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ABSTRACT
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This study tested propositions of relational turbulence theory (RTT)
from a latent variable mixture modeling perspective. A national
sample of married individuals (N = 503) completed a
questionnaire
measuring
RTT
relationship
parameters,
experiences, and outcomes. A latent proﬁle analysis provided
support for RTT as (a) marriages were well-separated by relational
uncertainty and interdependence parameters, (b) spouses
belonging to marriages characterized by higher relational
uncertainty and interference (and lower facilitation) experienced
more biased cognitive appraisals and intensiﬁed negative
emotions within the marriage, which in turn, (c) predicted
relational turbulence. These results provide support for the
speciﬁcations and mechanisms purported by RTT and oﬀer an
alternative person-centered, rather than traditional variablecentered, approach for testing its axioms and propositions.
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Interpersonal scholars who study marriages have been informed by the wealth of programmatic scholarship on the relational turbulence model (RTM; Solomon & Knobloch,
2004) and its mechanistic extension, relational turbulence theory (RTT; Solomon et al.,
2016). RTT speciﬁes the processes that underlie relational turbulence in marriage, which
is experienced as “a global and persistent evaluation of the relationship as tumultuous,
unsteady, fragile, and chaotic that arises from the accumulation of speciﬁc episodes”
(Solomon et al., 2016, p. 518). According to RTT, two relationship parameters are essential in explaining chaotic relational states: relational uncertainty and interdependence
(Solomon et al., 2016).
The relational uncertainty parameter is a global construct indexed by three sources
(Knobloch & Solomon, 1999) including self uncertainty (questions spouses have about
their own involvement in the marriage), partner uncertainty (questions about the
martial partner’s involvement in the marriage), and relationship uncertainty (questions
about the status of the marriage itself). RTT scholars have argued that partners experiencing relational uncertainty have an information deﬁcit and incomplete information to
make sense of their marriage, which biases their cognitive appraisals about the relationship (Solomon et al., 2016). For example, researchers have found that partners who
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experience higher relational uncertainty are more likely to hold threat appraisals toward
talking about their relationship (i.e., threat of relationship talk; see Knobloch & Theiss,
2011; Theiss & Estlein, 2014; Theiss & Nagy, 2013).
The interdependence parameter is indexed by the amount of inﬂuence a spouse has on
the enactment of everyday routines including interference (how the spouse makes accomplishing routines more diﬃcult) and facilitation (how the spouse makes accomplishing
routines easier). RTT scholars have argued that interdependent partners have mutual
inﬂuence over each other’s daily routines and activities, and that partner interruptions
to these routines evoke more intense emotional reactions (Solomon et al., 2016).
Although facilitation from a partner can elicit positive emotions, RTT scholars have
speciﬁcally noted that these helpful partner interruptions may not trigger as much
emotional reactivity as does interference, which has been shown to intensify negative
emotions (Solomon et al., 2016). For example, researchers have found that interference
from a partner is positively associated with anger, sadness, and fear in the relationship
(Knobloch et al., 2007; Knobloch & Theiss, 2010; Theiss & Nagy, 2010).
Taking into account both relationship parameters, RTT scholars have reasoned that
relational uncertainty causes spouses to form biased cognitive appraisals about the marriage (Axiom 1, Proposition 1) and that interruptions of daily routines, especially interference from a partner, intensify emotions in the marriage (Axiom 2, Proposition 2).
Thus, these relationship parameters serve as antecedents in tests of RTT, as resulting
biased cognitive appraisals together with intensiﬁed emotions coalesce into a sense of
chaos about the marriage (i.e., relational turbulence; Axiom 5, Proposition 5).
RTT’s relationship parameters of relational uncertainty and interdependence have
been instrumental in explaining stability in marriages (e.g., Brisini & Solomon, 2021;
Knobloch et al., 2018; Knoster et al., 2020; Solomon & Brisini, 2019). Still, despite widespread support of RTT’s core relationship parameters, Goodboy et al. (2021) noted that
extant quantitative scholarship has relied exclusively on a variable-centered approach to
theory testing insofar as researchers have typically studied relationships among variables
germane to the theory. Although a variable-centered approach has provided compelling
support for RTT, a person-centered approach oﬀers an alternative method for testing
RTT. This is true to the extent that a person-centered approach (using ﬁnite mixture
modeling; see Masyn, 2013) would uncover latent classes (proﬁles) of marriages characterized by RTT’s relationship parameters (relational uncertainty and interdependence),
thus, revealing types of marriages to be compared as a categorical latent variable. As
Goodboy et al. (2021, p. 23) noted, “unlike a variable-centered approach, a person-centered approach (i.e., relationships among people) to studying RTT would examine meaningful patterns of individual diﬀerences in relational uncertainty and interdependence to
uncover latent groups of people involved in romantic relationships.” More speciﬁcally, a
person-centered approach to testing RTT is able to uncover distinct and theoretically
meaningful classes of marriages among spouses who share similar relationship parameters (relational uncertainty and interdependence patterns). In contrast to the traditional variable-centered approaches that model single variable-linkages, a personcentered approach would highlight the marriage itself as the analytical focus among
spouses who share similar relationship types.
In general, person-centered approaches oﬀer beneﬁts to interpersonal communication
researchers who want to search for meaningful patterns from shared relationship
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constructs under the assumption that a population is made up of individuals from groups
that diﬀer in kind or type. Unlike traditional variable-centered approaches that assume
individuals from a sample all belong to a single population (and thus, statistical outputs
provide a single set of parameter estimates), person-centered approaches explore the
possibility that a sample is a mixture of subpopulations or hidden groups (McLarnon
et al., 2021). As Morin and Wang (2016) explained, person-centered analyses are typological and uncover “a classiﬁcation system designed to help categorize individuals more
accurately into qualitatively and quantitatively distinct subpopulations” (p. 184). Accordingly, person-centered approaches switch the unit of analysis and research focus from the
variable (e.g., relational uncertainty) to the person (e.g., the spouse), providing a more parsimonious view among interactive multivariate indicators that distinguish among types of
people. As Ferguson et al. (2020) commented, traditional variable-centered approaches
highlight relationships among variables whereas person-centered approaches highlight
relationships among people. They noted that “patterns of shared behavior between and
within samples may be missed when researchers conduct interindividual, variable-centered analyses” (p. 459). Morin, McLarnon, et al. (2020) explained that adopting
person-centered approaches “oﬀers a more holistic view of each case under study” and
“requires a paradigmatic shift in the way scholars develop research questions, moving
away from a correlational variable-centered view toward a conﬁgurational approach
focused on the discrete subpopulations that may exist” (p. 353). We mention the
beneﬁts of person-centered approaches, not to imply their superiority, but to acknowledge
their diﬀerences and to highlight alternative possibilities for conducting interpersonal
communication research with complex interactions among relationship components.
Recognizing that typologies of marriage oﬀer important insights to couples’ communication and functioning by denoting similarities among spouses (Olson & Fowers,
1993), the main purpose of our study was to adopt a person-centered approach to test
RTT using ﬁnite mixture modeling. To do so, we ﬁrst needed to provide a conﬁrmatory
class structure. In other words, it was critical to conﬁrm the theoretically derived
relationship parameters that distinguish among marriage types before testing RTT’s
eﬀects downstream to biased cognitive appraisals, intensiﬁed emotions, and ultimately,
relational turbulence (Solomon et al., 2016). Once the relationship parameters were
conﬁrmed, we were able to begin our person-centered investigation with a research question inquiring about class enumeration using RTT’s relationship parameters as indicators. Next, we presented a hypothesis predicting that a stable marriage class will
emerge during class enumeration characterized by low relational uncertainty and
helpful interdependence; a marriage theorized to have the least amount of relational turbulence (Solomon et al., 2016).
RQ: What are the types of marriage proﬁles characterized by RTT’s relationship parameters
of relational uncertainty and interdependence?
H1: A marriage proﬁle characterized by low relational uncertainty, low interference, and
high facilitation will be well-separated from other marriage proﬁles.

The main impetus for this study was to directly test RTT using a person-centered
approach. Assuming the retained latent class solution (RQ) included a marriage proﬁle
characterized by low relational uncertainty, low interference, and high facilitation (H1),
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Figure 1. Hypothesized conceptual mixture model with class indicators and distal outcomes.
Note: C is a k class latent variable. Relational uncertainty is a class indicator derived from a general factor in a bifactorESEM and saved as a standardized factor score. Partner facilitation and partner interference are class indicators derived
from standardized factor scores from unidimensional CFAs. The latent class variable served as a multicategorical antecedent with the b-path assuming homogeneity of regression and is constrained to be equal across marital proﬁles (Hayes &
Preacher, 2014).

RTT would predict that spouses in these marriages would have lower biased cognitive
appraisals (Axiom 1, Proposition 1) and less intensiﬁed emotions (Axiom 2, Proposition
2), which in turn, will coalesce into less relational turbulence (more stability; Axiom 5,
Proposition 5; see Solomon et al., 2016). Alternatively, RTT would also predict that in comparison, spouses in marriages with higher relational uncertainty and more disruptions of
daily routines (higher interference and/or lower facilitation) will experience more relational turbulence because of increased biased cognitive appraisals and intensiﬁed
emotions. Therefore, we proposed hypotheses two and three as tests of mediation stemming from the marital types revealed from the analyses pertaining to the RQ:
H2: Spouses belonging to marriage proﬁles characterized by high relational uncertainty will
have more biased cognitions about the marriage, and in turn, more relational turbulence,
compared to other marriage proﬁles.
H3: Spouses belonging to marriage proﬁles characterized by high interference and/or low
facilitation will report more negative intensiﬁed emotions, and in turn, more relational turbulence, compared to other marriage proﬁles.

The conceptual model guiding the research question and hypotheses is displayed in
Figure 1.

Method
Participants
IRB acknowledgement was received and Qualtrics panels were paid to recruit a representative national sample of married individuals to participate in an online questionnaire ($7
per survey). Qualtrics recruited 503 spouses including 267 husbands and 236 wives in
heterosexual marriages whose ages ranged from 20 to 88 years (M = 44.3, SD = 13.8)
with their spouse’s age ranging from 20 to 91 years old (M = 43.5, SD = 14.4). Spouses
had been married on average for 17.0 years (SD = 13.2), ranging from less than a year
to 67 years. A majority of spouses lived together (n = 490) and had not been separated
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at any point in the marriage (n = 407). The spouses were white (n = 426), Black (n = 32),
Hispanic (n = 26), Asian (n = 12), mixed race (n = 4) and Native American (n = 3). Many
spouses were in their ﬁrst/current marriage (n = 301), with 122 having been married once
before, 46 married twice, 12 married three times, and 14 married four times or more. One
hundred and one spouses did not have a child together, 114 had one child, 201 had two
children, 60 had three children, 15 had four children, and 12 had four children or more
(M = 1.66, SD = 1.31).
Procedures and measures
Spouses completed an online questionnaire ﬁelded by Qualtrics with the inclusion criteria of being married and residing in the United States. For data integrity, Qualtrics
added a timer check for rushed responses and automatically deleted responses that
were below one half of the median (in seconds) time for completing the survey. Scale
reliability was estimated using coeﬃcient omega (ω) with 5000 bootstrap samples to generate 95% conﬁdence intervals (Goodboy & Martin, 2020).
All measurement models were estimated in Mplus 8.6 with robust maximum likelihood (MLR) estimation and global ﬁt was evaluated from the Yuan-Bentler model
chi-square (Y-B χ 2), Bentler Comparative Fit Index (CFI), Tucker-Lewis Index (TLI),
Steiger-Lind root mean square error of approximation (RMSEA) and 90% conﬁdence
interval, and standardized root mean square residual (SRMR). Local ﬁt was evaluated
by inspecting the correlation residuals, with absolute values exceeding .10 indicating
local strain in the measurement model (Goodboy & Kline, 2017). Measures were selected
based on RTT’s speciﬁcations for relationship parameters (relational uncertainty, partner
interference, partner facilitation), experiences of speciﬁc episodes (threat of relationship
talk as a biased cognitive appraisal, negative aﬀect as intensiﬁed emotions), and relational
turbulence as an outcome. All measures were assessed with 6-point Likert-type scales
ranging from (1) strongly disagree to (6) strongly agree, except for the relational turbulence measure which used a 6-point semantic diﬀerential scale.
Relationship parameters for latent proﬁles
All relationship parameters (relational uncertainty, interference, facilitation) were tested
as latent variable measurement models (see forthcoming section on measurement models
for latent proﬁle indicators and maximal reliability estimates of factors; coeﬃcient H,
Hancock & Mueller, 2001). Relational uncertainty was measured with the Relational
Uncertainty Scale (Solomon & Brisini, 2017) using 18 items to capture the three
sources of uncertainty: self uncertainty (6 items; “I am sometimes unsure whether or
not I want the marriage to last”), partner uncertainty (6 items; “I sometimes wonder
whether or not my spouse is strongly committed to me”), and relationship uncertainty
(6 items; “I sometimes wonder whether or not my spouse and I will stay together”). Interdependence was operationalized as interference and facilitation from a spouse using
Solomon and Brisini’s (2017) Interference from a Partner Scale (5 items) and Facilitation
from a Partner Scale (5 items). Example items included “My spouse interferes with the
plans I make” and “My spouse helps me to achieve the everyday goals I set for
myself.” Because these scales were used to estimate and save factor scores for inclusion
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in the mixture modeling analyses (Morin et al., 2017), the psychometric properties of
these measures are reported in the results section with details provided in the online supplemental materials document.
Outcomes of latent classes
Biased cognitive appraisals were operationalized as threat appraisals of relationship talk
with a 6-item measure from Knobloch and Theiss (2011) measuring self threat (3 items;
ω = .912 [.893, .929]; M = 2.861, SD = 1.636) and relationship threat (3 items; ω = .951 [.938,
.961]; M = 2.661, SD = 1.655). The item stem was “having a conversation about the marriage would,” followed by example items such as “be embarrassing for me” (self threat)
and “threaten the marriage” (relationship threat). Results of a conﬁrmatory factor analysis (CFA) ﬁt a two-factor measurement model for self and relationship threat, Y-B χ 2 (8)
= 29.956, p < .001, CFI = .983, TLI = .968, SRMR = .016, RMSEA = .074 [.047, .103], with
acceptable correlation residuals.
Negative emotions toward interacting with the spouse were measured with the 10-item
Negative Aﬀect Schedule (PANAS; Watson et al., 1988) using the item stem “over the
past month of interacting with my spouse, I have felt … ” followed by items such as
“upset,” “distressed” and “ashamed.” This measure was used to capture negative aﬀect
in the marriage (ω = .970 [.965, .975], M = 2.556, SD = 1.521). Results of a unidimensional
CFA provided marginal ﬁt to the data, Y-B χ 2 (35) = 234.296, p < .001, CFI = .920, TLI
= .897, SRMR = .031, RMSEA = .106 [.094, .120]. Local ﬁt evaluation revealed a correlation
residual of .134 between “upset” and “distressed” indicating a misspeciﬁcation. Correlating the residual variances of these items provided a better model ﬁt, Y-B χ 2 (34) =
160.490, p < .001, CFI = .949, TLI = .933, SRMR = .027, RMSEA = .086 [.073, .100].
Relational turbulence was measured using the Relational Turbulence Scale (McLaren
et al., 2011), which consisted of four bipolar adjective items (ω = .935 [.918, .949], M = 2.361,
SD = 1.428) describing the marriage as stable/chaotic, calm/turbulent, running smoothly/
tumultuous, and peaceful/stressful. Results of a unidimensional CFA ﬁt the data with
acceptable correlation residuals, Y-B χ 2 (2) = 5.538, p = .062, CFI = .992, TLI = .977,
SRMR = .012, RMSEA = .059 [.000, .121].

Results
Measurement models for latent proﬁle analysis indicators
Although the multidimensional construct of relational uncertainty is comprised of self,
partner, and relationship uncertainty (Knobloch & Solomon, 1999), relational uncertainty can be operationalized at the theoretical level (Berger & Bradac, 1982) as a bifactor
model (Reise, 2012) using exploratory structural equation modeling (ESEM; Asparouhov
& Muthén, 2009) to yield an essentially unidimensional general factor (bifactor-ESEM;
Morin, Myers, et al., 2020). By using a bifactor-ESEM measurement speciﬁcation, relational uncertainty is a well-deﬁned general factor controlling for the residualized
factors of self, partner, and relationship uncertainty and its factor score can then be
used as an indicator for mixture modeling (Goodboy et al., 2021). However, the bifactor-ESEM should be contrasted with other measurement models to ensure it adequately
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captures relational uncertainty. Retaining a measurement model with construct-relevant
psychometric multidimensionality is important for person-centered approaches because
factor scores then serve as indicators for latent proﬁles; “in comparison with scale scores,
factor scores have the advantage of providing a partial control for measurement errors by
giving more weight to items presenting lower levels of measurement errors” (Howard
et al., 2016, p. 79).
To obtain factor scores for multidimensional constructs such as relational uncertainty,
it is recommended that researchers contrast measurement model ﬁt using CFA, bifactorCFA, ESEM, and bifactor-ESEM (Morin, Arens, et al., 2016; Morin et al., 2017). Among
these measurement models, Goodboy et al. (2021) demonstrated that the bifactor-ESEM
was the best representation of relational uncertainty speciﬁed as a global factor with residualized factors of self, partner, and relationship uncertainty. Thus, we sought to replicate the bifactor structure of relational uncertainty with our data by comparing the
measurement models (CFA, bifactor-CFA, ESEM, bifactor-ESEM) with respect to
global and local ﬁt indices and with consultation from the Akaike Information Criterion
(AIC) and Bayesian Information Criterion (BIC). For ESEM and bifactor-ESEM, target
rotation was used with primary factor loadings freely estimated and cross-loadings targeted to be close to zero (∼0). The contrasted measurement models are displayed in
the online supplemental document (Figure S1) with reports of global ﬁt (Table S1).
Global ﬁt favored the ESEM and bifactor-ESEM compared to the CFA and bifactorCFA. Although values for the CFI, TLI, SRMR, and RMSEA suggested either the
ESEM or bifactor-ESEM could be retained, the information criteria (AIC, BIC) suggested
retaining the bifactor-ESEM with lower values (Y-B χ 2 (87) = 218.307, p < .001, CFI
= .976, TLI = .957, SRMR = .012, RMSEA = .055 [.046, .064], AIC = 25750.117, BIC =
26180.618). Local ﬁt assessment revealed no correlation residuals above the absolute
value of .10. Moreover, the general factor of relational uncertainty was well-deﬁned by
all 18 items from the self (6 items), partner (6 items), and relationship (6 items) subscales
with standardized factor loadings ranging from .772 to .904 (Mλ = .846). The residualized
factor loadings were not as well-deﬁned for the speciﬁc self uncertainty factor, and were
poorly deﬁned for the partner and relationship uncertainty speciﬁc factors (see online
supplemental Table S2 for all factor loadings).
Additional evidence for retaining a bifactor model and evaluating the quality of a
general factor (relational uncertainty) is gathered by inspecting coeﬃcient omega hierarchical, factor determinacy, construct replicability, and explained common variance
(see Rodriguez et al., 2016). The general factor of relational uncertainty produced excellent bifactor statistical indices suggesting it is reliable, stable, and is well-represented by
all 18 items from the Relational Uncertainty Scale (ωH = .961, FD = .987, H = .980, ECV
= .918).
With evidence to retain the bifactor score of general relational uncertainty, we then
estimated unidimensional CFAs for partner interference and partner facilitation to be
used as interdependence indicators in mixture modeling. The CFA for interference (H
= .941) produced global ﬁt to retain its measurement model, Y-B χ 2 (5) = 21.128, p
< .001, CFI = .981, TLI = .962, SRMR = .019, RMSEA = .080 [.047, .117]. Standardized
factor loadings ranged from .843 to .902 (Mλ = .869) and all correlation residuals were
below |.10|. Likewise, the CFA for facilitation (H = .924) produced global ﬁt to retain
its measurement model, Y-B χ 2 (5) = 21.037, p < .001, CFI = .981, TLI = .962, SRMR
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= .020, RMSEA = .080 [.047, .117]. Standardized factor loadings ranged from .785 to .892
(Mλ = .832) and all correlation residuals were below |.10|. Upon retaining measurement
models for relational uncertainty, partner interference, and partner facilitation, we then
saved and used their respective factor scores (with a mean of 0 and standard deviation of
1 for interpretability) as indicators for the latent proﬁle analysis (LPA; Morin, Boudrias,
et al., 2016).
Latent proﬁle analyses
To answer the RQ, latent proﬁle analyses were conducted using Mplus 8.6 with MLR estimation, freely estimated means, and freely estimated but equal variances across classes.
We used the relational uncertainty, interference, and facilitation factor scores (obtained
in the measurement models above) as indicators for latent class enumeration. To determine the types of marriage proﬁles characterized by RTT’s relationship parameters of
relational uncertainty and interdependence, we needed to recover an unconditional
model of latent proﬁles assuming a diagonal covariance matrix. To start, we tested 1–7
proﬁles using 5000 random sets of start values for the initial stage and 200 ﬁnal stage
optimizations. Class enumeration was determined by comparing parsimony criteria,
clustering criteria, and likelihood ratio tests (Nylund et al., 2007). These criteria and
tests included the Akaike Information Criteria (AIC), Consistent AIC (CAIC), Bayesian
Information Criterion (BIC) Sample Size Adjusted BIC (ssBIC), Classiﬁcation Likelihood
Criterion (CLC), Integrated Completed Likelihood Criterion with BIC (ICL-BIC),
Adjusted Lo-Mendell-Rubin Likelihood Ratio Test (LMR), and the Bootstrapped Likelihood Ratio Test (BLRT). The selected model (retained number of proﬁles) was informed
by the lowest information criteria (in particular the BIC with high entropy above .80)
with respect to the magnitude of diﬀerences, while also inspecting the LMR and BLRT
signiﬁcance tests to compare adjacent LPA models with nonsigniﬁcant values suggesting
that the previous model ﬁt with one less class provided better ﬁt to the characteristics of
the data.
To evaluate information criteria, it was useful to plot model values to reveal improvements in class enumeration. As Masyn (2013) explained, “because none of the information criteria are guaranteed to arrive at a single lowest value corresponding to a Kclass model with K < Kmax, these indices may have their smallest value at the Kmaxclass model. In such cases, you can explore the diminishing gains in model ﬁt according
to these indices with the use of “elbow” plots, similar to the use of scree plots of Eigen
values used in exploratory factor analysis” (p. 572). We report the elbow plot of information criteria for 1–7 proﬁles in Figure 2.
We selected the model with 5 latent proﬁles for several reasons (see Table 1 for a statistical comparison of models). The elbow plot indicated a bend at the 5 class model
without appreciable decreases in information criteria for the 6 and 7 proﬁle mixture
models. Although entropy is not eﬃcient for detecting the number of classes (Tein
et al., 2013), classes remained well-separated (Nylund-Gibson & Choi, 2018) in the 5
class model (entropy = .888) with posterior probabilities of .911 for proﬁle 1, .948 for
proﬁle 2, .876 for proﬁle 3, .966 for proﬁle 4, and .945 for proﬁle 5. Moreover, the
LMR produced a nonsigniﬁcant result (p = .173) for the 6 class model, suggesting to
retain the 5 class model. Most importantly, the selected model must be consistent with
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theoretical and substantive considerations, produce classes that are meaningfully
diﬀerent with adequate membership sizes, and proﬁles should be interpretable (Ferguson
et al., 2020). Thus, the class enumeration statistics and theoretical considerations led us to
a 5 class model selection with evidence of classiﬁcation quality.

Latent proﬁles
Within-proﬁle standardized factor score means are displayed in Figure 3 across the 5
marital proﬁles. As plotted in Figure 3, proﬁle 1 (n = 31, 6.2%) was characterized by
high relational uncertainty (.669), high interference from the spouse (.525), and very
low spousal facilitation (−1.848), revealing an uncertain marriage with disruptive interdependence (Uncertain/Disruptive). Proﬁle 2 (n = 37, 7.4%) was characterized by low
relational uncertainty (−.882), low interference (−.573), and very low facilitation from
the spouse (−1.794), revealing a certain marriage lacking interdependence (Certain/Independent). Proﬁle 3 (n = 153, 30.4%) was characterized by relatively average relational
uncertainty (.243), interference (.034), and facilitation (−.242), revealing moderate
uncertainty and interdependence (Moderate). In support of H1, proﬁle 4 (n = 154,
30.6%) was characterized by low relational uncertainty (−1.135), low interference
(−1.002), but high facilitation (.586) from the spouse, revealing a certain marriage
with helpful interdependence (Certain/Helpful). Because proﬁle 4 included spouses in
marriages that should experience the least amount of relational turbulence according
to RTT’s axioms (Solomon et al., 2016), it served as the referent class for remaining analyses. Proﬁle 5 (n = 128, 25.4%) was characterized by high relational uncertainty (1.160),
high interference (1.185), and high facilitation (.615) from a spouse, revealing an uncertain and disruptive yet helpful pattern of interdependence (Uncertain/Inﬂuential).
After analyzing the unconditional latent proﬁles of marriages, we next investigated
distal outcomes that resulted from the types of marriages diﬀerentiated by the relational
uncertainty and interdependence parameters. Distal outcomes included threat of self and

Figure 2. Elbow plot of information criteria values for all latent proﬁle analysis models.
Note. A 5-class model was retained.

FP

6
10
14
18
22
26
30

LL

−2139.677
−1886.784
−1784.990
−1738.918
−1692.140
−1661.470
−1628.893

0.794
1.532
1.301
1.197
1.305
1.382
1.344

SC
4291.354
3793.567
3597.981
3513.837
3428.280
3374.940
3317.786

AIC
4316.677
3835.773
3657.069
3589.808
3521.133
3484.676
3444.403

4322.678
3845.774
3671.068
3607.807
3543.133
3510.675
3474.404

CAIC

Parsimony criteria
BIC
4297.633
3804.032
3612.632
3532.674
3451.303
3402.149
3349.181

ssBIC
1.000
.199
.241
.219
.203
.198
.240

NEC

Clustering criteria
4279.354
3873.980
3741.287
3653.557
3565.619
3512.204
3502.484

CLC

N/A
.856
.845
.874
.888
.895
.875

Entropy

Both
4316.678
3936.186
3828.375
3765.528
3702.472
3673.939
3689.102

ICL-BIC

N/A
p < .001
p < .001
p = .002
p = .014
p = .173
p = .015

LMR

N/A
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001

BLRT

Note: LL = Loglikelihood; FP = Free Parameters; SC = Scaling Correction; AIC = Akaike Information Criterion; CAIC = Consistent AIC; BIC = Bayesian Information Criterion; ssBIC = Sample Size
Adjusted BIC; CLC = Classiﬁcation Likelihood Criterion; NEC = Normalized Entropy Criterion; ICL-BIC = Integrated Completed Likelihood Criterion with BIC; LMR = Adjusted Lo-MendellRubin Likelihood Ratio Test; BLRT = Bootstrapped Likelihood Ratio Test.

1 Proﬁle
2 Proﬁles
3 Proﬁles
4 Proﬁles
5 Proﬁles
6 Proﬁles
7 Proﬁles

Model

Table 1. Latent proﬁle analysis results with factor score indicators of relational uncertainty, partner interference, and partner facilitation.
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Figure 3. Final latent proﬁle model with class indicators.
Note: Proﬁle indicators are estimated from factor scores with a mean of 0 and standard deviation of 1. Variances across
proﬁles were .151 for relational uncertainty, .646 for interference, and .323 for facilitation.

relationship talk about the marriage (biased cognitive appraisals) and negative emotions
toward communicating with the spouse (intensiﬁed emotion), which in turn, should
explain relational turbulence in the marriage (Proposition 5 of RTT).
Distal outcomes (biased cognitive appraisals, emotions, relational turbulence)
To test H2 and H3, we conducted analyses of distal outcomes using the BCH approach by
examining how the marriage proﬁles (characterized by relational uncertainty and interdependence) diﬀered in biased cognitive appraisals, intensiﬁed emotions, and relational
turbulence within the marriage. See Table 2 for a comparison of distal outcomes among
all marriage proﬁles.
In the ﬁrst distal outcome analysis, we examined how the marital proﬁles diﬀered in
their biased cognitive appraisals operationalized as threat of relationship talk (for topics
related to both one’s self and the relationship). Self threat [χ 2(4) = 350.720, p < .001] and
relationship threat [χ 2(4) = 349.368, p < .001] diﬀered across marital types. Results indicated that for self threat of relationship talk (talking about the marriage would be damaging to one’s self), the referent proﬁle 4 (Certain/Helpful) had the lowest reported mean
score (M = 1.565) which was signiﬁcantly lower than proﬁle 1 (Uncertain/Disruptive; M
= 3.743): [χ 2 = 66.951, p < .001], proﬁle 2 (Certain/Independent; M = 2.346): [χ 2 = 9.606,
p = .002], proﬁle 3 (Moderate; M = 2.785): [χ 2 = 75.423, p < .001], and proﬁle 5 (Uncertain/Inﬂuential; M = 4.410): [χ 2 = 285.452, p < .001]. Similarly, for relationship threat of
relationship talk (talking about the relationship would be damaging to the marriage),
the referent proﬁle 4 (Certain/Helpful) also reported the lowest reported mean score
(M = 1.366) which was signiﬁcantly lower than proﬁle 1 (Uncertain/Disruptive; M =
3.693): [χ 2 = 69.424, p < .001], proﬁle 2 (Certain/Independent; M = 2.136): [χ 2 = 12.524,
p < .001], proﬁle 3 (Moderate; M = 2.581): [χ 2 = 79.608, p < .001], and proﬁle 5 (Uncertain/Inﬂuential; M = 4.179): [χ 2 = 248.469, p < .001].
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Table 2. Equality tests of means across 5 classes using the BCH procedure.
Negative emotions
Proﬁle

Mean

SE

Self threat
Mean

Relationship threat
SE

Mean

SE

Relational turbulence
Mean

SE

0.252
3.743a
0.256
3.693a
0.272
3.774a
0.248
1
4.038a
0.202
2.346ab
0.239
2.136ab
0.206
2.807ab
0.231
2
2.306ab
ac
ac
ac
ac
0.101
2.785
0.114
2.581
0.115
2.434
0.117
3
2.526
0.049
1.565abcd
0.076
1.366abcd
0.065
1.593abcd
0.092
4
1.303abcd
0.163
4.410abcd
0.151
4.179bcd
0.166
2.681ad
0.151
5
3.764bcd
Note: Proﬁle 4 (Certain/Helpful) is signiﬁcantly lower in negative emotions, threat of relationship talk, and relational turbulence compared to all other proﬁles (1: Uncertain/Disruptive, 2: Certain/Independent, 3: Moderate, 5: Uncertain/Inﬂuential). Means with the same superscripts are signiﬁcantly diﬀerent from one another (p < .05). For all statistical
comparisons between all latent classes, please see online supplemental document.

In the second distal outcome analysis, we examined the impact of the marital proﬁles
on negative emotions experienced while communicating with the spouse. Intensiﬁed
negative emotions toward the partner diﬀered across marital types [χ 2 (4) = 415.751, p
< .001]. Results indicated that for the experience of negative emotions, the referent
proﬁle 4 (Certain/Helpful) had the lowest reported mean score (M = 1.303), which was
signiﬁcantly lower than proﬁle 1 (Uncertain/Disruptive; M = 4.038): [χ 2 = 113.459, p
< .001], proﬁle 2 (Certain/Independent; M = 2.036): [χ 2 = 23.070, p < .001], proﬁle 3
(Moderate; M = 2.526): [χ 2 = 112.099, p < .001], and proﬁle 5 (Uncertain/Inﬂuential; M
= 3.764): [χ 2 = 210.035, p < .001].
Finally, relational turbulence also diﬀered among the ﬁve proﬁles of relationship types
[χ 2 (4) = 109.123, p < .001]. Again, referent proﬁle 4 (Certain/Helpful) experienced the
lowest relational turbulence in the marriage (M = 1.593), which was signiﬁcantly lower
than proﬁle 1 (Uncertain/Disruptive; M = 3.774): [χ 2 = 22.253, p < .001], proﬁle 2
(Certain/Independent; M = 2.807): [χ 2 = 23.576, p < .001], proﬁle 3 (Moderate; M =
2.434): [χ 2 = 30.509, p < .001], and proﬁle 5 (Uncertain/Inﬂuential; M = 2.681): [χ 2 =
38.069, p < .001]. For full statistical comparisons of all distal outcomes across all marriage
proﬁles, see the online supplemental document (Table S3).
Mixture mediation models
With evidence that more biased cognitive appraisals, intensiﬁed negative emotions,
and relational turbulence were found in marriages characterized by relational uncertainty, interference, and a lack of facilitation, we extended our distal outcomes analyses to test H2 and H3 for mediation using the mixture component as the
antecedent (marital proﬁles), with threat of relationship talk (H2) and negative
emotions (H3) as mediators (separately), and relational turbulence as the outcome
(as depicted in Figure 1).
To test for indirect eﬀects proposed by RTT, we estimated the eﬀect of marriage type
on relational turbulence through the threat of relationship talk and negative emotions
toward the spouse. To do this, we embedded an auxiliary statistical model into the LPA
using the recommended Bolck et al. (2004) manual BCH approach (Asparouhov &
Muthén, 2021) to conduct a weighted multiple group proﬁle analysis using the
inverse of proﬁle membership probabilities (Nylund-Gibson et al., 2019). This
method is preferred to ensure that the ﬁve-proﬁle unconditional LPA does not shift
from the addition of continuous distal outcomes to the mediation model (Bakk &
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Table 3. Direct and indirect eﬀects of marriage types on relational turbulence through self threat.
Path
[P1] Uncertain/Disruptive → Self Threat (a1)
[P2] Certain/Independent → Self Threat (a2)
[P3] Moderate → Self Threat (a3)
[P5] Uncertain/Inﬂuential → Self Threat (a4)
[P1] Uncertain/Disruptive → Turbulence (c’1)
[P2] Certain/Independent → Turbulence (c’2)
[P3] Moderate → Turbulence (c’3)
[P5] Uncertain/Inﬂuential → Turbulence (c’4)
Self Threat → Turbulence (b)
[P1] Uncertain/Disruptive → Self Threat → Turbulence (a1b)
[P2] Certain/Independent → Self Threat → Turbulence (a2b)
[P3] Moderate → Self Threat → Turbulence (a3b)
[P5] Uncertain/Inﬂuential → Self Threat → Turbulence (a4b)

Estimate

LLCI

ULCI

2.185
0.776
1.220
2.846
1.566
0.990
0.492
0.274
0.286
0.625
0.222
0.349
0.814

1.675
0.301
0.938
2.512
0.991
0.497
0.180
−0.177
0.164
0.361
0.082
0.193
0.474

2.748
1.278
1.493
3.163
2.138
1.547
0.833
0.803
0.402
0.958
0.429
0.532
1.171

Note: LLCI and ULCI represent lower and upper 2.5% conﬁdence intervals from 5000 bias-corrected bootstrap samples. All
ﬁrst-stage eﬀects are in reference to proﬁle four (Certain/Helpful) with the latent class variable serving as a multicategorical antecedent.

Vermunt, 2016). Accounting for classiﬁcation probabilities, our mediation model
treated the multicategorical latent class variable as the exogenous variable with
proﬁle 4 serving as the referent to estimate relative indirect and direct eﬀects (Hayes
& Preacher, 2014) using 5,000 bias-corrected bootstrap samples (McLarnon &
O’Neill, 2018).
Pertaining to the indirect eﬀect of the latent marriage proﬁles on relational turbulence
through the threat of relationship talk (self), results indicated that all four marriage types,
which experienced heightened relational uncertainty (relative to Certain/Helpful marriages), also had increased relational turbulence as a consequence of threat of relationship
talk (self). The same pattern of mediation emerged for the relative indirect eﬀect of the
latent proﬁles on turbulence through the threat of relationship talk (relationship). Therefore, H2 was supported. See Tables 3 and 4 for relative indirect and direct eﬀects.
Results of mediation analyses indicated that all four marriage types (compared to
Certain/Helpful marriages), which experienced more interference from a spouse and
less facilitation (proﬁles 1, 2, 3), or almost equal facilitation (proﬁle 5), also experienced
Table 4. Direct and indirect eﬀects of marriage types on relational turbulence through relationship
threat.
Path

Estimate

LLCI

ULCI

2.334
1.774
2.909
[P1] Uncertain/Disruptive → Relationship Threat (a1)
0.765
0.348
1.207
[P2] Certain/Independent → Relationship Threat (a2)
1.216
0.935
1.480
[P3] Moderate → Relationship Threat (a3)
2.814
2.454
3.138
[P5] Uncertain/Inﬂuential → Relationship Threat (a4)
1.497
0.855
2.107
[P1] Uncertain/Disruptive → Turbulence (c’1)
0.985
0.518
1.527
[P2] Certain/Independent → Turbulence (c’2)
0.479
0.171
0.813
[P3] Moderate → Turbulence (c’3)
0.252
−0.178
0.767
[P5] Uncertain/Inﬂuential → Turbulence (c’4)
Self Threat → Turbulence (b)
0.297
0.179
0.407
0.694
0.398
1.047
[P1] Uncertain/Disruptive → Relationship Threat → Turbulence (a1b)
0.228
0.093
0.417
[P2] Certain/Independent → Relationship Threat → Turbulence (a2b)
0.361
0.205
0.538
[P3] Moderate → Relationship Threat → Turbulence (a3b)
0.836
0.505
1.178
[P5] Uncertain/Inﬂuential → Relationship Threat → Turbulence (a4b)
Note: LLCI and ULCI represent lower and upper 2.5% conﬁdence intervals from 5000 bias-corrected bootstrap samples. All
ﬁrst-stage eﬀects are in reference to proﬁle four (Certain/Helpful) with the latent class variable serving as a multicategorical antecedent.

14

A. K. GOODBOY ET AL.

Table 5. Direct and indirect eﬀects of marriage types on relational turbulence through negative
emotions.
Path

Estimate

LLCI

ULCI

[P1] Uncertain/Disruptive → Negative Aﬀect (a1)
[P2] Certain/Independent → Negative Emotions (a2)
[P3] Moderate → Negative Emotions (a3)
[P5] Uncertain/Inﬂuential → Negative Emotions (a4)
[P1] Uncertain/Disruptive → Turbulence (c’1)
[P2] Certain/Independent → Turbulence (c’2)
[P3] Moderate → Turbulence (c’3)
[P5] Uncertain/Inﬂuential → Turbulence (c’4)
Negative Emotions → Turbulence (b)
[P1] Uncertain/Disruptive → Negative Emotions → Turbulence (a1b)
[P2] Certain/Independent → Negative Emotions → Turbulence (a2b)
[P3] Moderate → Negative Emotions → Turbulence (a3b)
[P5] Uncertain/Inﬂuential → Negative Emotions → Turbulence (a4b)

2.745
0.998
1.223
2.461
0.889
0.738
0.260
−0.079
0.474
1.302
0.474
0.580
1.168

2.232
0.626
0.987
2.120
0.222
0.257
−0.020
−0.423
0.357
0.940
0.295
0.423
0.871

3.255
1.446
1.451
2.789
1.466
1.277
0.557
0.336
0.577
1.739
0.719
0.759
1.490

Note: LLCI and ULCI represent lower and upper 2.5% conﬁdence intervals from 5000 bias-corrected bootstrap samples. All
ﬁrst-stage eﬀects are in reference to proﬁle four (Certain/Helpful) with the latent class variable serving as a multicategorical antecedent.

increased relational turbulence as the consequence of intensiﬁed negative emotions
toward the spouse (see Table 5 for relative indirect and direct eﬀects). Therefore, H3
was supported.

Discussion
The purpose of this study was to test RTT in marriages using a person-centered
approach. Mixture modeling results provided full support for RTT axioms and propositions. An unconditional LPA revealed ﬁve classes of marriages diﬀering in relational
uncertainty, interference, and facilitation (Uncertain/Disruptive, Certain/Independent,
Moderate, Certain/Helpful, Uncertain/Inﬂuential). Central to RTT, compared to
Certain/Helpful marriages, we found that spouses in Uncertain/Disruptive, Certain/Independent, Moderate, and Uncertain/Inﬂuential marriages experience (to varying degrees)
more threat of relationship talk, negative emotions, and relational turbulence in the marriage. Supporting the mediated process articulated in proposition 5 of RTT, we found
that spouses in marriages characterized by relational uncertainty, interference, but not
facilitation, indirectly experience more relational turbulence by perceiving a higher
threat of relationship talk and feeling more intensiﬁed negative emotions in the marriage.
These person-centered ﬁndings provide unique support for RTT by demonstrating that
its relationship parameters predict relational turbulence through mechanistic pathways
theorized to distort assessments of, and amplify negative feelings about, the marriage.
These ﬁndings have theoretical and methodological implications.
The theoretical implications from our person-centered approach highlight the important interplay between relational uncertainty and interdependence processes central to
RTT. To that point, because relational uncertainty, interference, and facilitation factor
scores were modeled as class indicators, evidence is consistent with RTT’s predictions
that biased cognitive appraisals are due to doubts about the marriage and that intensiﬁed
negative emotions are due to hindering, but not helpful, patterns of interdependence.
However, because our person-centered approach requires us to model relational uncertainty and interdependence processes together to demarcate marriage subgroups, and
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because these relationship parameters were not modeled separately as done in a variablecentered approaches, the results suggest that relational uncertainty may also contribute
to intensiﬁed emotions and that interdependence may lead to threat of relationship
talk as well. From a variable centered perspective, this possibility might speak to allowing
RTT’s propositions 1 and 2 to inform each other as relational uncertainty and interdependence make up the marriage itself. In support of this conclusion, evidence for allowing relational uncertainty and interdependence to impact both biased cognitive
appraisals and heightened emotional arousal has been found in structural tests of RTT
in marriages (Solomon & Brisini, 2019).
Another theoretical implication stems from the relatively large indirect eﬀects on relational turbulence through threat of relationship talk and negative emotions from proﬁle 1:
Uncertain/Disruptive and proﬁle 5: Uncertain/Inﬂuential (relative to referent proﬁle 4:
Certain/Helpful). These results indicate that the Uncertain/Disruptive and Uncertain/
Inﬂuential marriages share high relational uncertainty and spousal interference, with
the distinction between them being a considerable diﬀerence in facilitation from a
spouse. Thus, it appears that when it comes to more pronounced indirect eﬀects on relational turbulence, relational uncertainty and interference are more salient parameters
than (a lack of) facilitation. This ﬁnding is not unexpected as Solomon et al. (2016)
propose that “people experiencing relational uncertainty are operating under an information deﬁcit because they lack insight into the nature of their relationship” (p. 512)
and “interference from a partner exerts a stronger eﬀect on the intensity of emotional
responses than experiences of facilitation from a partner” (p. 515). Perhaps the lesser
role of facilitation from a partner deserves more empirical attention, although it is important to remember that (not) hindering daily routines frequently (low interference) is
diﬀerent than (not) helping with routines (low facilitation). In fact, we found a class of
marriages where spouses (Certain/Independent) lacked interdependence altogether and
did not receive much interference or facilitation with daily routines (i.e., they were left
alone by their partner in their accomplishment of daily routines). Facilitation might be
less of a driver of relational turbulence than interference because as Kelley et al. (2002)
noted, “mutual facilitation does not always promote positive interaction” (p. 35). Likewise, Berscheid (2002) explained that “facilitative interconnections recede from conscious
awareness” (p. 146), a point also theorized by Solomon et al. (2016) for the lesser role of
facilitation and more prominent role of interference in emotional ampliﬁcation.
Theoretically, our results also point toward the conclusion that relational uncertainty and interdependence might co-occur together in consistent patterns that demarcate among particular types of relationships, and that these types of relationships
impact outcomes predicted by RTT. Of particular interest are proﬁles 1 (Uncertain/Disruptive: high relational uncertainty, high interference, low facilitation) and 5 (Uncertain/Inﬂuential: high relational uncertainty, high interference, and high facilitation).
It appears that spouses in these relationships may be the most likely to experience turbulence in their marriages stemming from the experience of negative emotions and the
perception of both self and relationship threat to discussing the marriage (compared to
the other proﬁles). Considering this, it could be the case that chaotic and unstable relational states stem from the speciﬁc relationship parameters of relational uncertainty
and interference and the experiences of particular relational episodes as past research
has shown. However, as our results demonstrate, relational uncertainty and
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interference may work together to form diﬀerent latent categories of relationships and
people’s experiences of biased cognitive appraisals, intensiﬁed emotions, and relational
turbulence may vary as a function of the speciﬁc type of relationship individuals ﬁnd
themselves in as well.
As an example of how the conﬂuence of relational parameters result in diﬀerent types of
relationships that may aﬀect RTT outcomes, recall that spouses in Uncertain/Disruptive
marriages experienced the most relational turbulence out of the ﬁve proﬁles. This could
be because chaotic experiences and marital instability may occur most frequently in marriages where nothing seems to be going right from an RTT perspective (Goodboy et al.,
2020). These spouses cannot be sure of their relational future and their partners do little
to help with daily routines all while interrupting their personal goals. Contrast this with
spouses in Uncertain/Inﬂuential marriages who get some assistance from their partners,
but cannot be sure of their relational future and frequently have their personal goals interrupted. Spouses belonging to this latter marriage type may be less likely to experience turbulence compared to spouses in Uncertain/Disruptive marriages because they have more
positive interactions by way of their partner’s facilitative behavior. On the other hand,
although they too experience relational uncertainty and interference from a partner, individuals in Uncertain/Inﬂuential marriages may be more likely to experience self-threat with
regard to conversations about relational issues because they might perceive they have more
to lose compared with individuals in Uncertain/Disruptive marriages who may think of
their partners as being less likely to be helpful in the ﬁrst place. This conclusion is supported by Knobloch and Solomon (2002), who note that “uncertainty motivates people
to engage in direct information seeking only when they expect to gain rewarding information” (p. 253) and “when they are least susceptible to negative consequences” (p. 254).
Beyond the scope of RTT, we believe it is important to highlight that the marriage
classes recovered from RTT’s relationship parameters bear much similarity to existing
scholarship on marital classiﬁcations characterized by aﬀective interdependencies.
Indeed, our results align with established programs of research including Fitzpatrick’s
(1988a) and Gottman’s (2015) typologies of marriage. Fitzpatrick’s (1988a, 1988b) pioneering work on couple types revealed that marriages are characterized by interdependence, ideology, and conﬂict, demarcating among couples that are traditionals
(conventional ideological values about marriage; high interdependence with sharing
and companionship and within physical spaces; non-assertive but willing to address
conﬂict), independents (nonconventional ideological values about marriage; high interdependence but with separate physical spaces; assertive during conﬂict), and separates
(conventional ideological values about marriage; low interdependence with more
psychological distance; avoidance during conﬂict). We note similarities between
Certain/Helpful marriages (Proﬁle 4) with the characteristics of traditionals (companionship with helpful but not disruptive interdependent routines) and Certain/Independent
marriages (Proﬁle 2) with independents (companionship but independent routines).
Likewise, derived from the typological work of Raush et al. (1974) on marital interactions, Gottman (2015) reﬁned a typology of married couples including conﬂict avoiders (positive aﬀect, not emotionally expressive, avoid conﬂict, independent), volatile
couples (positive aﬀect, emotionally expressive, approach conﬂict and enjoy argumentation, interdependent), validating couples (positive aﬀect, neutrally or mildly expressive,
listening and supportive during conﬂict, somewhat interdependent), hostile couples
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(similar to validating couples, but with negative aﬀect, and defensiveness and criticism
during conﬂict), and hostile-detached couples (negative aﬀect, with unproductive and
escalating conﬂict ending in withdrawal). Our ﬁndings for Uncertain/Disruptive marriages (Proﬁle 1) and Uncertain/Inﬂuential marriages (Proﬁle 5) reveal unstable and
tumultuous partnerships as both experienced the most intense negative emotions
toward their spouses and highest threat of relationship talk, which maps onto Gottman’s
(2015) hostile and hostile-detached couple types.
Because the martial proﬁles recovered in our study share overlap with these existing
martial typologies (Fitzpatrick, 1988a, 1988b; Gottman, 2015; Raush et al., 1974), and
research continues to infer, replicate, and validate these typologies (e.g., Givertz et al.,
2009; Holman & Jarvis, 2003), we believe we have uncovered subpopulations of
spouses who share common relationship parameters from diﬀerent theoretical traditions.
As Gottman (1993) admitted, “there is a remarkable convergence between Fitzpatrick’s
results on her three pure types and the three types of regulated couples I have identiﬁed.
I need only to make the equation: validator = traditional, volatile = independent, and
avoider = separate” (p. 13). Thus, in marriages, despite the qualitative labels that
researchers ascribe, we ﬁnd it empirically noteworthy to observe similarities in marital
typologies from diﬀerent theoretical launch points that may be uncovering the same
types of couples, albeit from diﬀerent theoretical indicators.
The methodological implications for RTT reside in testing more comprehensive structural equation models consistent with theoretical speciﬁcations. By now, interpersonal
scholars have ample evidence that relational uncertainty, interference, and facilitation
are correlated with relational turbulence and a variety of communication, psychological,
and relational outcomes (Goodboy et al., 2020). Conducting more research reporting
correlations among these variables will provide more evidence for the established foundation of RTT, but the theory invites a structural equation modeling approach to testing
it because of its mechanistic reasoning for why relational turbulence will ultimately arise.
As Goodboy et al. (2020) put it,
by testing the propositions of RTT and the relational processes therein, future scholarship
will look diﬀerent from previous scholarship conducted on the RTM. That is, bivariate correlations and multivariate regression analyses alone will no longer suﬃce for data analysis.
RTT formally theorizes causal processes as indirect eﬀects, so it will favor a structural
equation modeling approach to data analysis and require tests of statistical mediation.
(p. 237)

The beneﬁts of testing RTT using SEM are that (1) measurement models can be evaluated and constructs elevated to the latent variable level to control for measurement error
(observed/summed scale scores are not purged of error), (2) data to model correspondence is evaluated using established global and local ﬁt, information criteria, and other
statistical indices, and (3) both direct and indirect eﬀects can be estimated simultaneously
in one model, that ideally will ﬁt the characteristics of the observed data, which would
fulﬁll the requirements for fully testing RTT’s propositions. Despite researchers’ preferences for a variable-centered or person-centered approach, both approaches should use
SEM to oﬀer theoretical insights that are limited when reporting correlations and
regression analyses alone. From a statistical modeling standpoint, when it comes to
theory testing, it is fair to acknowledge the limitations of regression. These statistical
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limitations include (1) a just-identiﬁed model with zero degrees of freedom, and thus,
there is no theory to data ﬁt evaluation; (2) regression can only accommodate one dependent variable at a time, and (3) predictors are assumed to have no measurement error
(perfect reliability). Thus, some limitations of regression can be overcome by switching
to latent variable modeling. Because RTT is a detailed theory with many sections to it,
scholars should test the theory in more comprehensive ways as it is presented by
Solomon et al. (2016, see ﬁgure 1 on p. 509) rather than examining piecemealed
approaches testing parts of the theory in isolation. Indeed, SEM provides ﬂexible
strengths that allow for more complete tests of RTT.
Another methodological implication favors adopting the person-centered approach
reported here. Although this method of testing RTT is more analytically demanding as
it requires a large sample, specialized software, and custom syntax for some analyses
that are not fully automated, it does provide an alternative latent typological lens for
examining relatively homogenous subgroups of marriages (i.e., who are spouses and
what are their diﬀerent marriages like?). We were guided by RTT in selecting our LPA
indicators and accompanying measurement models, but other mixture modeling
studies could select diﬀerent proﬁle indicators to ascertain latent groups demarcated
by cognitions, motivations, or communication behaviors. Person-centered approaches
should complement variable-centered approaches in testing theory.
There are several limitations to this study. The main limitation to this study is that we
studied heterosexual marriages. For generalizability, future researchers should test RTT
in gay and lesbian marriages, or marriages that may diﬀer in other important ways.
Another limitation is the cross-sectional nature of the data. Mixture modeling can be
applied to longitudinal data with growth mixture modeling and latent transition analysis,
both of which are important to apply in future RTT investigations over time. Another
limitation is that only one spouse completed the survey. Future researchers should
collect dyadic married samples and incorporate the actor-partner interdependence
mediation model (APIMeM; Ledermann et al., 2011) to test RTT’s mechanisms for
both husbands and wives who share interdependent relationship parameters. A ﬁnal
limitation is that although we tested propositions of RTT, we did not test the theory
in its entirety. We excluded its predictions of polarized communication (i.e., communicative engagement, communication valence) and consequences of turbulence (e.g., construals, dyadic synchrony, collaborative planning). Therefore, more comprehensive tests
of RTT are warranted including estimates of serial chains of eﬀects to test all propositions
together as connected causal processes.
In our person-centered approach to studying marriages, chaotic relational states were
explained by RTT’s conﬁrmed theoretical propositions. Spouses in marriages characterized by relational uncertainty and disruptive or unhelpful interdependence experienced
more biased cognitive appraisals and negative emotions toward their spouse, which in
turn, fostered relational turbulence. A mixture modeling perspective oﬀers ﬂexible possibilities for testing RTT by treating marriages as subgroups that diﬀer in type as a latent
categorical variable.
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