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Abstract

Objective The current study aimed to examine how patterns of interpersonal relational contexts (e.g., face-to-face or tech-
nology-based) and processes (e.g., initiated or accepted) relate to depressive symptomology and life satisfaction.

Methods Participants were recruited through Amazon’s Mechanical Turk (n =962 adults [52.1% female; aged 18-78; 16.4%
Non-White]). Quota sampling was used to closely match the sample demographics to that of the United States Census data.
Latent class analyses (LCA) identified classes of interpersonal relations using the Multidimensional Interpersonal Relations
Scale. Next, participants’ responses on the Beck Depression Inventory and Satisfaction With Life Scale were examined to
evaluate differences in depressive symptoms and life satisfaction across classes.

Results LCA results supported a 4-class model, in which classes were characterized by patterns of relational contexts and
processes: Class 1 (50.6%) engagement across all contexts (e.g., face-to-face) and processes (e.g., initiated); Class 2 (12.7%)
engagement across all contexts and processes except Facebook; Class 3 (24.0%) engagement in all contexts and only passive
processes; and Class 4 (12.7%) engagement in only technology-based contexts and passive processes. Membership in Classes
1 and 2 was associated with lower depressive symptomology and higher life satisfaction as compared to Classes 3 and 4.
Conclusion The findings suggest that patterns of relations differentially relate to depressive symptoms and life satisfaction.
The findings suggest that multicontextual (e.g., face-to-face and technology-based) and reciprocal relationships with friends
(e.g., initiating and accepting connections) may play an important role in the association between interpersonal relations
with life satisfaction and depressive symptoms.

Keywords Interpersonal relations - Depressive symptoms - Friendships - Social media - Face-to-face connections - Life
satisfaction

Interpersonal relationships have broad impacts on social and
psychological functioning [1, 2]. Variations in interpersonal
relational processes and contexts are related to a wide range
of psychological health outcomes, such as depressive symp-
toms and life satisfaction [3, 4]. Specifically, people who
engage in fewer interpersonal relations tend to report more
depressive symptoms [5], while those who engage with their
peers more often tend to report greater life satisfaction [6].
Interpersonal relations are multifaceted and include various

< Melissa Simone
Simon996 @umn.edu

Department of Psychology, Utah State University, 2810 Old
Main Hill, Logan, UT 84322, USA

Department of Psychiatry and Behavioral Sciences,
University of Minnesota, 2450 Riverside Ave, F227,
Minneapolis, MN 55454, USA

relational processes and contexts, thus specific patterns of
interpersonal relationships may have stronger associations
with depressive symptoms and life satisfaction. The ways in
which unique relational processes and contexts are associ-
ated with one another, depressive symptoms, and life sat-
isfaction have implications for a wide audience, including
parents, educators, health professionals, and researchers,
among others.

Recent advancements in technology have resulted in a
steady increase in the use of social media and text mes-
saging to maintain interpersonal relationships. As of 2016,
68% of all Americans report using the social media plat-
form Facebook, with 76% reporting daily Facebook use [7].
Further, between 2007 and 2012, the rate of text messaging
among American adults increased from 58 to 80% [8]. As
the contexts in which we communicate continue to evolve, it
is imperative to understand the associations between modern
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relational contexts (e.g., social media) and overall interper-
sonal relations and psychological health. Friendships rely
on reciprocal interactions; specifically, the willingness of
friends to both initiate and accept attempts to connect [2].
Similarly, face-to-face relations are associated with stronger
social ties than those developed through technology-based
engagement [9]. Thus, the extent to which individuals main-
tain reciprocal relationships and engage with their peers in
face-to-fact contexts may be associated with depressive
symptoms and life satisfaction.

Past research has found that heightened screen time (e.g.,
using computers or smartphones) is associated with poorer
mental well-being, broadly (e.g., happiness or life satisfac-
tion; [10]. Additional work has found that technology-based
relations (e.g., those maintained through social media, tex-
ting, etc.) are ultimately less rich than face-to-face inter-
actions [9]. However, research examining the impact of
technology use on overall interpersonal relational patterns
and psychological health remains inconsistent. Specifically,
while some suggest that technology-based relations provide
a context for socially anxious individuals to connect and
enhance interpersonal relations [11, 12], others suggest that
those not already engaged in interpersonal relations will rely
on technology-based relational contexts and remain other-
wise withdrawn [9, 13]. Much of this past work has concep-
tualized interpersonal relations as a single process, rather
than examining initiated, accepted, and group relations as
unique interpersonal relational processes, which may, in
part, account for differences in study findings. Thus, the cur-
rent study seeks to fill this gap in the literature by examining
the associations between unique patterns of multicontextual
interpersonal relations across relational processes and con-
texts and depressive symptoms and life satisfaction.

In sum, interpersonal relationships are related to depres-
sive symptoms and life satisfaction, where multifaceted and
reciprocal relations maintained across face-to-face contexts
are associated with better psychological health. Technology-
based methods of communicating are steadily increasing and
yet little is known about its associations with overall pat-
terns of interpersonal relationships and psychological health.
Thus, the purpose of the current study was to (1) identify
patterns of engagement within various interpersonal rela-
tions across contexts (face-to-face and technology-based);
and (2) examine whether depressive symptoms and life satis-
faction are associated with specific patterns of engagement.

Latent class analysis (LCA) allows researchers to examine
unique patterns across dimensions (e.g., technology-based
engagement) of an underlying construct (e.g., interpersonal
relations). With a latent class approach, we can examine
whether specific dimensions of interpersonal relations
(e.g., technology-based interactions) alone are associated
with depressive symptoms and life satisfaction or whether
the associations are contingent upon an overall relational
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pattern. For example, we may find that any class includ-
ing technology-based interactions is associated with higher
depressive symptomology or we may find that technology-
based interactions are only associated with heightened
depressive symptoms when other conditions in the inter-
personal relationship patterns are met (e.g., a lack of face-to-
face connections). Moreover, social network theories posit
that interpersonal relations and friendships are often formed
around shared attributes or demographic characteristics
(e.g., homophily; [14]), and thus interpersonal relational pat-
terns may vary by race, gender, and age. Thus, demographic
variables were included as covariates to determine whether
certain demographic characteristics altered the latent class
structure.

It was hypothesized that the latent classes would represent
variations in the relational processes (e.g., initiated, passive,
or group) and contextual (e.g., face-to-face or technology-
based) patterns. Because past research has highlighted the
importance of reciprocal relationships and face-to-face
connections, it was hypothesized that individuals in classes
characterized by relational patterns that include recipro-
cal relationships with friends and face-to-face interactions
would report lower depressive symptoms and higher life sat-
isfaction than those in classes characterized by technology-
dominated relations and/or non-reciprocal engagement (e.g.,
not initiating connections with friends).

Method
Procedures

A convenience sample of participants was recruited from
Amazon’s Mechanical Turk (MTurk), an online data col-
lection tool. Quota sampling was used to closely match
the demographics of the study sample to that of the United
States. Participants were first directed to a page containing
a brief description of the study, the voluntary nature of their
participation, as well as any and all steps taken to ensure
their safety, privacy, and confidentiality. After reading the
brief description and protections, participants who were still
interested in participating in the study provided informed
consent by selecting a radio style button, which served as
an electronic signature. After providing informed consent,
participants were redirected to the survey. The study and
study procedures were approved by the Institutional Review
Board at Utah State University.

Sample
Nine hundred and sixty-two people participated, of which

the majority were female (51.2%), European American
(83.6%), and Non-Latino/Hispanic (93.2%). The sample
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age ranged from 18 to 78 years (M =35.6, SD=10.9).
Overall the sample was well educated, with 39.3% of the
sample having achieved a Bachelors degree. The sample
demographics and descriptive statistics are provided in
Table 1. Of note, the sample reports mild mood distur-
bances (M =12.43, SD =15.36), which suggests that the
sample reports mood disturbances slightly above those
considered normal without exceeding the clinical thresh-
old [15]. One additional study, which focused on scale
development and validation, has been published using the
analytic sample included in the present study (reference
masked for review), and thus the focus of the current study
is significantly different from past research using the data.

Measures

Demographics

Participants completed a demographics questionnaire. The
scale included information about participant’s age, gender

identity, race, ethnicity, and educational attainment.

Table 1 Participant demographics

Variable Statistics
Age M=35.54 (SD=10.88)
MIRS M=2.12 (SD=0.50)

M=12.43 (SD=15.36)
M=23.00 (SD=17.53)

Beck Depression Inventory

Satisfaction with Life Scale

Gender
Male 48.4%
Female 51.6%
Race
European American 83.6%
African American/Black 7.4%
Asian 6.1%
Native American or Alaskan Native 0.4%
Native Hawaiian or Pacific Islander 0.1%
Biracial/multiracial 2.4%
Ethnicity
Latino/Hispanic 6.8%
European American/Non-Latino 93.2%
Education
High school/GED 28.4%
Associates degree 16.1%
Bachelors degree 29.4%
Masters degree 10.7%
Doctoral degree 1.8%
Trade or vocational degree 2.4%
Other 1.0%

N=962

MIRS multidimensional interpersonal relations scale, M mean, SD
standard deviation, GED general educational development

Multicontextual Interpersonal Relations Scale (MIRS)

Participants responded to the 14-item MIRS, which meas-
ures modern interpersonal relations processes and contexts
[16] on a 4-point scale, ranging from O (very unlikely) to
3 (very likely). The scale captures several relational pro-
cesses: initiated relations (e.g., hanging out with a friend in
your own home), accepted relations (e.g., hanging out at a
friend’s house), and group relations (e.g., going to a party),
which can be maintained through several relational contexts:
face-to-face, social media, text messaging, and phone calls.
The MIRS showed good internal consistency in the present
study (a=.90).

Consistent with other studies that apply LCA, the deci-
sion to dichotomize the MIRS data was made to allow for
more interpretable results and response probability plots
(e.g., [17-19]). To this end, the responses “very unlikely”
and “unlikely” were transformed into an “unlikely” category
(0); whereas, “likely” and “very likely” were transformed
into a “likely” category (1). After dichotomizing the data,
the LCA results were essentially the same as those obtained
with the original 4-point scale. We therefore present the
results for the dichotomized data. Scale items and their
associated response probabilities are presented in Table 2.

Depressive symptoms

The Beck Depression Inventory (BDI; [15]) was used to
measure participant’s symptoms of depression. The BDI
was rated from O to 3, as described in terms of severity for
each item, such as mood or sleep disturbance. Due to a tech-
nical error, the BDI as used in the present study contained
20 items rather than 21. The missing item measured recent
changes in the participant’s interest in sex. The reduced
20-item BDI version showed acceptable internal consistency
in the present sample («=.85).

Satisfaction with Life Scale

The 5-item Satisfaction with Life Scale (SWLS; [20]) was
used as a measure of global life satisfaction. Sample items
include “In most ways my life is close to ideal,” and “If I
could live my life over, I would change almost nothing.”
Participants responded to each item using a 7-point scale,
ranging from O (strongly disagree) to 7 (strongly agree). The
SWLS showed good internal consistency among the current
sample (a=.93).

Statistical analyses
LCAs with one to eight classes were conducted on the

14-item MIRS using Mplus statistical software [21] to iden-
tify subgroups of participants who show distinct patterns of
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Table 2 Multicontextual interpersonal relations scale items and
response probabilities for the full analytic sample

MIRS item Response
probability
(SE)
Initiated relations
6. Initiate plans with friends .72 (.01)
11. Hang out with a friend in your own home 79 (.01)
10. Call a friend to talk® .58 (.02)
8. Initiate text message conversations with friends* .82 (.01)
9. Initiate Facebook conversations with friends® .63 (.02)
Accepted relations
4. Respond to a Facebook message® .85 (.01)
5. Respond to Facebook comments from friends® .83 (.01)
2. Respond to text messages from friends® .96 (.01)
3. Answer a phone call from a friend* .92 (.01)
7. Follow through with plans you made .97 (.01)
1. Hang out with friends if they invite me over .89 (.01)
Group relations
12. Hang out with friends at a social outing .86 (.01)
13. Go to a party you were invited to .80 (.01)
14. Hang out with friends in a public space .90 (.01)

SE standard error

#Technology-based relational contexts

interpersonal relational processes (initiated, accepted, and
group) across relational contexts (face-to-face, social media,
text messaging, and phone calls). Individuals were grouped
into unique classes based on their responses to the items of
the MIRS. For example, there may be a class of individuals
who only accept relations within technology-based contexts
and who are also unlikely to engage in initiated or group
relations.

In the estimation of each model, we used 800 sets of
random start values along with 50 initial stage iterations
to ensure that the model estimates were not based on local
maxima of the likelihood function. Each model was run a
second time with 50 iterations and two times the random
start values, to ensure that the best log-likelihood values
were still obtained. Model fit was assessed using a variety
of indices as recommended by Nylund et al. [22]: Bayesian
Information Criterion (BIC), sample-size adjusted Bayes-
ian Information Criterion (aBIC; [23]), parametric bootstrap
likelihood ratio test (BLRT; [24]), reductions in —2 Log-
Likelihood (—2LL), and entropy. When comparing mod-
els, lower BIC and aBIC imply better model fit, and models
with higher —2LL values are preferred. The BLRT uses a
parametric bootstrap approach to estimate an empirical p
value for testing a model with k classes against the k— 1
class model. Each model included 300 bootstrap draws with
150 random starts to ensure that the BLRT estimates were
based on global maxima of the likelihood function. Finally,
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a higher entropy value indicates better model fit and suggests
that the latent classes are distinct from one another.

Next, we examined possible relationships of the identi-
fied classes with demographic variables in an LCA with
covariates. Specifically, gender (male/female), race (White/
Non-White), and age (years) were included in the LCA as
covariates. The current study tested covariates directly in the
class model. This approach was selected because past quan-
titative studies have shown that it performs better than other
forms of LCA covariate analyses [25]. Specifically, when
the LCA is run with covariates included in the model, class
membership retains a latent structure, classification errors
are avoided, and possible direct effects of covariates on indi-
cators and changes to the model structure can be examined
when covariates are entered [25].

An LCA with covariates included in the model was also
applied to examine the extent to which class membership
was associated with depressive symptoms and life satisfac-
tion. In a separate set of analyses, which aimed to examine
the mean differences in depressive symptoms scores, an
LCA analysis was conducted wherein, the mean depressive
symptoms or life satisfaction scores were allowed to vary
across latent classes. In a second step, models were con-
ducted with equal mean depressive symptom reports across
classes and a log-likelihood difference test was examined to
determine whether the model with equal or unequal depres-
sive symptom mean scores across classes fit the data better.
The same process was done to examine mean differences in
life satisfaction across latent classes.

Results

Results from the eight LCAs supported different class solu-
tions according to different measures of model fit. Model
fit information for all models are presented in Table 3. Two
indices of fit, —2LL and entropy, supported a 4-class solu-
tion. Specifically, while the AIC, BIC, aBIC, and BLRT
indices of fit supported solutions with a higher number of
classes (ranging from 5 to 8), solutions with more than 4
classes contained classes that were structurally similar to
those found in the 4-class model. For example, the 5-class
solution included an additional class that was essentially a
variation of class 3 within the 4-class solution. This finding
is consistent with the reduction in entropy values from .86
to .83 when moving from a 4- to 5-class solution, which
indicates that the 4-class solution is better able to differenti-
ate between classes. Moreover, reductions in —2LL began
to taper in the models with more than 4 classes (see Fig. 1).
Thus, the 4-class solution was determined to be the best
model to represent the sample response pattern probabilities.

Average class assignment probabilities for the most likely
class ranged between .88 and .95 in the 4-class solution,
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Table3 Model fit comparisons Model Log-likelihood BLRT p aBIC BIC AIC Entropy
across 1- to 8-class LCA
solutions 1-Class —5705.6 NA 11463.0 11507.4 11439.3 NA
2-Class —4815.8 .001 9738.6 9830.8 9689.6 .85
3-Class —4567.4 .001 9297.2 9437.0 9222.8 .86
4-Class —4416.5 .001 9050.9 9238.3 8951.0 .86
5-Class —4365.5 .001 9004.2 9239.2 8878.9 .84
6-Class —4319.5 034 8967.6 9250.2 8816.9 .85
7-Class —4283.9 141 8951.9 9282.2 8775.8 .85
8-Class —4260.8 272 8961.3 9339.3 8759.9 .86
Bolded values highlight the best fitting model according to specific indices of fit
BLRT parametric bootstrap likelihood ratio test, aBIC sample-size adjusted Bayesian information criteria,
BIC Bayesian information criteria, AIC Akaike information criteria
Number of classes indicating good reliability of the class assignments in this
{ 5 3 4 P 6 ; 8 model. The entropy value of 0.86 suggests a clear deline-
o 4200 ation of the latent classes [26, 27]. The conditional prob-
% -4400 abilities of the “likely” category for each of the 14 items
z -4600 in the MIRS in the 4-class solution are presented in Fig. 2.
S 4800 Class 1, labeled the “Multicontextual Reciprocal Relations”
= -5000 class, was the largest class in the analysis (50.6%) and was
—% -5200 characterized by high probabilities of engaging in all inter-
o0 -5400 personal relational processes and contexts measured in the
S 5600 MIRS. Class 2 (12.7%) was characterized by high prob-
5800 abilities of engaging in reciprocal relational processes (e.g.,

Fig.1 —2 Log-likelihood values for 1- to 8-class LCA model solu-
tions
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3 (24.0%) had high probabilities of engaging across multi-
ple contexts (e.g., technology and face-to-face settings), as
well as lower probabilities of reporting initiated relations,
and thus Class 3 was labeled the “Multicontextual Passive
Relations” class. Finally, Class 4 (12.7%) was labeled the
“Technology-dominated Passive Relations” class, due to the
low probabilities of engaging in all forms of initiated and
group relations and face-to-face passive relations, and mod-
erate probabilities of accepting technology-based relations.

To assess potential relationships between demographics
and class membership, age, gender, education, and race were
examined as covariates in the next step of the analysis. The
4-class solution did not change in structure when the covari-
ates were added directly into the LCA model [25]. Only gen-
der was significantly related to class membership. Results
from the LCA with covariates analyses revealed significant
differences in class membership by gender. Specifically,
females had significantly lower odds (OR 0.43, p <.001)
of being classified in the Facebook Avoidant Reciprocal
Relations class (Class 2) than males. No differences in class
membership by race were identified.

Results from the LCA with depressive symptoms and
life satisfaction included as covariates in the model revealed
significant differences in class membership by depressive
symptoms and life satisfaction. Specifically, for every one-
point increase above the mean depressive symptomology
there were higher odds of being in the Facebook Avoidant
Reciprocal Relations class (OR 1.01, p <.001), Multicontex-
tual Passive class (OR 1.05, p <.001), and the Technology-
dominated Passive class (OR 1.05, p <.001) as compared
to Multicontextual Reciprocal class. Further, for every one-
point increase above the mean life satisfaction, there were
lower odds of being in the Facebook Avoidant Reciprocal
Relations class (OR 0.94, p <.001), Multicontextual Passive
class (OR 0.94, p <.001) , and the Technology-dominated
Passive class (OR 0.89, p <.001) as compared to Multicon-
textual Reciprocal class.

The results from the log-likelihood difference tests from
the LCA analyses that tested whether mean depressive symp-
toms and life satisfaction scores varied across classes high-
lighted significant mean differences in depressive symptoms
and life satisfaction between classes. As predicted, the Mul-
ticontextual Reciprocal Relations class reported the lowest
mean depressive symptoms (M =11.08) and the Technology-
dominated Passive Relations class reported the highest mean
depressive symptoms (M =22.93). The Facebook Avoidant
Reciprocal Relations class reported the second lowest mean
depressive symptoms (M =13.09), followed by the Multi-
contextual Passive Relations class (M =21.90). Further, the
Multicontextual Reciprocal Relations class reported the
highest life satisfaction (M =25.05) and the Technology-
dominated Passive Relations class reported the lowest mean
life satisfaction (M = 18.37). Finally, the Facebook Avoidant
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Reciprocal Relations class reported the second highest mean
score (M =21.95), followed by the Multicontextual Passive
Relations class (M =21.69).

Discussion

The present study aimed to examine common patterns of
modern interpersonal relational processes and contexts and
their relations to depressive symptoms and life satisfac-
tion. The results from the LCA suggest that a 4-class model
best accounts for the response pattern probabilities for the
14-item MIRS. The 4-class solution separated individuals
into groups based on patterns of engagement in various
interpersonal relational processes and contexts with high
classification accuracy, as reflected by the high entropy
value and strong average class assignment probabilities for
the most likely class membership. The results from the LCA
with depressive symptoms and life satisfaction as covariates
offer 2 important insights about the associations between
interpersonal relationships and positive psychological
health: (1) participating in a range of multifaceted interper-
sonal relational processes and contexts and (2) maintaining
reciprocal relationships. Each of the findings are discussed
below.

Consistent with previous findings [5, 6, 9], the results
from the LCA with covariates suggest engaging in multi-
faceted interpersonal relations is an indicator of depressive
symptoms and life satisfaction. Specifically, the results indi-
cate that individuals with higher depressive symptomology
or lower life satisfaction have greater odds of being placed
in a class other than the class characterized by high response
probabilities across all interpersonal relational processes and
contexts (Multicontextual Reciprocal Relations). Similarly,
membership in classes characterized by multicontextual
and/or reciprocal relations (e.g., Multicontextual Reciprocal
Relations or Facebook Avoidant Reciprocal) was associated
with lower depressive symptomology and higher life satis-
faction than membership in classes characterized by high
probabilities of technology-based contexts and/or passive
relational processes (e.g., Technology-dominated Passive
or Multicontextual Passive Relations). The results from
the current study suggest that engaging in a broad range of
relational processes and contexts is related to lower depres-
sive symptomology and higher life satisfaction. This finding
suggests that clinicians should evaluate the range of their
clients’ interpersonal relations to determine whether clients
are isolating themselves in more than one domain. Clini-
cians may seek to improve the psychological health and life
satisfaction of their clients by motivating them to participate
in a multifaceted set of interpersonal relations. Moreover,
public health initiatives should consider ways to motivate
communities to participate in a wide range of interpersonal
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relational processes and contexts to ultimately improve
depressive symptomology and life satisfaction.

Participants in classes that include face-to-face rela-
tional contexts reported lower depressive symptomology
and higher life satisfaction than those in the Technology-
dominated Passive Relations class. This finding is consistent
with previous research [10], which suggested that increased
digital screen time was associated with poorer mental well-
being. The results suggest that those who do not engage in
face-to-face relations may rely on technology-based rela-
tional contexts and remain otherwise withdrawn [9, 13], and
thus maintain poor psychological health. This finding brings
with it concerns about the steady increase in technology-
based methods of connection. Clinicians should work with
withdrawn clients to motivate participation in face-to-face
relational contexts. Additionally, public health campaigns
should focus on the important of forming and maintaining
face-to-face relations in a society where social media use and
technology-based connections steadily increase.

Finally, reciprocal interactions are essential in develop-
ing and maintaining friendship [2], and thus may play a role
in understanding depressive symptoms and life satisfaction.
The results of the current study suggest that participating
in reciprocal interactions is an indicator of psychological
health. Specifically, participants who fell into classes char-
acterized by participation in both initiated and accepted
relations classes reported lower depressive symptomology
and higher life satisfaction than did participants in classes
characterized by passive relations regardless of how multi-
faceted their passive relations were. This finding suggests
that reciprocal relationships are associated with better psy-
chological health and life satisfaction. It is possible that
individuals with higher depressive symptoms and lower life
satisfaction tend to avoid initiating relations or that indi-
viduals with weaker friendship ties maintain poorer men-
tal well-being. Clinicians may consider assessing clients’
interpersonal relation patterns with the MIRS to evaluate
the extent to which clients maintain reciprocal relationships.
Based on their assessment, clinicians may help work with
clients to develop reciprocal relationships with their friends
by developing ways to reduce potential anxiety around ini-
tiating engagement with peers.

Taken together, the findings from the current study offer
a unique class structure to examine interpersonal relational
processes and contexts that may then be used to examine the
role of interpersonal relations in understanding depressive
symptoms and life satisfaction. The current study suggests
that depressive symptoms and life satisfaction are associ-
ated with a multifaceted range of relations that include both
reciprocal interactions and face-to-face relations. The results
of the current study may be extended to clinicians and pub-
lic health efforts that aim to improve the overall depressive
symptomology and life satisfaction.

Limitations

Although the study provides support for the hypothesized
class structure of the scale, there are several limitations.
First, the current study examined a sample of well-educated
Amazon Mechanical Turk (MTurk) users. Consistent with
other studies that have used MTurk to collect data (e.g.,
[28]), the current sample included a higher percentage of
participants who have obtained an associates or bachelors
degree as compared to the general United States popula-
tion, which may limit the generalizability of the study find-
ings. However, MTurk samples have been regarded as more
representative of the general population when compared to
other common convenience samples (e.g., college students;
[28, 29]). Similarly, the current study does not include other
potential demographic covariates (e.g., income), which may
have additional implications for generalizability. As with any
convenience sampling method, the use of Amazon Mechani-
cal Turk to collect participants may introduce selection bias
and may also offer a sample that is more technology savvy
than the general population. Further, the MIRS only exam-
ines one social media outlet; Facebook. While Facebook
is commonly used, there are a wide range of social media
platforms. As such, future research should seek to extend
this research by examining the class structure and its relation
to depressive symptoms and life satisfaction with different
social media platforms. While the current study used the
BDI, a validated measure of depressive symptoms, however,
one item was missing due to a technical error. Further, the
current cross-sectional analysis does not examine the tem-
porality of the interpersonal relations and mental well-being
relationship. Longitudinal studies of the MIRS will be help-
ful in further examining whether patterns in interpersonal
relational processes and contexts influence or are influenced
by depressive symptoms and life satisfaction.

Despite these limitations, the current studies provide a
valuable contribution to the field of affective disorders. By
examining modern patterns of interpersonal relational pro-
cesses and contexts and their relation to depressive symp-
toms and life satisfaction, researchers can answer many
questions about how technology is associated with the way
we interact in our environment, and how those interactions
are related to psychological health. Future research can add
to the current findings by developing public health cam-
paigns to increase engagement in face-to-face connections
and reciprocal relations, or by examining how patterns of
interpersonal relations longitudinally influence depressive
symptomology and life satisfaction.
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