k3]
=]
2
7
<
S
)
=]
S
=
)
>
1)
[a®
)
2
2
>
o
=
2
=)
>
j=¥
o
5]
2
o
=]
3]
(=]
k]
)

=

personal use of the individual user

lely for the

=
(9]
=)
=1
Q
2]
)

)

AMERICAN
PSYCHOLOGICAL
mmw ASSOCIATION
—

| Lg
anfl
.y

A
-
r—

Emotion

© 2023 American Psychological Association

ISSN: 1528-3542

2024, Vol. 24, No. 3, 836-846

https://doi.org/10.1037/emo0001277

Social Microclimates and Well-Being

Andrea L. Courtneyl, Dean Baltianskyl, Wicia M. Fangl, Mahnaz Roshanaeil, Yunus C. Aybasz,
Natalie A. Samuels®, Everett Wetchler”, Zhengxuan Wu4, Matthew O. Jackson?> > , and Jamil Zaki!

! Department of Psychology, Stanford University
2 Department of Economics, Stanford University
3 Department of Psychology, University of California at Berkeley
4 Symbolic Systems Program, Stanford University
> Santa Fe Institute

Emotional well-being has a known relationship with a person’s direct social ties, including friendships; but
do ambient social and emotional features of the local community also play a role? This work takes advantage
of university students’ assignment to different local networks—or “social microclimates”—to probe this
question. Using Least Absolute Shrinkage and Selection Operator (LASSO) regression, we quantify the col-
lective impact of individual, social network, and microclimate factors on the emotional well-being of a
cohort of first-year college students. Results indicate that well-being tracks individual factors but also myriad
social and microclimate factors, reflecting one’s peers and social surroundings. Students who belonged to
emotionally stable and tight-knit microclimates (i.e., had emotionally stable friends or resided in densely
connected residence halls) reported lower levels of psychological distress and higher levels of life satisfac-
tion, even when controlling for factors such as personality and social network size. Although rarely dis-
cussed or acknowledged in the policies that create them, social microclimates are consequential to well-
being, especially during life transitions. The effects of microclimate factors are small relative to some indi-
vidual factors; however, they explain unique variance in well-being that is not directly captured by emotional
stability or other individual factors. These findings are novel, but preliminary, and should be replicated in

new samples and contexts.

Keywords: social networks, well-being, emotional stability, psychological distress

Supplemental materials: https://doi.org/10.1037/emo0001277.supp

Social ties are critical to emotional well-being and mental health,
especially during difficult times. People who maintain larger social
networks and who turn to friends for emotional support are able to
cope with stress more effectively (Cohen & Wills, 1985; Teo et al.,
2013; Thoits, 1986; Uchino, 2009). But our communities extend
beyond personal ties; and yet we know little about the role of the
local community in well-being. Moreover, each person resides in a
unique “social microclimate,” characterized by the dispositions and

emotions of friends and community members, and social connections
among neighbors. Although aspects of one’s microclimate are inci-
dental (i.e., unselected), these structural and ambient dispositional fea-
tures of the local community could affect well-being.

We explore this idea by examining a cohort of students during their
transition to college. In their first months on campus, students com-
monly experience dips in life satisfaction and spikes in stress, anxiety,
depression, and loneliness, relative to precollege levels (Conley et al.,

This article was published Online First October 12, 2023.

Andrea L. Courtney (2 https://orcid.org/0000-0003-1214-9649

Andrea L. Courtney and Jamil Zaki are joint corresponding authors.

This work was supported by the National Institute of Mental Health of the
National Institutes of Health (Award RO1 MH125974 to Jamil Zaki), U.S.
Army Research Office (Award 71134 to Jamil Zaki), and the National
Science Foundation (Award SES-2018554 to Matthew O. Jackson). No
potential conflict of interest was reported by the authors. The data and
code for the analyses presented here are available at https:/doi.org/10
.17605/0SF.I0/GYZJK. Because raw network nomination data are poten-
tially identifiable, reduced and preprocessed participant-level data are pro-
vided. The Open Science Framework repository is available from https:/
doi.org/10.17605/0SF.I0/GYZJK.

Andrea L. Courtney served as lead for conceptualization, data curation, formal
analysis, investigation, methodology, project administration, visualization, writ-
ing—original draft, and writing—review and editing. Dean Baltiansky served in
a supporting role for data curation, investigation, project administration, and writ-
ing—review and editing. Wicia M. Fang served in a supporting role for data

836

curation, investigation, project administration, and writing-review and editing.
Mahnaz Roshanaei served in a supporting role for conceptualization, data cura-
tion, investigation, project administration, and writing—review and editing. Yunus
C. Aybas served in a supporting role for writing—review and editing. Natalie
A. Samuels served in a supporting role for conceptualization, data curation, inves-
tigation, project administration, and writing-review and editing. Everett Wetchler
served in a supporting role for methodology and writing—review and editing.
Zhengxuan Wu served in a supporting role for methodology and writing—review
and editing. Matthew O. Jackson served in a supporting role for conceptualization
and writing—review and editing. Jamil Zaki served in a supporting role for con-
ceptualization and writing—review and editing. Matthew O. Jackson and Jamil
Zaki contributed equally to funding acquisition and supervision.

Correspondence concerning this article should be addressed to Andrea
L. Courtney, Department of Psychology, Stanford University, 450 Jane
Stanford Way, Building 420, Stanford, CA 94305, United States or Jamil
Zaki, Department of Psychology, Stanford University, 450 Jane Stanford
Way, Building 420, Stanford, CA 94305, United States. Email: acourtne@
stanford.edu or jzaki@stanford.edu



ied publishers.

is not to be disseminated broadly.

ed by the Am

ent is copy
This article is intended solely for the personal use of the individual user

SOCIAL MICROCLIMATES AND WELL-BEING 837

2014). Emotional well-being during this transition is strongly linked to
personality traits, like emotional stability and extraversion (DeNeve &
Cooper, 1998; Diener et al., 2009; Hills & Argyle, 2001; Rich &
Scovel, 1987). Social connections are also a bulwark against psycho-
logical upheaval (Helliwell & Putnam, 2004; Holt-Lunstad et al.,
2015; Kawachi & Berkman, 2001). Students who turn to supportive
peers in times of need suffer fewer mental health issues and are
more resilient to stress (Fiori & Consedine, 2013; Hagerty &
Williams, 1999; Santini et al., 2015; Teo et al., 2013; Uchino, 2009;
Uchino & Garvey, 1997; Williams et al., 2018).

Another key feature of young adults’ social lives is that they are
anchored in larger communities on campus and within the residence
hall. Young adults are motivated to grow their social networks in pur-
suit of developmental friendship, romantic, and identity goals (Barry et
al., 2016; Roisman et al., 2004). As a result, their social networks are
larger and contain a greater proportion of weak, peripheral ties relative
to later in life (English & Carstensen, 2014). Although often over-
looked, these peripheral network ties can have positive or negative
influences on well-being. Interacting with acquaintances, like neigh-
bors or classmates, increases feelings of happiness and belonging
(Sandstrom & Dunn, 2014). Moreover, some researchers have sug-
gested that mood states and well-being spread across social networks:
that the happiness or depression of friends and friends-of-friends can
rub off on us (Cacioppo et al., 2009; Fowler & Christakis, 2008;
Rosenquist et al., 2011). By contrast, having mentally healthy friends
can stave off the threat of mental health disorders (Bryant et al., 2017;
E. M. Hill et al., 2015).

However, when individuals choose their social networks—as they
do when making friends—it can be difficult to disentangle the “con-
tagion” of psychological states such as depression from ‘“homo-
phily,” or social attraction between similar individuals (Shalizi &
Thomas, 2011). Much of the existing research connecting a person’s
well-being to (indirect) network ties is limited by this alternative
explanation. By investigating communities that did not evolve
from friendship selection, one can better disentangle climate effects
from homophily. In addition, to circumvent third variable explana-
tions, one can consider tie characteristics that are unlikely to share
a common source with individuals’ well-being. Whereas a common
stressor could increase distress for all hallmates (and mimic conta-
gion), it would be unlikely to influence their personality traits.
One way to explore these community-based predictors of well-being
is through an analysis of the social microclimate—which is distinct
but complementary to a contagion analysis. Here, we relate stable,
trait-level features from an assigned dorm community to an individ-
ual’s well-being. We expect these ambient traits to contribute to the
emotional tone of the environment; but importantly, they are not
expected to be endogenous to well-being or “contagious.”

Psychologists have long acknowledged the importance of the
broader social community for human development and well-being.
For instance, ecological systems theory describes concentric layers
of relational, community, and societal influence on development
(Bronfenbrenner, 1977). Similar to these models, we estimate the
association between an individual’s well-being and concentric layers
of influence, by modeling characteristics of the individual, their
social network (i.e., peer relationships), and the social microclimate,
including hallmate characteristics and relationships among others in
their dorm.

“Social microclimates” describe the social and emotional milieu of
the environment in which a person arrives. They are distinct from

characteristics of selected communities, like friendship networks, as
microclimates reflect a person’s social circumstance. When moving
to a new city, attending a new school, or starting a new job, one
joins a community. People may choose a community based on aspects
of the social climate; but they often land incidentally in microclimates
within these communities. There is random variation in the social cli-
mate characterizing their new neighborhood or workplace, and yet this
social circumstance impacts their stress, mental health, and ability to
cope with adversity (Bronkhorst et al., 2015; Longhi et al., 2021;
Putnam, 1995).

For instance, little is known about how landing in a more or less
connected community affects well-being; but research suggests
social cohesion offers unique benefits. Densely connected commu-
nities foster a greater sense of belonging, social trust, and civic
engagement—sources of increased social capital (Putnam, 1995).
Relationships between coworkers reliably contribute to organiza-
tional climate, and reduce burnout, depression, and anxiety among
healthcare workers (Bronkhorst et al., 2015). Likewise, socially
cohesive neighborhood communities provide a source of resilience,
buffering adolescent mental health against the threat of negative
childhood experiences (Aneshensel & Sucoff, 1996; Longhi et al.,
2021). The current study combines social network and psychologi-
cal data to gain a deeper understanding of community contributors to
well-being.

The college campus provides a unique opportunity to study the
influence of social microclimates on well-being. Some aspects of
students’ social community—such as the hall within a dormitory
in which they live, and their direct hall neighbors—are not explicitly
selected, but are quasi-randomly assigned when students are placed
in university housing. Students are disproportionately likely to con-
nect with people who live near them in their dormitory (Marmaros &
Sacerdote, 2006; Oloritun et al., 2013); but even absent direct friend-
ship connections, they can still be affected by ambient features of the
social environment, or “social microclimate.” For instance, having
friends and neighbors who are empathic and emotionally stable, or
residing in a tightly knit and supportive community, could bolster
an individual’s well-being and protect their mental health, above
and beyond the personal ties they form (A. L. Hill et al., 2010a;
Rosenquist et al., 2011).

Because these aspects of microclimates are not chosen by students,
we can draw inferences about the impact of the local community on
well-being that is uncontaminated by homophily. Previous research
has leveraged random assignment to demonstrate that one’s college
neighbors affect academic performance and employment (Carrell et
al., 2009; Hasan & Bagde, 2013; Sacerdote, 2001), but this approach
has not been used to examine the influence of the local social commu-
nity on mental health. By contrast, it is challenging to dissociate friend
networks from students’ selection without having rich data on expo-
sure (Chetty et al., 2022), and thus those associations are interpreted
with greater caution.

The Present Investigation

The present investigation capitalizes on college students’ assign-
ment to housing communities to examine the influence of local
social and emotional environments on well-being. In this work,
we measured the personality traits of a large sample (N = 798) of
incoming first-year college students before they arrived on campus.
Then, midway through their first term, we assessed their emotional
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well-being (i.e., psychological distress and life satisfaction) and
social connections to peers on campus. We obtained data at both pre-
college and first-term time points from 41% of the first-year class
(N="702; N =670 included in analysis). See Table S1 in the online
supplemental materials for summary statistics and Table S2 in the
online supplemental materials for comparisons with population
demographics.

We apply LASSO regression to a collection of individual, social
network, and microclimate factors which we hypothesized could
impact a person’s well-being. This model performs variable selection
to surface the most predictive variables among the set. We subse-
quently estimate effect sizes with correlation and multiple regression
and present the results of these complementary analyses. We observe
some deviation in significance across models, but the overall pattern
of results is fairly robust to operationalization and modeling decisions.

With this approach, we identify the impact of microclimates on psy-
chological distress and life satisfaction by controlling for individual
factors and social network factors that are reliably related to well-
being. Based on prior research, we hypothesize that individual factors
(e.g., emotional stability, extraversion, family income) and social net-
work factors (e.g., network outdegree) are positively related to well-
being, and other individual factors (e.g., underrepresented minority
status) are negatively associated. We include additional individual fac-
tors (e.g., openness to experience, conscientiousness) and social net-
work factors (e.g., ego network density) as covariates, but have no
strong predictions about their relationship to well-being.

Social microclimates are rarely acknowledged by educators or
policymakers, but we hypothesize that they could nonetheless affect
students’ well-being. Key to our estimation of the microclimate are
the personality traits (empathy and emotional stability) of friends
and hallmates and the density of social connections among hall-
mates—central social actors in college students’ lives. We hypothe-
size that being surrounded by empathic and emotionally stable peers
and residing in a connected community could bolster students’ well-
being; whereas an environment with fewer of these characteristics
could feel stressful, isolated, and/or antagonistic. This is an explor-
atory analysis, but our findings add to research on community-based
resilience (Longhi et al., 2021) and emotion contagion in social net-
works (English & Carstensen, 2014; A. L. Hill et al., 2010b), and
highlight new routes through which the social community and emo-
tional environment could influence well-being.

Method
Participants

We invited all first-year students at Stanford University (N = 1,701)
to complete two online Qualtrics surveys. The first assessed their per-
sonality traits in the weeks just prior to starting college, and the second
assessed their social connections and well-being midway through
their first term on campus (Fall 2019 academic term). Seven hundred
ninety-eight participants completed the precollege survey and 862
participants completed the fall survey, yielding a total of 702 partici-
pants with responses to both measures (i.e., 41%). Our sample is pre-
dominantly from high socioeconomic backgrounds, but representative
of the target population, the first-year cohort (class of 2023), on most
demographic measures (Tables S1 and S2 in the online supplemental
materials). Study procedures were conducted in accordance with the
guidelines set by Stanford University’s Institutional Review Board,

and participants received monetary compensation for completing
the surveys.

Well-Being Measures

Our primary dependent variables are psychological distress and
life satisfaction. These composite measures are defined from trait
survey items that load mostly strongly (positive and negative) onto
a latent well-being factor derived from an independent factor analy-
sis. Using a minimum residual algorithm, we uncover six distinct
latent factors: well-being, empathy, social emotionality, political
ideology, need to belong, and narcissism. The psychological distress
composite is defined by averaging the top seven items (o. = .90) that
negatively load onto the well-being factor, whereas the life satisfac-
tion composite is defined by averaging the top six items (o= .87)
that positively load onto this factor. All items included in the final
composites have factor loadings of at least .40 and precede a mean-
ingful drop in factor loading. These composites are negatively cor-
related with each other r(698) = —.62, p < .001.

The psychological distress composite includes items from the Center
for Epidemiological Studies Depression Scale (Radloff, 1977), the
State—Trait Anxiety Inventory (Spielberger, 1983), the Rosenberg
Self-Esteem Scale (Rosenberg, 1965), and Emotion Regulation of
Other and Self Scale (Niven et al., 2011; Table S3 in the online supple-
mental materials). The life satisfaction composite combines items from
the Satisfaction with Life Scale (Diener et al., 1985), and the Subjective
Happiness Scale (Lyubomirsky & Lepper, 2012; Table 4 in the online
supplemental materials). All well-being items were measured on a scale
from 1 (strongly disagree) to 7 (strongly agree) so that they could be
included in composite measures. These items were not scaled or scored
according to validated instruments; and composites combined items
from multiple instruments. This precludes direct comparisons (e.g., of
mean values and effect sizes) between our sample and existing research
on these individual constructs. Participants missing responses to this
measure are excluded from analyses (N = 2).

Individual Demographic and Personality Factors

Participants also provided information about their demographic
background (measured during the Fall academic term) and personal-
ity traits (measured prior to the beginning of the Fall academic term),
and these items are included as covariates in models of well-being.

Demographic variables include participants’ gender, under
represented minority status, international student status, family income,
and perceived socioeconomic status. Gender was measured by having
participants select from man, woman, or other. Race and ethnicity
were measured by having participants select all that apply from:
American Indian, East Asian, Pacific Islander, Black or African
American, White or Caucasian, Hispanic or Latino/a, South Asian,
Middle Eastern, and other. Using responses to this question, we cre-
ated a binary factor reflecting participants’ underrepresented minority
(URM) status. Following Stanford’s definition of URM status
(Dashboard Definitions), all individuals who self-identified as
American Indian, Black or African American, African (specified in
“other”), Hispanic or Latino/a, and/or Pacific Islander were con-
sidered underrepresented. International student status was derived
from responses to the question “Are you an international stu-
dent?” (yes =1, no =0). Participants self-reported or estimated
their family income as: (a) $0-20K, (b) $20-40K, (c) $40-60K,
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(d) $60-80K, (e) $80-100K, (f) $100-120K, (g) $120-140K, (h)
$140-160K, (i) $160-180K, (j) $180-200K, and (k) over $200K.
Responses were coded into 11 levels.

Big-five personality variables were derived by averaging the two
items associated with each factor in the 10-Item Personality
Inventory (Gosling et al., 2012). An empathy composite variable is
derived by averaging the values of the top eight items (o = .80) loading
on a latent empathy factor (from a factor analysis on responses to the
Fall survey) which were also included in the precollege survey.
Precollege responses are used in order to derive a measure of empathy
that is uncontaminated by peer responses or campus culture. The empa-
thy variable averages responses to items from the Adults Prosocialness
Scale (Caprara et al., 2005), Interpersonal Reactivity Index (Davis,
1980%*), and Single Item Trait Empathy Scale (Konrath et al., 2018;
Table S5 in the online supplemental materials). Due to a correlation
with trait agreeableness, participants’ empathy is not included as a
covariate in the LASSO model; but direct ties’ and dorm mates’ empa-
thy are included, as described below.

Social Network Factors

To identify their peer connections on campus, participants nomi-
nated up to six undergraduate students in response to each of the follow-
ing prompts: “Who are your closest friends?,” “Who do you turn to
when something bad happens?,” and “Who makes you feel supported
and cared for?” (Morelli et al., 2017). They entered their peer’s name
into a text field, which was autocompleted with names from the entire
undergraduate student roster (N ~ 7,000). We combine all unique net-
work nominations from these three prompts into a single union graph
that represents students’ “support network’ within their community.

From the network graph, we calculate the number of connections
associated with each participant. Outdegree reflects the number of
unique nominations made by a participant, whereas indegree reflects
the number of nominations received by a participant from their peers.
Notably, outdegree has a minimum value of O (for participants who
made no nominations) and a maximum value of 18 (for participants
who nominated six unique individuals in each of the three network
prompts). By contrast, indegree has a minimum value of 0 and a theo-
retical maximum equal to the sample size minus one (e.g., theoretical
maximum for Fall term indegree = 861, implying that all other partici-
pants nominated that student as a support connection). Participants could
nominate any undergraduate student on campus, including those who
did not participate in the survey. That is, some outgoing nominations
were “lost” and not converted to incoming nominations by other partic-
ipants. As a result, mean outdegree (M = 6.62, SD = 2.45) is greater
than mean indegree (M = 3.01, SD = 2.23) in our sample.

In addition to the complete network graph, we construct an ego-
network for each participant, which includes the friends they nomi-
nated (i.e., direct ties) and links among those friends. We then estimate
the density of these ego-networks (i.e., clustering), as a measure of the
interconnectedness of one’s friend group. Ego-network density reflects
the number of nominations between one’s friends (or alters) relative to
the total number of between-friend nominations that are possible, or the
number of pairs in the network (i.e., density = N ties/[N alters x N — 1
alters]). These values range from O (no friends are connected) to 1 (all
friends are connected). To reduce the effects of sampling bias on our
calculation of density (i.e., underestimating ego-network density for
participants whose friends did not participate), we only include alters
that were also participants in the study, and assume a link between

alters if either alter in a pair nominated the other. This measure indi-
cates how tight-knit one’s friend group is, and could have implications
for their well-being (Zou et al., 2015).

Microclimate Factors

Finally, to assess the contributions of community characteristics to
students’ well-being, we derive personality variables for both direct
social ties and those living in the same hall as the participant, as well
as the density of within-hall connections. Before arriving on campus,
students submit preferences for dorm types (e.g., first-year students
only vs. mixed class), but these are not used by administrators in mak-
ing hall assignments. Whereas roommate and dorm assignments are
partially susceptible to students’ preferences, hall assignments are
not. Although halls are nested within dorms, students cannot explicitly
choose their hall—so variation among halls within a dorm is expected
to vary randomly. For this reason, we estimated the quasi-causal con-
nection between microclimates and individuals’ well-being by relying
on hall characteristics as a proxy for the social microclimate.

Tie-average emotional stability and tie-average empathy are
derived for each participant by averaging the trait values, reported
prior to students’ arrival on campus, of their nominated support
ties. These measures are calculated for alters who participated and
completed the trait surveys.

To capture these characteristics in the quasi-randomly assigned
dorm environment, part of the “social microclimate,” we average
the emotional stability and empathy for all members of one’s dorm
hall for which we have data (Mdn = 8 other participants/hall, where
halls have 9-36 students). To ensure these ambient trait variables
(i.e., traits of unconnected hallmates) are statistically independent of
the tie-average measures, we exclude traits from the participant and
any direct ties living in the same hall in this calculation.

As such, hall ambient traits reflect the characteristics of hallmates that
participants are not friends with. In our sample, there is no correlation
between ambient traits and participants’ traits (—.06 <r < —.03,
ps > .11); and correlations between ambient traits and traits of direct
ties are absent for empathy (r = —.013, p = .75) but low for emotional
stability (r= .11, p = .005)—confirming that the traits of direct ties
and other hallmates are not redundantly measured in these models.

Finally, to assess the overall interconnectedness of peers living in
one’s hall, we calculate a ratio of the number of nominations between
hallmates relative to the total number of nominations made by individ-
uals in the participant’s hall (i.e., hall-based network density).
Within-hall connections are estimated for first-year students and
upper-class students living in dorms with first-year students. There
is variability across dorms and halls in class year representation:
some are mixed-class while others contain only first-year students.
Participation was lower among upper-class students. To avoid under-
estimating hall density measures for first-year students living in dorms
with upper-class students, we operationalize the density of within-hall
connections as the proportion of nominations made by survey partic-
ipants (across all class years) that went to hallmates.

LASSO Regression to Identify Predictors of Well-Being

To identify the best predictors of well-being, we apply cross-
validated LASSO regression predicting (a) life satisfaction and (b)
psychological distress from the individual, social network, and micro-
climate factors outlined above. LASSO (Ll-norm) regression
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performs variable selection by shrinking less predictive variable coef-
ficients toward zero (i.e., dropping them from the model). This is a
conservative test of the novel microclimate factors, as it identifies
the most important subset of predictors from a set that includes indi-
vidual and social network factors known to be associated with well-
being. We further validate these relationships by testing our models
on a hold-out sample. Nonetheless, these analyses are exploratory,
and we hope the results will be replicated in independent data sets.

Data from participants who failed to report their gender (N = 1) or
reported their gender as “other” (N =15) are excluded from LASSO
regressions, as there are too few cases to accurately impute or
model data for these factor levels. Participants who made no network
nominations (N = 24), and those missing well-being (N = 2) are also
excluded from analyses, yielding a final sample size of 672 in these
analyses. With this sample size, we have 74% power to detect a
small effect of » = .10, and 97% power to detect a slightly larger effect
of r = .15. We split the data into a training (70%) and hold-out sample
(30%) in order to test model performance on unseen data. Missing
data are imputed separately for each sample using the mice package
in R (van Buuren & Groothuis-Oudshoorn, 2011). All numeric vari-
ables are standardized prior to modeling and imputed using predictive
mean matching. Binary categorical variables are imputed using logis-
tic regression, and ordered categorical variables with more than two
levels are imputed using polytomous regression.

On the training data, we conduct a 10-fold cross-validated
LASSO regression with an L1-norm penalty parameter, using the
caret (Kuhn, 2020) and glmnet (Friedman et al., 2010) packages
in R. Within each fold, the model tuning parameter (lambda) is opti-
mized, for the least mean square error, in a nested 10-fold cross-
validation. Model fit is validated on each fold using the optimized
lambda value. Next, a LASSO model is trained on the entire training
set, using the average optimized lambda value, and tested on the
hold-out sample. Mean cross-validated performance, model coeffi-
cients derived from the full training set, and hold-out performance
are reported.

On the full, nonimputed data set, we conduct pairwise correlation
and multiple regression analyses on the reduced set of predictors
selected by the LASSO regression (i.e., those presented in Tables
1 and 2). We rely on the cross-validated LASSO regression for var-
iable selection, and the ordinary least squares approach for a more
interpretable coefficient. To address nonindependence in hall-
derived microclimate variables, we run additional multiple regres-
sion analyses: including (a) one in which standard errors are clus-
tered by hall and (b) one which includes a random intercept for
the dorm. These model coefficients are reported along with the
LASSO coefficients in Tables 1 and 2.

Transparency and Openness

This study was not preregistered. The data and code for the anal-
yses presented here are available on the Open Science Framework at
https:/doi.org/.org/10.17605/OSF.I0/GYZJK (Courtney et al.,
2021). Because raw network nomination data are potentially identi-
fiable, reduced and preprocessed participant-level data are provided.

Results

We use a 10-fold cross-validated LASSO regression to identify
the individual, social network, and microclimate factors (Figure 1)

Table 1
Model Coefficients for the Reduced Set of Predictors Related to Psychological Distress

Clustered error regression Mixed effects model

Multiple regression

Correlation coefficient

LASSO coefficient

Predictor

Individual factors

—.45,[-0.52,-0.37], p < .001 —.45,[-0.52,-0.37], p < .001 —0.45, [-0.52,-0.37], p < .001

-5, [=0.56,-0.44], p < .001
—.13, [=0.2,-0.05], p < .001

—.24,[=0.31,-0.17], p < .001
—.11, [=0.19,-0.04], p = .004
—.15, [=0.22,-0.08], p < .001

—0.44
—0.07
—0.07
—0.03
—0.01

Emotional stability

Extraversion

—0.1, [-0.17,-0.03], p = .005
—0.12, [-0.19,-0.05], p < .001
—0.04, [-0.11, 0.03], p = .240
—0.02, [—0.09, 0.05], p = .486

—.1,[-0.17,-0.03], p = .006
—.12, [-0.19,-0.06], p < .001
—.04,[-0.12, 0.04], p = .284
—.03, [-0.1, 0.05], p=.519

—.1, [=0.17,-0.03], p = .006
—.12,[=0.19,-0.05], p < .001
—.04, [—0.11, 0.03], p = 238
—.03, [<0.1, 0.04], p = 479

Conscientiousness
Family income

Agreeableness
Social network factors

0.05, [—0.03, 0.12], p = .203
—0.07, [-0.14, 0.01], p = .091

.05, [-0.02, 0.12], p = .186
—.07, [-0.15, 0.02], p = .140

.05, [—0.03, 0.12], p = .209
—.07, [-0.14, 0.01], p = .094

07, [=0.01, 0.14], p = .088
—.12, [=0.2,-0.05], p = .002

0.04
—0.01

Ego-network density

Outdegree
Microclimate factors

—0.07, [-0.14, 0], p = .064

—.07, [=0.14, 0], p = .050
—.09, [=0.16,-0.02], p = .015

—.07, [-0.14, 0], p = .049
—.09, [-0.16,-0.02], p = .015

—.13, [-0.2,-0.05], p < .001
—.13, [-0.21,-0.05], p = .001

—0.03
—0.01

Hall density

—0.09, [—-0.16,-0.02], p = .015

Emotional stability (direct ties)

We report (a) the non-zero LASSO coefficients for the model predicting psychological distress. In addition to the variables presented here, the full predictor set for the LASSO regression included
gender, underrepresented minority status, international student status, openness to experience, indegree, empathy (direct ties), empathy (unconnected hallmates), and emotional stability (unconnected

hallmates). Of the reduced set of predictors, we report (b) Pearson correlation coefficients for numeric variables and point biserial correlation coefficients for binary factors, along with 95% confidence
intervals (CI) and significance. In addition, multiple regression coefficients are reported from (c) a model fitted to the reduced set of predictors, (d) an identical model which standard errors clustered

Note.

Least Absolute Shrinkage and Selection Operator.

according to the participant’s dorm hall, and (e) a mixed effects model with a random intercept for dorm. LASSO
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Table 2

Model Coefficients for the Reduced Set of Predictors Related to Life Satisfaction

Multiple regression Clustered error regression Mixed effects model

Correlation coefficient

LASSO coefficient

Predictor

Individual factors

0.35, [0.27, 0.43], p < .001

.35, [0.25, 0.46], p <.001
.18, [0.09, 0.26], p < .001
.17, 10.09, 0.25], p <.001

.18, [0, 0.35], p = .046

35, [0.27, 0.43], p < .001
.18, [0.1, 0.25], p < .001
.17, 0.1, 0.24], p < .001
.18, [0.02, 0.33], p = .023

.37, 10.3, 0.43], p < .001

.25,10.18, 0.32], p <.001
.24, [0.16, 0.31], p < .001
.03, [—0.05, 0.1], p = 471

.21, [0.13, 0.28], p < .001
—.11, [-0.18,-0.03], p = .006

0.26
0.18
0.13
0.08
0.08
—0.05

Emotional stability

Family income
Extraversion

0.18, 0.1, 0.25], p < .001
0.17,[0.1, 0.24], p <.001

0.18, [0.02, 0.33], p =.023

Gender (woman)

0.1, [0.03, 0.18], p = .006
~0.06, [—0.14, 0.01], p = .088

.1, 0.02, 0.18], p=.015

—.06, [-0.14, 0.01], p = .107

.1, [0.03, 0.18], p = .006
—.06, [—0.14, 0.01], p = .088

Conscientiousness

URM status

.04, [-0.03, 0.12], p = .236 .04, [-0.05, 0.14], p = .330 0.04, [—0.03, 0.12], p = .236
0.02, [—0.06, 0.09], p = .667

.14, [0.07, 0.22], p < .001
—.01, [-0.08, 0.07], p = .884

0.02
0.01

Agreeableness

.02, [—0.05, 0.09], p = .655

.02, [—0.06, 0.09], p = .667

International student
Social network factors

.11, [0.03, 0.18], p = .006 .11, [0.03, 0.18], p = .006 0.11, [0.03, 0.18], p = .006

.18, [0.1, 0.25], p < .001

0.11

Outdegree
Microclimate factors

SOCIAL MICROCLIMATES AND WELL-BEING 841

.04, [-0.03, 0.11], p =270 .04, [—0.04, 0.12], p =320 0.04, [—0.03, 0.11], p =270

.03, [-0.05, 0.1], p = .479
.08, [0.01, 0.16], p = .033

.08, [0, 0.16], p =.040

0.04
0.03
0.02

Empathy (unconnected hall ties)

Hall density

0.05, [—0.02, 0.12], p = .188
0.03, [-0.04, 0.1], p = .384

.05, [—0.03, 0.13], p =213

.05, [—-0.02, 0.12], p = .188
.03, [-0.04, 0.1], p= 384

.03, [<0.05, 0.12], p = .454

Emotional stability (direct ties)

We report (a) the nonzero LASSO coefficients for the model predicting life satisfaction. In addition to the variables presented here, the full predictor set for the LASSO regression included openness to
experience, ego-network density, indegree, empathy (direct ties), and emotional stability (unconnected hallmates). Of the reduced set of predictors, we report (b) Pearson correlation coefficients for numeric

Note.

variables and point biserial correlation coefficients for binary factors, along with 95% CIs and significance. In addition, multiple regression coefficients are reported from (c) a model fitted to the reduced set of

Least Absolute

predictors, (d) an identical model that clustered standard errors by dorm hall, and (e) a mixed effects model with a random intercept for dorm. URM = underrepresented minority; LASSO

Shrinkage and Selection Operator.

Figure 1
Schematic Representing the Layers of Social Factors in Well-Being

Individual factors
WIS

§ « Family income §
N -+ Emotional stability N\
. § + Extraversion N
Social network factors \\\\\\\\\\\\\\\\\\\\\
« Outdegree
« Indegree
« Ego-network density -

* Hall density
« Emotional stability (direct ties)
« Empathy (unconnected hall mates)

Microclimate factors

Note. Well-being is affected by (a) individual factors (in red/diagonal fill),
related to the person’s demographics (e.g., family income) and personality
traits, (b) social network factors (in yellow/dashed border), such as the num-
ber of supportive ties and connections among one’s friends, and (c) micro-
climate factors (in blue/solid border), including the emotional stability of
direct ties and the density of connections among hallmates. Exemplar factors
for each layer are depicted here (see the Method section for full list). See the
online article for the color version of this figure.

most associated with two sides of students’ well-being during their
first term in college: psychological distress and life satisfaction.

The model explains 29% of the variance in psychological distress
during cross-validation (averaged across folds) on the training sam-
ple (root-mean-square error [RMSE] = 0.84, R?=0.29), and 30%
when tested on a hold-out sample (30% of original data; RMSE =
0.84, R* = 0.30, lambda tuning parameter = 0.04). LASSO regres-
sion, zero-order correlation, and multiple regression coefficients
are presented in Figure 2 and Table 1 (see Figure S1 in the online
supplemental materials for the matrix of correlations among all
predictors).

Consistent with past work, much of the variance in students’ psy-
chological distress is explained by individual factors, including per-
sonality (e.g., emotional stability and extraversion) and demographic
characteristics (e.g., family income). In addition, participants with a
greater number of direct social connections (i.e., outdegree) reported
reduced distress. Some factors correlated with well-being (e.g., fam-
ily income, outdegree) are not significantly associated in multiple
regression models, indicating they may explain variance in well-
being that is redundantly explained by other covariates.

Interestingly, psychological distress is also negatively tracked by
two features of social microclimates: the density of within-hall con-
nections and the emotional stability of one’s direct connections. Hall
density represents the percentage of all connections reported by stu-
dents in a hall that went to other members of the hall, or its social



allied publishers.

ot to be disseminated br

on or one of its

This document is copyrighted by the American Psychological Associ

personal use of the individual user

solely for the

842 COURTNEY ET AL.

Figure 2

Model Coefficients for the Predictors Associated With Psychological Distress

A o1 1 B Emotional stability{ ~ ** -
' o -
0.0 Conscientiousness
-~ M Agreeableness . |
c
o© -0.1 . o
) 1 Extraversion .
= B |ndividual factors
8 02 ! Family income I Social network factors
o 1 Outdegree b M Vicroclimate factors
(9]
0 -03 |
< Ego-network density ns
- |
-04 1 Hall density AaE .
1 Emotional stability (direct ties) **.
1e-05 1e-03 1e-01 -08 -04 00 04 08
Lambda (log scale) Correlation with Psychological Distress
Note. (A) Individual, social network, and microclimate factors most predictive of psychological distress. Dashed line reflects the mean optimized lambda

value across 10 folds. (B) Zero-order correlation coefficients for the reduced set of predictors associated with psychological distress. Individual factors indi-
cated in red (black), social network factors in yellow (light gray), and microclimate factors in blue (dark gray). ns = nonsignificant. See the online article for the

color version of this figure.
*p<.05. *p<.0l. **p<.001.

connectedness. For instance, on a hall with 20% density, two of
every 10 nominations made go to hallmates; by contrast, on a hall
with 60% density, six of every 10 nominations remain within the
hall (Figure 3). Our halls range from 6% to 68% density; and impor-
tantly, although students play a role in connecting their communi-
ties, they cannot choose which hall community they land in and
yet this microclimate factor tracked their well-being. Students who
live in a hall where no one is close (i.e., 0% density) experience a
16% increase in psychological distress, relative to those in a hall
where 60% of all close relationships are between hallmates. The
hall density effect falls below the level of significance in the
mixed effects model, suggesting that a portion of the hall effect
may be attributable to variation across dorms.

This measure of hall density is partly derived from a student’s own
connections within the community. When removing participant’s
connections on the hall from our measure of hall density results
remain unchanged (see Tables S6 and S7 in the online supplemental
materials). This indicates that the connectedness of one’s commu-
nity—regardless of personal ties to the community—is associated
with psychological distress.

In addition, our model explains 24 % of the variance in life satisfac-
tion during 10-fold cross-validation (averaged across folds) on the
training sample (RMSE = 0.87, R* =0.24), and 29% when tested
on a hold-out sample (30% of original data; RMSE = 0.84, R> =
0.29, lambda tuning parameter = 0.03). Model coefficients are pre-
sented in Figure 4 and Table 2. As with psychological distress,
most of the variance in students’ life satisfaction is explained by indi-
vidual factors, like their personality (e.g., emotional stability and
extraversion) and demographic characteristics (e.g., family income).
In addition, life satisfaction increases with outdegree—the number of
supportive connections identified by the participant. Participants with
more supportive connections experience higher levels of life satisfac-
tion (Figure S2 in the online supplemental materials). Moreover, as in
the model of psychological distress, the emotional stability of direct
ties and hall density are associated with greater life satisfaction; but

these relationships are less reliably observed across different models.
Although we hypothesized that the empathy of hallmates and friends
are important predictors of well-being, we do not detect a reliable
relationship in these models (Table 2).

When we investigate the influence of ambient traits from alters 1,
2, 3, and 4+ degrees removed in the network, rather than based on
colocation within a dorm hall, results are consistent with those pre-
sented here (Tables S8 and S9 in the online supplemental materials).
The emotional stability of weak ties is associated with greater indices
of well-being (i.e., lower psychological distress and higher life satis-
faction). When modeling the individual constructs contributing to
psychological distress and life satisfaction composites (i.e., depres-
sion, anxiety, self-esteem, emotion regulation of others and self, sat-
isfaction with life, and subjective happiness), the pattern of results is
consistent (Tables S10-S15 in the online supplemental materials).
Emotional stability remains the strongest predictor in every model.
Outdegree is a strong predictor in models of both life satisfaction
components (i.e., satisfaction with life and subjective happiness);
but only emerges in the depression model contributing to psycholog-
ical distress. Critically, the primary microclimate factors, hall den-
sity and tie-average emotional stability (i.e., direct ties), emerge as
significant predictors in each of the six construct-based well-being
models.

Discussion

Here, we introduce a framework of the “social microclimate,”
demonstrating that the social and emotional qualities of a local com-
munity predict individuals’ emotional well-being. Students who
reported more supportive connections befriended more emotionally
stable peers and resided in a tighter-knit dorm environment reported
less psychological distress than peers in less connected and stable
social circles. Our results connect with prior work linking psycho-
logical distress to life circumstances and community characteristics,
like safety and trust (Lin et al., 2009; Phongsavan et al., 2000).
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Psychological Distress Is Associated With the Density of Social Connections Within One’s Hall
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(A) An exemplary network of social connections in a low-density hall and high-density hall. (B)
Histogram of the density of within-hall social connections across all sampled halls. Hall networks presented
in (A) were drawn from the highlighted bins. (C) Model predicted psychological distress for a student living
in halls of 0%, 20%, 40%, and 60% density with 95% confidence intervals.

Social environments, like a university residence hall, contain sources
of stress and support, which can toggle psychological distress up or
down (Ensel & Lin, 1991).

We replicate prior research linking well-being to the individual’s
emotional stability and extraversion (DeNeve & Cooper, 1998;
Diener et al., 2009; Hills & Argyle, 2001; Rich & Scovel, 1987).
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And unsurprisingly, demographic profiles and personality traits
explain relatively large proportions of variance in well-being

among first-year college students. For example, low-income students

Model Coefficients for the Predictors Associated With Life Satisfaction

Emotional stability 1

Family income A

Extraversion 1
Conscientiousness 1
Agreeableness A

Gender (Woman) -
International student

URM status 1

Outdegree -

Emotional stability (direct ties)

Hall density

Empathy (unconnected hall mates)

Ins

-0.8
Correlation with Life Satisfaction

-04 0.0 0.4

reported greater psychological distress during their first term of col-
lege than peers from higher-income families. Critically, we observe
no evidence for biased sampling with respect to demographic

B Individual factors
Social network factors
B Microclimate factors

(A) Estimated model coefficients, across a range of lambda values, for the reduced set of individual, social network, and microclimate factors most

predictive of life satisfaction. Dashed line reflects the mean optimized lambda value across 10 folds. (B) Zero-order correlation coefficients for the reduced set
of predictors associated with life satisfaction. Individual factors indicated in red (black), social network factors in yellow (light gray), and microclimate factors
in blue (dark gray). ns = nonsignificant. See the online article for the color version of this figure.

*p <.05.
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characteristics (Note 1 in the online supplemental materials;
Table S2 in the online supplemental materials); however, there
could be sources of selective participation (e.g., friend groups partic-
ipating together) that were not considered here.

Students have little control over their social microclimates. They
cannot select local communities that include tight-knit social
bonds, or peers who effectively cope with stress; and yet these fea-
tures affect students’ own well-being and mental health burden.
The effects of our novel microclimate variables are small and hover
around significance: a one standard deviation increase in hall density
is associated with a 3% decrease in psychological distress.
Nonetheless, it is noteworthy that microclimate factors, such as hall
density, track well-being even when controlling for better-known
individual difference factors. Moreover, considering the size of the
college student population and the growing number of students facing
a mental health crisis, even small effects can have a meaningful
impact on mental health. However, to have more confidence in the
reliability of these effects, we hope the influence of similar microcli-
mate factors will be replicated in new samples and contexts.

Our sample is notably better-educated and socioeconomically
advantaged relative to the broader population. Thus, the scale of
impact should be examined among other communities, like neighbor-
hoods, workplaces, and families. Microclimate effects could, in fact,
be strongest among young adults. Compared to older adults, the emo-
tional tone of young adults’ social networks is more negative, which
influences their own downstream emotional experience (English &
Carstensen, 2014). Moreover, microclimates are pervasive for college
students: they live, study, and socialize with their peers.

The university residence hall is a unique, constrained environ-
ment. This enabled us to analyze the effects of quasi-randomly
assigned hall features on students’ well-being; but, importantly,
this is not a controlled experiment. Hall features themselves are influ-
enced by the people living in the hall. For instance, the number of
within-hall connections could result from the personalities of hall
members, the structure of the hall, or community-building efforts
by a resident advisor—alternatives we cannot distinguish in our data.

We demonstrate that psychological distress is associated with the
density of connections in one’s residence hall—whether or not this
measure includes participants’ connections to hallmates (Tables S6
and S7 in the online supplemental materials). Nonetheless, we hope
researchers continue to explore the relationship between individuals’
well-being and their community’s density to address the following
potential explanations. Do individuals benefit simply from residing
in a well-connected community, or does it help to be personally well-
connected within the community? Or conversely, are those high in
well-being likely to drive connections within their community?
We also hope future research will explore the salutary effects of net-
work density within other local communities, and work to identify
the source of variation in network bonds.

Structural features of social networks, like size and density, may
influence mental health directly or through a variety of psychosocial
mechanisms: including access to social resources, perceived sup-
port, companionship, a sense of belonging, and stress buffering
(Berkman et al., 2000; Thoits, 2011). We do not directly test mech-
anisms in the current work, but we expect that network (e.g., outde-
gree) and microclimate factors (e.g., hall density) influence
well-being through an increase in perceived support and belonging-
ness. Social bonds within a local network reflect one aspect of social
capital and a source of resilience in the community (Longhi et al.,

2021). These effects could be partially explained by stress buffer-
ing—whereby receiving emotional support mitigates the impacts
of stress on mental health (Bolger & Eckenrode, 1991). Others’ emo-
tional stability could influence well-being through emotion or stress
contagion or interpersonal conflict (Borghuis et al., 2020).

Emotional qualities of a network are often stronger predictors than
structural qualities. For example, an individual’s daily emotions track
with the “emotional tone” of their social network, but not its size
(English & Carstensen, 2014). But structural and emotional compo-
nents are linked. Larger networks are more supportive, offering
increased access to social resources and support; but they also have
a greater proportion of support providers (Walker et al., 1993).
Densely knit networks offer greater support and reduced stress
(Thoits, 2011; Walker et al., 1993); but the effects may depend on
the emotional nature of the network. In tight-knit networks, negative
emotions could persevere and reverberate through the community.

Here we relate well-being to the size of an aggregate emotional sup-
port network, which combines friendship and emotional support ties.
Historically, these networks overlap, but not perfectly (Kitts & Leal,
2021; Walker et al., 1993). These subnetworks are correlated in our
sample (Table S16 in the online supplemental materials), so to reduce
collinearity in our models, we aggregate across them. Still, different
network types could represent distinct dimensions of social support.
In previous research, a similar “Who do you turn to when something
bad happens?” network loaded onto a latent support-seeking factor,
whereas “Who makes you feel supported and cared for?” reflected
perceived support (Williams et al., 2018). Furthermore, these subnet-
works might influence well-being via different psychosocial mecha-
nisms. For example, emotional support networks reflect the
availability of emotional and instrumental aid, whereas friendship
ties signal companionship (Walker et al., 1993). Characterizing the
granular relationships between various social networks and well-
being would be a valuable domain for future research.

Our work contributes to person-in-context theories, by demonstrat-
ing a relationship between an individual’s well-being and character-
istics of the broader social microclimate outside of their control. Both
sets of variables (i.e., hall density and friends’ personalities) contrib-
ute to the social microclimate—with direct ties reflecting the local cli-
mate in contexts of social support, and hallmates contributing to the
background microclimate. We recognize that these are only two
among many possible microclimate factors, and we highlight their
effects here as a proof of concept. This initial demonstration is prom-
ising but warrants replication and further examination into potential
mechanisms for this relationship. Moreover, future research might
consider exploring the interactions between concentric—proximal
and distal—influences on a person’s well-being over time.

Our preliminary results, alongside prior research, point toward
community connectedness as a protective factor for well-being
(Longhi et al., 2021). Community leaders might consider ways to
enhance the density of connections among their members. For
instance, they could facilitate bonding through shared experiences
or a combined focus on community-level goals, provide space for
group-sharing, or encourage one-on-one connection through partner
activities—especially if they bring together central and peripheral
members of the group or rotate pairs (Gesell et al., 2013). The pre-
sent findings validate ongoing initiatives at universities, and other
organizations, that prioritize this type of community building.

These results also complement research on the “contagion” of
emotion and well-being states in social networks (English &
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Carstensen, 2014; A. L. Hill et al., 2010b), by demonstrating that the
personalities of friends and friends-of-friends relate to an individu-
al’s well-being (see Tables S8—S9 in the online supplemental mate-
rials for analyses of first, second, third, and fourth-degree tie effects).
They also build on existing research relating romantic partners’ per-
sonality (including emotional stability) to well-being (Gray &
Pinchot, 2018), by expanding the sphere of influence to one’s inci-
dental housing community. Characteristics of network members
appear to color the ambient social environment in ways that influence
their neighbors’ well-being. Pending replication of these effects, uni-
versity administrators might consider ways to increase the supportive
nature of dorm environments so that the “microclimate” serves as a
source of mental health support, rather than stress, for vulnerable stu-
dent populations.
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