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a b s t r a c t
Are people who spend more time with others always happier than those who spend less time in social
activities? Across four studies with more than 250,000 participants, we show that social time has declining marginal utility for subjective well-being. In Study 1 (N = 243,075), we use the Gallup World Poll with
people from 166 countries, and in Study 2 (N = 10,387) the American Time Use Survey (ATUS), to show
that social time has declining returns for well-being. In Study 3a (N = 168) and Study 3b (N = 174), we
employ the Experience Sampling Method (ESM) to provide initial evidence for both intra-domain (principle of diminishing satisfaction) and inter-domain mechanisms (principle of satisfaction limits). We discuss implications for theory, research methodology, and practice.
Ó 2018 Elsevier Inc. All rights reserved.

1. Introduction
‘‘Virtue is the golden mean between two extremes.”
[Aristotle]
If one were to find the key to happiness, what would they discover behind the door that it opens? Mounds of gold? A handsome
prince? Acceptance with no revisions in a top journal? Although
money, love, and professional success would undoubtedly contribute to happiness, decades of research suggests that the key to
happiness would first and foremost unlock a door that leads to a
rich social life (Epley & Schroeder, 2014; Kahneman, Krueger,
Schkade, Schwarz, & Stone, 2004; Reis, Sheldon, Gable, Roscoe, &
Ryan, 2000; Sandstrom & Dunn, 2014). Indeed, research has shown
that our social activities and relationships are a necessary component of a happy life (Diener & Seligman, 2002). So consistent is the
evidence for the role of social relationships in happiness that it is
now taken as an established fact in the psychological literature—
the more time we spend socializing, the greater our happiness.
But if Aristotle was right, true happiness lies in the ‘‘golden mean”
between deficiency and excess. Has modern psychological science
found an exception to the wisdom of Aristotle, or can people get
too much even when it comes to this key factor in promoting
happiness?
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When it comes to sources of subjective well-being, Aristotle is
far from the only one to suggest that more doesn’t always equal
better. The economic law of diminishing marginal utility, for example, states the there is a decline in the value derived from consuming additional units of a particular commodity (Gossen,
1854/1983). Importantly, this principle has been shown to function
with regards to the utility of money for subjective well-being (e.g.,
Veenhoven, 1991): Although an increase from $10,000 to $20,000
in income has a significant impact on subjective well-being, the
same increase from $140,000 to $150,000 has little or no effect
(Diener & Biswas-Diener, 2002; Kahneman & Deaton, 2010). A rich
social life, however, is a much stronger predictor of subjective
well-being than a big bank account (for reviews, see Diener,
2000; Diener et al., 2017). We set out to explore whether even
one of the most important factors of a happy life, time spent in
social activities or social time, is characterized by a declining marginal utility for subjective well-being.

1.1. Existing empirical evidence
Only one examination of declining marginal utility of time
spent socializing for subjective well-being has been published to
date (Diener, Ng, & Tov, 2008). In the first of two studies, participants were asked to imagine that they would live 90 years and
then to report how many years of their lives they would give up
to spend various fixed amounts of social time each day. To spend
two hours a day socializing, people were willing to forgo almost
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22 years of their lives; that is, to die at 68. But to spend 8 h a day
socializing, the same individuals were willing to give up fewer
(18.9) years of their lives. In a second study, the researchers utilized data from one wave of the Gallup World Poll (2005–2006)
to examine the relationship between affect and the time a person
spends with his or her family and friends in a day. They found that
those spending no time with family and friends felt substantially
worse than those spending between 1 and 16 h a day; spending
more than 16 h a day with family and friends, however, did not
predict further increases in well-being.
The above studies provide some initial evidence for the declining marginal utility of time spent with family and friends for subjective well-being. This work, however, is limited in several ways.
First, this research operationalizes social life narrowly as time
spent with family and friends, leaving a host of features of one’s
social life untested (e.g., actively socializing with friends). Even if
the total time spent with family is characterized by a declining
marginal utility for subjective well-being, socializing with friends
might still be a robust linear predictor. Second, the researchers utilized arbitrary categories (rather than continuous measures) of
time. Third, this work did not empirically test any mechanisms
to explain the observed declining marginal utility. Finally, while
this research utilizes an impressively large sample, the small
effects have yet to be replicated in other samples.
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practice, as well. Indeed, people who distribute their time more
evenly across multiple life domains (e.g., work, socializing) are
generally happier than those focusing on only a few life domains
(e.g., Eakman, 2016; Hsieh, 2003; Rojas, 2006; Sirgy & Lee, 2018).
Relevant theory and research on work-life balance also speaks to
the negative consequences for well-being of such role conflict
due to an overinvestment in a single life domain (Fu & Shaffer,
2001; Greenhaus & Beutell, 1985; Holahan & Gilbert, 1979;
Kalliath & Brough, 2008; Netemeyre, Boles, & McMurrian, 1996;
Sirgy & Lee, 2018; Sturges & Guest, 2004; Voydanoff, 2005).
According to the principle of satisfaction limits, then, we can predict that the relationship between social need satisfaction and
overall well-being should depend on social time—with a weakening contribution of social needs for general well-being at very high
levels of need satisfaction.
In sum, the principle of diminishing satisfaction suggests
diminishing benefits of social time for social needs satisfaction,
pointing to a mediational role of social needs in a diminishing utility of social time. The principle of satisfaction limits points to a
separate mechanism, that is a moderational role of social time in
the relationship between social need satisfaction and well-being.
Notably, these mechanisms are not mutually exclusive and can
operate in tandem.
1.3. The present research

1.2. Theory and mechanisms
Although past research on the declining marginal utility of our
social lives is limited in quantity and scope, relevant theoretical
accounts suggest that people might indeed reap progressively less
happiness from more social time. Due to adaptation effects
(Helson, 1964), the utility of a particular activity for subjective
well-being diminishes as people repeatedly engage in this activity
(e.g., Lyubomirsky & Layous, 2013; Lyubomirsky, Sheldon, &
Schkade, 2005; Quoidbach & Dunn, 2013; Sheldon, Boehm, &
Lyubomirsky, 2013). Spending increasingly more time socializing
should thus have progressively smaller additional benefits for subjective well-being. We refer to this mechanism as the principle of
diminishing satisfaction (c.f., Sirgy, 2010, 2012; Sirgy & Lee, 2018;
Sirgy & Wu, 2009). Specifically, this principle suggests that any
diminishing returns of social activities for well-being should be
mediated by diminishing returns of social activities for intradomain predictors of well-being. A key predictor of subjective
well-being in the context of social life is the satisfaction of social
needs, such as relatedness and belonging (e.g., Baumeister &
Leary, 1995; Cacioppo et al., 2006; Myers & Diener, 1995; Ryan &
Deci, 2000; Sheldon, Elliot, Kim, & Kasser, 2001). Thus, social need
satisfaction should mediate a declining marginal utility effect of
social time on well-being.
The principle of diminishing satisfaction describes a possible
intra-domain mechanism for a declining marginal utility effect of
social time on well-being. The principle of satisfaction limits (Sirgy
& Lee, 2018) offers another, inter-domain mechanism. According
to the bottom-up spillover model of life satisfaction (e.g., Andrews
& Withey, 1976; Campbell, Converse, & Rodgers, 1976), general
satisfaction with life is determined by how satisfied people are
with various life domains, including their social lives, but also their
work lives, spiritual activities, and so forth. Critically, Sirgy and Wu
(2009) proposed that the contribution of a single life domain to
overall subjective well-being is limited (see also, Frisch, 2005;
Sirgy & Lee, 2018). If Jane, for example, spends a lot of time with
her friends, she might be extremely satisfied with her abundant
social life. But she might still be less satisfied with her life overall
than Jack who invests less in his social life than Jane but strives for
more of a balance—distributing his energy in advancing his career,
engaging in his beloved hobbies, and continuing his meditation

1.3.1. Studies overview
The present research provides an extensive examination of the
economic law of declining marginal utility in the context of social
activity—one of the strongest and most well-established factors in
promoting subjective well-being. Across four studies, we examine
this central question by employing a variety of methods and samples: an international survey (Study 1; N = 243,075) and a U.S. survey (Study 2; N = 10,387) with large, representative samples, and
two intensive experience sampling studies with university undergraduates (Study 3a, N = 168; Study 3b, N = 174).
Each of the present studies employs a unique methodological
strategy, providing a robust test of curvilinearity in the relationship between social time and subjective well-being. In Study 1,
we examine the relationship between social time and subjective
well-being during a single day in people’s lives. In Study 2, we
use a different measure of daily social time obtained through the
Day Reconstruction Method (DRM; Krueger et al., 2009). In Studies
3a and 3b, we employ the Experience Sampling Method (ESM;
Larson & Csikszentmihalyi, 1983), polling participants five times
a day over one week, while measuring social need satisfaction to
explore the role of the proposed mechanisms. In Study 3a, we test
the principle of diminishing satisfaction by examining the mediational role of social need satisfaction in the relationship between
social time and episodic emotional well-being. In Study 3b, we
additionally include validated measures of overall well-being—
life satisfaction and general positive affect—enabling us to explore
the role of the principle of satisfaction limits.
1.3.2. Analytic strategy
We tested for the presence of curvilinear relationships between
social time and well-being using a multi-pronged statistical
approach. First, in a stepwise approach, we predicted the wellbeing outcomes from social time (linear effect), and then added
its orthogonal squared term (curvilinear effect). Because this statistical approach is sensitive to outliers, we systematically explored
whether the form of the curved relationship is robust to respecification of the model after excluding the most influential observations (if any). Details of these additional analyses, as well as tests
of model assumptions, are provided at RPubs: http://rpubs.com/
KKushlevPhD.
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Table 1
Between-Country (Below Diagonal) and Within-Country (Above Diagonal) Correlations (Study 1).
Social Time
5.34(4.88)

M(SD)
Social Time
Soc. Time Squared
Soc. Time Squared
(semi-partial)
Life Evaluation
Positive Experience

Social Time Squared

Soc. Time Squared (semi-partial)

Life Evaluation
5.40(2.18)

Positive Experience
0.70(0.27)

0.69***

0.00
0.72***

0.05***
0.03***
0.05***

0.11***
0.06***
0.11***

0.04
0.00

0.999***

0.38***
0.21*

0.14
0.02

0.16y
0.01

0.22***
0.56***

Note. Social Time is operationalized as the amount of time spent with others in a 24-h period. Soc. Time Sqr. (semi-partial) represents the independent variance of Social Time
Squared from Social Time; the correlations of Soc. Time Sqr. (semi-partial), thus estimates the curvilinear effect. Correlations were decomposed using methodology by Pedhazur
(1997), whereby within-country correlations are calculated using each person’s deviation score from their country’s mean score on social time.
y
p < .10.
*
p < .05.
***
p < .001.

Table 2
Between-subjects correlations (Study 2).

M(SD)
Social Time
Social Time Squared
Social Time Squared
(orthogonal)
Happy
***

Social Time
42.22 (88.63)

Social Time Squared

Social Time Squared (orthogonal)

1
0.81***
0.00

1
0.58***

1

0.07***

0.04***

0.03***

Happy
4.42 (1.30)

1

p < .001.

Table 3
Between-subjects (below diagonal) and within-subjects (above diagonal) correlations (Study 3).

M(SD)
Social Time
Social Time Squared
Social Time Squared
(orthogonal)
Mood
Relatedness
Relatedness While
Socializing

Social Time
0.38 (0.21)

Social Time Squared

Social Time Sqr. (orthogonal)

Mood
4.81 (0.85)

Relatedness
4.39 (0.72)

Relatedness w/Socializing
5.47 (0.89)

0.38***

0.00
0.93***

0.28***
0.08***
0.02

0.53***
0.13***
0.07***

–
–
–

0.51***

0.59***
–

0.10
0.00

0.995***

0.40***
0.46***
0.16*

0.22***
0.10
0.16*

0.26***
0.14*
0.18*

0.71***
0.67***

0.63***

Note. Social Time (between-subjects) is operationalized as the proportion of episodes spent socializing out of the total number of episodes for each participant. Pairwise
deletion was applied. Social Time (within-subjects) is the person-mean centered occurrence of social episodes; thus, each person’s socializing episodes are represented as a
deviation from their own mean. Social Time Squared. (semi-partial) represents the independent variance of Social Time Squared from Social Time; the correlations of Soc. Time
Squared. (semi-partial) thus represent the curvilinear effect. Correlations were decomposed using methodology by Pedhazur (1997).
*
p < .05.
***
p < .001.

The above, classic statistical approach to curvilinearity allows
us to model the quadratic relationship as a smooth curve. A different method of modeling curvilinear relationships is through segmented lines; that is, by estimating one or more piecewise linear
relationships representing the different relationships between predictor and outcome within different ranges of the predictor (Bacon
& Watts, 1971; Bates & Watts, 1988; Muggeo, 2003). In such piecewise regression, the lines representing the different relationships
intersect at points, called breakpoints or bends. Thus, this piecewise approach allows us to establish at what point, if any, spending
more time in social activities is no longer positively associated
with subjective well-being. Indeed, these breakpoints are particularly relevant to our goal to explore the declining marginal utility
of social time for well-being. In addition to providing a test of a
declining marginal utility effect, this piecewise approach allows
us to provide an estimate of the practical significance of any curvilinearity (i.e., the number/percentage of people that score beyond
the breakpoint).

In order to estimate the piecewise relationships, we employ a
nonparametric machine-learning technique: Multiple-Adaptive
Regression Splines, or MARS (Friedman, 1991). Unlike parametric
piecemeal regression models, where the number of curves/breakpoints is user-specified, MARS effectively ‘adapts’ to the data in
order to model the specified relationship as a series of segmented
lines that best fits the data. Specifically, MARS determines the optimal combination of predictors—or in our case, the optimal number
of segments of a single predictor. Starting from the intercept-only
model, MARS first adds linear, quadratic, and higher polynomial
terms until error in the outcome is no longer substantially reduced
(i.e., R-change < 0.001). To prevent overfitting, MARS supplements
this forward method with a backward method, whereby terms
deemed unlikely to generalize beyond the given data are consecutively removed until the most parsimonious and generalizable
model is achieved. If a nonlinear relationship is found, MARS
employs a recursive process to determine the optimal point(s) at
which the relationship between predictor and outcome changes.

0.48**
0.41**
0.26***
0.19***
0.17**
0.16*
0.31***
0.48**
0.41**
0.33***
0.16*
0.19*
0.14
0.31***
0.11
0.08
0.03
0.01
0.02
0.13
0.05
0.19*
0.21**
0.29***
0.04
0.06
0.12
0.02

0.46**
0.39**
0.20**
0.15*
0.24**
0.20**
0.28***

1
1
0.85**
0.07
0.09
0.01
0.29
0.40**
0.24**

**

1

0.22**
0.24**
0.30***
0.04
0.07
0.16*
0.03*

***

p < .05.
p < .01.
p < .001.
*

0.29
0.39**
0.26**

**

1
0.96**
0.00

In Study 1, we utilized The Gallup World Poll as a replication,
extension, and refinement of Diener et al. (2008). First, we include
data collected over ten annual waves (2006–2016), compared to
only a single wave used in Diener et al. (2008). Second, we analyze
the social time data in a continuous, rather than categorical manner. Finally, we examine positivity of daily experience by using a
greater array of items in order to provide more reliable composites
(c.f., Oishi, Schimmack, & Diener, 2012).

**

M(SD)

1.3.3. Data analysis
For our analyses, we used R (Version 3.4.3; R Core Team., 2017)
and the R-packages car (Version 2.1.6; Fox & Weisberg, 2011), class
(Version 7.3.14; Venables & Ripley, 2002), dplyr (Version 0.7.4;
Wickham, Francois, Henry, & Müller, 2017), earth (Version 4.6.0;
Hastie & Lumley, 2017), ggeffects (Version 0.3.0; Lüdecke, 2017a),
ggplot2 (Version 2.2.1.9000; Wickham, 2016), gvlma (Version
1.0.0.2; Peña & Slate, 2006, 2014), knitr (Version 1.18; Xie, 2015),
lattice (Version 0.20.35; Sarkar, 2008), lme4 (Version 1.1.15;
Bates, Mächler, Bolker, & Walker, 2015), MASS (Version 7.3.48;
Venables & Ripley, 2002), Matrix (Version 1.2.12; Bates &
Maechler, 2017), mda (Version 0.4.10; Hastie & Tibshirani, 2017),
mgcv (Version 1.8.22; Wood, 2003, 2004, 2011; Wood, Pya, &
Säfken, 2016), MuMIn (Version 1.40.0; Bartoń, 2017), papaja
(Version 0.1.0.9655; Aust & Barth, 2017), plotmo (Version 3.3.4;
Milborrow, 2017), plotrix (Version 3.7; Lemon, 2006), psych
(Version 1.7.8; Revelle, 2017), rgl (Version 0.98.22; Adler &
Murdoch, 2017), segmented (Version 0.5.3.0; Muggeo, 2003,
2008), sjPlot (Version 2.4.0.9000; Lüdecke, 2017b), standardize
(Version 0.2.1; Eager, 2017), and visreg (Version 2.4.1; Breheny &
Burchett, 2017).

2. Study 1: Gallup World Poll

Social Time
Social Time Squared
Social Time Squared
(orthogonal)
Mood
Relatedness
Relatedness When
Socializing
Positive Affect
Life Satisfaction
Extraversion
Agreeableness
Conscientiousness
Openness
Neuroticism

0.62 (0.20)

1
0.26**

1
0.64**
0.61**

4.87(0.83)

4.46(0.76)

1
0.57**
0.28***
0.24**
0.18*
0.16*
0.53***

Positive
Affect
3.79(0.60)
Related
(Socializing)
4.84(0.87)
Related
Mood
Soc. Time Sqr.
(orthogonal)
Soc. Time
Squared
Social Time

Table 4
Means, standard deviations, and correlations (Study 3b).
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Because these hinges, or spline functions, are determined through
iterative partitioning of the data, the results of MARS have the
added benefit of being less susceptible to outliers than regular
polynomial regression. And because MARS does not rely on statistical significance to determine the best model, it can be a particularly useful technique for supplementing parametric testing based
on p-levels, which are heavily influenced by sample size. Still, after
estimating the segments nonparametrically with MARS, we also
estimate the effect size and its 95% CI within each segment.
In Tables 1–4, we present Pearson correlations separately for
each of the four studies. To provide standardized estimates of
effect size for curvilinearity, these tables also include the orthogonalized squared term of social time. We present a summary of the
polynomial regressions across all studies in Table 5 while providing the results of the segmented models in Table 6. In Table 5,
we provide the standardized regression coefficients, while also
presenting effect sizes in the form of variance explained, R2.
Because a key goal of the present research is to document how
much researchers might be neglecting by only focusing on the linear effects of social time, we additionally estimate the variance
explained by the curvilinear effect as a proportion of the variance
explained by the linear effect, that is R2curv/R2lin (Table 5). As more
practical measures of effect size, the breakpoints in the segmented
models are also presented in Table 6. Finally, because the outcomes
in Studies 1 and 3a had a clustered, multilevel structure,1 we
decompose the between-subjects and within-subjects correlations
in Tables 1 and 3.

1
0.31***
0.24**
0.31***
0.01
0.40***

Life
Satisfaction
3.67(0.78)

K. Kushlev et al. / Journal of Research in Personality 74 (2018) 124–140

1
All multilevel analyses were conducted on R version 3.4.1, using (1) StatsBy
package for disaggregating correlations, (2) lme4 package for the multilevel models,
(3) MuMIn for isolating R2-Marginal (the variance explained by the fixed component
of a predictor.

128

K. Kushlev et al. / Journal of Research in Personality 74 (2018) 124–140

Table 5
Polynomial modeling: linear and curvilinear effects.
Linear

Curvilinear

b (SE)

b

R2lin

b (SE)

b

R2curv

R2curv/R2lin

Study 1
Life Evaluation
Positive Daily Experience

0.019 (0.0008)
0.006 (0.0001)

0.043
0.112

0.002
0.015

0.002 (0.0001)
0.0007 (0.00001)

0.038
0.105

0.002
0.008

0.985
0.565

Study 2
Happiness (DRM)

0.061 (0.009)

0.070

0.005

0.009 (0.003)

0.034

0.001

0.237

Study 3a
Mood (ESM)

0.664 (0.292)

0.404

0.164

50.03 (0.33)

0.258

0.067

0.408

Study 3b
Mood (ESM)
Positive Affect
Life Satisfaction

0.297 (0.311)
0.685 (0.227)
0.952 (0.267)

0.286
0.224
0.238

0.082
0.050
0.057

0.938 (0.038)
0.093 (0.756)
0.071 (0.991)

0.066
0.107
0.080

0.004
0.011
0.006

0.053
0.188
0.106

Notes. The standardized regression coefficients are calculated using the standardized x and y. The R2 for multi-level models (Study 1) is the marginal variance explained,
defined as the variance explained by fixed effects (i.e., not including variance explained by random parameters); R2-marginal was estimated using R-package MuMIn 1.40.0.

Table 6
Piecewise modeling: multi-adaptive regression splines (MARS) and segmented linear regression.
Breakpoints

Cases Above

N

Value

N

Percent

b (SE)

Regression Below
[95% CI]

b (SE)

Regression Above
[95% CI]

Study 1
Life Evaluation
Positive Daily Experience

1
1

5.0 h
3.0 h

106,850
163,392

44.2%
68.1%

0.11 (0.004)
0.03 (0.001)

0.07 [0.063; 0.073]
0.15 [0.149; 0.160]

0.00 (0.001)
0.00 (0.000)

0.00 [0.007; 0.004]
0.00 [0.005; 0.007]

Study 2
Happiness (DRM)

1

2.55 h

971

9.0%

0.11 (0.022)

0.05 [0.032; 0.073]

0.00 (0.020)

0.01 [0.056; 0.070]

Study 3a
Mood (ESM)

1

25.0%

113

67.26%

0.05 (0.014)

0.47 [0.229; 0.715]

0.00 (0.005)

0.09 [0.101; 0.274]

Study 3b
Mood (ESM)
Positive Affect (General)
Life Satisfaction

1
1
1

34.3%
64.0%
40.9%

158
91
149

90.8%
52.3%
86.1%

0.01 (0.017)
0.01 (0.004)
0.03 (0.014)

0.09 [0.658; 0.484]
0.25 [0.041; 0.469]
0.42 [0.015; 0.819]

0.02 (0.004)
0.00 (0.006)
0.01 (0.005)

0.27 [0.114; 0.419]
0.05 [0.257; 0.164]
0.14 [0.021; 0.302]

Notes. Results from statistical models with less than 20 subjects are not shown.

2.1. Method

2.2. Results

We used data from the Gallup World Poll of people in 166
nations conducted each year between 2006 and 2016. Of the total
respondents (N = 1,559,010), a subsample of 243,075 (Mage = 40.14,
SD = 17.49; 54.1% female) were asked a question operationalizing
social time: How much time they had spent with family and
friends on the day before the interview, M(SD) = 5.34 (4.88); 4
invalid cases who reported above 24 h were removed. For that
same day, respondents were also asked to indicate whether or
not (i.e., yes or no), they had a series of ten positive experiences
on the day before. These items included: smiling/laughing; feeling
enjoyment, love, well-rested, respected, and proud; having good tasting food; doing something interesting; being able to choose one’s
activities; and, desire to have more days like that (see Supplementary Online Materials-SOM for exact phrasing of each item). Following Oishi et al. (2012), we combined all ten items into a
composite of positivity of daily experiences, a = 0.79; M(SD) = 0.70
(0.27). This composite thus represents standard items used to measure positive affect (e.g., PANAS; Watson, Clark, & Tellegen, 1988),
as well as closely related constructs (Biswas-Diener, Kashdan, &
King, 2009), such as autonomy, interest, and enjoyment (e.g.,
PANAS-X; Watson & Clark, 1999). In addition to these daily state
measures, participants also reported how they currently evaluated
their lives using the Cantril Ladder—a self-anchoring scale from 0
(worst possible life) to 10 (best possible life), M(SD) = 5.40(2.18);
see Table 1 for correlations between all variables.

2.2.1. Curvilinear models
Because participants are clustered within country, we used multilevel modeling to estimate the effects. Using step-wise models, we
predicted each of the three components of subjective well-being
from the time per day people spent with family and friends only
(Step 1) and then adding its orthogonal squared term (Step 2).2
Consistent with past research, we found positive linear relationships across outcomes, such that more time with family and
friends predicted both better life evaluation, b = 0.04, R2 = 0.002,
p < .001, and higher positivity of daily experience, b = 0.11, R2 =
0.015, p < .001. These small positive relationships, however, were
qualified by significant curvilinear effects both for life evaluation,
b = 0.04, R2 = 0.002, p < .001, and for positivity of daily experience, b = 0.11, R2 = 0.008, p < .001 (see Table 5 for details). More
time with family and friends is not progressively better for psychological well-being (see Fig. 1). Of course, these curvilinear effects
could be due to other factors, such as differences in income or
age. Poorer individuals, for example, might be spending more time
with their family than they would like, but only because they cannot afford to live alone. Thus, we controlled for household income,
as well as sex and age (by adding their fixed effects to the models).

2
Level 1: Yij = b0j + b1j ⁄ Xij + b2j ⁄ X2ij + errorij; Level 2: b0j = r00 + error0j, where
i = person level; j = country level; note that only fixed effects were estimated.
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Fig. 1. Linear, quadratic, and piecemeal relationships of time spent with family/friends with life evaluation (left panel) and positive daily experience (right panel) in Study 1
(Gallup World Poll 2008–2016). Density distributions are represented as hexagonal heatmap, whereby the plane is divided in equally sized regular hexagons with the
intensity of the greyscale indicating the number of cases observed in each hexagon; the size of the hexagons was calibrated for each dependent variable to minimize
extraneous empty space due to the scale used. The y-axes show the full scale used to measure the dependent variables. The x-axes represent the hours in a single day people
reported spending with their family and friends; the x-axes were truncated at 16 h so as to avoid misrepresenting the relationships due to relatively rare cases. The vertical
dotted lines represent the breakpoints in the piecemeal relationships, that is value of social time at which more social time no longer predicts higher subjective well-being.
See SOM (Fig. S1) for regular scatterplots with density distributions and smooth best-fitting loess lines for the full range of observed values of social time.

The curvilinear effects of time spent with family and friends on all
outcomes remained stable to controlling for these variables in the
case of both life evaluation, b = 0.03, p < .001, and positive experience, b = 0.90, p < .001. Further, we found weak evidence and
inconsistent patterns of moderation by age, sex, and income of
the linear and quadratic effects across life evaluation and positive
daily experiences.3
Though robust to controlling for third variables, the observed
linear and quadratic effects were both statistically small. Because
we observed smaller linear effects of social time than documented
in past research (e.g., Baumeister & Leary, 1995; Reis et al., 2000), it
would be informative to evaluate the size of the curvilinear effect
relative to the linear effect. Indeed, the primary theoretical goal
of the present research is to establish how much additional variance in well-being is explained by the curvilinear effect of social
time over and above its linear effect (see Table 5). As compared
to the variance explained by the linear effect, the curvilinear effect
explained as much variance in life evaluation (R2curv/R2lin = 0.99)
and a little more than half as much variance in the positivity of
daily experiences (R2curv/R2lin = 0.57).
Even though the multilevel modeling takes into account the
nested design of the data, whereby individuals are clustered within
countries, the models presented so far do not decompose within
and between country effects. Thus, the effects we observed could
be due to either differences between countries or differences
between individuals, or to both. In Table 1, therefore, we present

the decomposed effects between and within countries. Correlations were decomposed using methodology by Pedhazur (1997),
whereby between-country correlations are simply the correlations
between the countries’ means scores on each variable (N = 166),
whereas within-country correlations are the correlations between
individuals’ deviation scores from their country’s mean on each
variable (N = 243,075).
As seen in Table 1, the within-country effect of social time on
life evaluation—that is the effect of variation between individuals,
while holding constant variation between countries—was r = 0.05
for the linear effect and r = 0.05 for the quadratic effect (see
Table 1 for details of both within-country and between-country
effects). Of course, as the measure of social time represents the
time spent with family and friends in a single day of people’s lives,
it is not surprising that the effects on global life evaluation were
not as large as we should expect based on past research and theory.
Indeed, the within-country effects of social time on positivity of
daily experience were somewhat larger, for both the linear effect,
r = .11, and for the quadratic effect, r = 0.11. This linear effect is
still substantially smaller than we should expect from a measure
of one of the strongest and more reliable positive predictors of
well-being. We suspect that the relatively small effects may thus
be due to the fidelity of Gallup’s single-item, self-report measure
of social time. Though our theorizing concerns effects primarily
at the level of individuals, the between-country effects are also
presented in Table 1.

3
Income moderated the linear effect of social time on life evaluation, b = 0.012,
p < .001, whereas age, b = 0.001, p > .250, and sex (1-Male; 2-Female), b = 0.002,
p > .250, did not. In contrast, sex, b = 0.009, p < .001, but not income, b = 0.004,
p = .065, or age, b = 0.004, p = .067 moderated the linear effects on daily positive
experiences. Thus, richer individuals displayed a stronger positive relationship
between social time and life evaluation than poorer individuals, while females
displayed a stronger positive relationship between social time and positive daily
experience than males. The quadratic effect on life evaluation was moderated by age,
b = 0.008, p < .001, as well as income, b = 0.011, p < .001, but not by sex, b = 0.002,
p > .250. Thus, the concave curvilinear effects of social time on life evaluation was
more pronounced for females than for males and for richer compared to poorer
individuals. Finally, only age emerged as a significant moderator of the quadratic
effect of social time on positive experiences, b = 0.008, p < .001, whereas sex,
b = 0.001, p > .250, and income, b = 0.004, p = .064, did not. Thus, older individuals
were characterized by a stronger concave curvilinearity between social time and
positive experiences than younger people.

2.2.2. Piecewise models
We now adopt a piecewise approach in order to model the relationship between social time and well-being as a segmented line,
representing a series of linear relationships at different values of
social time. To model the breakpoints, we use a nonparametric
machine-learning technique: Multivariate Adaptive Regression
Splines, or MARS (Friedman, 1991). As seen in Fig. 1, the segmented
lines are close to the curved line of the quadratic effect, indicating a
reassuring consistency in the form of the relationship between
social time and well-being across fundamentally different statistical models. Specifically, MARS estimated one breakpoint in the
segmented relationship between social time and each of the
well-being outcomes. The total variance explained by this model

130

K. Kushlev et al. / Journal of Research in Personality 74 (2018) 124–140

Fig. 2. Linear, quadratic, and piecemeal relationships between daily happiness and time spent socializing/communicating, Study 2 (ATUS-2013). Density distribution is
represented as hexagonal heatmap, whereby the plane is divided in equally sized regular hexagons with the intensity of the greyscale indicating the number of cases observed
in each hexagon; the size of the hexagons was calibrated to minimize extraneous empty space due to the measurement scales. The y-axis shows the full scale used to measure
the dependent variable. The x-axis represents the time (in hours) during a 24-h period people spent socializing and communicating with others; values on the x-axis falling
outside the Tukey fences (i.e., value of first quintile minus 1.5  the interquartile range and/or value of third quintile plus 1.5  the interquartile range) are not shown so as to
avoid misrepresenting the curve of the quadratic relationship. The vertical dotted line represents the breakpoint in the piecemeal relationship, that is value of social time at
which more social time no longer predicts higher daily happiness. See SOM (Fig. S2) for regular scatterplots with density distributions and smooth best-fitting loess lines for
the full range of observed values of social time. Additional plots showing robustness to removal of influential cases are available at http://rpubs.com/KKushlevPhD/JRP-SOMStudy2.

across the linear and curvilinear effects was R2 = 0.013, GR2 = 0.013
for life satisfaction and R2 = 0.028, GR2 = 0.028 for positivity of daily
experiences.4 We are not, of course, primarily interested in these
estimates of total variance explained, but rather in the estimates of
the breakpoints, which provide the most practical measure of effect
size. As shown in Table 6 and Fig. 1, social time up to 5 h a day predicted better life evaluation b = 0.11, b = 0.07; people who spent
more than 5 h a day with family and friends experienced no further
increases in life evaluation, b = 0.00, b = 0.00; more than a hundred
thousand people or 44.2% of the sample fell into this category. Similarly, social time up to 3 h a day predicted higher positivity of daily
experience, b = 0.03, b = 0.15; people who spent more than 3 h a day
with family and friends experienced no further increases in positivity, b = 0.00, b = 0.00; more than 160,000 individuals, or 68.1% of the
sample, fell into this category. See Table 6 for details, including 95%
confidence intervals.
2.3. Discussion
In a large sample of participants across the globe, we found evidence to qualify a relationship—that between well-being and time
4
Note that these estimates are a measure of the total effects (i.e., they do not
model out the random effect of country as in the mixed linear models presented in
Table 5). GR2 is an estimate of the generalizability of the model by adjusting the R2 for
the noise present in the data that is unlikely to generalize to new data. The GR2 will
thus always be smaller than R2, but a value of GR2 that is close to that of R2 as
observed here is desirable.

spent with family and friends—largely assumed across social and
personality psychology to be positive and linear. We see evidence
that Aristotle’s principles of golden mean and the economic law of
diminishing returns apply even when considering one of the strongest and most consistent predictors of subjective well-being.
Though statistically small, the curvilinear effect was substantial
as compared to the linear effect, underscoring the theoretical
importance of these findings. At the practical level, we observed
that half of the people polled fell into the category of individuals
who spend time with family and friends that bears no additional
benefits to their well-being.
The diversity of people in this global sample supplies an equally
diverse set of third possible variables that may account for the
observed curvilinear effects. While the effects held when controlling for some likely confounds, it is not possible to control for all
confounds across such a diverse set of countries as those included
in Study 1. Another limitation of Study 1 was that we used time
spent with family and friends as a predictor, which could include
not only pleasant socializing but also any time spent in the same
room without any social interaction. We attempt to address these
central limitations in Study 2.
3. Study 2: American time-use survey
In Study 2, we explored the nature of the relationship of social
time to subjective well-being in a narrower population: a national
U.S. sample from the American Time Use Survey (ATUS; Hofferth,
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Flood, & Sobek, 2015). The ATUS employs a streamlined version of
the Day Reconstruction Method (DRM; Krueger et al., 2009), in
which people reconstruct their previous day, episode by episode,
reporting what they were doing and how they were feeling with
reference to specific episodes (Kahneman et al., 2004). In a more
stringent test of the curvilinearity between social time and wellbeing, the ATUS allows us to examine the effects of time spent
socializing, taking into account only episodes when socializing is
the primary activity (rather than the effects of time spent merely
in the presence of others as in Study 1).

3.1. Method
3.1.1. Participants
We analyzed data from a large cross-section of the U.S. population (N = 10,360)5 from the 2013 wave of the ATUS (Hofferth et al.,
2015). The U.S. Census Bureau conducts the ATUS by first selecting
a large and diverse set of U.S. households, which approximates a
nationally representative sample (55.6% female; Mage = 48, age
range: 15–85). Next, households with Hispanic and Black members,
as well as households with children, are oversampled in order to
improve estimates for those groups: Race (White: 79.3%; Black:
14.8%; Asian: 3.5%); Ethnicity (Hispanic/Spanish/Latino: 14.1%). For
each household, a designated person aged 15 or older is selected randomly to participate. Full information about the methodology of the
ATUS, including sampling strategy, is available at https://www.
bls.gov/tus/. The use of this dataset was exempt from review by
the IRB at the authors’ university.
3.1.2. Procedure
Respondents were contacted over the phone and asked to
reconstruct what they did ‘yesterday’, episode by episode, from
4 am on the previous day to 4 am on the day of the interview.
Weekdays and weekends were sampled equally (i.e., Saturday
and Sunday represented 50% of the sampled days). Participants’
descriptions of what they did during each episode were later
activity-coded by trained coders, including for ‘‘socializing and
communicating with others.” The duration of episodes where that
activity was primary was then used to compute the daily time each
person spent socializing, M(SD) = 42.22 min (88.63). We used this
total time as our predictor. After reconstructing their day, participants were asked to rate how happy they felt on, from 0 (not at
all) to 6 (very) during each of three randomly selected episodes.
This was the only item assessing positive affect. These episodic
measures were then used to compute the daily composites used
in the analyses. We used this provided composite of daily happiness, M(SD) = 4.42 (1.30).
Notably, the composite measure of time spent socializing is
based solely on episodes when socializing is people’s primary
activity. As the ATUS codebook warns, this methodology is a limitation of the data as it systematically underestimates the amount
of time people actually spend in various activities, especially activities that often co-occur with others. Thus, even though people
often socialize while, for example, also eating, volunteering, working, watching TV, playing sports, or taking care of their children,
none of these instances of social behavior are coded as social time
because socializing is not the primary activity of the episode.
Indeed, nearly two-thirds of individuals were classified as spending no time whatsoever socializing (n = 6620) compared to slightly
more than one-third coded as socializing (n = 3740). For our purposes, this operationalization of social time allows an exceptionally

5
Eighteen additional participants had no data no relevant well-being data and are
not included in the present study.

131

stringent test of the curvilinearity hypothesis as (1) it underrepresents higher amounts of time spent socializing that should theoretically contribute to the hypothesized curve; and (2) it
overrepresents social time spent in activities where the people’s
primary goal was to socialize with others.
3.2. Results
3.2.1. Curvilinear modeling
Using step-wise regression models, we predicted happiness
from time spent socializing (see Table 2 for correlations between
key variables). At Step 1, we found that people who socialized
more felt happier, b = 0.07, p < .001, R2 = 0.005 (see Table 5 for
details of all regression analyses).6 Entering the orthogonal squared
term of the predictor at Step 2, we found a significant concave curvilinear effect for happiness, b = 0.03, p < .001, R2 = 0.001 (see Fig. 2).
Controlling for age, sex, and education7 could not explain the linear,
b = 0.07, p < .001, or the curvilinear effects on happiness, b = 0.03, p
< .001.8 Furthermore, we found a consistent curvilinear relationship
between time spent socializing and happiness for both weekdays, b
= 0.03, p = .037, and weekends, b = 0.04, p = .011. Exploration of
influential cases did indicate several particularly influential cases;
the effects, however, held after excluding the most influential observations by studentized residual, Cook’s distance, and leverage, b =
0.03, p = .003 (see details at http://rpubs.com/KKushlevPhD/JRPSOM-Study2). Finally, while providing no informative variability,
the over 6000 participants coded as not socializing could misleadingly increase power; we thus reran the central analyses without
these cases, observing a similar curvilinear effect of time spent
socializing on happiness among those who socialized at least some
amount of time, b = 0.04, p = .008. Though robust to alternative
model specifications, the observed linear and curvilinear effects
were statistically small. Still, as compared to the linear effects, the
curvilinear effect of social time on happiness explained about one
quarter as much variance—a theoretically non-negligible comparative effect (see Table 5).
3.2.2. Piecewise modeling
Consistent with the curvilinear model described above, MARS
(R2 = 0.006, GR2 = 0.006) estimated a breakpoint in the relationship
between social time and daily happiness. As shown in Table 6,
social time up to 2.5 h a day predicted higher daily happiness, b
= 0.05; people who spent more than two and a half hours a day
socializing experienced no further increases in happiness, b =
0.01 (see Table 6 for details and confidence intervals). This breakpoint is remarkably consistent with the breakpoint of three hours
we observed in Study 1 for the corresponding measure, positivity
of daily experiences. The group of people who spent more than
2.5 h a day socializing comprised of almost one thousand
individuals.
6
Note that these effects are smaller than we would have expected based on past
research on the emotional benefits of socializing, suggesting smaller curvilinear
effects, as well. We suspect that this might be in part due to the fact that the wellbeing outcomes were measured only during three episodes of the day.
7
Income had a large number of missing cases, which are dependent on participants’ age and other factors (https://www.bls.gov/tus/documents.htm). Thus, we did
not include it as a covariate. Past research has shown that income is not related to
daily happiness both in the ATUS (e.g., Kushlev, Dunn, & Lucas, 2015) and the German
Socio-Economic Panel (GSOEP; Hudson, Lucas, Donnellan, & Kushlev, 2016).
8
While age moderated the linear effect, b = 0.02, p = .008, age did not moderate the
quadratic effect, b = 0.00, p > .250. Thus, the positive linear relationship between
social time and happiness was significantly stronger in older individuals than in
younger individuals. Sex (1-Male; 2-Female) moderated the quadratic effect,
b = 0.02, p = .040, but not the linear effect, b = 0.01, p = .222, indicating that the
concave curvilinear relationship between social time and happiness is more
pronounced for females than for males. Years of education did not moderate either
the linear, b = 0.00, p > .250, or the quadratic effect, b = 0.01, p > .250.
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3.3. Discussion
Study 2 replicated and extended the findings of Study 1 in a U.S.
sample by using a measure of time spent socializing as the primary
activity rather than time spent in the presence of others. Proportionally, the variance explained by the curvilinear effect was a little
more than one-fourth the size of variance explained by the linear
effect—compared to about half the size of that explained by the linear effect in Study 1 for positivity of daily experiences. This makes
intuitive sense as we should expect a relatively stronger linear
relationship between socializing and well-being than between
simply spending time with others and well-being. In absolute
terms, the observed effects—both linear and curvilinear—were
again statistically small. Particularly, the linear effect was again
smaller than we should expect from existing theory and research
on the critical role of social life and social needs in well-being
(e.g., Baumeister & Leary, 1995; Reis et al., 2000; Ryan & Deci,
2000). We suspect that these smaller-than-expected effects may
be due to the operationalization of the key variables. Thus, for
example, the operationalization of social time likely did not capture many of the small but enjoyable instances of socializing when
people are sharing food with others, spending a day with their family and kids in the park, or casually chatting with colleagues at
work. Additionally, the predictor and outcome were referencemismatched: happiness was measured only for a small subsample
of three episodes, whereas socializing time was calculated based
on all reported episodes across the past 24 h. Despite the statistically small effects we detected, the curvilinear effect proved to
be theoretically significant, explaining one quarter as much variance as the linear effect. The effect also proved to be practically significant, with almost one thousand individuals falling into the
category of people who spent more than 2.5 h socializing.
In sum, Studies 1 and 2 provided initial evidence for the presence of curvilinearity in the relationship between social time and
well-being in large nationally representative samples (with a combined size of more than 250,000 individuals). But in these studies,
we were limited, of course, to using the provided measures, which
provided somewhat imprecise operationalizations of both social
time and well-being. In addition, the available measures in those
studies did not allow us to test the proposed theoretical mechanisms for the curvilinear effects. Accordingly, in Studies 3a and
3b, we ran two experience sampling (ESM) studies, which, albeit
much smaller than Studies 1 and 2, allowed us to obtain more precise measures of social time and subjective well-being while also
measuring social need satisfaction in order to explore the proposed
theoretical mechanisms. In Study 3a, we focus on testing the principle of diminishing satisfaction, whereas in Study 3b we focus on
testing the principle of satisfaction limits.

4. Study 3a: Experience sampling
In Study 3a, we conducted a week-long experience sampling
study, polling participants five times a day, thus sampling experiences over a larger period of time than in Studies 1 and 2. We operationalized time spent socializing by deriving an objective
composite of the proportion of episodes participants reported
socializing over the week. For each episode, we also measured
mood (feeling good vs. bad) and relatedness (feeling close to others
vs. feeling distant from others). The inclusion of this relatedness
measure provides us with the opportunity to test the proposed
intra-domain mechanism: the principle of diminishing satisfaction.
Based on the principle of diminishing satisfaction, we would
expect that as people spend ever greater proportion of their time
socializing, they would reap ever lower returns for relatedness—a
domain-specific outcome; this diminishing satisfaction of social

needs should, in turn, at least partially mediate any curvilinear
effect between social time and overall weakly mood. Accordingly,
we formed weekly person-level composites of relatedness,
reported specifically during social episodes and of emotional
well-being reported across all episodes.
After having established a consistent presence of a curvilinearity across larger nationally representative samples earlier, our primary goal here is to see if we can detect evidence for a mediation
by relatedness of the curvilinear between social time and wellbeing as predicted by the principle of satisfaction limits. Thus,
due to practical considerations (i.e., limited participant pool credits
in the context of this time-intensive study), we were not able to
power this study for the consistent detection of small effects as
observed in Studies 1 and 2. Specifically, sensitivity analyses indicated that our sample of 168 participants allows us to detect medium or larger effect sizes with 80% power, q = 0.21. Thus, given the
effect sizes observed earlier, this study is somewhat underpowered
to detect effects, especially the relatively smaller curvilinear
effects. Of course, as the goal of this study is to obtain measures
of higher fidelity than those available in Studies 1 and 2, it is possible that the effects would be larger, including a linear effect that
reflects existing research and theory.
4.1. Method
In total, 168 students at a public university in the U.S. participated for class credit (Median age = 18; 62.5% women). After providing informed consent, participants completed a demographic
survey. Over the following seven days, participants received five
text messages per day containing a link to a brief survey (for a
total of 35 episodes). The prompts were sent semi-randomly
within five equally divided intervals between 9 am and 9 pm,
and participants were instructed to respond as quickly as they
safely could. The survey links expired after 1 h, and each survey
was administered at least 2 h after the previous prompt to
prevent overlap. The median number of episodes reported by
participants was 25 (i.e., 71% response rate). The total number
of episodes reported across participants was 4060. Participants
reported socializing in 1550 of those episodes, or approximately
4 in 10 of those episodes.
Participants were asked to report whether in the past 15 min
they had been socializing in person (37.5% of the episodes include
socializing). For the same time period, participants reported how
they had been feeling from 1 (bad) to 7 (good), M(SD) = 4.81
(0.85); this mood measure provided our key measure of emotional
well-being. To measure relatedness, we asked people how—1 (distant) to 7 (close)—they felt to others in the past 15 min, M(SD) =
4.39 (0.72). The survey also contained filler measures (e.g., other
activities such as eating) and other measures (e.g., distraction) that
are beyond the scope of the present research. Full survey and data
are available on the Open Science Framework9 (OSF; see Table 3 for
descriptives and correlations of all measures). This study was
approved by IRB (2015043100).
4.2. Results
4.2.1. Analytic strategy
For each participant, we estimated the proportion of episodes
spent socializing out of the total number of episodes throughout
the week. We adopted this person-level approach in this multilevel
data (i.e., multiple episodes nested within person) because
episode-level analyses do not allow us to examine the role of the

9
Study 3a, materials & data: https://osf.io/ekfh8/?view_only=
6202ee3a048c4d909d62c4ead7cdde36.
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quantity of social time (as they are coded as either 1 or 0). That
said, we present both between-subjects and within-subjects correlations in Table 3.
4.2.2. Curvilinear modeling
We first predicted mood from the proportion of episodes that
people spent socializing in person (Step 1). Consistent with past
research, we found that people who socialized more felt better
on average, b = 0.40, p < .001, R2 = 0.15. Notably, the size of this
effect was much larger than observed in Studies 1 and 2, and thus,
more in line with existing theory and research (e.g. Baumeister &
Leary, 1995). We then entered the orthogonal squared term of
social time at Step 2, and found the expected curvilinear effect,
b = 0.26, p < .001, R2 = 0.07 (see Fig. 3 and Table 5 for details).
Controlling for age and gender did not explain this curvilinear
effect, b = 0.26, p < .001. Removing the three most influential
cases by leverage, Cook’s distance, and studentized residuals
also had little effect on the observed curvilinear relationship,
b = 0.19, p < .008; removing influential cases also improved satisfaction of the regression model assumptions (for details, see http://
rpubs.com/KKushlevPhD/JRP-SOM-Study3a). Thus, using a conceptually similar, but operationally different measure of social time
from Study 1 and 2, we again found evidence of a curvilinear effect.
Notably, though the effects were substantially larger than in
Studies 1 and 2, the relative variance explained by the curvilinear
effect over and above the linear effect was consistent with the
previous studies (see Table 5).
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4.2.3. Piecewise modeling
Consistent with the curvilinear model described above, the
MARS model (R2 = 0.23, GR2 = 0.20) estimated one breakpoint in
the relationship between social time and mood. As shown in
Table 6, spending up to 25% of one’s time socializing with others
in person predicted better mood, b = 0.47; people who spent more
than 25% of their time socializing experienced little further
improvement in their mood, b = 0.09 (see Table 6 for details and
confidence intervals). The majority of the sample (n = 113) fell into
this group of people who spent more than 25% of their reported
episodes socializing.
4.2.4. Principle of diminishing satisfaction
Consistent with existing theory and research, the proportion of
time spent socializing was a strong linear predictor of relatedness
during social episodes, b = 0.16, p < .001, R2 = 0.03. As predicted by
the principle of diminishing satisfaction, however, this relationship
was qualified by a significant curvilinear effect of the proportion of
time spent socializing on relatedness, b = 0.21, p = .042, R2 = 0.04.
Piecewise MARS modeling (R2 = 0.21, GR2 = 0.19) indicated a breakpoint at 39% of time spent socializing on relatedness. Thus, social
time does indeed seem to have diminishing marginal utility for
social need satisfaction as assessed by our relatedness measure.
In order to more directly test the mediational role of relatedness
in the observed curvilinear effect between social time and wellbeing, we used instantaneous direct effects through MEDCURVE
for SPSS (Hayes & Preacher, 2010). This procedure allowed us to

Fig. 3. Linear, quadratic, and piecemeal relationships between mood and proportion of episodes spent socializing in person, Study 3a (ESM). Density distribution is
represented as hexagonal heatmap, whereby the plane is divided in equally sized regular hexagons with the intensity of the greyscale indicating the number of cases observed
in each hexagon; the size of the hexagons was calibrated to the unique values of the y scales. The y-axis shows the full scale used to measure the dependent variable. The xaxis represents the time (in hours) during a 24-h period people spent socializing and communicating with others; values on the x-axis falling outside the upper Tukey fence
(i.e., value of third quintile plus 1.5  the interquartile range) are not shown so as to avoid misrepresenting the curve of the quadratic relationship. The vertical dotted line
represents the breakpoint in the piecemeal relationship, that is value of social time at which more social time no longer predicts better mood. See SOM (Fig. S3) for regular
scatterplots with density distributions and smooth best-fitting loess lines for the full range of observed values of social time. Additional plots showing robustness to removal
of influential cases are available at http://rpubs.com/KKushlevPhD/JRP-SOM-Study3a.
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quantify the indirect effect of social time on subjective well-being
through relatedness at low, medium, and high proportions of social
time. As a reminder, we use the composite of relatedness reported
only during episodes of socializing as the mediator to predict the
mood reported across all episodes during the week. This mismatching of the reference points of the mediator and the predictor
should minimize the chance of detecting spurious mediational
relationship due to nonessential collinearity between relatedness
and mood, which are normally strong covariates. We specified
curvilinear relationships from social time to both socializingspecific relatedness and overall mood (outcome), and a linear relationship between socializing-specific relatedness and overall
mood. All confidence intervals for the indirect effects were
obtained using bootstrapping with 5000 samples. All three variables were standardized to derive more interpretable measures
of effect size.
For relatively low proportion of time socializing (1 SD), adding
more social time strongly predicted subjective well-being through
relatedness, h = 0.36, 95% CI [0.11; 0.66]. Spending some time
socializing impacts subjective well-being by increasing social need
satisfaction. For medium proportion of time socializing (mean), the
instantaneous indirect effect remained significant but was about
three times weaker compared to the effect at low levels, h = 0.11,
95% CI [0.02; 0.22]. For people spending relatively high proportion
of their time socializing (+1 SD), the indirect effect became nonsignificant and even trended in a negative direction, h = –0.13,
95% CI [–0.36; 0.07]. Consistent with the principle of diminishing
satisfaction, then, we found evidence that the declining marginal
utility of social time for well-being is mediated by intra-domain
satisfaction within the social domain.
4.3. Discussion
In Study 3a, we found further evidence for the declining marginal utility of social interactions. Using ESM to provide a snapshot
of people’s socializing and emotional well-being over an entire
week, we found that those who spent proportionally more time
socializing felt happier but only to a point—after which more
socializing was not associated with feeling progressively better.
Notably, in absolute terms, both the linear and curvilinear effects
were larger in Study 3 than they were in Studies 1 and 2; in relative
terms, the curvilinear effect contributed a similar amount of additional variance explained over and above the linear effect as in
Studies 1 and 2, providing a remarkable consistency in the theoretical significance of the curvilinear effects.
Study 3a allowed us to examine and provide initial evidence for
an intradomain mechanism, the principle of diminishing satisfaction but did not allow a test of the principle of satisfaction limits,
which posits that the contribution of satisfaction within one life
domain to overall subjective well-being is limited. In the present
study, however, we did not assess overall subjective well-being
through validated questionnaires of life satisfaction and general
positive affectivity. This choice was in part due to practical considerations (i.e., limited number of participant pool credit in the context of this already time-intensive study design). Additionally, to
the extent that making people reflect on how satisfied they are
with their life at baseline could have colored the way they answer
the primary ESM measures of mood (c.f., Schwarz, 1999), the primary goal of the present study—to obtain as accurate as possible
measure of mood in order to estimate accurate effect sizes and test
the intradomain mechanism—could have been compromised. But
for a test of the principle of satisfaction limits, we need to examine
whether as time spent socializing increases, the satisfaction of the
social need of relatedness has a declining marginal utility for general well-being (e.g., life satisfaction, general positive affect). Thus,
focusing on testing the principle of satisfaction limits, in Study 3b

we use the same ESM design as Study 3a while also including validated measures of subjective well-being at baseline.
5. Study 3b: Experience sampling
In Study 3b, we conducted the same experience sampling study
as in Study 3a, measuring mood, relatedness, and the occurrence of
socializing five times a day over one week. Going beyond Study 3a,
people also provided measures of general well-being at baseline,
allowing a test of the interdomain mechanism proposed by the
principle of satisfaction limits. As in Study 3a, sensitivity analyses
indicated that the sample of 174 participants in the present study
allowed us to detect medium or larger effect sizes with 80% power,
q = 0.21. Thus, this study is again somewhat underpowered to
detect effects, especially the relatively small curvilinear effects
on general well-being outcomes, such as life satisfaction and general positive affect. That said, after having established a consistent
presence of a curvilinearity across larger nationally representative
samples earlier, our primary goal here is to see if we can detect
moderation by social time of the relationship between relatedness
and general well-being.
5.1. Method
In total, 174 students at a public university in the U.S. participated for class credit (Median age = 19; 54.6% women). After providing informed consent, participants completed a baseline
survey, which included measures of life satisfaction, M(SD) = 3.67
(0.78) (Satisfaction With Life Scale; Diener, Emmons, Larsen, &
Griffin, 1985) and positive affect, M(SD) = 3.79(0.60) (SPANE;
Diener et al., 2010); both were assessed on 1-to-5 point scales.
Additionally, we measured the Big Five personality traits on a 7point (1-Strongly Disagree; 7-Strongly Agree) using items from the
Ten-item Personality Inventory, TIPI (Gosling, Rentfrow, & Swann,
2003): extraversion, M(SD) = 4.60(1.24), a = 0.88, agreeableness,
M(SD) = 4.88(.89), a = 0.66, conscientiousness, M(SD) = 5.02(0.97),
a = 0.69, openness, M(SD) = 4.90(0.79), a = 0.51, and neuroticism,
M(SD) = 3.56(1.08), a = 0.74. As each item of the TIPI contains
two personality words (e.g., e.g., extroverted, enthusiastic), we
split those into separate items in order to be able to obtain estimates of internal consistency (i.e., Cronbach alpha). Extraversion—the most relevant personality trait to the present
investigation—showed good reliability. Intercorrelations are available in Table 4.
Over the seven days following the baseline survey, participants
received five text messages per day containing a link to a brief survey. The procedure and episodic measures were identical to Study
3a (see Table 4 for means and standard deviations and correlations). Full survey and data are available on OSF.10 This study was
approved by IRB (2015043100).
5.2. Results
5.2.1. Principle of satisfaction limits
We found the expected linear relationships of social time with
general positive affect, b = 0.22, p = .003, and with life satisfaction,
b = 0.24, p = .002. We observed the expected negative curvilinear
trends for general positive affect. b = 0.11, p = .150, and for life
satisfaction, b = 0.08, p = .281 (see Fig. 4); though larger in absolute terms than the effects observed in Studies 1 and 2 (see Table 5),
these curvilinear effects did not reach statistical significance. As
statistical significance can be a misleading indicator of curvilinear10
Study 3b, materials & data: https://osf.io/2u7hv/?view_only=77fa18cc
0bd44138a1eacd5ead5c9865.
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Fig. 4. Linear, quadratic, and piecemeal relationships of proportion of episodes spent socializing with general positive affect (left panel) and life satisfaction (right panel),
Study 3b (ESM). Density distribution is represented as hexagonal heatmap, whereby the plane is divided in equally sized regular hexagons with the intensity of the greyscale
colors indicating the relative number of cases observed in each hexagon; the size of the hexagons was calibrated to the unique values of the y scales. The y-axis shows the full
scale used to measure the dependent variable. The x-axis represents the percentage of episodes over one week during which people socialized with others in person; values
on the x-axis falling outside the Tukey fences are not shown so as to avoid misrepresenting the curve of the quadratic relationship. The vertical dotted line represents the
breakpoint in the piecemeal relationship, that is value of social time at which more social time no longer predicts higher subjective well-being. See SOM (Fig. S4) for regular
scatterplots with density distributions and smooth best-fitting loess lines for the full range of observed values of social time.

ity in a relatively underpowered study, we turn to the nonparametric MARS, which indicated a breakpoint of 64% of time spent in
social episodes for general positive affect (R2 = 0.06, GR2 = 0.04)
and a breakpoint of 41% for life satisfaction (R2 = 0.06, GR2 =
0.03). Notably, the majority of the sample fell into these categories
of people (see Table 6). Overall, we find consistent but statistically
inconclusive patterns for the presence of curvilinearity.
The key purpose of the present study was not to establish the
presence of curvilinearity, but rather to explore whether the relationship between relatedness and general measures of subjective
well-being is moderated by the amount of social time. In other
words: Does the relationship between relatedness and overall subjective well-being become increasingly curvilinear as people spend
more time socializing? To answer this question, we use the following regression equation: y = a + b1x + b2x2 + b3m + b4mx+ b5mx2,
where x is relatedness and m is social time; the critical test of
hypothesis is provided by b5, the coefficient for the moderation
by social time of the curvilinear relationship between relatedness
and the well-being outcome (y). Using this equation, we find
evidence for a moderated curvilinear relationship between
relatedness and general positive affect, b = 0.42 (0.21), p = .046
(b = 0.14, R2 = 0.02). As predicted by the principle of satisfaction
limits, the relationship between relatedness and general positive
affect grows increasingly weaker as the time spent socializing
increases (see Fig. 5). This interaction seemed robust to removal
of the most influential cases (see http://rpubs.com/KKushlevPhD/
JRP-SOM-Study3b-PA for details). As shown in the perspective plot
(Fig. 5), the data seem to suggest that the least happy people are
those who spend a great amount of their time in face-to-face social
interactions, yet do not feel related to others. In contrast, the
happiest people seem to be those who spend relatively little time
socializing with others, yet feel a strong sense of relatedness.
When predicting life satisfaction in the same equation, we also
found evidence consistent with the principle of satisfaction limits,
b = 0.54 (0.28), p = .057 (b = 0.14, R2 = 0.02), though this test did
not reach conventional levels of statistical significance (see http://
rpubs.com/KKushlevPhD/JRP-SOM-Study3b-LS for details and
plots). Overall, while underpowered, the present study seems to

be consistent with the predictions of the principles of satisfaction
limits.
5.2.2. The principle of diminishing satisfaction: Replication
Unlike in Study 3b, we did not detect a curvilinear effect on
mood as measured at the episodic level in this sample (Table 5).
Thus, we proceeded to test whether there may be any mediation
of the curvilinear trend between social time and general positive
affect. As before, we used instantaneous direct effects through
MEDCURVE for SPSS (Hayes & Preacher, 2010) to explore whether
the observed mediational pattern in Study 3a would withstand this
stronger test. Indeed, for those socializing relatively little on average (1 SD), socializing more predicted greater subjective wellbeing through greater relatedness, h = 0.16, 95% CI [0.01; 0.31].
For those socializing at medium levels (mean), socializing had a
somewhat weaker effect but still significant effect, h = 0.11, 95%
CI [0.03; 0.21]. For people socializing a great deal (+1 SD), the indirect effect reduced further and, again, became statistically nonsignificant, h = 0.07, 95% CI [0.07; 0.23].
5.2.3. Personality traits
As shown in Table 4, social time was positively associated with
extraversion, providing reassurance of the validity of our measure
of social time. Openness was the only other personality trait that
was positively associated with our measure of social time. In contrast, none of the five personality traits was associated with the
orthogonalized curvilinear term. We proceeded to explore whether
curvilinearity may depend on extraversion. For example, it is possible that people high in extraversion may have a higher saturation
point, at which social time is no longer beneficial for their wellbeing (compared to more introverted individuals). Extraversion,
however, did not moderate the curvilinear effect of social time
on general positive effect, b(SE) = 0.13(0.57), p = .827, life satisfaction, b(SE) = 0.53(0.74), p = .479), or mood, b(SE) = 0.69(0.79),
p = .383. In contrast, extraversion did moderate the linear relationship between social time and mood, b(SE) = 0.47(0.23), p = .043;
predictably, the linear effect was stronger for those high in
extraversion (+1SD above the mean), b(SE) = 1.75(.47), p < .000,
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Fig. 5. The relationship between relatedness and general positive affect is moderated by social time. The relationship between relatedness and general positive affect is
represented as a simple interaction plot at high and low levels of social time (left plot), as well as a perspective plot demonstrating the exact nature of the interaction. The
specified model met all regression assumptions and the plotted relationships were robust to excluding for the most influential cases. Additional details, including interactive
plots are available on Rpubs: http://rpubs.com/KKushlevPhD/JRP-SOM-Study3b-PA. The plots for the nonsignificant interaction effect on life satisfaction are available at
http://rpubs.com/KKushlevPhD/JRP-SOM-Study3b-LS.

than for those low in extraversion (1SD above the mean), b(SE) =
0.59(.40), p = .140. Interestingly, we found no moderation by
extraversion of the relationship of social time with general positive
affect, b(SE) = 0.09(.17), p = .582, or with life satisfaction, b(SE) =
0.09(0.22), p = .689.
5.3. Discussion
Study 3b provided support for both the intra-domain and interdomain mechanisms for the diminishing marginal utility of social
time for well-being. According to the principle of satisfaction limits, people should reap progressively lower benefits for overall
well-being of satisfaction within a single life domain. Indeed, for
those highly engaged in social activities, relatedness became less
strongly predictive of overall subjective well-being. It is also notable that the curvilinear effect of social time on mood was inconsistent with the rest of the patterns observed both in this study and in
the previous studies. Of course, as this is a relatively small sample,
this effect on mood—as well as all other curvilinear and interaction
effects reported—need to be interpreted with caution. Indeed,
curvilinear effect, which can be particularly sensitive to outliers,
influential cases, and mean levels, can be expected to become
unstable in small samples. For example, we observed a notably
higher mean level of percentage of social episodes in this study
compared to the one observed in Study 3a, which, we suspect,
may be due to the different times of the academic year when the
data were collected for each study. Still, taken together, the evidence of Study 3b seems to be consistent with the patterns
observed in our earlier well-powered studies.
6. General discussion
Across four studies and a variety of measures and methodologies, we found consistent evidence that time spent in social activities has declining marginal utility for subjective well-being. We
found evidence for a curvilinear relationship, such that social time
is beneficial for subjective well-being only up to a point, beyond
which more social time is associated with no additional gains. In
Study 1, people across 166 nations who spent more than three

hours a day with their family and friends experienced no higher
positivity of their daily experience. In Study 2, respondents in a
large U.S. sample showed a similar curvilinear pattern for the time
they spent actively socializing with others over the past day, with a
similar breakpoint of two and a half hours. In Study 3a, students
who spent more than 25% of their time socializing over a week
did not experience any better mood compared to their peers. In
Study 3b, we did not replicate this effect on mood, but we found
some evidence for curvilinearity between social time and more
general measures of well-being, including life satisfaction and general positive affect. Though these effects in Study 3b did not reach
statistical significance, nonparametric segmented modeling indicated breakpoints at 64% and 41% for positive affect and life
satisfaction.
Based on theories of the balanced life (e.g., Sirgy, 2012; Sirgy &
Lee, 2018; Sirgy & Wu, 2009), we also explored two possible mechanisms to explain the observed diminishing returns of social time
for well-being. In Study 3a, we found evidence that people who
spent a progressively greater proportion of their time socializing
reaped increasingly lower benefits for satisfying their social needs
(e.g., relatedness, sense of community). Furthermore, social time
had a progressively weaker effect on mood specifically through
relatedness. In Study 3b, we found a similar mediation by relatedness for general positive affect. This provided evidence for the
intra-domain mechanism predicted by the principle of diminishing
satisfaction, whereby people get progressively fewer returns on
subjective well-being because of diminishing satisfaction within
the social domain.
In Study 3b, we also found evidence for an inter-domain mechanism predicted by the principle of satisfaction limits, whereby the
contributions of satisfaction within a single life domain to overall
well-being is limited. In particular, we found evidence that this
principle seems to apply to time spent socializing, notwithstanding
the strong linear association between socializing and well-being
(Reis et al., 2000). To optimize well-being, then, people might want
to avoid spending too much time in any single life domain, including the social domain. Following this initial evidence into the interdomain dynamics of the diminishing returns of social time for
well-being, future research can work to explore the role of other
factors. It would be interesting, for example, to examine the
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interplay between the satisfaction of social versus psychological
needs that are primarily satisfied in other domains, such as competence at work or school (c.f., Sheldon & Niemiec, 2006). Another
factor that may play a moderator role that deserves attention in
future research is the congruence between desired and actual time
spent in social activities (c.f., Matuska, 2012; Sheldon, Cummins, &
Kamble, 2010). Based on the consistent curvilinearity we observed
across our studies, however, we suspect that even those who want
and can spend all their time in social activities may hit a plateau in
terms of the benefits they reap for their subjective well-being.
6.1. Effect sizes and significance
6.1.1. Theoretical significance
While consistent across diverse samples, methodologies, and
operationalizations, the curvilinear effects we observed were statistically small, especially in our two larger studies. Are the effects
documented here, then, of any practical and theoretical significance? The evidence seems to suggest that the effects are, indeed,
theoretically significant. First, the small statistical effects in Studies
1 and 2 should be interpreted in the context of the similarly tiny
linear effects in those studies. Indeed, a relatively flat line representing a small linear effect would be necessarily limited in how
curved it could become, at least when in the context of the predicted and observed declining marginal utility effect (i.e., a
plateauing curvilinear line). The key measure of the theoretical significance of the observed curvilinearity, of course, is not the absolute size of the effect—which is directly impacted by the fidelity of
the measures and other methodological peculiarities—but rather,
its relative size with respect to the size of the corresponding linear
effect. In Study 1, the curvilinear effect of time spent with family
and friends explained about half as much variance in positive daily
affect as the linear effect. In Study 2, where social time was operationalized by time spent socializing as a primary activity—a theoretically stronger linear predictor of well-being than simply time
spent with others—the curvilinear effect explained only about
one fourth as much variance as the linear effect. In Study 3a, where
social time was operationalized as any episode when people
engaged in socializing, even if it was not the primary activity, the
relative variance explained by the curvilinear effect was somewhere in between that of Study 1 and Study 2 (explaining about
two-fifths as much variance as the linear effect). Of course, other
differences between the methodologies and samples of these studies could have contributed to these differences, and therefore,
establishing the exact explanatory value of the curvilinear effects
compared to the linear effects needs further investigation. What
we can say with relative confidence based on the current research,
however, is that by having ignored the declining marginal utility of
social time for well-being, the field of psychology may have for
decades been ignoring a non-negligible amount of variance that
characterizes the true relationship between social time and wellbeing—a key theoretical contribution of the present work.
6.1.2. Practical significance
What about the practical significance of the observed declining
marginal utility of social time? Because some of the measures of
social time spanned presumably rather rare amounts of social time
(e.g., up to 24 h a day in Study 1), we considered the possibility that
our effects had little practical significance (e.g., impacting only the
rare individuals who spend unusually large amounts of time in
social activities). Our nonparametric segmented analyses with
MARS, however, indicated this not to be the case. In fact, we found
specific estimates of the points at which more social time stops
predicting higher well-being, which varied from 2.5 h (Study 2)
to 5 h (Study 1) and from one-fourth (Study 3a) to two-thirds
(Study 3b) of time spent socializing. In all of those cases, we
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observed a sizable proportion of the samples falling above these
critical breakpoints. Across all studies and measures, more than
half the people (55%) fell into the category of those who spent
more time socializing than the documented breakpoints; these
individuals thus likely spent at least some of their social time reaping few added benefits for their well-being. And even when taking
the more conservative estimates within each study for the individuals impacted, more than 100,000 individuals across the four studies spent more than the estimated optimal social time. If we
presume that one of those hundred thousand individuals was a
well-read social psychologist, we couldn’t have blamed them for
erroneously thinking that the social time they were spending
was not enough if their goal were to maximize their well-being.
Of course, we need not and should not take the observed breakpoints too literally: There is likely nothing magical about 2.5 h of
purposeful socializing or 3 h of time spent with family and friends.
In fact, the exact number would vary by the criterion of well-being
(e.g., affect vs. life satisfaction), the exact nature of the social time
(e.g., with whom, where, when), as well as by myriad other factors,
such as personality traits (e.g., extraversion), societal norms and
expectations, and so forth. Although we did not find the curvilinear
effects to be moderated by extraversion, Study 3b where we tested
for this interaction was underpowered to detect such interactions,
thus warranting further investigation of this possibility. While we
hope researchers will explore the role of such factors in qualifying
the optimal time to spend with social partners and in social activities, we would caution against trying to provide ‘‘user-friendly”
estimates of optimal time that the media would love, potentially
misleading the public. Taking our own advice, we note that the
key lesson from our segmentation analyses is not in providing
the exact optimal number of hours to socialize, but rather, in showing that the declining marginal utility of social time for well-being
is far from a rare oddity; in reality, this curvilinearity seems to be a
wide-spread phenomenon, impacting a sizable proportion of, if not
the majority of, the population.

6.2. Implications
The present research has broader implications for the optimal
ways to pursue greater happiness. A number of researchers have
suggested that people can enhance their subjective well-being
simply by restructuring their time so that they spend more time
in rewarding activities—with socializing as the prime example
(e.g., Kahneman et al., 2004; Lyubomirsky et al., 2005; Sheldon &
Lyubomirsky, 2006). The present findings show that such recommendations are qualified by an important caveat: Reallocating
one’s time to social activities would only increase happiness for
those who are not already spending a great amount of time in
social activities to begin with. For those who already spend a good
amount of time socializing, however, spending even more time in
such activities might fail to produce the desired and expected
boost to subjective well-being. In fact, the principle of satisfaction
limits suggests that those who already spend much of their time in
social activities might benefit not so much from more socializing,
but rather from spending more time in other activities, even those
considered less pleasurable such as working. Currently, many
existing interventions designed to increase subjective well-being
advise people to engage in more social interactions and invest
more time in their relationships (e.g., Kushlev et al., 2017;
Lyubomirsky & Layous, 2013; Quoidbach, Mikolajczak, & Gross,
2015; Seligman, Steen, Park, & Peterson, 2005; Sin &
Lyubomirsky, 2009). Our findings suggest that rather than making
such sweeping recommendations, these interventions need to first
take into consideration the balance between social and other activities in people’s lives (c.f., Sirgy & Wu, 2009).
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The present findings also have implications for research, and in
particular, how psychological researchers analyze and interpret
data on the subjective well-being benefits of social life. First, rather
than assuming that the presence of a linear effect indicates that
more social time is progressively better for subjective well-being,
researchers should first explore the presence of curvilinear effects.
Similarly, experimental researchers seeking to explore the effects
of increasing social interaction should examine moderation by
baseline levels of social interaction. More generally, researchers
should be careful in how they interpret their findings, staying away
from sweeping statements about the benefits of social interaction.
6.3. Limitations
6.3.1. Correlation is not causation
Despite the consistent evidence for curvilinearity we observed
using a triangulated multi-method approach, the present research
is limited in several ways. First, because our studies are correlational, we cannot draw any strong conclusions about the effects
of increasing or decreasing social time on well-being. We found
that the effects held when controlling for multiple demographic
and other factors, but it is not possible to rule out all potential confounds. The reverse direction of causality is also a possibility. For
example, people who are depressed might be more likely to spend
time at home with their family; thus, even if some individuals continue to reap benefits of ever more time spent with their family
and friends, such depressed individuals might have effectively flattened the relationship between well-being and family time in
Study 1. It is also possible that people who feel less happy seek
to enhance their subjective well-being by socializing more, again
flattening the relationship at higher levels of social time (Studies
2 & 3). Notably, however, these two possibilities seem to be somewhat at odds with one another—people who stay at home a lot
with their families are probably not the ones that spend the most
time socializing. Thus, the consistent findings across measures and
methodologies speak in favor of the theorized direction of causality. The reverse direction of causality is also difficult to explain in
view of the mediation and moderation effects we documented, as
predicted by the principles of diminishing satisfaction and the
principle of satisfaction limits. At the very least, then, the reverse
direction of causality does not seem to offer the most parsimonious
theoretical reason for the observed effects (c.f., Epstein, 1984). Still,
future research could explore causality more directly by trying to
manipulate the amount of time people spend in social interactions.
This is not to say that experimental designs are inherently better
than the approach adopted here: Experimental studies would, in
general, have limitations of their own compared to the present
studies, such as limited external validity, sample size, and population representativeness.
6.3.2. Between-subjects versus within-subjects curvilinearity
Another limitation of the present study is that the effects we
observed are solely based on between-subjects comparisons. These
between-subjects comparisons are ideal for testing the principle of
satisfaction limits, which predicts curvilinearity between social
time and general measures of well-being; that is, measures unlikely to vary meaningfully within-persons on a daily basis. Though
such between-subjects comparisons can and did seem to capture
the processes postulated by the principle of diminishing satisfaction, however, these intra-domain processes map better theoretically on within-subjects variations in social time. Thus, it would
be important to see whether social time has declining marginal
utility for well-being for individuals as they socialize more or less
across different days.
At a first glance, it seems like our Study 3a could be positioned
to explore such within-subjects effects because each person

reported their well-being during multiple episodes. Other design
characteristics of this study, however, prevented us from exploring
within-subjects curvilinearity. Although we estimated the deconflated within-subjects effects (Table 3a), these effects can only be
interpreted as the effects of socializing or not socializing on the
good mood gained or lost during a particular episode (given people’s own averages of socializing and mood). Precisely because
we measured the presence of, rather than the quantity of, social
time at the episodic level, the within-subject curvilinear effects
in these analyses could not test the proposed curvilinear effects
of social time. Thus, we considered the possibility of creating daily
composites of social time quantity to explore within-subjects
curvilinearity. While we can reasonably assume that our measure
of socializing—the proportion of episodes socializing—was able to
capture high socializers over a period of an entire week, this same
measure likely provides a poor measure of socializing on a day-today basis. This is because participants could report a maximum of
five 15-min episodes per day, thus capturing a mere 1.25 h of people’s daily activities. In addition, we only had 7 days of withinsubjects observations. The ideal study design to test curvilinearity
due to within-subjects variations would, therefore, be a daily diary
study with full-day measures of social time measured during a sufficient number of days to allow enough variation to detect a potential within-subjects effect (e.g., a month).
Though Study 3a was not designed to test the within-subjects
curvilinearity, a closer look at Studies 1 and 2 reveals that those
studies, though relying on between-subjects analyses, could provide some indication of whether a within-subjects curvilinear
effect exists. Specifically, because these studies measured social
time during a single day in people’s lives—presumably a poor measure of stable individual differences—these two studies could be
seen as providing some initial evidence that daily variation in
social time might also be curvilinearly related to well-being. This
possibility seems even more likely when we consider that, across
both Studies 1 and 2, we observed curvilinearity in the relationship
between social time and well-being when both social time and
well-being were measured at the daily level. Despite these
glimpses of a possible within-person curvilinearity effect, future
research should explore this possibility more directly through
experimental and long-term daily diary studies.

6.3.3. Quantity versus quality of social time
We began by highlighting some of the large body of evidence on
the importance of a rich social life for well-being. The richness of
one’s social life is, of course, not determined solely by the quantity
of time, but also by its quality (as well as other factors such as the
quantity and quality of one’s social relationships; Uchida, Endo, &
Shibanai, 2012). We suspect that unlike quantity, the quality of
time spent with others might not be characterized by the same
curvilinearity with respect to well-being. In fact, a diminishing
quality of social interactions as people spend more time in social
activities may be another mechanism behind the curvilinear effects
of quantity of social time. Every moment of the initial two hours of
catching up with an old friend at dinner might bring increasing
happiness to both companions. When the dinner drags on to three,
and then four hours, however, the conversation might get less animated, the bursts of laughter a little less frequent, and the smiles a
little more contrived. At this point, both companions could perhaps
be gaining more enjoyment from solitary activities, such as
streaming their favorite shows in the comfort of their home. It is
our hope that the present investigation would prompt researchers
to further explore this interplay between the quantity and quality
of social time. In sum, as a first examination of the declining marginal utility of social time, the present research raises more questions than it answers—a fertile ground for future research.
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6.4. Coda
Aristotle advised us that true happiness can be found in the
golden mean between deficiency and excess. A quick look at the
psychological literature, however, might lead one to believe that
researchers have finally found an exception to this rule in the case
of the utility of social life for subjective well-being. Pitting the wisdom of the great philosopher against the claims made in the psychological literature, we found consistent, converging evidence
that even social life has a limited value for happiness.

Appendix A. Supplementary material
Supplementary data associated with this article can be found, in
the online version, at https://doi.org/10.1016/j.jrp.2018.04.004.
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