these hypotheses are tentative and do not allow clear expectations for effect 

sizes, because the theories on the mechanisms of personality development are still in their infancy 

– the very issue our paper aims to contribute to mitigating. In other words, the relative imprecision 

of the hypotheses is reflective of where the field is rather than our paper, whereas we hope that the 

present attempt will stimulate clearer thinking about the general mechanisms of personality 

development. 

Selecting a diverse sample of traits 

Addressing these specific research questions assumes that personality develops along many trait 

dimensions that differ in terms of their social expectations and self-regulatory requirements. Often, 

personality development is studied along a few broad dimensions such as the Big Five or Little 

Six (Shiner & DeYoung, 2013; Soto & John, 2014; Soto & Tackett, 2015). However, adequately 

testing our hypotheses requires comparisons between a larger number of traits. There is a wealth 

of evidence that personality does in fact develop along numerous dimensions. For example, 

specific facets of the same Big Five domains, and even specific nuances of the same facets 
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(McCrae, 2015), often display disparate age trends (Jackson et al., 2009; Lucas & Donnellan, 2009; 

Mõttus et al., 2015; Mõttus, Sinick, et al., 2019; Mõttus & Rozgonjuk, 2019; Soto et al., 2011; 

Terracciano et al., 2005, 2006). The present study examines personality development at the level 

of nuances (McCrae, 2015): specific personality traits that can be operationalized by individual 

questionnaire items (Condon et al., 2020; Mõttus et al., 2020). Nuances are the lowest level of the 

personality trait hierarchy and show the valid specific variance and distinctive properties of traits 

such as cross-method agreement, rank-order stability, and heritability (Condon et al., 2020; Mõttus 

et al., 2014; Mõttus, Kandler, et al., 2017). We capitalized on the diverse item pool of the Common-

Language California Child Q-Set (CCQ) (J. H. Block & Block, 1980), which was designed  

deliberately to cover a broad range of youth personality characteristics with low redundancy 

among the items. 

Quantifying social expectations 

People in different social roles likely hold different expectations regarding youths’ behaviour. We 

operationalized the social expected levels of personality nuances by separately surveying parents, 

teachers and students. Beyond providing each nuance with a social expectation level, this also 

allowed us to test variations in the expectations across the different kinds of significant others of 

children. Expectations may be more likely to drive personality differences when they are consistent 

across different social partners and thereby apply unidirectional pressure on children’s behaviour, 

compared with children facing contradictory expectations from different people. Expectations for 

youths’ behaviour may also change over time. For example, expectations may become greater as 

children mature into adolescents. We therefore also measured perceived level of expectations 

separately for children (8 to 10 years) and late adolescents (16 to 18 years) to allow us to assess 

possible changes across these two developmental stages.  
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Quantifying requirements of self-regulatory skills  

Different behavioural traits likely vary considerably in difficulty for children and youths to enact. 

To quantify such differences, we also surveyed parents, teachers and students about the perceived 

level of effort required to enact each trait. For each nuance-trait, participants were asked to rate 

how much self-control it would take for a child to behave in this way when they would otherwise 

be inclined to behave differently. Teachers and parents are in a good position to observe youths’ 

behaviours, and college students can draw on their own recent first-hand experiences during 

adolescence. We anticipated that rating the level of self-regulation skills needed for enacting 

different traits would be a difficult task for any single rater and that individual ratings could 

therefore be fairly unreliable. But we deemed it likely that the aggregate ratings of many raters 

would prove more reliable, also indicated by similar average ratings across different perspectives 

(teachers, parents, and students).  

Overview of the present research 

In sum, the present study examined whether social expectations for youths’ behaviour and the 

degree of self-regulation needed to meet these expectations could be among the mechanisms to 

explain normative personality differences in childhood and adolescence. Specifically, we 

hypothesized that trait levels would positively correlate with their social expectation levels 

(Hypothesis 1); that traits’ mean-level age trends would mirror social expectations, with age 

moderating this association (Hypothesis 2); that self-regulation requirements may explain gaps 

between social expectation levels for children’s traits and their actual trait levels, especially before 

mid-adolescence (Hypothesis 3); and that social expectations would also intersect with age 

differences in personality trait variance (Hypothesis 4).  
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Methods 

The Common-Language California Child Q-Set (CCQ) 

We measured children’s personality traits, social expectations for the traits and self-regulatory 

requirements for behaving in expected ways using the CCQ. It includes 100 items that can be used 

by a non-professional observer to describe a child or adolescent (J. H. Block & Block, 1980; Caspi 

et al., 1992), with 94 of the items focusing on personality, and the remaining six representing 

physical characteristics and other non-personality attributes (Soto, 2016; Soto & John, 2014). 

Although the CCQ items can be aggregated to measure broad traits like the Big Five or Little Six 

(Soto & John, 2014), they were developed to be individually informative and non-redundant (J. H. 

Block & Block, 1980). Due to the item-level focus of the CCQ, as well as the need to test the 

present hypotheses across a large and diverse set of personality traits, we analysed each of the 94 

personality-focused CCQ items as representing a distinct, nuance-level personality trait (McCrae, 

2015; McCrae & Mõttus, 2019). Due to its content diversity and lesser focus on the priori structure 

of items, CCQ was a more suitable personality measure for our purposes than questionnaires 

developed to measure particular trait models such as the Big Five. 

Due to our need to collect information about children’s and adolescents’ mean-level personality 

traits, as well as social expectations and self-regulatory requirements for the traits, the personality-

focused CCQ items were rated in different ways by the different samples of participants. This 

happens to be a strength of the present design also because it reduces the chances of over-fitting: 

sample-specific idiosyncrasies driving associations between multiple variables (Yarkoni & 

Westfall, 2017). 
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1 ) Mean-level personality traits.  Parents rated their child’s personality traits on each CCQ item, 

using a 9-point Likert scale ranging from 1 (extremely uncharacteristic) to 9 (extremely 

characteristic).   

2) Social expectations for personality traits. Parent, teacher and student participants were asked 

to rate each CCQ item in terms of whether they would generally approve or disapprove of children 

thinking, feeling or behaving in the way described in the item; subsequently, students were also 

asked to rate how much they thought teachers would approve it. In other words, participants were 

instructed to rate the extent to which they perceived social pressure on children to behave or not 

to behave in these ways. Participants made these ratings on a 5-point Likert scale ranging from 1 

(strongly disapprove) to 5 (strongly approve).  

3) Perceived self-regulation demands of personality traits. Participants were asked to rate each 

CCQ item in terms of how much self-control it would require for a child or adolescent to behave 

in the way described in the item, also using a 5-point Likert scale ranging from 1 (almost no self-

control) to 5 (an extreme amount of self-control). To make the rating process less confusing for 

participants, the wording of some items was modified for this condition so that all items described 

behaviour in a socially desirable direction (based on the previously collected expectation ratings 

described above). For example, the socially undesirable item ‘tries to take advantage of other 

people’ was changed to ‘tries to avoid taking advantage of other people’.  

Participants 

Youths’ mean-level personality traits. Participants for measuring children’s personality traits 

were drawn from an initial sample of parents of 16,000 children aged from 3 to 20 years, with each 

parent rating their child on the CCQ items (Soto & John, 2014). The target children included 500 

boys and 500 girls for each age from 3 to 17, as well as 500 boys and 500 girls from the combined 
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ages 18 to 20 years; this was to make each age group equal in size and gender balanced (Soto & 

John, 2014). In the present study of later childhood and adolescence, we focused on children 

between ages 8 and 18-20 which accounted for 11,000 participants in total.  

Social expectations for youths’ personality traits. Participants for measuring perceived level of 

expectations for children’s personality traits included college students, as well as parents and 

teachers of children aged between 8 and 18 years. Parents and teachers were recruited from the 

online research platform Prolific and each compensated with £2.50, whereas students completed 

the study for course credit (see Table A1). As described above, participation entailed rating each 

personality-focused CCQ item in terms of its most socially approved level. Each participant was 

allocated into one of eight rating conditions, allowing us to measure expectations in various ways. 

The first dimension along which the conditions differed was developmental period: in four 

conditions, participants had to rate expectations for children between ages 8 and 18 years (without 

specifying a narrower age range), whereas in four conditions the ages were more circumscribed, 

allowing us to study age-differences in expectations (participants rated expectations for either 8- 

to 10-year-olds or 16- to 18-year-olds). The second dimension was rater perspective: parents and 

teachers were instructed to rate expectations from their own point of view, whereas students were 

asked to rate how they thought children’s peers and, subsequently, children’s teachers would 

expect them to behave.  

Participants who did not complete the questionnaire or failed quality checks were excluded from 

expectation ratings of children aged between 8 and 18 years, resulting in a sample of 25 parents, 

22 teachers and 60 students. We further recruited 27 parents and 30 teachers to participate in rating 

expectations for either 8- to 10-year-olds or 16- to 18-year-olds. Fifteen participants were excluded 

because of an incomplete questionnaire or low quality answers which result in 10 parents and 10 
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teachers who rated expectations of children aged between 8 and 10 years; and 12 parents and 10 

teachers who rated expectations of teenagers aged between 16 and 18 years (see Table B1). It is 

important to bear in mind that raters always rated items, not children actually known to them. 

 

Table B-1. Descriptive data for eight conditions used to obtain ratings of social expectations. 

Rater

s 

Parents  Teachers  Students 

(rating peer 

expectation

s) 

 

Students 

(rating 

teacher 

expectation

s) 

Parents  Teachers  Parents Teachers 

N 25 22 60 60 10 10 12 10 

Rater 

age 

26-52 

(M=39.7

6) 

23-71 

(M=38.7

3) 

8-18 

(M=13) 

8-18 

(M=13) 

27-46 

(M=37.3

3) 

23-66 

(M=38.9

0) 

33-52 

(M=42.7

5) 

22-57 

(M=40.4

0) 

Rater 

gende

r (N 

of 

male) 

9 6 30 30 8 4 8 5 

Ratin

g 

target

s  

Children aged 8 to 18 years  

 

Children aged 8 to 10 

years 

Teenagers aged 16 to 

18 years 

ICC .85 .95 .92 .95 .64 .75 .73 .81 

Note. ICC = Intraclass correlation of (random) average rater. 

 



69 

 

Self-regulation demands of personality traits. Participants for measuring self-regulatory skill 

requirements included college students, as well as parents and teachers of children aged between 

8 and 18 years. Parent and teacher participants were recruited from Prolific and each compensated 

£2.50, college students participated for course credit. Participation required rating each 

personality-relevant CCQ item in terms of how much self-regulation, or effort, would be required 

to behave, think, or feel in a socially desirable way. Participants were allocated into five rating 

conditions based on target age and rater perspective. Parents and teachers were asked to rate how 

much self-regulation each nuance level trait would require from either 8- to 10-year-olds or 16- to 

18-year-olds (see Table B2).  

Table B-2. Descriptive data for five conditions used to obtain ratings of required self-regulation. 

Raters Parents  

 

Teachers  

 

Parents 

 

Teachers 

 

College 

students 

 

N 14 13 13 13 54 

Rater age  27-45     

(M=35.36) 

23-55   

(M=33.85) 

34-51    

(M=42.69) 

24-52    

(M=36.54) 

18-22   

(M=19.12) 

 

Rater 

gender (N 

of male) 

5 4 6 3 19 

Rating 

targets 

Children ages 8 to 10 years old 

 

Teenagers ages 16 to 18 years old 

 

Youths ages 8-

18 years old 

ICC .66 .45 -.03 .88 .10 

Note. ICC = Intraclass correlation of (random) average rater. 
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There were 59 participants in the initial sample of rating self-regulatory requirements; six 

participants were excluded due to either an incomplete questionnaire or low quality answers. Of 

the 27 remaining parents, 14 participants rated items’ self-regulation requirements for children 

aged between 8 and 10 years and 13 participants rated  items’ self-regulation requirements for 

teenagers aged between 16 and 18 years. Of the 26 remaining teachers, half rated items’ self-

regulation requirements for children aged between 8 and 10 years and half rated them for teenagers 

aged between 16 and 18 years (see Table B2).  

Additionally, 54 college students were instructed to rate each item in terms of the effort required 

for children aged between 8 and 18 years. Again, obtaining ratings from different conditions 

allowed us to test their robustness and, when aggregated, to obtain a more reliable and 

generalizable assessment. Again, it is important to bear in mind that ratings were about items, not 

actual children. 

Data analysis 

The data and R code are made publicly available at Online Supplemental Material 

(https://osf.io/pkda3/).  

To investigate the consistency of ratings within rating conditions, we used a two-way average 

absolute intra-class correlations (ICCs), as implemented in the psych package version 1.9.12 

(Revelle, 2019). To compare the ratings across groups (i.e., rating conditions), we used eta-squares 

representing the proportion of variance in ratings due to group differences; we also calculated 

mean item-ratings within groups and compared the profiles of the 94 personality-focused CCQ 

item means across groups using Pearson correlations.  

To investigate associations of the means and variances of parent-rated traits of actual children with 

the social expectations and self-regulation requirements for these traits, we constructed multi-level 

https://osf.io/pkda3/


71 

 

models (or linear mixed-effects models) as implemented in the lme4 package version 1.1.18 (Bates 

et al., 2014). In these models, either items’ means or variances in the parent-ratings of actual 

children were the dependent variable, whereas age and perceived expectations and/or self-

regulation demands for these items were independent variables. Specifically, we re-arranged the 

data into a table with 94 (items) x 11 (age groups, from 8 to 18-20) = 1,034 rows, with the parent-

rated (pertaining to actual children) mean or standard deviation of each item in the dependent 

variable columns, and the mean social expectations and self-regulation demands of the items in 

the independent variable columns, alongside age and squared age (for quadratic effects) for the 

particular means/variances. Parent-rated personality traits and expectations were reverse coded, so 

that all items were keyed in the socially desirable directions (i.e., with mean expectations at or 

above the scale mid-point). Specifying random intercepts and slopes for items (11 individual 

observations for each item, one for each age group being “nested” within the item) allowed us to 

test the main effects of age (and its square), expectations and self-regulation demands, as well as 

interactions among them, on items’ means and variances while controlling for dependencies in the 

data (i.e., same items at different ages) and allowing items to vary in age trajectories (random 

slopes). Items’ means, standard deviations, social expectation and self-regulation demand ratings 

were grand mean centred (across the 94 items and 11 ages), and age was centred at 13 (i.e., the 

median age) prior to computing squared age. We report fixed effects from these models, which 

summarize general associations across all items, while accounting for their unique deviations from 

the fixed effects.  

 

Results  

Did raters agree about social expectations for children’s personality traits?  



72 

 

The ICCs of the ratings for social expectations for 8- to 18-year-olds from parents, teachers, peers 

and students ranged from .85 to .95 (Table B1). On average, the rating condition explained 6.1% 

of variance in the ratings, with group differences significant for 18 items after applying false 

discovery rate (FDR) correction for multiple testing. When the responses to each item were 

aggregated within the rating conditions, the four profiles of 94 average ratings correlated between 

.64 and .87. Also, collapsing ratings from all conditions resulted in an excellent average ICC of 

.98. Collectively these results indicate that parents, teachers and peers tended to hold fairly 

similarly configured expectations for youth personality traits, although there were mean-level 

differences for several nuances.  

Did expectations for children vary with age? 

Turning to parents and teachers, we also investigated the consistency of expectations as a function 

of whether they were rated with children (8- to 10-year-olds) or teens (16- to 18-year-olds) in 

mind. After correcting p-values for FDR, no item significantly varied in mean between the two 

target ages, either with or without collapsing parent-ratings and teacher-ratings for respective 

target ages; the average eta-squares were .06 and .02, respectively. Moreover, when average 

ratings were calculated for both children and adolescents (collapsing ratings from teachers and 

parents for each age group), the two profiles of 94 means correlated .90. These findings suggest 

that people generally have consistent social expectations regarding youth personality traits, not 

only regardless of who describes the expectations, but also regardless of whether they are asked to 

think of children or older adolescents. In all subsequent analyses, we therefore combined all social 

expectation ratings across all conditions. 

Did children’s personality traits generally comply with expectations? 
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When the means of the 94 items (from parents’ ratings of their actual children) were predicted 

from the social expectations for these items (combined across all rating conditions) in a multi-level 

model, traits with higher expectations tended to have higher parent-rated means (standardized 

estimate b = .30; Table B3). Thus, supporting Hypothesis 1, the pattern of mean-level personality 

traits tended to comply with the pattern of social expectations. 

Table B-3. Estimates of the model to test the effects social expectations and age on mean-level 

personality traits and their change. 

 

 

Linear model Quadratic model 

Soc Age Age 

x 

Soc 

Soc Age Age2 Age 

x 

Soc 

Age2 

x 

Soc 

Mean .303 -.027 .000 .284 -.027 .004 .000 .002 

SE .093 .010 .010 .091 .010 .001 .010 .001 

p .002** .007** .976 .002** .007** <.001*** .976 .021* 

Note. Age 2 = age squared; Soc = social expectations.  *  p < .05. **  p < .01. *** p < .001.  

 

Did children’s personality traits linearly change in accordance with expectations?  

In the same model, age had a negative linear fixed effect on items’ means, whereas the interaction 

between age and social expectations was not statistically significant (Table B3). Thus, inconsistent 

with Hypothesis 2a, there was no evidence that the linear trends in personality traits’ 

developmental trajectories positively tracked the social expectations for these traits – although 

socially more approved traits had generally higher levels, they were no likelier to trend higher still 

(or no less likely to trend lower still, given the general downward trend in traits) than less approved 

traits. 
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But was the association between expectations and mean-level age trends non-linear? 

When we added the quadratic term (age-squared) to the model as an additional main effect, age 

continued to have a negative linear fixed effect on item means, whereas age squared had a positive 

linear fixed effect on item means. When we also added the interaction between age-squared and 

social expectations to the model, the interaction between age and expectations remained non-

significant, but the interaction between age-squared and expectations was significant (Table B3).  

Age trends for traits with high, medium, and low expectations (each group had a third of items) 

are depicted in Figure B1. It shows that: (a) items with all levels of expectations showed general 

declines with age, but (b) items with high expectation levels showed an uptick in later adolescence, 

and (c) items with low and medium expectation levels were fairly similar in their overall means, 

whereas most of the effects pertained to items with highest expectation levels. Taken together, 

these results partially support Hypothesis 2b by indicating that traits with the highest social 

expectations showed negative age trends from childhood through mid-adolescence, but positive 

trends in late adolescence.  
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Figure B-1. The effect of different levels of social expectations and age on mean-level personality 

traits. The items were divided into three groups based on the high, medium and low expectations 

for them (lowest, middle and highest third of the items). Age was centred at 13. The y-axis 

represents standardized item mean scores.  

Did observers agree about the self-regulation required by children’s personality traits? 

We estimated the consistency of self-regulation ratings within and across two age groups of targets 

and in a combined age group: children (8- to 10-year-olds), teens (16- to 18-year-olds) and youth 

generally (8- to 18-year-olds). Average rater ICCs ranged from -.03 for smaller rater groups rating 

children of more specific ages to .91 when all ratings were combined (Tables B2 and B4). When 

the ratings of each item were aggregated within groups, the profiles of 94 average ratings correlated 

from .67 to .77. These findings indicate that, when aggregated to the group level, people with 

different perspectives (parents, teachers, and students) hold relatively similar views of how much 

skills it takes children to achieve social expectations. In all subsequent analyses, we therefore 

averaged all self-regulation ratings across conditions. We emphasize, however, that the agreement 

between individual raters was often very low and it took tens of raters to achieve acceptable 

reliability for the averages of ratings – judging how much self-regulation it takes to display certain 

personality traits is hard for any one individual, but the crowd wisdom of tens of people can be 

sufficiently reliable. 

Table B-4. Ratings of how much self-regulation is required: intra-class correlations when parent 

and teacher ratings were collapsed for children and teens, respectively, intra-class correlations 

for student raters and combined groups and correlations among the mean ratings across rating 

conditions. 

ICC child ICC teen ICC student ICC total Child-Teen Child-Student Teen-Student 

 .52 .67 .88 .91 r = .67 r = .77 r = .71 

Note. ICC = Intraclass correlation of (random) average rater. 
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Do more-demanding traits fall farthest short of expectations, especially before self-regulation 

abilities are more fully developed? 

As in the analyses of social expectations, multi-level models were fitted to test whether traits’ 

perceived self-regulation demands could help explain age differences in the gap between social 

expectations for traits and their mean-levels. Mean-level item scores were the outcome variable, 

and age, age squared, rated self-regulation demands of the items, and the interaction between them 

were the predictors. Because we had concluded that expectation levels for personality traits did 

not vary with age and expectations could be combined across all rating conditions, items’ means 

were perfect linear transformations of their discrepancies from the expectations for them, so the 

means could be the outcome instead of the discrepancies. Essentially, we were still modelling 

whether the age trajectories in their discrepancies were moderated by the self-regulation demands 

for the items, as per Hypotheses 3a and 3b. (Had expectancies varied with age, we would have 

operationalized discrepancies as differences between expectancies for the older age group and 

mean trait levels of actual children). 

Self-regulation demands did not account for mean trait levels and the interaction between age and 

self-regulation was also not significant (Table B5). This suggests that age-differences in the 

discrepancies between expected and actual trait levels of children were not moderated by the self-

regulation demands of the traits. However, when we also added the interaction between age-

squared and self-regulation demands, the interaction between age squared and self-regulation was 

significant. The results of this final model are depicted in Figure B2. Failing to support Hypothesis 

3a, these results indicate that traits’ self-regulation demands did not have a main effect on the 

generally negative age trajectories of these traits (that is, on discrepancies from expectations). 

However, Figure B2 also shows that traits with highest self-regulation demands—but not those 
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with medium or low demands—showed a modest mean-level increase during late adolescence. 

Partially supporting Hypothesis 3b, these results suggest that the traits with the highest self-

regulation demands were somewhat more likely to bounce back from the negative overall age 

trends. 

Table B-5. Estimates of the model to test the effects self-regulation and age on mean-level 

personality traits and their change. 

 Linear model Quadratic model 

 

SR Age Age  

x  

SR 

SR Age Age2 Age  

x 

SR 

Age2  

x 

 SR 

Mean .147 -.027 .001 .130 -.027 .004 .001 .002 

 

SE .097 .010 .010 .095 .010 .001 .010 .001 

 

p .134 .007** .886 . 174 .007** <.000*** .886 .038* 

 

Note. Age 2 = age squared; SR =  self-regulation. *  p < .05. **  p < .01. *** p < .001.  

 

 



78 

 

Figure B-2. The effect of different levels of self-regulation demands and age on mean-level 

personality traits. 

 

Did traits with stronger expectations tend to have especially large or small increases in variance, 

and were these associations moderated by age or the traits’ reliance on self-regulation skills? 

To test whether traits with different social expectations and self-regulatory requirements showed 

different age trends in trait variance, we predicted traits’ standard deviations from their social 

expectations, self-regulation and age in multi-level models; these were identical to the models 

described above, except that items’ means were replaced with their standard deviations. For the 

association between traits’ variance and social expectations, results showed that age had a positive 

linear association with personality variance (Mõttus, Soto, et al., 2017), the main effect of 

expectations was not significant, and the interaction between age and social expectations was 

significant (Table B6). When we added age-squared to the model, it had a significant negative 

effect on trait variance, consistent with the plateauing of the increase in trait variance (Mõttus, 

Soto, et al., 2017). When we also added the interaction between age-squared and expectations to 

the model, the interaction between age and expectation as well as the interaction between age-

squared and expectations were both significant. 

Table B-6. Estimates of the model to test the effects social expectations and age on personality 

variance and their change. 

 Linear model 

 

Quadratic model 

Soc Age Age 

x 

Soc 

Soc Age Age2 

 

Age 

x 

Soc 

Age2 

x 

Soc 

 

Mean -.154 .076 .021 -.119 .076 -.009 .021 -.003 

 

SE .093 .008 .008 .092 .008 .001 .008 .001 
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p .104 <.001*** .015* .199 <.000*** <.000*** .015* .005** 

 

Note. Age 2 = age squared; Soc =  social expectations. *  p < .05. **  p < .01. *** p < .001.  

 

Figure B3 depicts the results of the final model. Partially supporting Hypothesis 4a, these results 

indicate that, from childhood through mid-adolescence traits with high or medium expectations 

showed larger increases in variance than those with the lowest expectations. 

 

Figure B-3. The effect of different levels of social expectations and age on personality variances. 

 

When we repeated this analysis to predict trait variance from self-regulation demands and age, 

self-regulation demands did not have any impact on personality variance, nor was the interaction 

between age and self-regulation demands significant (Table B7). When we added the quadratic 
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age trajectory to the model and its interaction with self-regulation demands, the coefficients for 

age and age-squared were significant, but those for self-regulation and the interactions between 

age / age-squared and self-regulation were not significant. Contrary to Hypotheses 4a and 4b, these 

results do not provide evidence that self-regulation requirements could help explain age 

differences in trait variance during childhood and adolescence. 

Table B-7. Estimates of the model to test the effects self-regulation and age on personality 

variance and their change. 

 Linear model Quadratic model 

SR Age Age x SR SR Age Age2 Age x SR Age2 x 

SR 

Mean -.023 .076 -.009 -.046 .076 -.009 -.009 .002 

 

SE .095  .009 .009  .093 .009 .001 .009 .001 

 

p .806 <.000*** .301 .620 <.000*** <.000*** .301 .066 

 

Note. Age 2 = age squared; SR =  self-regulation. *  p < .05. **  p < .01. *** p < .001.  

 

Discussion 

We addressed four questions about social expectations and self-regulation skills as possible 

mechanisms of personality differences during childhood and adolescence. Inspired by the 

influential study by Denissen and colleagues (2013), we expected nuance-level personality traits 

and normative changes in them to track social expectations for these traits, and these 

developmental shifts in the traits to be moderated by the extent to which the traits require self-

regulation. Combining recent research on developmental trends in the magnitudes of individual 

differences (Mõttus, Briley, et al., 2019; Mõttus, Soto, et al., 2017) with the ideas of Denissen and 
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colleagues, we also examined whether social expectations for the traits and/or their self-regulation 

needs would moderate age-trajectories in trait variance.  

We found that: a) social expectations were linked with traits’ overall levels but not with change 

trajectories in them apart from a slight uptick characterizing the most socially desirable traits in 

late adolescence, and b) traits’ self-regulation needs were generally not linked with either mean 

trait levels or changes in them, apart from a slight uptick characterizing traits with the strongest 

self-regulation demands in late adolescence. We also found that traits with the strongest social 

expectations showed the most pronounced curvilinear increases in variance (i.e., increases in the 

magnitudes of individual differences prior to mid-adolescence). Therefore, findings of Denissen 

and colleague only partially replicated in the present study, whereas we also refined past findings 

regarding how children become increasingly less alike as they grow: it is traits with strongest social 

expectations along which high-scorers pull quicker away from low-scorers. 

The role of social expectations 

Our first question was whether children’s personality traits generally comply with social 

expectations. Although the definition of social expectations has varied across research (Morgan, 

2007; Roese & Sherman, 2007), they have previously been considered in terms of how they related 

to children’s relationships and life outcomes; and how they correlate with different aspects of life 

in previous studies (Raag & Rackliff, 1998). For example, suitable social expectations have been 

suggested to contribute to children’s wellbeing, whereas inappropriate social expectations may be 

detrimental to development (Zhou et al., 2007).  

Here, we operationalized expectations thoroughly, measuring them for nearly a hundred traits and 

exploring their consistency across several perspectives (important others to children) and two age 

groups. According to our results, important others such as parents, teachers and students hold 



82 

 

generally similar social expectations for children and adolescents. This is important to our first 

research question because the expectations may be more likely to systematically influence 

personality development if they are consistent across sources. This finding was not a given. It 

could have turned out that different groups of important others for children – for example, parents 

versus peers – hold systematically different expectations for a range of traits such as pushing 

boundaries, stretching rules, or enjoying physical affection.  

We also found that the expectations did not vary systematically with the target’s age: teachers and 

parents had similar personality-expectations for 8- to 10-year-olds as they did for 16- to 18-year-

olds. This was surprising because it seemed plausible that adolescents would be held to higher 

standards than younger children. Moreover, the theory of personality development in childhood 

and adolescents on which we based our hypotheses (Denissen et al., 2013) postulates that 

personality development is driven by shifting social expectations. Our finding could indicate that 

people a) have already developed relatively adult-like expectations for children about 10 years old, 

b) hold even late adolescents to relatively low standards, c) were unable to rate the differences in 

their expectations across the age group (note that this would not necessarily be a methodological 

problem per se as people could also fail to perceive and apply age-graded expectations in real life), 

or d) internally shifted their standards of what is socially expected, but did not apply them to the 

ratings. 

As one possibility, if the raters were unable to perceive or rate the differences in social expectations 

for the traits described in the personality test items, then the ratings could simply reflect the social 

desirability of these items. This would be partly consistent with our finding that items’ average 

social expectations were correlated with their mean levels (as per Hypothesis 1), because items’ 

social desirability is known to highly correlate with their mean levels (Edwards, 1953). However, 
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in our findings the correlation between traits’ mean levels and social expectations (r = .30) was 

much lower than has been found elsewhere (e.g., r ~ .90) – thus the social expectations ratings 

may not have merely reflected social desirability, after all (Konstabel et al., 2006). 

Either way, a question remains: can people perceive and apply age-graded expectations in real life, 

when interacting with either younger children or late adolescents? As a possibility, even if there 

are some shifts in expectations with age, by and large, some traits are desirable and some not 

regardless of age (or the person who holds the expectations) and therefore the shifts may play a 

smaller role in personality development than expected, at least in the period that we considered. 

General expectations for how people should be may be in place and well known to children far 

earlier than age 8 years. 

Our second key research question was whether children’s personality traits change in accordance 

with expectations. Partially supporting our hypotheses (Hypothesis 2), we found that the linear 

trends in the mean-level developmental trajectories of personality traits did not track the social 

expectations for these traits, but there were associations between non-linear age trends and social 

expectations: normative personality trends from middle childhood into adolescence were generally 

negative, but the traits with the highest expectations showed an uptick in late adolescence. Thus, 

our results lend modest support to the hypothesis that personality development in childhood and 

adolescence is driven by social expectations. 

Insofar as the mechanisms of personality development might generally be expected to be similar 

in childhood and adulthood, our results are (at least) not inconsistent with the broader Social 

Investment Theory (SIT) of personality development. This theory posits that mean-level changes 

are driven by people becoming committed to new social roles and the expectations that come with 

these roles (Bleidorn et al., 2013; Roberts, Wood, et al., 2005). Essentially, then, this theory also 
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expects average personality traits to converge towards widely held social expectations. However, 

the existent pattern of empirical findings generally lends only modest support to the SIT (Bleidorn, 

Hopwood, Back, et al., 2020b; Denissen et al., 2019; McCrae et al., 2021) and it is in this sense 

that our findings do fall in line with broader literature. 

The role of self-regulation skills 

Our third key question (Hypothesis 3) was whether more demanding traits (i.e., those that appear 

to require adolescents to exert a high degree of self-control) fall farthest short of expectations, 

especially before self-regulation skills are more fully in place. This hypothesis was also inspired 

by work from Denissen and colleagues (2013) who proposed that social expectations influence 

personality development in conjunction with youths’ ability to meet these expectations, and this 

requires self-regulation skills that may develop more slowly than expected. This could explain the 

dip in mean trait levels towards socially undesirable directions around mid-adolescence (Soto, 

2016). However, we found that traits’ self-regulation demands did not have a strong effect on the 

generally negative age trajectories of these traits: mean-level age trends were not moderated by 

the degree to which traits require self-regulation skills in that traits appearing to require more of 

them did not display larger discrepancies between socially expected levels and mean levels. 

However, traits with high self-regulation skills demands did show a modest mean-level increase 

during late adolescence, whereas traits with medium or low demands did not show the same trend. 

Thus, only high demanding traits fall short of expectations before mid-adolescence, which lends 

modest support to Hypothesis 3.   

It is possible that our operationalization of the degrees to which traits require self-regulation was 

inappropriate: we asked panels of parents, teachers and college students (recent adolescents) to 

rate this, but they may not have had a very good sense of the levels of demand for youth to behave, 
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think or feel in particular ways. Indeed, the inter-rater agreement between individual raters was 

sometimes very low. However, what would have been the alternative for quantifying self-

regulation demands? Conceivably, we could have measured self-regulation with some 

experimental tasks and correlate the resultant scores with the 94 CCQ items, resulting in a score 

for each item in terms of how much its endorsement is more probable among youth with greater 

self-regulation skills. But experimental tasks are known to correlate very poorly with subjectively 

rated personality traits and even among themselves (Mazza et al., 2020), and experimental 

procedures for capturing items’ self-regulation requirements could have suffered from low 

ecological and face validity – which were bound to be higher for subjective ratings based on human 

real-world experience of children and their behaviour. More importantly, the average-rater 

reliability of the ratings was excellent, and the average ratings from different rating conditions 

agreed well, suggesting that the average ratings were generally reliable and contained a 

substantially converging signal.  

To improve the operationalisation of self-regulation, it would be helpful if youths themselves could 

rate the items from the self-regulation needs perspective, so that we could compare whether what 

youths find hard to do agrees with what adults think is hard for youths to do.  The reason we did 

not ask youths themselves to rate the self-regulation questionnaire is that it would be quite stressful 

for youths, especially those age under ten years old, to answer or even understand a questionnaire 

with 94 relatively complex statements. As self-reported and informant-reported data reflect the 

same psychometric constructs (Mõttus, Allik, et al., 2019; Olino & Klein, 2015), we hoped the 

panel of parents, teachers and college students who are either close to children or who just past the 

teenager stage would provide sufficiently valid ratings.  
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If not self-regulation, what else could explain the dip in youth personality traits around mid-

adolescence? According to Moffitt and colleagues (1996), anti-social behaviours and conduct 

problems are prevalent from late childhood to mid-adolescence but often stop in the early 20s. In 

their view, this may be an adaptive response to teens’ social context: physically and cognitively 

mature youth increasingly desire adult privileges and see socially disapproved conduct as a way 

to have autonomy from parental control (Moffitt et al., 1996; Moffitt & Caspi, 2001). Possibly, 

our results reflect a tendency for adolescents to rebel against parental control and expectations; 

and this may require as much self-regulation, on average, as conforming to the expectations. 

Social expectations and personality variance 

Our fourth and final research question was whether youth’s personality traits with stronger 

expectations tend to have especially large or small variance, and whether these associations are 

moderated by age or the traits’ reliance on self-regulation skills. Partially supporting Hypothesis 

4, we found that traits with high or medium expectations showed larger increases in variance than 

those with lowest expectations from childhood through mid-adolescence, but self-regulation 

demands did not have a significant effect on personality variance and age trend. On the other hand, 

traits with the strongest expectations increased the most in variance prior to mid-adolescence, 

somewhat catching up the traits with lower expectations in their variance post mid-adolescence, 

resulting in a non-significant main effect of expectations on trait variance. Again, we can turn to 

literature on adolescent antisocial behaviour: it tends to emerge around mid-adolescence when 

youth starts to experience a gap between their biological maturity and lack of access to adult 

privileges (Moffitt et al., 1996). This gap may make youth admire aggressive peers and mimic 

their conduct as a way to show autonomy from parents, as well as to gain affiliation with delinquent 

peers. Although most adolescents do not engage in antisocial behaviour and many likely to not 
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even approve it in others, the processes underlying this tendency may increase individual 

difference (Moffitt & Caspi, 2001) because it could be expected that the mid-adolescent rebellion 

trends become particularly manifest in traits with stronger expectations: those who rebel against 

demands can do so most effectively for traits for which the demands are clear and strong and 

therefore become ever more different from their less rebellious peers exactly on these traits. Traits 

with low social expectations cannot reveal individual differences in rebelliousness to the same 

extents as high-expectation traits. If it is rebelliousness that at least in part drives trait variance, it 

may become less powerful a mechanism of trait development as youth mature (for a parallel, 

antisocial tendencies also wane by early adulthood in most of the adolescents having displayed 

them). In summary, the processes underlying the occurrence of the mid-adolescent antisocial 

trends may also increase individual difference and potentially explains why traits with high or 

medium social expectations showed larger increases in variance than those with the lowest 

expectations before mid-adolescence but not late-adolescence.  

Strengths and Limitations  

The present research had a number of strengths, including its use of a large parent-report sample 

and a personality measure—the CCQ—that was well suited to testing differences in youth 

personality development across an array of highly specific, nuance-level traits. Moreover, we 

capitalized on an underused research design by examining systematic variability among many 

traits in various focal properties (we studied variance between traits, not between people; for 

discussion, see (Mõttus et al., 2020; Mõttus & Rozgonjuk, 2019), and thoroughly measured social 

expectations and self-regulation skill demands of the traits, doing this in a variety of ways and 

testing consistency in the results.  
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However, a number of limitations should also be considered. First, we used a cross-sectional rather 

than longitudinal research design. Although the resulting data allowed us to infer changes in trait 

mean levels and variances across childhood and adolescence, they did not allow us to directly 

observe such changes. Therefore, additional research is needed to test whether the present findings 

extend to longitudinal data. Second, the samples used to estimate social expectations may not have 

been large or diverse enough to represent the general population. Moreover, the average inter-rater 

agreement for parents of children ages 16 to 18 years and college students were relatively low. 

Future research is therefore needed to further examine self-regulation in these groups. Third, the 

present study investigated youths aged from 8 to 18. Some of our findings showed a slight uptick 

in late adolescence for traits with a) the highest expectations and b) requiring the most self-

regulation. These age trends may not end at age 18 and further research is needed to test whether 

they extend into adulthood. A fourth limitation concerns the measurement of self-regulation. We 

asked a panel of parents, teachers and college students to rate the degrees to which different 

personality traits require self-regulation. Although there was generally good agreement across 

raters and conditions (with the specific exceptions noted above), the perceptions of self-regulatory 

ability from parents, students and teachers may inaccurately reflect the actual self-regulatory 

demands that the traits pose to youth.  

Our analyses were based on single items, which are likely to have lower reliabilities than aggregate 

scale scores and may have lead us to underestimate any true effects. However, although this 

information is not available for the CCQ, recent findings have shown that single personality test 

items tend to have higher reliabilities than often assumed (well over .60; e.g., (Henry & Mõttus, 

2020; Mõttus, Sinick, et al., 2019)) and analyses based on comparing the properties of single items 

can yield meaningful results (Henry & Mõttus, 2020; Mõttus et al., 2020). Because CCQ items 
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were designed to cover the space of personality traits more broadly than the currently dominant 

tests tailored to models such as the Big Five, our findings should be generalizable to a larger 

universe of personality traits than those reflected in the CCQ items.   

Conclusions 

Is personality development in childhood and adolescence driven by social expectations and youths’ 

self-regulatory capacities? Based on the present findings, using measured rather than assumed 

values, we conclude that both the social expectations of significant others and children’s own self-

regulatory skills to meet these expectations may exert only partial and non-linear influence on 

youth personality development.  
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Chapter 4: Mechanisms of Personality Differences in Adulthood  

 
Synopsis: 

Expanding on the findings from chapter 3, this chapter examines whether social expectations are 

also a mechanism to explain personality differences during young adulthood. In addition, this 

chapter provides the first empirical evidence to support the social investment theory (SIT) in 

relation to personality differences based on the maturity principles. Results are partially consistent 

with SIT, suggesting that social expectations could be a potential mechanism to explain personality 

differences in young adulthood. 

 

Dissemination status: 

This chapter is in preparation for submission to the Journal of Personality. A pre-print is available 

on PsyArxiv: 10.31234/osf.io/p35r2 
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Abstract 

Objective: Personality traits change in both mean levels and variance across the life span but the 

mechanisms underlying these developmental trends remain unclear. Social investment theory is 

one of the leading theories trying to explain personality maturation, suggesting that social role 

expectations drive personality changes in adulthood. However, there is not sufficient empirical 

evidence for SIT, thus the present study tested whether social expectations can explain personality 

maturation in young adulthood. Methods: A pool of 257 personality items, which was not driven 

by a priori conceptual model of personality, was used to measure young adults’ personality trait 

mean levels, personality variance and socially expected level of traits from different perspectives 

(friends, partners and bosses/supervisors). Results: There were consistent expectations for how 

young adults should think, feel and behave. Personality traits under stronger social expectations 

have higher mean levels and lower variances than traits under lower expectations; traits with 

stronger social expectations show higher means at later ages; and traits’ variances increase with 

age. Conclusion: Our results are partially consistent with SIT, suggesting that social expectations 

could be a potential mechanism to explain personality changes in young adulthood. 

 

Keywords: personality development; mean-level; variance; social expectations; social investment 

theory 
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Introduction  

Personality traits change across the life span in both mean levels and variances (Mõttus et al., 2016; 

Mõttus, Soto, et al., 2017; Roberts & DelVecchio, 2000; Soto, 2016). Mean-level personality 

change, also referred to as normative personality change, is indicative of changes in average 

personality trait levels in a population over time (Mõttus et al., 2016; Roberts, Walton, et al., 2005; 

Soto, 2016; Soto et al., 2011). Specifically, mean-level changes reflect the level of changes of a 

personality trait among a group of same aged individuals over time (Specht et al., 2014). On 

average, people’s personalities change in a socially desirable direction (Allemand et al., 2008; 

Caspi et al., 2005; Donnellan & Lucas, 2008), characterized by becoming more agreeable, 

conscientious, and emotionally stable across adulthood (Bleidorn et al., 2018; Roberts et al., 2006). 

This is referred to as the maturity principle of personality (Bleidorn & Schwaba, 2017). People 

also tend to become less extraverted and open to experiences with age, but these changes are not 

reflected in theories of the maturity principle of personality development (Wortman et al., 2012). 

Although population-level patterns of personality development are most commonly explored 

through mean-level changes, age differences in personality trait variance offer another way to 

describe developmental trends (Mõttus, Briley, et al., 2019). The magnitude of individual 

differences in personality traits tends to increase from childhood until mid-adolescence and plateau 

thereafter (Kandler & Zapko-Willmes, 2017; Mõttus, 2006; Mõttus, Soto, et al., 2017). Such 

increases in trait variance could be caused by gene-environment transactions whereby self-selected 

environments magnify pre-existing individual differences (Mõttus, Briley, et al., 2019), by gene-

environment interactions whereby environments moderate the expression of genetic dispositions 

(Kandler & Zapko-Willmes, 2017), or both. For example, extraverted people may tend to actively 

participate in social events and practise their social skills, which thus allows them to appear even 
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more extraverted in those situations. In comparison, introverted people may tend to avoid social 

events and consequently have less opportunities to practise their social skills, thus becoming more 

socially insecure and, as a result, are even less likely to take part in social events in the future. A 

similar idea of how trait variance come about has been used to explain the Flynn effect in IQ a 

long time ago (Dickens & Flynn, 2001; Rowe & Rodgers, 2002). 

Explaining the patterns 

Besides the Five-Factor Theory, which ascribes personality development solely to intrinsic, 

genetically driven processes (McCrae & Costa, 2008), Social Investment Theory (Roberts, Wood, 

et al., 2005) is one of the leading theories to explain personality changes in terms of both mean 

levels and individual differences. SIT proposes social expectations as a potential explanation for 

the maturity principle of personality trait development: the traits mature as individuals are 

confronted with new social expectations, commit to new social roles and alter their behaviour 

accordingly, especially to accommodate major life transitions in early adulthood such as entering 

the work force and getting married (Denissen et al., 2013; Roberts, Wood, et al., 2005). According 

to SIT, there are some universal age-graded life tasks that apply to most people around similar age 

ranges. These social roles are associated with expectations for the individual to act in a more 

mature way which thus lead to mean-level changes in personality (Bleidorn, 2015; Hennecke et 

al., 2014). For example, if important others of a young individual expect them to be a hard-working 

student and  a reliable and loving partner, and to become a responsible parent, it is plausible that 

the individual will follow these expectations and adjust their behaviours accordingly, changing in 

relevant personality traits as a result.  

Although individuals encounter unique challenges in these transitions, which can help to sustain 

or even accentuate individual differences, the majority of people within different cultures may 
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experience the similar life transitions around roughly the same time and change towards a similar 

pattern of expected traits (Roberts, Wood, et al., 2005). People are rewarded if they behave in 

socially expected ways and punished if they do not behave in the socially expected ways (Roberts, 

Wood, et al., 2005). If so, they should tend to become more alike over their developmental 

trajectories as they strive to receive rewards and avoid punishments, especially when faced with 

high social expectations. That is, generally shared social expectations should act to decrease the 

magnitudes of individual differences, counteracting or even reversing the possible increases in 

variance due to person-environment transactions (Mõttus, Briley, et al., 2019).  So, there may be 

forces that tend to increase the magnitude of individual differences as well as forces that tend to 

decrease it. 

Differential patterns across traits 

But not all personality traits are alike as the behaviours associated with some traits are subject to 

stronger social pressures than others. This provides us with a possibility to test the hypotheses 

described above. Specifically, we should expect that it is especially the traits under relatively 

stronger social pressure (high expectations) that a) change in mean levels commensurately with 

the expectations and b) decrease in variance the most, or at least increase the least in variance if 

there is a general trend for increasing variance. To test this, we can describe developmental trends 

in personality traits using a diverse sample in traits that would vary in social expectations for them 

as well as how their means and variance change with age.  

Development in the personality traits hierarchy  

Most existing research on personality development has been based on the Big Five domains 

(Mõttus et al., 2020), but these are not the only ways to represent personality traits. Personality 

traits form a hierarchy and the Big Five domains can be separated into facets and nuances. Facets 
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are groups of items that are more closely correlated with each other within the Big Five domains. 

Nuances are the lowest level of the personality hierarchy and can often be indexed by individual 

items or groups of very similar items (Condon et al., 2020). Lower levels of the personality 

hierarchy (facets and nuances) usually contain unique personality variance above and beyond 

domains (Jang et al., 1998). For example, facets show varied developmental age trajectories 

compared to their domains (Mõttus et al., 2015; Mõttus & Rozgonjuk, 2019; Soto et al., 2011; 

Terracciano et al., 2006), and nuances also show age trends different from their facets (Hang, Soto, 

Speyer, et al., 2021; McCrae, 2015; Mõttus, Soto, et al., 2017).  

Besides potentially more refined descriptions of the population-level patterns of personality 

development (Hang, Soto, Speyer, et al., 2021), nuance-level analyses allow us to study systematic 

variations between personality traits in their developmental trends and intersection with other trait-

level features such as social expectations (Mõttus et al., 2020; Mõttus & Rozgonjuk, 2019). For 

example, (Hang, Soto, Lee, et al., 2021) capitalised on variations between traits to investigate 

whether social expectations and ability to catch up with these expectations (self-regulation) explain 

the personality changes during childhood and adolescence. Specifically, they quantified the mean-

level changes for 94 nuance-level traits and the degrees to which these traits reflect social 

expectations, as well as how much self-regulatory ability was required to meet the social 

expectations. Across the traits, levels of social expectations were significantly associated with their 

mean levels and individual differences were stronger for traits with strong social expectations 

(Hang, Soto, Lee, et al., 2021). 

In the current study we used the same approach as (Hang, Soto, Lee, et al., 2021) to leverage the 

observation that personality traits vary with age along many dimensions, examining personality 

development at the level of nuances. To operationalize nuances, we used a diverse item pool of 
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257 items selected to measure personality as comprehensively as possible by capturing unique 

item-level information. Moreover, to quantify socially expected level of these personality nuances, 

we asked young adults to rate the items in terms of social expectations for them, from the points 

of views of important others for the young people (friends, intimate partners and 

bosses/supervisors). Since people in different social roles might have different expectations for 

others’ behaviours, measuring young adults’ perceived level of social expectations from different 

points of view allowed us to gain more reliable variations in the social expectations across different 

social relations. Arguably, the degree of social expectations only matters if individuals are affected 

by them, thus, measuring social expectations as perceived by their targets (young people 

themselves) is more suitable than measuring them in those assumed to hold the expectations (the 

important others of the young people). Social expectations may change most prominently during 

early adulthood since a majority of new social roles are established during this developmental 

stage (Bleidorn et al., 2013). We therefore explored the associations of social expectations with 

age differences in personality trait mean levels and variance for young adults (18 to 30 years).  

Summary of the present research 

In sum, the present study examines whether social expectations could be a potential mechanism to 

explain mean-level personality differences and variance during young adulthood. We hypothesise 

that (a) traits with higher social expectations tend to have higher mean-level scores; (b) traits under 

stronger social expectations will tend to vary more with age, in the direction of expectations, than 

those under lower expectations; (c) traits with stronger social expectations will have lower variance 

than traits with weaker social expectations and the variance would decline even more with age.  

Method 

The 257-items personality questionnaire  
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We used a pool of 257 items to measure young adults’ personality traits and social expectations 

for these traits. This personality item pool was not driven by any priori conceptual model of 

personality, thus all items were developed to be individually informative (Henry et al., in 

preparation). In order to achieve this goal, all items were carefully selected in several rounds by 

the authors of the study and their colleagues. First, the majority of items of this personality item 

pool was assembled from the International Personality Item Pool (IPIP) (W. A. Goldberg, 

1999) and the Synthetic Aperture Personality Assessment (SAPA) (Condon, 2018). Second, 

standard deviations of items were calculated, and from among highly correlated items only items 

with relatively higher standard deviations (calculated using the Eugene Springfield Community 

Sample) were selected as these items likely capture more information at the population-level (L. 

R. Goldberg et al., 2006). Third, items which were comparatively linguistically complex were 

removed (e.g. items contained more ambiguity in interpretations and items used infrequent words). 

Finally, items that were not covered by the Big Five or HEXACO domains measuring 

competitiveness, humour, sexuality, attractiveness, gratitude, and the Dark Triad were included. 

These items were iteratively tested for re-test reliability and items with comparatively lower re-

test reliability were removed (generally those with 2-week retest correlations below .60) and other 

items that higher reliability were included in their place. 

One reason that we did not use one of the traditional personality inventories is that there are no 

theoretical models to justify which items should be used in nuance-level personality research in 

these methods (Mõttus & Rozgonjuk, 2019). Items chosen in the high-dimensional approaches 

(e.g., the Big Five) aim to measure broader trait domains and facets rather than purposefully 

capture unique item-level information. Instead, research such as ours should strive to use a more 
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comprehensive item pool, which does not require being a priori aligned with any hierarchical 

structured trait model (Condon et al., 2020). 

Mean levels of personality traits and personality variances  

Participants were drawn from a pre-existing dataset which were collected primarily for various 

research projects (including for estimating the re-test reliability of the items). These participants 

were recruited from the online research platform Prolific between December 2019 and March 2020 

and each compensated with £4.7. There were 1,436 individuals (mean age = 27.60 years, 577 

males, 844 females, and nine with unknown gender) in the initial sample and we selected 

participants aged between 18 and 30 years old (N = 1,096, mean age = 23.04 years; 446 males, 

641 females, and eight with unknown gender). Participants were required to rate their own 

personality traits on each of the 257 item, using a 6-point Likert scale ranging from 1 (very 

inaccurate) to 6 (very accurate).   

Socially expected personality trait levels  

Participants for measuring social expectations were also recruited from the online research 

platform Prolific and each compensated with £3. See Table C1 for descriptive statistics. 

Participants were required to rate each of the 257 item in terms of whether their friends, intimate 

partners or bosses/supervisors would generally approve or disapprove of their thinking, feeling or 

behaving in the way described in these items. In other words, participants (young adults) were 

asked to rate each item in terms of how much social pressure they perceived to behave in these 

ways, from either their friends, partners or bosses/supervisors. For example, for friend’s 

perspective, when participants answer question ‘I often stop working if it becomes too hard’, they 

need to answer to what extent their friends would approve that they stop working if it becomes too 
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hard. Participants provided the ratings on a 5-point Likert scale ranging from 1 (strongly 

disapprove) to 5 (strongly approve).  

Table C-1. Descriptive data for young adults aged 18 to 30 years in perspectives of friends, 

partners and bosses used to obtain ratings of social expectations 

Raters’ perspective Friends Partners Bosses/supervisors 

 

N 41 41 39 

Rater age (M=23.88) (M=23.63) (M=24.54) 

Number of males 24 21 24 

ICC .95 .96 .96 

Note. ICC = Intraclass correlation of (random) average rater. 

Data analysis 

Statistical analyses were carried out in R (R Development Core Team, 2020). The data and R code 

are made publicly available at Online Supplemental Material (OSF).  

First, we investigated whether social expectations were consistent for young adults using a two-

way average absolute random-rater intra-class correlations (ICCs) in the psych package version 

2.0.9 (Revelle et al., 2020). Second, we used eta-squares to distinguish group differences (raters’ 

perspectives) by the proportion of variance in ratings. We also collapsed the ratings within each 

rating condition (friends, partners, bosses) and calculated the Pearson correlations between the 

mean social expectations ratings (across all items).  

To investigate associations of the personality trait mean levels and variances of young adults on 

the one hand with the social expectations for these traits on the other, we used multi-level models 

(or linear mixed-effects models) in the lme4 package version 1.1-25 (Bates et al., 2014). Dependent 

variables were either the means or standard deviations of each item from 18 to 30 years (so there 
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were 13 age levels with 18 being the first age level : N = 13 * 257 = 3,341), whereas independent 

variables were the ages to which these mean levels corresponded and the social expectations for 

the items to which the mean levels corresponded. We built two sets of models examining the 

effects of age, social expectations and their interaction on item mean and standard deviation 

respectively. All models included a random effect for item (allowing items to have different mean 

levels) and random slopes for the effects of  age per item (allowing differences between items in 

their age trends). The interaction terms represented the key parameters: if significant, they would 

show that age differences in items’ means/variances would depend on the expectations for these 

items. We reported fixed effects which summarize general associations across all items. 

Personality trait mean levels, variances and social expectations were standardised before building 

the models and age was centred on 18 (i.e. 18 was subtracted from each age to make it represent 

0). Moreover, age was divided by 10 before building the model to avoid model convergence issues 

due to large differences in variances among individual variables. Personality traits and social 

expectations were reverse coded where needed, so that all items were keyed in the socially 

desirable directions throughout the analyses (based on the mean of the social expectation ratings, 

collapsed across all rating conditions). 

Results  

Did raters agree about social expectations for young adults’ personality traits?  

The ICCs of the ratings for social expectations were very high for the ratings conditions of friends, 

intimate partners and bosses/supervisors respectively (see Table C1). Also, after applying false 

discovery rate (FDR) correction for multiple testing, the means of only two items (‘often stop 

working if it becomes too hard’ and ‘I am satisfied with my relationships’) significantly varied 

across all three groups, suggesting that rating conditions generally produced very similar mean 
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levels for social expectations: the rating condition explained an average of 3% of variance in the 

social expectation ratings. Moreover, the profiles of the 257 average ratings correlated from .90 to 

.94 between the three raters’ perspectives. The high ICC indicated that young adults perceived 

consistent social expectations within each group of social contacts. The high correlations suggest 

that people with different perspectives hold relatively similar expectations for the personality traits 

of young adults, or at least that young adults believe that social expectations from their friends, 

intimate partners and bosses/supervisors share many similarities. When we collapsed ratings from 

all conditions, the average ICC increased to .98; we therefore combined raters’ perspectives in all 

subsequent analyses. 

Did young adults’ personality traits generally comply with expectations? 

In a multi-level model, the means of the 257 items for each age were predicted from the social 

expectation ratings of these items and age. Social expectations strongly predicted mean levels of 

personality trait ratings (see Table C2) indicating that personality traits with higher expectations 

were more likely to have higher means. This finding supported Hypothesis 1 that young adults’ 

personality traits generally comply with social expectations. In the same model, the results showed 

that age was also a significant predictor of mean levels of personality traits, suggesting personality 

trait mean levels tend to be higher at later ages; since the traits had been keyed in socially desirable 

direction, this suggests a general normative shift towards more desirable trait levels. However, the 

interaction between age and social expectations was not significant (see Table C2). Thus, age 

differences in mean levels change irrespective of social expectations for these traits. For 

visualisation purposes, we rearranged the items into three groups based on whether they were 

subject to high, medium, or low expectations. Figure C1 shows that items subject to high social 
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expectations show the highest personality trait mean levels, whereas items subject to low social 

expectations showed the lowest personality trait mean levels.   

Table C-2. The effects of social expectations and age on personality trait mean levels, variances 

and their changes. 

Parame

ters 

Mean-level  Variance 

Soc Age Age x Soc Soc Age Age x Soc 

Beta .700 .117 0 -.052 .019 -.065 

SE .049 .025 .025 .045 .032 .032 

p <.001*** <.001*** .977 .001*** <.001*** .042* 

Note. Soc = social expectations.  *  p < .05. **  p < .01. *** p < .001.  

 

 

Figure C-1. The effect of different levels of social expectations and age on mean levels of 

personality traits. The items were divided into three groups based on the high, medium and low 

expectations for them (lowest (< .33), middle (>= .33, <=.66) and highest (> .66) third of the 

items). The y-axis represents standardized item mean scores.  
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Did traits with stronger expectations tend to decrease in variance and were these associations 

moderated by age? 

In terms of predicting traits’ variances from social expectations and age at which the variances 

were calculated, we used the same model as above but items’ means were replaced with their 

standard deviations. There was a relatively strong negative association between traits’ variance 

and social expectations, as well as a positive association between traits’ variance and age. The 

interaction between age and social expectations was significant indicating that the effect of social 

expectations may not be as pronounced in later adulthood (see Table C2). Figure C2 shows that 

traits with high expectations showed the lowest level of variance and traits with low expectations 

showed the highest level of personality variance, Although the interaction was very weak and 

therefore we do not see strong support for it. Traits with medium and low levels of expectations 

also shows higher increases than traits with high expectations.  

 

Figure C-2. The effect of different levels of social expectations and age on personality variances. 
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Discussion 

SIT is one of the leading theories to explain personality development and is at least indirectly 

supported by evidence that individuals become more agreeable, conscientious and emotionally 

stable in adulthood after committing to different social roles (Asselmann & Specht, 2020; Hudson 

et al., 2012; Lodi-Smith & Roberts, 2007), although more direct evidence linking trait change with 

role transitions remains scarce (Bleidorn, Hopwood, Back, et al., 2020b). However, the alleged 

driving force of behavioural changes in accordance with committing to new age-graded life tasks 

is unlikely to reflect changing social roles per se but the expectations that come along with these 

social roles from one’s self and close contacts (D. Wood & Roberts, 2006). Indeed, according to 

SIT, the social expectations attached to each social role train individuals to behave in a certain way 

which can lead to changes in personality if the behaviours are repeated and internalised. As yet, 

however, there is limited empirical evidence linking social expectations to personality changes (D. 

Wood & Roberts, 2006).  

Comparing traits offers one yet under-explored approach to test the following hypothesis: if 

personality trait mean levels shift towards maturity with age, then  traits that are expected to 

increase the most should in fact have the highest mean levels and even increase in them since 

expectations should be one of the key components in influencing personality change. Moreover,  

individuals should become more similar in late adulthood especially in traits that are under the 

strongest social pressure, since most people would tend to converge towards socially desirable 

levels of these traits. The present study is among the first studies to offer some evidence for social 

expectations being a potential mechanism for personality differences during early adulthood using 

nuance-level analysis. 
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For mean level changes, our results support SIT in two ways. First, socially desirable personality 

trait mean levels were higher in later adulthood than earlier in adulthood suggesting that people 

showed more socially desirable personality traits in older age, hence personality traits became 

more mature. This result supports previous literature on SIT suggesting that adults learn from their 

past experiences and thus mean level of personality traits change in a socially desirable direction 

over the adult lifespan (Denissen et al., 2013; D. Wood & Roberts, 2006). Second, the pattern of 

mean-level personality traits complied with the pattern of social expectations. On average, 

personality traits with higher expectations had higher mean levels than traits subject to lower 

expectations. These findings illustrate the importance of social expectations to personality changes 

during young adulthood by showing that, in general, traits’ changes mirror the corresponding 

social expectations especially for traits under higher expectations. These findings further imply 

that high social expectations are one of the sources guiding mean-level personality change in early 

adulthood. Similar findings have been found in educational settings. For example teachers’ 

expectations showed significant impacts on students’ academic performances (Szumski & 

Karwowski, 2019; Tsiplakides & Keramida, 2010).  

In addition to the two results supporting SIT, we also found a result which did not support SIT. 

According to SIT, we hypothesized that age differences should be moderated by the level of 

expectations for the traits, with traits under stronger expectations changing more in mean levels. 

Our result shows that the interaction between age and social expectations was not significant in 

predicting personality trait mean levels, thus suggesting that age differences in personality trait 

mean levels are not modified by the effect of social expectations. This result also implies that 

people have consistent social expectations for adults irrespective to their age.  
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Advocates of SIT many not have a clear hypothesis in relation to the age difference in individual 

differences but it would follow from their hypothesis that people become more alike under high 

social expectations since stronger awards/ punishments are naturally attached to high expectations 

(Bleidorn, 2015; Roberts, Wood, et al., 2005). Logically individual differences should decrease in 

later adulthood since people converge towards more socially desirable trait levels, especially (or 

at least) for traits that are under high social expectations. In the present study, we examined this 

hypothesis by testing whether traits with stronger expectations showed lower personality variance, 

and whether age moderates the association between social expectations and personality variance. 

On the one hand, results indicated that traits under higher social expectations have lower variances 

than traits under lower expectations which supports SIT. On the other hand, contrary to our 

hypothesis but not necessarily SIT, personality variance was higher at later ages. This could be 

due to gene-environment interaction strengthening predispositions, thus increasing variance at 

later ages (Caspi & Roberts, 2001, 2001; Mõttus, Briley, et al., 2019). Personality variance was 

also negatively associated with the interaction between age and social expectations indicating that 

age-trends in variance are moderated by the degree to which traits are subject to social 

expectations, so increases in variance were smaller for traits with stronger expectations than traits 

with lower expectations. One possible reason could be that traits’ variances increases due to the 

environment amplifying individual differences, but the strong counteracting influence of social 

expectations attenuates such influences especially for traits under high social expectations. One 

further contributing mechanism could be that, although people’s personality traits tend to become 

more socially desirable in later adulthood, individual differences take place even within these 

socially desirable traits.  

If social expectations direct people to think, behave and feel in certain ways, then these 
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expectations should be widely accepted by people with different backgrounds (D. Wood & 

Roberts, 2006). Social expectations take many forms (Morgan, 2007; Roese & Sherman, 2007), it 

was essential to test the consistency of the socially expected level of personality traits from 

different raters’ perspectives. Therefore, another interesting finding of the current study was that 

there are widely accepted expectations for young adults; in particular, young adults comprehend 

similar social expectations from their friends, intimate partners and bosses/supervisors. Of course, 

most people would expect people they know to generally behave in a socially desirable manner. 

However, at least in principle people with different social roles could have systematically different 

expectations of the same person especially relating to circumstances such as ‘is easy to fool’ or ‘is 

a submissive person’. For example, if person B is person A’s romantic partner and person C is 

person A’s boss, person B could have very different expectations for A than person C. But it turns 

out that this is not the case.  One possible reason could be that the perceived social expectations 

we measured greatly reflect general social desirability because young adults might not have clear 

perceptions of what exactly their friends’, partners’ and bosses’ are expecting, thus these 

expectations are similar across sources. Furthermore, as stated in the previous paragraph, people 

generally hold similar social expectations for young adults regardless of their age. 

Strengths and Limitations  

The present research had a number of strengths. First, we used an underused research design to 

study systematic variability among many traits in various focal properties (Mõttus et al., 2020). 

We studied socially expected level of personality traits, mean levels of personality traits and 

personality variance. Our sample is a pool of personality items rather than a group of participants. 

This method allowed us to use participants from different samples to measure the mean levels of 

personality traits and social expectations. Second, we used a large sample of item-based 
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personality measures to test age difference in personality during young adulthood, and the measure 

we used was particularly designed to study item-level traits which is a more fine-grained measure 

compared to any hierarchical structured personality measure such as the Big Five or HEXACO. In 

this study’s context, taking a nuance-level approach to study these associations is particularly 

important since focusing on the domain-level only would likely obscure social expectation-

personality associations that are important for shaping individuals’ personalities. Third, we 

measured the consistency of social expectations rather than assuming it.  

However, the present study also suffered from three main caveats. First, the item pool we used is 

fairly unstructured yet, so there is no neat alignment with facets an domains. Second, we used 

cross-sectional data rather than longitudinal data; this restricts our ability to draw inferences on 

personality change across the life span. It would be beneficial if future studies could investigate 

whether the present findings extend to longitudinal data for both mean level personality, 

personality variance, and social expectations. Third, we only investigated young adults age 

between 18 to 30 years. The pattern of personality differences might be better illustrated using a 

broader age range since some people might engage in important social roles early or later than 

others. Future studies could test this idea with a broader age range and compare personality across 

generations in order to test how social expectations change personality traits across time. Moreover, 

being parents is an important social role which could also contribute to personality change. Future 

studies could expand the present study by including different populations such as parents. 

Conclusions 

Social expectations contribute to personality differences in both mean levels and variances during 

young adulthood. Our results show that personality traits under stronger social expectations have 
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higher mean levels than traits under lower expectations; traits show higher means at later ages; and 

traits with stronger social expectations have smaller variances but variances overall increase with 

age. Overall, our results are only partially consistent with SIT and suggest that social expectations 

could be a potential mechanism to explain personality changes in young adulthood. 
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Chapter 5: Personality and Health Network 
Synopsis: 

Chapters 3 and 4 investigated the potential mechanisms of personality differences across the life 

span using nuance-level analysis. Expanding on the theoretical findings from the previous 

chapters, this chapter focuses on the practical value of nuance-level research. This chapter explores 

how different health-related aspects and health outcomes are linked with each other based on 

nuance-level personality traits. Results show that personality correlations could explain many 

associations between health-related behaviours and outcomes, and particularly psychopathological 

comorbidities.  

Dissemination status: 

This chapter has been under review at Journal of Abnormal Psychology entitled “Establishing a 

Health Network of Personality Profiles for Adolescents and Emerging Adults”. A pre-print is 

available on PsyArxiv: https://psyarxiv.com/4qh96/ 
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Abstract  

Many health problems that occur later in life have their origins in behaviours and associated 

lifestyle habits established earlier in life. We aimed to gain new insights into the structure of health 

and well-being of late adolescents and emerging adults through examining a multi-dimensional 

network that quantitatively estimates the personality similarities (personality correlations) between 

sixteen different health related behaviours and outcomes. The personality correlations were based 

on nuance level personality traits, captured by 240 items of the EE.PIP-NEO Personality Inventory 

that predicted the outcomes more accurately than broader personality traits (Big Five domains and 

facets; N = 2,269), and analysed using Exploratory Graph Analysis. The sixteen outcomes fell into 

four groups based on their personality correlations: psychological distress, health awareness, 

emotional control and substance use. Personality correlations, quantifying the overlap among 

outcomes in their psychological background, can explain associations between health-related 

behaviours and outcomes, and psychopathological comorbidities. 

 

Keywords: network analysis; lifestyle; mental health; personality; nuances 
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Introduction 

Many health problems that occur later in life have their origins in behaviours and associated 

lifestyle habits established during adolescence. For example, experiencing new living situations 

and being increasingly independent can cause psychological distresses and potentially increase the 

risks of developing mental health issues (Pei et al., 2019). In addition, adolescents have increasing 

access to alcohol, tobacco and illicit drugs, but unlike adults, are cognitively under-developed to 

appropriately assess their potential dangers. Likewise, emerging adulthood (Arnett, 2000), a stage 

of life between adolescence and adulthood that spans the late teens to mid-20s (approximately 

from 18 to 25 years) is characterized by instability and an increase in exposure to new 

environments (Moreira et al., 2015; Pusch et al., 2019)  and it shares many core developmental 

features with late adolescence. Health behaviour patterns are often established during these periods 

and have long lasting consequences on individuals’ health and wellbeing (M. C. Nelson et al., 

2008). This makes it essential to address both adolescence and emerging adulthood when 

investigating risk factors for adverse health.  

Personality traits and health 

Previous research has established that personality traits are linked with a variety of life outcomes, 

including health and lifestyle (Ferdosi et al., 2020; Heilmayr & Friedman, 2020; Hoffmann & 

Risse, 2020; Strickhouser et al., 2017). These associations are often reported at the level of broad 

personality domains, such as the Big Five: Neuroticism, Extraversion, Openness, Agreeableness, 

and Conscientiousness. Typically, these findings tend to conform to a pattern whereby positive 

(socially desirable) personality traits are linked with positive outcomes (e.g., Openness with 

healthy dietary habits; Conscientiousness with longevity; Agreeableness with positive mental 

health) and vice versa (e.g., Neuroticism with mental health disorders) (Conner et al., 2017; 
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Hengartner et al., 2016; Lamers et al., 2012; Roberts, Walton, et al., 2005). The ultimate health 

outcome, mortality, is linked with all of the Big Five traits except Openness (Graham et al., 2017). 

The low specificity of such broad personality findings makes it harder to understand their 

mechanisms or explore their possible practical uses. 

Personality traits, however, can be represented as a hierarchy of narrower constructs because the 

Big Five domains can be broken down into facets and these, in turn, into nuances (Mõttus et al., 

2020). Facets are groups of items within the Big Five domains that occur together more closely 

among themselves than with other items. Nuances are the lowest level of the personality trait 

hierarchy at which patterns of responses to personality test items have valid specific variance 

(Condon et al., 2020). In many cases, this will effectively equate individual items with nuances 

because most items have valid unique variance beyond the variance that they contribute to the 

measurement of facets and domains (Mõttus, Sinick, et al., 2019). Often this unique variance also 

drives the associations of personality traits with life outcomes (Elleman et al., 2020; Mõttus, Bates, 

et al., 2017; Seeboth & Mõttus, 2018). 

The narrower traits, facets and nuances, may supplement the study of specific research questions 

since they allow for greater specificity and hence detail than the broad Big Five domains. Of course, 

such findings will inevitably be less parsimonious, but it is becoming increasingly clear that 

psychologists have to face small effect sizes and high multi-determinacy of their phenomena 

(Friedrich Götz, et al., 2021), and thereby accept more complex models (Mõttus et al., 2016, 2020; 

Yarkoni & Westfall, 2017). For example, studies have reported a consistent negative correlation 

between obesity and Conscientiousness (Jokela et al., 2013), but associations with the other 

domains are inconsistent (Arumäe et al., 2020), because facets or nuances within the same domain 

often vary in both the level and sometimes even direction in their associations with body mass 
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index (BMI), which attenuates the domain-level personality trait–BMI associations (Vainik, 

Dagher, et al., 2019). In particular, the Warmth, Positive Emotions and Assertiveness facets of the 

Extraversion domain are positively linked with BMI, whereas the association with the Activity 

Level facet is negative (Vainik, Dagher, et al., 2019). Within the Impulsiveness facet of 

Neuroticism, items referring to over-eating and trouble with resisting cravings are positively 

correlated with BMI, while the item referring to an inability to remain calm is negatively linked 

with BMI (Mõttus, Sinick, et al., 2019). Similar patterns have also appeared for other outcomes 

such as age differences (Ashton & Lee, 2016; Hang, Soto, Speyer, et al., 2021; Mõttus & 

Rozgonjuk, 2019; Soto & John, 2012), or associations with health and other outcomes in adults 

(Mõttus et al., 2016). 

Are different aspects of health and lifestyle linked to similar personality (psychological) profiles? 

Facet- and especially nuance-level analyses allow for more detailed questions as to which specific 

traits drive the associations of personality variations with health, lifestyle and other life outcomes. 

In addition, they also allow investigation of broader patterns, through a systematic and quantitative 

examination of which outcomes are related to personality traits similarly. For example, we could 

quantify a large and diverse sample of nuance-level traits in terms of their links to various lifestyle 

aspects such as dietary behaviours, substance use, exercising and sleeping patterns and then 

correlate the association profiles with each other. A high correlation between two associated 

profiles would indicate that these lifestyle aspects are similar in terms of their personality 

correlates. Further, to the extent that the set of personality nuances broadly summarizes individuals’ 

psychological profiles generally, this can show that the general psychological aetiology (or 

background) of these lifestyle aspects is overlapping. We can call an association between the 

profiles of two (health or other) outcomes a personality correlation or psychological correlation 
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(Seeboth & Mõttus, 2018; Vainik et al., 2020). In other terms, the nuance-level personality 

correlations estimate the extent to which the personality “risk” for one health outcome is associated 

with other health outcomes. The presence of personality correlations would indicate that 

personality characteristics not only account for variance in health-related lifestyles and outcomes 

but also their co-variance. Note that there is an instructive parallel with widely studied genetic 

correlations among observable phenomena, which quantify the extents to which they have similar 

genetic correlates  (Neale & Maes, 1996). In these studies, a genetic correlation can reflect 

associations among phenomena arising from shared genetic aetiology, not necessarily due to direct 

causal associations between them. Likewise, a sufficiently high personality correlation could 

explain why healthy behaviours often go together – not because of direct causal relations between 

them, but because they pertain to psychologically similar people. That is, the same potentially 

diverse set of psychological traits may drive people to the same or different lifestyles and health 

outcomes. There is already evidence that vulnerability to drug use and to over-eating could be due 

to the same predisposing personality traits (Vainik et al., 2020).  

The present study 

The present study aims to gain new insights into health and well-being of adolescents and emerging 

adults through examining a network that links personality traits with health-promoting lifestyle 

choices, health-harming lifestyle choices and mental health problems. In particular, this study 

focused on sleeping behaviours, healthy dietary behaviours, exercise habits, troubled eating 

behaviours, internet use, substance use, and mental health issues. Using machine learning 

procedures that account for model complexity and overfitting, we first predicted each lifestyle 

aspect and mental health outcome from the Big Five domains, their 30 facets and numerous 

nuances (indexed by 240 items selected to measure the 30 facets), expecting nuances to confer the 
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greatest predictive power in most cases. Next, we created a personality profile for each of the 

outcomes by correlating individual nuances (items) with them and subsequently compared these 

resulting correlation profiles to obtain personality correlations between the outcomes. For this, we 

used exploratory graph analysis, a data-driven approach that allows detecting clusters of similar 

variables based on their (here, personality) correlations. Finally, we compared the correlations 

between the observed lifestyle and mental health outcomes with their personality correlations to 

estimate the extent to which personality correlations could, in principle, cause the observed 

correlations between the lifestyle and mental health outcomes. To the extent that personality 

correlations notably exceed observed correlations, personality traits may confound the observed 

correlations, by representing a shared psychological background for them. Where observed 

correlations exceed personality correlations, this is less plausible and the observed correlations 

may be more likely to reflect direct or mediated links (Revelle et al., 2020). 

Method 

Participants 

Participants were drawn from the Ained ja Arenevad Ajud dataset (AAA; Drugs and Developing 

Brains). The AAA studied drug use and mental health conditions in Estonian youths, as well as 

their personality traits. There were 4,005 participants in the initial sample (2,514 females, mean 

age = 21.42 years). A quality check was performed to check low-effort participants. First, data 

from participants with more than 40 missing personality responses were dropped. Then, we 

removed all participants who had 10 or more identical responses in a row. Finally, we correlated 

individuals’ profiles of the 240 personality items with the average item profile across all 

individuals and removed participants with reverse profiles (profile correlations equal or below 
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zero). These unusual item profiles represented either people with very unusual personalities or 

individuals who did not take participation seriously. As a result, 756 participants were removed 

because of low-effort responses (364 due to having more then 40 missing responses, 392 due to 

having more than 10 identical answers in a row and unusual personality profiles). After data 

cleaning, we selected participants aged between 16 and 25 years (N = 2,398, mean age = 18.25 

years).  

Measures 

Personality traits 

Participants completed a 240-item Estonian version of the International Personality Item Pool 

NEO [EE.PIP-NEO] (Mõttus et al., 2006). The EE.PIP-NEO is comparable to the NEO-PI-R in 

terms of relevant psychometric properties (Mõttus et al., 2006), but the EE.PIP-NEO is 

linguistically simpler. Participants were required to rate the items on a 5-point Likert scale ranging 

from 1 (wrong/ does not agree at all) to 5 (correct/completely agree).  

Health-promoting lifestyles  

Three health-promoting lifestyle variables were studied: healthy sleeping, dietary, and exercise 

habits. Sleeping behaviours were assessed by the 8-item Sleep Condition Indicator [SCI] (Espie et 

al., 2014). The SCI measures sleep problems, particularly insomnia disorder, according to the 

DSM-5 criteria. The SCI questionnaire was found to be highly reliable (Cronbach’s α = .86). 

Participants responded to questions regarding their quality of sleep (e.g. duration of sleep 

problem). Participants were required to rate the items on a 5-point Likert scale ranging from 0 to 

4. High scores reflected healthier sleeping habits and fewer issues with sleep.  

Healthy dietary and exercise habits were measured using a 12-item questionnaire which measures 

individuals’ lifestyles in terms of their exercise habits, dietary habits, and internet usage. The 
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exercise habits subscale consisted of two items measure the frequency of exercise on a weekly 

basis and the length of exercise every time (Cronbach’s α = .60). The items were scaled, thus 

higher scores indicate more exercise and healthier lifestyle while lower scores indicate more 

sedentary lifestyle. For the healthy diet variable, we conducted a 1-factor principal component 

analysis (PCA) on three items measuring weekly intakes of vegetables, fruits, and soft drinks. 

Participants were required to rate each of the three questions on a 7-point scale ranging from 1 (1 

day/week) to 7 (7days/week). The extracted principal component was characterized by positive 

loadings of vegetable and fruit intake and negative loadings of soft-drink intake (component 

loading: .85, .85, and -.40). A higher score reflects more health-promoting behaviours: more 

vegetable and fruit consumption and less soft-drink consumption. 

Health-harming lifestyles 

Internet usage, troubled eating behaviours, and substance usage were the three health-harming 

variables included in this study. Similarly to dietary choices and exercise habits, internet use was 

also assessed by the lifestyle questionnaire. We extracted the first component from a 1-factor PCA 

on three items measuring length of weekly internet use during weekdays, weekends and before 

sleep (component loading: .88, .86 and .75). Participants were required to rate each of the three 

questions on a 7-point scale ranging from 1 (< 1 hour) to 5 (> 5 hours). A higher sub-score indicates 

potentially more health-harming behaviours (e.g., addiction). While there may be positive effects 

of internet use (Castellacci & Tveito, 2018), here we consider greater internet use as maladaptive 

because of its addictive features (Greenfield, 2011) and its associations with health problems such 

as low vision and obesity (Bener et al., 2011).  

Troubled eating behaviours were assessed by the Rapid Assessment of Reward‐Related Eating 

[RED‐X5] (Vainik, Eun Han, et al., 2019). RED-X5 is a self-report questionnaire which assesses 
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eating behaviours in three related constructs: lack of control/over-eating, lack of satiety, and 

preoccupation with food. This scale includes items based on existing questionnaires (e.g. Binge 

Eating Scale) as well as newly developed items (Vainik, Eun Han, et al., 2019). Participants were 

required to rate five items on a five-point Likert scale ranging from 1 (does not agree at all) to 5 

(completely agree; Cronbach’s α = .84).  

Substance use was assessed by the WHO Alcohol, Smoking and Substance Involvement Screening 

Test [ASSIST] (Humeniuk et al., 2008). The ASSIST is a substance use instrument developed by 

the World Health Organization to identify lifetime and current substance use issues across many 

countries and cultures (McNeely et al., 2014; Onifade, 2014). The ASSIST measures ten different 

substances including tobacco, alcohol, cannabis, cocaine, amphetamine, inhalants, sedatives, 

hallucinogens, opioids, and others. We chose tobacco, alcohol and cannabis in our analysis because 

all other substances were rarely used and their use was unlikely to be reliably predictable (only 

11% of participants used any of the other drugs) Cronbach's alphas for the ASSIST questionnaire 

were .84, .78 and .84, for tobacco, alcohol and cannabis use respectively. 

Mental health outcomes  

Mental health conditions were measured by the DSM-5 Self-Rated Level 1 Cross-Cutting 

Symptom Measure [CCSM] (American Psychiatric Association, 2013, 2014). It assesses mental 

health difficulties in multiple domains. The adult version consists of 23 questions that assess 13 

psychiatric domains and the child version consists of 25 questions that assess 12 psychiatric 

domains (Cronbach’s α = .90) (American Psychiatric Association, 2013). Participants aged under 

18 years completed the child version and participants aged above 18 years completed the adult 

version. We chose eight psychiatric domains (depression, anxiety, anger, mania, repetitive 

thoughts, somatic symptoms, suicidal ideations, and psychosis) that were common to both the adult 
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and the child version. We discarded the sleep problems and substance abuse domains in both the 

adult and child assessments because we are already using the SCI questionnaire to measure sleep 

problems and the ASSIST questionnaire to measure substance use problems (the SCI and ASSIST 

contain more items and could provide a more comprehensive view of sleep problems and substance 

use problems compared to the CCSM). The inattention domain and irritability domain were only 

included in the child version, while memory, dissociation, and personality functioning domains 

were only included in the adult version, thus these domains were also excluded from the current 

analyses. A higher sub-score in each domain indicates more mental health problems.  

Data analysis 

Statistical analyses were carried out in R (R Development Core Team, 2019). The data and R code 

are publicly available at [the Online Supplemental Material: https://osf.io/jwmtn/]. 

The elastic net regression model 

To examine the predictive ability of each level of the personality hierarchy, we predicted lifestyle 

aspects and mental health outcomes separately from each of these levels: domains, facets, and 

nuances. Thus, lifestyle and mental health were treated as the outcome variables and the 

personality traits were treated as the predictor variables. We trained the (linear) elastic net 

regression models for each outcome and validated them for prediction in separate sample partitions 

(75% training - 25% validation split) to avoid over-fitting and more complex models having an a 

priori advantage (Seeboth & Mõttus, 2018; Yarkoni & Westfall, 2017). The models were trained 

using the glmnet package (Friedman et al., 2010), with 10-fold cross-validation choosing the 

regularisation parameter that minimised cross-validation error (“lambda min”). This approach of 

using penalized regression coefficients by shrinking them towards zero avoids inflated (over-fit) 

coefficients. We repeated the training-validation procedure for 100 random sample splits and 

https://onlinelibrary.wiley.com/doi/full/10.1002/per.2107#per2107-bib-0010
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computed the mean and standard deviation for each type of correlation. Mean absolute errors of 

the predictive accuracy are reported in the supplementary materials (see Table S1). This analysis 

allowed us to determine whether associations between personality traits and different lifestyle 

variables and mental health outcomes were primarily due to domains, facets or nuances.  

Plotting the associations 

In addition to predicting lifestyle and mental health variables from personality traits, we created 

univariate correlation-based personality profiles of these variables and compared the profile 

similarities in the form of partial correlations. As our analyses (see results) showed that nuance 

level best predict lifestyle and mental health outcomes, we created personality profiles based on 

the nuance level analysis by correlating all 240 items with each lifestyle aspect and mental health 

outcome, yielding a profile including 240 Spearman’s correlations for each. The correlations 

between individual items and each outcome were visualized using plots, such that the items are 

grouped by the facets and domains they are selected to measure: this helped us to see how items 

within facets vary in their correlations with outcomes, but also how facets of the same domains 

vary in how their items tend to be linked with the outcomes.4  

As the next step, we correlated the personality profiles with each other to measure profile 

similarities, that is, personality correlations. Since some of our data was not normally distributed, 

we used Spearman’s correlations for all tests. To assess and visualise the psychometric properties 

of these 16 personality profiles, we conducted an Exploratory Graph Analysis as implemented in 

the R package EGAnet [EGA] (H. Golino et al., 2019; H. F. Golino & Epskamp, 2017). Using 

graphical lasso estimation with extended Bayesian information criterion as regularization 

 
4 We further conducted a robustness check of the reliability of the personality profiles of lifestyle factors and 

mental health outcomes using cross prediction. Results were in line with the results of the elastic net model (see 

supplementary materials). 
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parameter, EGA first estimates a sparse undirected graph structure that is classified into several 

psychometric dimensions based on a weighted network community detection algorithm. Thus, it 

represents an intuitive visualization of complex dependency structures between multiple variables 

in the form of a graphical model, in which measured variables are represented by nodes with edges 

indicating relations between variable, and further allows variables to be grouped together based on 

their psychometric similarities (Christensen et al., 2020). We visualized the network structure 

using the Fruchterman-Reingold algorithm as implemented in the R package qgraph (Epskamp et 

al., 2012), which places more related nodes closer together in space. We only included edge 

weights greater than .10 in the visualisation in order to focus on interpretability of the strongest 

relations. Finally, using bootEGA, we employed bootstrapping routines (N = 1,000) to evaluate the 

stability of the detected communities and to assess the accuracy of edge weights using 95% 

confidence intervals (CIs). Since the EGA was conducted using LASSO regularisation, 

bootstrapped CI’s were not centred on the true parameter value making this a conservative test 

(Epskamp et al., 2018). 

Results 

Predictions  

Results of the prediction analysis indicated that nuance-level personality traits explained somewhat 

more variance than facets, and facets explained more variance than domains, although the 

differences in accuracies were small. Mean accuracy for prediction at each level of the personality 

hierarchy are summarized in Table D1 for all lifestyle aspects and mental health outcomes. Across 

the 16 outcomes, the observed outcomes correlated with their predicted values on average r = .41, 

.47, and .51, when based on domains, facets and nuances (items), respectively. The largest increase 
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in prediction was for troubled eating, with r = .41, r = .52, and r = .64 respectively for domains, 

facets and nuances. Facets explained on average 31% more variance in outcomes than domains 

(22.1% vs 16.8%), while nuances explained 18% more variance than facets (26.0% vs 22.1%). 

Nuances captured 55% more variance than domains. 

Nuance-level correlations with each investigated lifestyle aspect and mental health outcome are 

visualized in the form of plots (see Figures D1, and Figures S2 to S15 in the supplementary 

materials). These plots show that items from the same facets, representing partly distinct nuances, 

often differed in their correlations with different lifestyle variables and mental health outcomes. 

Sometimes the items of the same facets even varied in correlation direction. For example, some 

items from the A6: Sympathy facet showed positive, whereas the others showed negative 

correlations, with the sleeping variable (see Figure D1). Consequently, if just using domain or 

facet level analyses, personality traits’ associations with sleep phenomena might have been 

reduced, which is why nuance-level analyses captured more variance than domain and facet-level 

based analyses in many cases. Since nuance-level personality traits showed better predictions than 

the domain- and facet-level personality traits, subsequent analyses were focused only on nuance-

level personality traits. 

 

Table D-1. Correlations between Observed Lifestyle Aspects and Mental Health Outcomes and 

Their Predicted Values from Personality Traits 

  Paramete

r 

Domains Facets Nuances  

Health 

promoting 

lifestyle       

Sleeping Mean .53 .58 .60 

SD .02 .02 .02 

Exercise Mean .28 .31 .35 

SD .04 .03  .03 
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Healthy diet  Mean .32 .36 .38 

SD .03 .03 .03 

Health 

harming 

lifestyle  

Internet use  Mean .35 .39 .44 

SD .03 .03 .03 

Troubled 

eating  

Mean .41 .52 .64 

SD .03 .03 .02 

Tobacco  Mean .30 .38 .44 

SD .03 .03 .03 

Alcohol  Mean .42 .48 .56 

SD .03 .03 .02 

Cannabis  Mean .27 .31 .36 

SD .04 .03 .03 

Mental 

health 

outcomes 

Depression  Mean .63 .73 .75 

SD .02 .02 .01 

Anxiety  Mean .67 .70 .74 

SD  .02  .02 .02 

Anger  Mean .58 .63 .64 

SD .02 .02 .02 

Mania  Mean .27 .33 .37 

SD .04 .03 .03 

Repetitive 

thoughts 

Mean .45 .48 .52 

SD .03 .03 .03 

Somatic 

symptoms  

Mean .44 .47 .49 

SD .03 .03 .03 

Suicidal 

ideations 

Mean .46 .55 .58 

SD .03 .02 .02 

Psychosis  Mean .25 .31 .35 

SD .03 .03 .03 
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Note. The prediction was trained across 100 replications with the training sample of 75% of the 

total sample.  

 

 

 

Figure D-1. Plot of the 240 EE.PIP-NEO item correlations with two criteria: sleeping quality and 

depression. The correlations are grouped according to the Big Five domains (indicated by letter) 

and their facets (indicated by number). The dashed line indicates the threshold for statistical 

significance after correcting for multiple comparisons using Holm’s correction (Holm, 1979). 

Facet labels are provided in the supplementary materials.  

 

For example, items that referred to influencing and imposing their opinion on other people’s 

opinion from E3: Assertiveness facet, showed negative correlations with sleep, but items that 

referred to leading others and making decision for themselves showed positive correlations with 

sleep; the sleep quality might change with level of confidence. For E4: Activity level, items that 



128 

 

referred to having many plans, having things to do all the time, acting swiftly and handling several 

things at once, showed positive correlations with sleep while items that referred to liking to rush 

and not act calmly showed negative correlations with sleep. Thus, on average, it is possible that 

people who are calm and have a fulfilling life might have better sleep quality than people who are 

irritable.  

As for depression, items of the A4: Cooperation facet that referred to avoiding conflicts showed 

positive correlations with depression, but items that referred to being conciliatory and not being 

angry for long, showed negative correlations with depression. For A6: Sympathy, items that 

referred to sympathizing with the homeless and being concerned about other people showed 

positive correlations with depression, but items that referred to liking people with soft hearts, 

thinking about those who are in trouble, and empathizing with others showed negative correlations 

with depression.  

Some of these item-level predictions on lifestyle aspects and health outcomes might seem circular. 

For example, an item of the N3: Depression facet that referred to “I get depressed sometimes” 

represented the most predictive nuance for the sleeping personality profile. But it is obvious that 

the items similar to the outcome also drive the predictive power of higher order traits, and 

removing these items would diminish their predictive power  (Vainik et al., 2015). In that the 

sense, item-level analyses reveal trivialities rather than cause them. 

Exploratory Graph Analysis 

We used nuances to assess the similarities between lifestyle and mental health personality profiles 

– personality correlations – to explore how different lifestyle aspects and mental health outcomes 

overlapped in their corresponding psychological characteristics. Similarities between different 
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personality profiles were depicted by a heatmap of correlations, which tended to be quite high in 

general, but also formed more specific patterns (see Figure D2).   

 

 
 

Figure D-2. Spearman correlations between 16 nuance-level personality profiles. Each personality 

profile was created by correlating 240 EE.PIP-NEO and different lifestyle or mental health 

variables (e.g. the personality profile of healthy diet lifestyle is the correlation between personality 

nuances and healthy diet lifestyle). Darker colours indicate higher correlations between two 

personality profiles which further suggest more similarities between these two profiles. The blue 

circles and numbers indicate positive correlations and the red circles and numbers indicate negative 

correlations.  

According to Figure D2 some personality profiles were very highly correlated such as the 

depression personality profile with the sleeping personality profile (r = -.99), and the repetitive 
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thoughts personality profile with the sleeping personality profile (r = -.97). There were also some 

low correlations between personality profiles such as the mania personality profile with the 

exercise personality profile (r = -.09).  

 

 

Figure D-3. Spring-embedded network graph of personality profiles visualized in the form of 

partial correlations using the Fruchterman-Reingold algorithm. Circles indicate personality 

profiles. Green edges indicate positive relationships and red edges indicate negative relationships 

between personality profiles. Node colour indicates group membership.  

 

The EGA gave insights into conditional dependencies between the different personality profiles in 

the form of partial correlations, that is, personality correlations between lifestyle aspects and 



131 

 

mental health outcomes controlling for all other personality correlations. These associations can 

be more informative than the raw correlations shown in the heatmap, because they provide a 

sparser network of associations. Among other things, they adjust for the overall tendency for 

different outcomes to have similar personality correlates, discussed in the introduction. Personality 

profiles were classified into four groups based on the EGA (Figure D3).  

Group one: Psychological Distress  

Five mental health problems in group one tended to overlap in terms of their broader psychological 

backgrounds as indicated by strong personality correlations between them (conditional on all other 

correlations), such as between anxiety and somatic symptoms (w = .22, CI =.17 to .26) and anxiety 

and depression (w = .22, CI =.20 to .25). These results suggested that mental health problems 

shared many personality similarities and potentially a common underlying psychological aetiology 

that might explain their comorbidity (e.g., psychological characteristics that pertain to higher 

vulnerability to depression would also pertain to higher vulnerability to anxiety). In comparison, 

sleeping and exercise profiles showed negative correlations with mental health profiles (sleep and 

depression: w = -.23, CI = -.26 to -.20; exercise and anxiety: w = -.24, CI = -.29 to -.18), but they 

did not overlap much with each other, net of all other profiles. 

Group two: Health Awareness  

Healthy diet and internet use (w = -.52, CI = -.58 to -.46) were the only two profiles in the second 

group. These two profiles showed negative correlations with each other, net of all other profiles in 

the network, indicating that people who tend to adopt a healthy diet would have psychologically 

opposite traits compared to people who spend a long time using internet. The most predictive item 

of healthy diet referred to enjoying meaningful and thoughtful reading, while the most predictive 

item of internet use referred to avoiding spending time on pointless things. Although these two 



132 

 

items came from different facets and even domains, their contents do share some similarities in 

terms of enjoying/hating leisure time. 

Group three: Emotional Control  

Troubled eating was grouped with psychosis and anger (anger and troubled eating: w = .29, CI 

=.24 to .34; anger and psychosis: w = .20, CI =.15 to .25). However, there was no direct link 

between the troubled eating and the psychosis profile, controlling for all other profiles, therefore 

anger could play a mediating role between troubled eating and psychosis. The most predictive item 

of troubled eating referred to often eating too much which could be largely characterised by 

emotional eating (both positive and negative emotions) while the most predictive item of anger 

and psychosis referred to getting angry quickly and often being glad. These two items indicate a 

tendency of being emotional, which is consequently linked with troubled eating traits. 

Group four: Substance Use  

Substance use personality profiles were clustered together in this group. Our results suggested that 

all three substances (tobacco, alcohol and cannabis) showed positive personality correlations with 

each other, controlling for all other profiles in the network (tobacco-alcohol; w = .43, CI =.39 to 

.48; tobacco-cannabis: w = .38, CI =.33 to .44; alcohol-cannabis: w = .22, CI =.16 to .28). 

Moreover, all three substances shared personality correlations with mania (tobacco use: w = .14, 

CI = .09 to .20; alcohol use: w = .27, CI = .21 to .32 and cannabis use: w = .23, CI =.16 to .30). 

Note that alcohol use had a personality correlation with troubled eating from group three and mania 

with exercising from group one. 
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Figure D-4. Spearman correlations between 16 lifestyle and mental health variables. This heat map 

indicates the associations between lifestyle aspects and mental health outcomes. Darker colours 

indicate higher correlations between two variables. The blue circles and numbers indicate positive 

correlations and the red circles and numbers indicate negative correlations. 

Did personality correlations track the phenotypic correlations?  

The observed correlations between the (phenotypic) lifestyle aspects and mental health outcomes 

(absolute mean = .24; Figure D4) were generally weaker than the correlations between the 

personality profile correlations of these variables (absolute mean = .71; Figure D2). Within the 

256 calculated correlations, 162 personality profile correlations exceeded the phenotypic 

correlations. This finding suggests that lifestyle aspects and mental health outcomes could often 
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overlap because they are influenced by the same personality characteristics. In contrast, for the 

remaining 94 correlations, phenotypic correlations were higher than personality profile 

correlations, indicating that these outcomes may be characterised by more direct associations – or 

that they may be confounded by things other than sharing similar psychological correlates. Despite 

personality correlations generally exceeding the phenotypic, the relative strengths were similar: 

the correlations between the raw variables (lifestyle and mental health) and the personality 

correlations of these variables correlated at r = .83 (this is the correlation between the off-diagonal 

elements of the two correlation matrices), suggesting a similar trend for both personality profile 

correlation and phenotypical correlation.  

Discussion  

The present study investigated the personality profiles of health, health-related behaviour and well-

being of adolescents and emerging adults. For each of the outcomes, we tested the predictive power 

of three levels of the personality hierarchy (domain, facet, and nuance) and created personality 

profiles for them based on the most informative trait level, nuances. The network which was 

created based on these nuance-level personality profiles comprised four groups based on 

personality similarities: psychological distress, health awareness, emotional control, and substance 

use. 

Predictive power of each personality hierarchy level  

Nuances, captured in the variance of individual items contained the most information in describing 

lifestyle behaviours and health outcomes in terms of psychological traits, compared to facets and 

domains. Across all different lifestyle and mental health aspects, nuances allowed for 18% more 

accurate prediction than facets and 55% more accurate prediction than domains. These findings 

align with those of Mõttus and Rozgnonjuk (2019) who found that nuances allowed for 47% more 
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accurate prediction of age than facets, and 132% more accurate predictions than domains. Mõttus, 

Bates et al., (2017) also showed that items allowed for an average of 64% better prediction of a 

range of outcomes than facets. The incremental increase in predictive power of nuances in the 

present study being smaller compared to some previous studies could be due to these studies 

predicting objective outcomes (e.g., age and BMI). Here, we predicted scores on self-report scales 

and the shared method variance (social desirability, other rating biases) might have inflated 

domain-level associations in particular.  

The figure further visualised potential reasons for the lower predictive power of higher-order traits 

by showing that facets within the same domain and nuances within the facet sometimes show 

trends in opposite directions. For example, half of the nuance-level traits in the O5: Intellect facet 

were positively correlated with sleeping and the other half of the nuance-level traits in the same 

facet were negatively correlated with sleeping. If nuances within the facets showed both positive 

and negative directions, the predictive abilities of higher order traits (facets and domains) would 

invariably be diminished (Revelle et al., 2020).  

Personality profile associations 

The network of profile correlations can be seen as a psychological “atlas” of the outcomes being 

considered, giving insights into how the lifestyle aspects and mental health outcomes are related 

to each other in terms of their underlying psychological associations, as well as into some more 

specific patterns within these associations (Vainik et al., 2020). Generally, a healthy personality 

profile network can be characterized by adopting healthy dietary habits, exercising regularly, 

sleeping well, avoiding drugs, using less internet, and having less mental health problems. The 

identified health network is generally congruent with the pattern that personality profiles 

characterized by healthy lifestyles were negatively associated with personality profiles 
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characterized by negative lifestyles and mental health problems. This pattern is also in line with 

findings from previous research on identifying a healthy personality profile (Bleidorn, Hopwood, 

Ackerman, et al., 2020). The fact that most personality correlations were found to be stronger than 

phenotypic correlations further illustrates that personality similarities between lifestyle aspects and 

mental health outcomes might be the more likely to explain the associations among these 

outcomes. Thus, their phenotypic associations may often be “confounded” by a largely shared 

psychological background.  

In particular, personality profiles of lifestyle and mental health could be separated into four groups 

based on their stronger similarities in personality traits characterising these profiles. The 

psychological distress group included five mental health profiles (depression, anxiety, repetitive 

thoughts, somatic complaint, and suicidal ideation) as well as the sleeping and exercise profile. 

For these outcomes, their personality correlations tended to exceed their phenotypic correlations, 

suggesting that these mental health problems might be explained by shared underlying 

psychological traits. This further points to the possibility that there might be a common aetiology 

of the comorbidity of mental health problems. This would be in line with previous research that 

has found that most mental health problems share common risk factors (Caspi et al., 2014). 

However, the personality correlations between mental health outcomes with sleep or exercise did 

not exceed the phenotypic correlations between them, thus illustrating that personality traits alone 

cannot explain these relationships.  

The health awareness group only included two profiles which were the healthy diet and internet 

use. The most predictive items of these two profiles shared similarities in terms of the attitude 

towards leisure time. However, since the personality correlation between healthy diet and internet 
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use did not exceed their phenotypic correlations, the observed direct link might better explain the 

association (Coughlin et al., 2015; Pollard et al., 2015).  

The emotional control group included three profiles: troubled eating, psychosis and anger, with 

anger mediating the personality correlation between troubled eating and psychosis. The most 

predictive items of the troubled eating profile were over-eating and emotional eating, and the most 

predictive items of the anger and psychosis profiles may be characterised by getting emotional 

easily. Over-eating was significantly correlated with emotional eating and emotional eaters often 

overeat in response to both positive and negative emotions (Bongers et al., 2013; Sultson et al., 

2017; Vainik, García‐García, et al., 2019). Therefore, all three profiles seem to overlap in terms of 

their vulnerability towards emotions. 

The substance use group included the three substance use profiles and the mania profile. Our 

results showed that the observed substance-mania associations could be due to shared personality 

correlations and thereby a common psychological background. Using tobacco, alcohol and 

cannabis share similar personality traits with being manic. Interestingly, compared with other 

mental health profiles, mania showed stronger correlations with substance use profiles. Substance 

disorders (SUD) commonly co-occur with Bipolar disorder (BD), which is marked by alternating 

intervals of manic and depressive episodes, with a prevalence rate of 20%-70% (Gold et al., 2018). 

The high comorbidities between SUD and BD might be due to the shared mechanisms of 

impulsivity, poor modulation of motivation and responses to rewarding stimuli, and susceptibility 

to behavioural sensitization (Swann, 2010). Since most of these studies focused on BD and rarely 

focused on mania in particular, understanding the mania-substance abuse association through 

personality traits could prove useful in advancing targeted interventions. 
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A further notable finding of the present study relates to the network structure of mental health 

disorders which were found to be highly connected. Using a novel approach of investigating 

personality correlations between a wide range of mental health disorders, we were able to point to 

one general underlying factor, that is a combination of specific personality traits, which might 

reflect an individual’s propensity for developing any form of psychopathology (Caspi et al., 2014; 

Murray et al., 2016). This is also supported by the finding that many mental health problems share 

symptoms and often respond to the same interventions (Barlow et al., 2010).  

Our health network was created for the specific transitioning periods of late adolescence and 

emerging adulthood. During these transitioning periods, people face unique challenges such as 

exploring new role identities, forming long-term health related habits, and experiencing physical 

and psychological maturation. Given these developmentally specific challenges, personality traits 

become an even stronger explanation of health relations, since personality shares a similar 

maturation process as lifestyle aspects and mental health problems (Bleidorn, Hopwood, 

Ackerman, et al., 2020).  

Limitations  

The present study has three key caveats, with the first one being the nuance-lifestyle/health 

associations. Although items can be seen as indicators of nuances and display trait-like properties 

including cross-method agreement, rank-order stability, and heritability (Mõttus, Bates, et al., 

2017; Mõttus et al., 2014), no measures to capture personality nuances have been designed yet. 

Therefore, the present findings only show the potential of the current approach using tools not 

designed for it: ultimately, more nuanced explorations of how personality traits are linked with 

lifestyle and health, and possibly explain associations among these outcomes, will require 
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measurement models specifically designed to capture nuances. Such tools are not unrealistic 

(Condon et al., 2020).  

The second caveat is that our health network only focused on the personality correlations of 

lifestyle and mental health. This health network could benefit from incorporating more risk factors 

that particularly impact adolescents and emerging adults (e.g. risk-taking behaviours, vicissitudes 

of social life) to obtain an even more complete view of health and wellbeing during these two 

developmental stages. However, since the present study established a health network with a novel 

approach of creating personality profiles of nuance-based lifestyle aspects and mental health 

outcomes, researchers could easily insert more health-related variables into the network, simply 

by creating a new personality profile of the variable.  

The third caveat is that the present study analysed cross-sectional data and only focused on late 

adolescence and emerging adulthood. Thus we cannot make any inferences about health networks 

at different developmental stages. Future studies could examine health networks during different 

developmental periods and investigate whether changes in the health network would follow 

maturation theories, be most prominent during adolescence, and more stable during adulthood.  

Conclusion 

This study provides new psychological insights into health-related lifestyles and mental health 

issues in late adolescence and emerging adulthood. By using nuance level personality traits, we 

maximised the predictive power and specificity for health outcomes, and explored multiple health 

outcomes in terms of overlapping personality profiles. The health network was made up of four 

groups: psychological distress, health awareness, emotional control and substance use. These were 

based on the stronger personality similarities characterising lifestyle and mental health profiles. 

Such a fine-grained personality analysis can identify people at heightened risk for certain health 
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outcomes, and adopting the use of nuance assessment tools could be informative within clinical 

settings. Finally, we have confirmed that co-morbid mental health problems can be partly 

explained by a general personality-based psychopathology factor, that makes individuals’ more 

vulnerable to developing any form of psychopathology. 
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Chapter 6: Discussion 
Synopsis: 

This chapter summarizes the findings from the previous empirical Chapters 2 to 5 and provides a 

general discussion. Overall, findings from chapter 2 underlined the importance of nuance-level 

analysis in the personality field. Personality research has tended to focus on the domain and facet 

levels because they are easier to interpret due to their categorical structure. However, nuances 

provide more unique information than domains and facets. Using nuance-level analyses, this thesis 

examined some new hypotheses, focusing on one of the key questions in the personality field: 

personality differences over time. Chapters 3 and 4 examined whether social expectations and self-

regulation are possible mechanisms to explain personality differences from childhood to adulthood 

and empirically tested social investment theory. Chapter 5 further expanded on the theoretical 

findings of the previous chapters and applied nuance-level analyses to real life issues, showing 

that personality correlations can explain many associations between health-related aspects and 

health outcomes. Finally, this chapter summarizes the implications as well as the strengths and 

limitations of the empirical work presented in this thesis.  
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This thesis aimed to gain a clearer understanding of nuance-level personality traits and the benefits 

that it can bring to personality research. Further, it aimed to investigate potential mechanisms to 

explain personality differences across the life span using nuance-level traits, and tested the 

practical and clinical value of nuance-level traits as a new avenue for studying personality by 

examining the relation between nuance-level traits and mental health and wellbeing.  

Chapter 2 began by examining the value of nuance-level personality traits in four different aspects. 

In particular, five datasets with samples representing different developmental periods, cultural 

backgrounds, rating perspectives, and personality instruments were used to compare the amounts 

of age-related information captured by each level of the personality hierarchy (domains, facets, 

and nuances). Elastic net models and random sample partitions were used to prevent overfitting 

and capitalization on chance. It was found that nuances could capture more age-sensitive 

information than domains and facets. Specifically, nuances contained more developmental 

information than facets, and facets contained more developmental information than domains. 

Furthermore, nuances captured unique information that was not shared with the collective higher 

level traits. Thus, it was shown that aggregating individual items into domains and facets would 

inevitably lead to a loss of useful information that is only contained in nuance-level traits. Third, 

personality inventories with a greater number of personality nuances provided more age-sensitive 

information than shorter personality inventories, suggesting that shorter personality inventories 

might be generalized and miss important information. Lastly, the amount of age-sensitive 

information captured by personality traits was highest during childhood and then gradually 

decreased into adulthood. These findings highlight that there is a clear need for personality 

research to move beyond the high-dimensional approaches to lower-level traits and especially 

nuances. While it is not surprising that many predictors would do a better job at predicting another 
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outcome than a few, it is important to clarify that including more items and predictors does not 

simply benefit prediction in a statistical sense, but indeed offers researchers more diverse methods 

of studying personality, for instance allowing for network analyses (Mõttus & Allerhand, 2018). 

Thus, the purpose of using a large number of item-level traits is not simply improving prediction 

but also understanding personality from a new perspective.  

Based on the findings from chapter 2, chapters 3 and 4 tested an innovative method of using 

nuance-level analysis to benefit current personality research. Given that a key interest for 

personality science is understanding the mechanisms of personality differences across the life span, 

chapters 3 and 4 uncovered potential mechanisms to explain personality differences during 

childhood and young adulthood within a nuance-level analysis framework. Both chapters adopted 

a unique research design, which was to examine the systematic variability among many traits in 

various focal properties. This allows personality researchers to study variance between traits, not 

between people, through a large number of personality traits. This research design has several 

advantages compared to traditional methods. First, this method requires fewer participants and 

consequently may benefit studies with a limited budget for recruiting participants. Second, 

different aspects of personality traits (here the socially expected level and self-regulatory level of 

traits as well as the mean levels and variance of traits) can be measured in different participants, 

thus, reducing participant burden as individual participants only need to complete a subset of 

measures required for the completion of a study.   

Specifically, chapter 3 quantified a large amount of diverse personality traits in terms of their 

mean-level and variance changes at different ages, socially expected levels, and the extent of self-

regulatory ability required to meet these expected levels. Findings suggested that only strong social 

expectations showed slightly increased trait mean levels, which is in line with the literature that 



144 

 

suggests that social pressure leads to personality change (Hurlock, 1994; Specht, 2017). Traits 

with the strongest social expectations showed the most pronounced curvilinear increases in the 

magnitudes of individual differences prior to mid-adolescence. However, traits’ self-regulation 

abilities were not associated with either mean trait levels or variance. These findings indicated that 

social pressure has a significant impact on children’s personality differences and make them 

behave in a more socially desirable manner from late-adolescence. Self-regulation abilities 

required to meet these expectations, on the other hand, are likely not contributing to personality 

differences in that age group. These findings partially confirmed our hypotheses of chapter 3 that 

trait mean levels would track social expectations for these traits. Findings from chapter 3 further 

suggested that traits under the strongest social expectations make children become less alike as 

they grow up until mid-adolescence as indicated by larger trait variances.  

Building on the research from chapter 3, chapter 4 examined the role of social expectation as a 

mechanism to explain personality differences during young adulthood. Self-regulatory ability 

required to meet social expectations were not included in this chapter as it was found from the 

research conducted in chapter 3 that it is unlikely to explain personality change. Social investment 

theory suggests that personality maturation is driven by changing social expectations which go 

hand in hand with different social roles (Bleidorn et al., 2013; Roberts, Wood, et al., 2005). 

There is also evidence suggesting that individual differences increase in environments with low 

social pressures and decrease in environments with high social pressures (Hurlock, 1994; Santee 

& Maslach, 1982; Shek & Chan, 1999; Specht, 2017). Chapter 4  provided empirical evidence to 

support SIT. Like chapter 3, chapter 4 also quantified a large amount of diverse personality traits 

in terms of their mean-level and variance changes during young adulthood as well as their socially 

expected levels. Findings from chapter 4 only partially supported SIT since, while social 
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expectations were associated with changes in traits mean levels, the interaction between social 

expectations and age on traits mean levels was not significant. This, however, still suggested that 

social expectations could be a potential mechanism to explain personality changes in young 

adulthood: personality traits under stronger social expectations had higher mean levels than traits 

under lower expectations and traits with stronger social expectations had smaller variances. Hence, 

individuals behave in a more socially desirable way under stronger expectations and, at the same 

time, become more similar to each other. Findings from both chapter 3 and 4 clearly indicated that 

nuance-level research is a powerful tool to study personality differences in terms of obtaining the 

average trend of changes in traits in detail. It is impossible to study the systematic variability of 

traits based on the domain or facet level traits, simply because there are not enough of them. 

Therefore, it is essential that personality researchers work on developing nuance-level research in 

order to better understand personality related topics.   

In addition to evaluating the theoretical value of nuance-level traits, chapter 5 intended to 

demonstrate the practical value of nuance-level research by creating a network between the 

personality profiles of health-related lifestyles and outcomes. Understanding the 

associations between personality and other outcomes is a key topic in the field as it may pave the 

way for clinical interventions. To this end, the study in chapter 5 created personality profiles of 

health-related lifestyles and outcomes by correlating individual nuances (items) with all outcomes. 

These personality profiles were compared by obtaining personality correlations between the 

profiles. Results showed that more than half of the correlations between the observed lifestyle and 

mental health outcomes were weaker than their personality correlations. This 

result indicated that for more than half of the outcomes, their associations were more likely due 

to a shared psychological background between them, rather than a direct causal relationship. 
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Findings from chapter 5 therefore suggested that the co-occurrence of many mental health 

problems might be due to a shared personality-based psychopathology factor that make people 

more vulnerable to develop any form of psychopathology. Chapter 5 illustrated the potential utility 

of using nuance-level analyses in more applied areas, here psychopathology research. This line of 

research is in its beginning stages with much further in-depth research required before interpreting 

results for clinical application. In the future, such findings may potentially allow researchers to 

gain practical insights into health and wellbeing and underscore the value of advancing nuance-

level research. Overall, the findings of this thesis have illustrated that nuance-level traits 

are important to study personality, and that researchers should look to move beyond high-

dimensional approaches and consider nuance-level analyses.    

Implications   

There are several important implications that are worth noting. First of all, nuance-level analyses 

allow researchers to describe various life outcomes in terms of personality traits in 

detail. Personality items within the same facets and domains sometimes show different or even 

opposite directions in terms of their associations with other life outcomes (e.g. age, lifestyle, 

mental health problems). Aggregating these items into broader traits would lead to a significant 

loss of important information and may consequently attenuate the effects of higher-level traits. 

Moreover, simply ignoring the conflicting associations of life outcomes and nuance-level 

traits within the same facets can be seen as an over-generalization of the results. It is essential to 

include these details to obtain a more accurate and complete picture of personality 

research.  Furthermore, there could also be practical advantages of using nuances, especially for 

building prediction models for relevant outcomes. For example, knowing whether certain 
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personality traits are associated with an increased risk of developing specific health issues will 

help with early prevention and may help reduce disease burden. 

Additionally, chapters 3 and 4 also provided an example of how to test new hypotheses using 

nuance-level analyses. Researchers could study systematic variations between traits in terms 

of how nuances change with time and how they intersect with developmental factors / mechanisms 

that characterize the nuances to different degrees. This method requires using a large and diverse 

pool of traits as the effective sample is the number of traits rather than the number of participants. 

In this case, a few (e.g., five) broad traits would not be enough to test these hypotheses.   

Finally, while the substantial amount of nuances can be overwhelming, they have been shown to 

have a higher predictive power, demonstrated in chapters 2 and 5. However, this can only be 

offered by a large number of nuance-level traits and, as chapter 5 showed, may (down the line) 

also provide insights with potential for clinical implications. Analogues to polygenic risk scores 

(PRS), which is the estimation of genetic liability to traits based on genome-wide association 

studies (GWAS), each individual nuance could serve as a potential disorder marker (Mõttus et al., 

2020; Revelle et al., 2020) and personality researchers could create poly-trait risk scores based 

on ‘nuance-wide association studies’ by aggregating the very small effects of multiple personality 

traits into a risk score that may help identify individuals at higher risk of specific health 

problems.  A similar idea has also been used in other studies such as using a questionnaire-wide 

association study design and a longitudinal experience-wide association study design (Bleidorn, 

Hopwood, Back, et al., 2020a; Weiss et al., 2013). 
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Explanations of personality differences   

From chapters 3 and 4, social expectations only partially explained personality differences across 

the life span. So what are other explanations of personality differences? Over the past years, many 

studies have examined the sources of personality change using various sophisticated methods. 

However, there is not a convincing explanation yet, since findings are inconsistent (Wagner et al., 

2020).  

One of the central debates behind the causes of personality change is the degree to which 

individuals are shaped by nature or nurture (Bleidorn et al., 2014). The Five Factor Theory 

considers personality traits as “endogenous dispositions that follow intrinsic paths of development 

essentially independent of environmental influences” (McCrae et al., 2000, p. 173). In this case, 

traits are strongly influenced by genetic disposition. Life events, shared experiences or culture are 

not hypothesised to have an influence on traits but personality traits are thought to influence 

culture (Bleidorn, Hopwood, Back, et al., 2020b; Roberts, Wood, et al., 2005).  

However, proponents of the nurture aspect of the debate believe that environmental influences do 

indeed lead to personality changes (Roberts, Wood, et al., 2005; Roberts & Wood, 2006). A 

substantial amount of research on how specific environmental factors change personality has been 

conducted in the past decades (Bleidorn, Hopwood, Back, et al., 2020b; Briley et al., 2018; 

Hopwood et al., 2011; Kandler et al., 2010). For example, the first romantic experience is 

associated with increases in emotional stability, self-esteem, and conscientiousness (Lehnart et al., 

2010; Luciano & Orth, 2017; Neyer & Asendorpf, 2001; Wagner et al., 2015), and having children 

is also associated with increases in emotional stability (Jokela et al., 2009). Many of these  changes 

emerge when people engage in a new social role, which supports the social investment theory.  
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There is also well-established evidence on the interdependence of gene and environmental 

influences. Indeed, behavioural-genetic studies have provided evidence that both genetic and 

environmental influences play an important role in shaping personality change (Bleidorn et al., 

2014; Bleidorn, Hopwood, Ackerman, et al., 2020; Briley et al., 2018; Hopwood et al., 2011; 

Kandler et al., 2010). For example, environmentally triggered personality changes could be 

partially impacted by people’s genetic predispositions (Shah et al., 2014). The extent to which 

people are predisposed to prefer certain environments and further change their personality 

characteristics could also depend on individuals genetic sensitivity to those influences (Borghuis 

et al., 2020; Byrd & Manuck, 2014). In this case, self-concept and self-regulatory process could 

contribute to the interaction of genetic and environmental influences. For example, social 

expectations may drive people to achieve certain goals but people’s ability to regulate their 

behaviour to meet these expectations might vary (Denissen et al., 2013).   

It is difficult to explain personality change solely based on either genetic or environmental 

influences. Social expectations are a part of the environmental influences and there are more 

environmental influences that might contribute to personality changes, such as life 

satisfaction (Specht et al., 2013). Therefore, it is essential to have a more comprehensive model 

which includes both genetic and environmental influences to fully explain personality change and 

differences. Nuance-level analysis is a promising method to help achieve such goals. In particular, 

twin studies may be well suited to disentangle genetic and environmental influences using nuance-

level analyses. 

Limitations and future directions   

The contents of this thesis have important implications for understanding nuance-level traits. 

However, there are also some key caveats that need to be taken into account when interpreting the 
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findings of the empirical chapters. The first caveat is that, as of yet, there is no theoretical model 

for selecting nuances. This thesis only operationalized personality nuances as individual 

questionnaire items. Although individual items are equivalent to nuances in many cases 

and further display trait-like properties including cross-method agreement, rank-order stability, 

and heritability (Mõttus et al., 2014; Mõttus, Kandler, et al., 2017), these items were chosen to 

measure the broad trait domains and facets, rather than to capture unique nuance-level 

information. Chapter 2, 3 and 5 utilized personality items from different questionnaires as an 

indicator of nuances but these items may only capture part of the advantages of nuances. Thus, the 

full potential of nuances based on adequate measures is not yet known.  

For example, in chapter 2, we predicted age from personality domains, facets and nuances. There is 

a vast amount of psychometric personality research ensuring good reliability and validity 

of domain- and facet-level traits but not nuance-level traits. Nevertheless, chapter 2 

used the CCQ to measure personality traits which has been designed to cover a broader space of 

personality traits than the Big Five. Since the findings of the other four measurements mostly 

corresponded with the findings of the CCQ, these findings should be fairly reliable.  In chapters 3, 

our analysis was based on items. However, this chapter focused on the average of multiple raters 

rating the same items, thus rendering concerns regarding the validity of these results unlikely. 

Comparably, chapter 5 created the nuances and health associations using personality items chosen 

from EE.PIP-NEO Personality Inventory. If items, which only capture part of the unique nuance 

information, not designed for measuring nuances still allow for such interesting findings, it seems 

all the more essential to develop a theoretical model that particularly focuses on nuances. In order 

to achieve such a goal, personality researchers could develop a personality measure for nuances 

that relied on multiple items measuring the same nuance or a single item which captures the full 
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variance of the represented nuance, thus, ensuring better  reliability and making it more likely to 

detect the true effect. This will help to achieve the full potential of nuances and further advance 

lower-level personality traits research.  Indeed, such measures are already in the process of being 

developed. Chapter 4 did use an item pool that was specifically designed for measuring nuances, 

however, this item pool is still fairly unstructured, thus, further methodological work is needed. 

Future research could establish the measurements for nuances in a similar way as researchers 

developed domain and facet-level personality measures (Mõttus & Rozgonjuk, 2019). Condon and 

colleagues (2020) have introduced a detailed bottom-up method of developing such models. Once 

there are systematic measurements for nuances, researchers could even analyze the association 

between individual nuances with other outcomes. For example, in chapters 2 and 5, we created 

some plots to visualize how items from the same facets display opposite directions with age (or 

other outcomes). Results from chapter 5, as well as some other literatures, indicated that younger 

people are more ambitious in their work but that older people are more hard-working (Mõttus et 

al., 2015; Mõttus & Rozgonjuk, 2019). This result again highlights the importance of studying 

individual items as these show differential associations with different outcomes, thus, future study 

could benefit from investigating the association of individual nuances and life outcomes.   

Moreover, the current hierarchy of domains, facets and nuances could even be an over-

simplification of the structure of personality (Condon et al., 2020). For example, using a bottom-

up approach, researchers could easily create sub-facets level by assessing fewer items than the 

facets level. Personality traits can be conceptualized at multiple levels of abstraction other than 

domains, facets, and nuances. However, there is currently a lack of understanding of these lower 

levels of the personality hierarchy, as well as any potentially unidentified 

levels. These unidentified levels might offer researchers a better understanding of personality and, 
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in the future, researchers could also establish new personality inventories with different levels of 

abstraction from very broad to very narrow that may help shed light on the associations of 

personality with life outcomes.   

The second caveat is that all data used in this thesis is cross-sectional rather than longitudinal. 

Chapters 2 to 4 aimed to study age differences in personality change and only longitudinal data 

allows researchers to observe such changes with certainty. Therefore, this thesis can 

only infer personality differences during each developmental stage. Future research is needed to 

re-examine all these findings in longitudinal data to obtain more accurate conclusions.  

The third caveat is that this thesis only investigated certain developmental stages. Chapters 3 and 

4 focused on understanding why personality differences happened from childhood 

to early adulthood. Although adolescence and emerging adulthood are crucial developmental 

period for studying personality differences (Bleidorn, 2015; Hill & Edmonds, 2017), it is 

still important to understand personality throughout the life span, and therefore to 

also incorporate the middle-aged and elderly into analyses. Chapter 5 also only focused on late 

adolescence and emerging adulthood population, thus, it is unable to make inferences about health 

networks in any other age range. Future study could test if these findings extend to mid-age and 

old age.   

The fourth caveat is that some of the studies had insufficient information to make more 

generalizable conclusions. In particular, chapter 3 compared youths’ self-regulatory levels of 

personality traits with trait mean levels and variances. However, traits’ self-regulatory levels 

were only based on others-ratings, specifically from college students, and youths’ parents and 

teachers. There was no self-rating for self-regulatory level of personality traits which is one of the 

vital limitations of this chapter. Chapter 4 aimed to understand the change in role-related social 
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expectations during young adulthood. These role-related social expectations come from ones’ 

close contacts. Chapter 4 included social expectations from intimate partners, friends and 

bosses/supervisors but is missing parents. The role of parents might not be as influential for adults 

than for children, but it is still one of the most influential social contacts which should 

have been included in this study. Chapter 5 created a health network to study the personality 

correlations of 16 health-related lifestyle and health outcomes. This health network did include 

many useful risk factors such as mental health issues and lifestyle habits but also left out other risk 

factors that were not measured in the studied sample such as peer problems. The more risk factors 

included in the network, the more complete the network of health and wellbeing. Therefore, future 

study should include more health-related variables into the network to 

advance our understanding of health and wellbeing in the context of individuals’ personality.  

The fifth caveat is explaining personality differences from one discrete variable without 

considering the complexity of life. Chapters 3 and 4 investigated whether social expectations are 

the mechanism to explain personality change. Like the majority of personality studies, this chapter 

only focused on the influence of one discrete variable (social expectations) on personality change. 

However, most life experiences are not isolated and instead link with each other (Bleidorn, 

Hopwood, Back, et al., 2020b). For example, marriage is a major life outcome that has been shown 

to have great impact on personality change. However, marriage is closely link to many other life 

events such as being parents, entering the workforce, gaining financial independence all 

contributing to change one’s social role. It is difficult to disentangle any single variable from the 

network of life outcome as the sole driver of personality differences because most of them are 

interconnected with each other. Since this thesis only aims to set up an example of some possible 

ways of using nuance-level analyses, future studies should test mechanisms of personality 
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differences through a linkage of multiple variables such as Longitudinal Experience-Wide 

Association Studies designs (Bleidorn, Hopwood, Back, et al., 2020b).   

The sixth caveat is that some of the chapters used a self-report mono-method which means that 

they might suffer from a lack of convergent validity and generalizability. For example, data 

collected in chapter 5 largely relies on self-report measurements to assess both personality traits 

and health. While self-report measures are the most common way of studying personality 

development and personality differences mainly because they are cost-efficient, and sensitive to 

individual differences in self-concept (Paulhus & Vazire, 2007), an over-reliance on self-report 

measures could result in several problems. The first general problem is rater-specific response 

biases. Research participants want to make themselves look good, and thus tend to respond in a 

socially desirable way (Donaldson & Grant-Vallone, 2002). Second, people tend to compare 

themselves to a reference group when considering personality items, thus, researchers might not 

draw a fair estimation over the degree of changes in personality traits (Credé et al., 2010; A. M. 

Wood et al., 2012), resulting in self-report measures often lacking convergent validity and 

generalizability. Third, self-report measures have been designed to capture individual differences 

in personality, but they might not be the ideal method to test within-person changes or personality 

process (Horstmann & Ziegler, 2020). Fourth, self-report mono-method measures solely rely on 

people’s subjective feelings and can be easily influenced by other factors which might thus reduce 

the validity of results (Bleidorn, Hopwood, et al., 2021). Self-report and observer ratings are the 

two commonly used method to assess personality traits, but a large body of literature showed that 

the self/other agreement are far from unity, with typical correlations of .4 to .6  (McCrae et al., 

2004; McCrae, 2018). For example, neuroticism scores tend to be higher in self-reports than in 

observer ratings (Allik et al., 2010). From another perspective, if viewing traits as intrinsically 
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compound, indicators can only reveal part of the traits (McCrae, 2015). Consequently, self-reports 

might be able to allow access to a private, intrapsychic part of neuroticism, whereas observer 

ratings would assess another likely more externalizing part of neuroticism. Thus, neither a measure 

of neuroticism that is solely based on self-reports nor one that is solely based on observer ratings 

can provide a complete measure of it.  

Although the weaknesses of self-reports have been widely reported, many studies still choose to 

rely on self-reported measures thereby increasing the likelihood for mono-method bias. Mono-

method bias, also known as common method bias, has long been regarded as a danger to construct 

validity (de Guinea et al., 2013). Mono-method bias refers to estimates of true relationships 

between constructs being skewed as a result of incorporating systematic variance into measures 

through a measurement approach (Brannick et al., 2010; Burton-Jones, 2009; Straub & Gefen, 

2004). Thus, mono-method bias can lead to both Type I and Type II errors by either inflating or 

deflating the observed relationships between constructs (Podsakoff et al., 2003; Spector, 2006). 

Specifically in personality research, personality assessments tends to assess a single, substantive 

construct such as a Big Five trait and focuses on its reliability (the score of a respondent over 

different items, test forms and so on) but not on its validity (McCrae, 2018). Therefore, it is crucial 

to enhance the validity and generalizability of existing self-report mono method findings by 

methods such as a multi-trait multi-method (MTMM) approach (Bleidorn, Hopwood, et al., 2021). 

The MTMM matrix is an approach introduced by Campbell and Fiske in 1959 in order to assess 

construct validity. Although, the MTMM approach has been introduced more than fifty years ago, 

it has not been widely used (Ortiz de Guinea et al., 2013). In personality research, an MTMM 

approach could be used to evaluate the convergent and discriminant properties of different 

personality measurements using a confirmatory factor analysis (CFA) approach (Marsh & 
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Grayson, 1995; Millsap, 1995; Widaman, 1985). CFA-MTMM studies could examine the degree 

of trait variance contained in personality ratings from different sources (self, peer, or others, etc.) 

and thus help provide support for the construct validity of trait models.  

There are a number of other reasons to use multi-trait and multi-method approaches. For example, 

adding more raters to estimate the true score variance increases the proportion of valid variance 

substantially. Although informant ratings are not perfect, averaging multiple raters would reduce 

most method biases and much random measurement error. Again suggesting that the collection of 

data from multiple informants is important (McCrae et al., 2013). Similarly, some personality 

measurements choose to only use  a few item scales which could be a problem. This is because 

that these scales tend to include more variance which due to item specifics rather than the traits 

they want to measure (McCrae, 2015), whereas averaging a large number of items could be helpful 

in such situations. Therefore, future research should use multi-trait multi-method approaches in 

personality study to improve both reliability and validity. Moreover, multi-trait multi-method 

research can somewhat better capture the complexity and dynamism of personality in terms of its 

rich details. The explanatory scope of the underlying trait perspective is limited to describing static 

individual differences. However, personality is a dynamic system of complex interactions between 

humans and the environment, that is personality is influenced by how people choose, modify and 

react to their environment (Mõttus & Allerhand, 2018). The current trait models can only provide 

efficient static trait descriptions, but lack explanations for how individuals interact with each other 

and their environments from moment to moment, thus failing to take the comprehensiveness and 

dynamism of personality in real life into full considerations (Baumert et al., 2017).  

The seventh caveat is that it is important to also acknowledge that treating residuals purely as 

unique information (not captured by domains, or facets) when predicting other outcomes, such as 
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age in Chapter 2, is not necessarily capturing the whole complexity of measuring personality. In 

principle, residuals are defined as the measured difference between the observed values and their 

corresponding estimated quantity, thus representing the observable estimate of the unobservable 

statistical error. Hence, in the context of regressions, if the regression equation could perfectly 

predict the outcome (i.e. if all factors contributing to the outcome where perfectly measured), 

residuals would have a value of zero (McCrae, 2015). However, it is not usually to capture all 

factors that may contribute to a specific outcome. In the context of age, arguably it cannot be 

expected for personality traits to perfectly predict an individual’s age, thus, residuals are not likely 

to be zero. In this context, it is also important to consider measurement error which is also captured 

by residuals. Measurement error stems from the fact that any measure is likely limited in their 

measurement of a latent variable (i.e., construct), for instance because the measurement does not 

ask the right question to really capture the construct of neuroticism, or because participants 

randomly choose an answer on a questionnaire as they are distracted by something else. Thus, 

when making conclusions about the additional unique information captured in residuals, it is 

important to consider whether this is indeed unique information specific to personality traits, or 

whether this information may also capture other statistical artifacts such as measurement error. 

With regards to predicting age, it could for instance be the case that peoples’ behaviour when 

filling in questionnaires changes based on age, thus, the measurement error could to some extent 

be age specific and consequently also be predictive of age. 

Further to measurement error, the more complex the analysis, the higher the risk of other regression 

artifacts. Regression artifacts refers to pseudo casual inferences that draw from causes other than 

the real cause (Campbell, 1996). Common regression artefacts among others include under-

adjustment bias (Rohrer, 2018), suppression effects (Tzelgov & Henik, 1991) or collider bias 
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(Campbell & Kenny, 2002; Shrier & Platt, 2008; Williams et al., 2018). Results of our residual 

analyses may for instance be biased by under-adjustment since, given that the latent variable of 

neuroticism is not perfectly measured, it is possible that adjusting for the neuroticism domain and 

facets did not really adequately eliminate all variance related to neuroticism from the residuals. 

Hence, it is likely that the residuals used in this thesis as predictor of age represent a mix of multiple 

factors including variance not adequately captured by adjusting for domains and facets and 

measurement error but also unique information of nuances. Importantly however, residualizing 

items for domains and facets does remove the common variance that is shared across items. 

Notably, this common variance is the main focus of classical test theory and latent trait models; 

thus, according to those approaches the residualizing procedure used in this thesis should remove 

all of the interesting variance from the items. However, results show that the residualized items 

still retained considerable information, thus highlighting the value of considering the predictive 

abilities of residuals in more detail. For the future, it will be important to more accurately tease 

apart the information captured by nuances. In order to achieve this, a combination of approaches 

is necessary. For one, multi-item measures of nuances can help to limit the amount of measurement 

error represented by residual as the unique variance underlying a nuance can be more accurately 

captured using latent measurement models within a structural equation modelling framework. For 

another, simulation studies can help to more closely study the structure of residuals as they allow 

for the flexibility in simulating residuals under a variety of scenarios, hence, allowing for an 

investigation into which statistical techniques are most suitable to disaggregating any unique 

information of nuances from other statistical artefacts. 

Last but not least, most results in this thesis are primarily based on descriptive comparisons of 

predictive validity, thus, we were not able to analyse whether predictive abilities of domains, facets 



159 

 

or nuances were indeed significantly different. Future studies should investigate other indices that 

may help shed light on the different benefits of using nuances vs domains or facets. Also, a possible 

confusion is that although the primary goal of this thesis is to demonstrate the benefits of nuance-

level traits, we did not extensively focus on individual items, for instance on which items are the 

ones doing the most in predicting another outcome. This is because nuance-level research is still 

at a very early stage, and there is not yet a specific measurement for nuances available. All current 

measurements show some degree of limitations in terms of measuring nuances, hence results 

drawn from these imperfect measurements might lack credibility and should not be interpreted too 

closely. Therefore, we only provide some examples to show the potential of individual items in 

relations to other major life events and health outcomes without going to deep into explaining such 

relationships. After creating a specific measurement for nuances, detailed research on individual 

nuances and the possible usage of them will be a promising next step for future research. 

Conclusions   

This thesis contributes to showing the value of lower-level personality traits, in 

particular nuances. Through nuance-level analyses, the empirical chapters of this thesis advance 

the current understanding of personality differences from childhood to adulthood as well as the 

fine-grained associations between personality and multiple life outcomes. Nuance-level 

analyses are a needed supplement to the traditional high-dimensional approaches as 

they provide unique information on personality and new ways to study it. Taken together, the 

empirical findings of this thesis further emphasize the importance of establishing a proper 

measurement tool for nuances.    
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Appendix 

 

Cross prediction 

In order to assess the robustness of the correlations among personality profiles (personality 

correlations), we re-created the personality correlations between all outcomes using cross-

prediction of each outcome pair member (x and y) from the prediction models trained for the other 

pair member (average of the cross-predictions in both x → y and y → x direction were taken), 

divided by the average of the predictions accuracies of both pair member from models trained for 

themselves (because models’ accuracies in predicting the outcomes for which they were trained 

were the upper boundary for cross-prediction). This procedure yielded a symmetrical matrix of 

personality correlations with ones on the diagonal. Each cross-prediction analysis was repeated 

200 times with 2/3 – 1/3 training-validation split; the averages across the repetitions were taken as 

the final cross-predictions (see Figure S1). The matrix obtained this way was highly similar to the 

correlation matrix of nuance-level personality profiles described in the manuscript (r = .96; 

correlation between the off-diagonal elements of the two correlation matrices), thus indicating high 

robustness of the former.  
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Table S1 Mean Absolute Errors between Observed Lifestyle Aspects and Mental Health Outcomes 

and Their Predicted Values from Personality Traits 

 

  Paramete

r 

Domains Facets Nuances  

Health 

promoting 

lifestyle       

Sleeping Mean .57 .54 .54 

SD .01 .01 .01 

Exercise Mean .64 .63 .63 

SD .02 .02  .02 

Healthy diet  Mean .79 .78 .77 

SD .02 .02 .02 

Health 

harming 

lifestyle  

Internet use  Mean .77 .76 .74 

SD .02 .02 .02 

Troubled 

eating  

Mean .68 .63 .56 

SD .01 .01 .01 

Tobacco  Mean .98 .94 .90 

SD .03 .03 .03 

Alcohol  Mean .87 .85 .80 

SD .02 .02 .02 

Cannabis  Mean .56 .55 .54 

SD .02 .02 .02 

Mental 

health 

outcomes 

Depression  Mean .68 .58 .57 

SD .02 .01 .01 

Anxiety  Mean .64 .61 .58 

SD .02 .02 .02 

Anger  Mean .60 .57 .56 

SD .02 .02 .01 

Mania  Mean .73 .71 .70 
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SD .02 .02 .02 

Repetitive 

thoughts 

Mean .64 .63 .61 

SD .02 .02 .02 

Somatic 

symptoms  

Mean .68 .66 .66 

SD .02 .02 .02 

Suicidal 

ideations 

Mean .61 .57 .55 

SD .02 .02 .02 

Psychosis  Mean .29 .29 .29 

SD .01 .01 .01 

 

Note. The prediction was trained across 100 replications with the training sample of 75% of the 

total sample.  
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Figure S1  

Cross predictions of 16 nuance-level personality profiles. 

 

 

 

Note. Darker colours indicate higher correlations between two personality profiles which further 

suggest more similarities between these two profiles. 
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Figure S2 to S15 

Plots for the correlations of the 240 items of the EE.PIP-NEO and lifestyle and mental health 

outcomes (exercise, healthy diet, internet use, troubled eating, tobacco use, alcohol use and 

cannabis use, psychosis, depression, anxiety, anger, mania, repetitive thought, somatic symptoms, 

suicidal ideation). 
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Note.  The correlations are grouped according to the Big Five domains (indicated by letter) and 

their facets (indicated by number). The dashed line indicates the threshold for statistical 

significance after correcting for multiple comparisons using Holm’s correction (Holm, 1979). N1, 

Anxiety; N2, Anger; N3, Depression; N4, Self-Consciousness; N5, Immoderation; N6 

Vulnerability; E1, Friendliness; E2, Gregariousness; E3, Assertiveness; E4, Activity Level; E5, 
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Excitement-Seeking; E6, Cheerfulness; O1, Imagination; O2, Artistic Interests; O3, Emotionality; 

O4, Adventurousness; O5, Intellect; O6, Liberalism; A1, Trust; A2, Morality; A3 Altruism; A4, 

Cooperation; A5, Modesty; A6, Sympathy; C1, Self-Efficacy; C2, Orderliness; C3, Dutifulness; 

C4, Achievement Striving; C5, Self-Discipline; C6, Cautiousness. 
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