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Objective: The present article illustrates a method for examining changes in group
cohesion (i.e., group uniformity indicated by within-group variability) across time in
group therapy research using multilevel data. Method: We used McNeish’s (2021) three-
level location-scale model for predicting both group-mean and within-group variability of
a dependent variable in the framework of a Bayesian multilevel structural equation
modeling. We reviewed the existing group research that addressed within-group variabil-
ity and provided an example by applying this method to archival three-level longitudinal
group therapy data. Results: We found that the location-scale model allows us to explore
how the group-mean and within-group variability of group engagement would differ
across time and whether group size (GSZ) would predict the changes in the group-mean
and within-group variability of group engagement. Conclusions: Future applications in
group therapy research as well as the strengths and limitations of the location-scale model
were discussed. We hope this article familiarizes group psychotherapy researchers with an

effective method for understanding multilevel and complex group uniformity.

Highlights and Implications

changes in group cohesion over time.

® The location-scale model was an effective method for understanding
complex within-group variability, which indicates group cohesion.

¢ The within-group cohesion increased (i.e., variability in group members’
perceptions of group engagement decreased) over time in general.

® The group size did not influence the initial level of group cohesion or
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Christina is curious about the engagement in the
two groups she leads; therefore, she assesses each
member’s perceptions of group engagement after
their first sessions. The two groups exhibit the
same average level of engagement, but they are
different in the distribution of members’ engage-
mentratings. Members in one group are discrepant
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in their engagement ratings, with some rating their
climate as very engaged and others rating it as
barely engaged. The other group has members
who all rated their group climate as moderately
engaged. Are the two groups the same in-group
engagement because they have the same mean
engagement or different because their distributions
of engagement ratings differ? Christina as a group
leader is curious about what brings about the
difference in the distribution of engagement rat-
ings within groups. Would it be possible because
of their different group sizes (GSZs)? Near the end
of the group, Christina is interested if group
members became more consistent (cohesive) or
inconsistent in perceptions of engagement over
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the course of group therapy. In sum, Christina
is interested in how her groups differ in both
the level (group average) and distribution of
engagement ratings and how these differences
come about.

Christina’s observations about the distribution
of engagement ratings are linked to the concept of
within-group variance, which is a practically and
theoretically important construct. Histograms in
Figure 1 show two hypothetical groups’ distribu-
tion of engagement ratings on the Group Climate
Questionnaire (MacKenzie, 1983). Both groups
have equivalent means (Group 1’s M = 3.47;
Group 2’s M =3.47); however, standard deviations
for the two are quite different (Group 1’s SD =2.40;
Group 2’s SD = .07). Historically, researchers
operationalized the group effect as the mean of
the group members’ ratings. Therefore, these two
groups’ engagement is treated as equivalent in
analyses due to their identical mean engaged rat-
ings. However, it seems obvious that the two
groups do not have the same engagement because
of the difference in SDs. This article builds on the
theoretical speculations that low within-group var-
iances can be considered as meaningful indices
of group cohesion (Deutsch, 1954; Kivlighan,
2021) and introduces an effective way to explore
within-group variability to advance group therapy
research, which has been hindered by conceptual
disagreements about the meaning of cohesion and
methodological limitations in measuring

Group Cohesiveness as Low Within-Group
Variability

Group cohesiveness is a mutative group factor
in group therapy that facilitates greater collective

Figure 1
Groups With a Similar Average but Different Standard
Deviations for Engagement
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self-esteem, hope, and well-being (Yalom, 1995).
Itis also the “necessary precondition for effective
therapy” (Yalom, 1995, p. 50). Theorists and
researchers thus have consistently emphasized
the importance of cohesiveness in group therapy
(Burlingame et al., 2011, 2018; Kivlighan, 2021;
Marmarosh & Van Horn, 2010). For example,
Bakali et al.’s (2010) exploration of the role of
group cohesion in three stages of group therapy
revealed that members of more cohesive groups
showed more regular session attendance and
were more engaged with the groups in later stages
of the group therapy. Similarly, a meta-analytic
review of 55 group therapy studies demonstrated
the significant influence of cohesion on treatment
outcomes (Burlingame et al., 2018). Despite the
clinical importance of group cohesion and con-
siderable research on this concept, there has been
a lack of consensus on the definition and mea-
surement of group cohesion, which has hindered
valid and thorough investigations of this aspect of
group process (Budman et al., 1989; Burlingame
et al., 2018).

Van Bergen and Koekebakker (1959) stated
the essence of cohesiveness is the degree of
unification of the group field, which is one
of the oldest, but least studied the definition of
cohesion. The concept of cohesion comes from
the idea of glueyness, which implies that mem-
bers of a group stick together. Even though
theorists and researchers agree that group cohe-
sion is best conceptualized as the degree of
unification of a group, unification has been
understudied due to an absence of methods to
measure the group unification itself (Forsyth,
2021). Instead, researchers have strived to grasp
group cohesion by assessing indicators of group
cohesion (Forsyth, 2021). For instance, self-report
measures of group cohesion, such as the Harvard
Group Cohesiveness Scale (Budman et al., 1989),
Perceived Cohesion Scale (Bollen & Hoyle,
1990), and the Therapeutic Factor Inventory—
Cohesion subscale (Lese & MacNair-Semands,
2000), assess levels of involvement, trust, coop-
eration, caring, and belonging. Forsyth (2021)
criticized this multicomponent approach in that
these multiple components might be confoun-
ders of group cohesion, which might be differ-
ent from the degree of group unity itself. The
degree of group unification can be operationa-
lized using within-group variability (i.e., low
within-group variability indicating high group
uniformity/cohesion), but few researchers have
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used this measure. To better understand group
cohesiveness, we need to examine how group
members’ perceptions, attitudes, and behaviors
are uniform or discrepant across members within
a group.

Within-Group Variability to Measure
Group Cohesiveness

Only a few researchers have explored within-
group variability. One approach used the within-
group standard deviation of group members’
ratings in addition to the mean of group members’
ratings as predictors (Kivlighan et al., 2017; Miles
etal., 2011; Schneider et al., 2002). For example,
Schneider et al. (2002) used the within-group
standard deviation of banking team members’
customer service climate ratings to define climate
strength. Drawing upon Mischel’s (1976) concep-
tualization of situational strength, Schneider et al.
(2002) defined the strength of group climates using
within-group standard deviations. Strong climates
refer to the cases in that group members perceive
climate similarly (low SD), with uniform behav-
ioral norms; whereas weak climates indicate group
members perceive the climate in different ways
(high SD), and behavioral norms in the group are
inconsistent or even nonexistent (Schneider et al.,
2002). Using this conceptualization, Schneider et
al. (2002) found a significant interaction between
climate level and climate strength (interaction of
mean level and standard deviation of services
climate within a banking team). That is when
teams had strong service climates (high climate
strength; low SDs), average levels of service
climate (Ms) had a positive relationship with
customer satisfaction.

Similarly, Miles et al. (2011) conceptualized a
group behavioral norm composed of two compo-
nents: the average amount of intimate behaviors
shown in a group and the consistency (SD) of
intimate behaviors across group members. Using
the actor—partner interdependence model (Kenny
et al., 2002), Miles et al. (2011) explored how a
group member’s intimate behavior was predicted
by (a) the actor effect for the group member’s
intimate behaviors and (b) partner effects for the
average amount (group mean) and (c) consistency
(SD) of other group members’ intimate behaviors
and (d) the interaction of the amount and consis-
tency. Findings indicated the interaction for
the amount and consistency of a group’s intimate

behaviors predicted a group member’s intimate
behaviors in the next session (Miles et al., 2011).
Specifically, when the consistency of intimate
behaviors of the other group members was low,
there was a significant, negative relationship
between group-mean intimate behaviors and
the individual group member’s intimate beha-
viors in a session.

Meanwhile, some researchers argued the
importance of investigating the effect of unifor-
mity in groups. For instance, Gonzéilez-Roma
and Hernandez (2014) used observers’ ratings to
explore the within-group distributions of climate
ratings and categorize each group as: (a) completely
uniform, (b) nonuniform with relatively low vari-
ability, or (c) nonuniform with relatively high vari-
ability. Gonzilez-Roma and Hernandez (2014)
found that when groups were nonuniform with
relatively low variability, compared to uniform
climate, members reported more task conflicts
and inhibited communication quality. The dif-
ference between the nonuniform group with
relatively high variability and uniform group
with no variability was not significant, and
researchers argued that this finding was possibly
due to the low number of groups with higher
variability in their data set (Gonzalez-Roma &
Hernandez, 2014). As a more feasible way of
capturing group uniformity, Kivlighan (2016)
used skew and kurtosis (DeRue et al., 2010) in
examining the effects of convergence, strength,
convergence, and uniformity (i.e., mean, SD, skew,
and kurtosis [skew and kurtosis both operationalize
uniformity] of group member working alliance
ratings) on changes in students’ grade point average
in academic enhancement groups.

Although theory and prior findings indicated
the importance of exploration of uniformity in
groups, methodological issues have limited the
utility of the within-group variability construct.
One relevant issue is that the traditional method
of using mean and SD to explore convergence
(group M), dispersion (SD), and convergence
by dispersion interaction (M X SD) might not
be able to capture each construct effectively. This
is because when a group has either a very high
or very low mean, dispersion has to be low and
uniformity high (Kivlighan, 2021). For instance,
in Gonzalez-Roma and Hernandez’s (2014)
research, mean group climate was highly corre-
lated with within-group dispersion (SD; r = .50).
That is, convergence (indicated by the average
level across members measured by group M) and
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uniformity (indicated by within-group variability
measured by SD across group members) are con-
structs hard to separate.

Another issue is that there is a significant gap
in literature examining precursors of group
cohesion (i.e., group uniformity; Kivlighan, 2021;
Lester et al., 2021). With mounting evidence that
group uniformity leads to important group out-
comes (Lester et al., 2021), there is a growing
interest in predicting group uniformity. How-
ever, most studies focused on group uniformity
as a predictor, and only a handful of studies
explored these constructs as an outcome. This
seems partial because prior methodological ap-
proaches to measure group uniformity did not
consider the multilevel structure of group data
such that sessions are nested within members,
and members are then nested in groups. Indeed,
Lester et al. (2021), in their review on organiza-
tional research, found that only 13 studies inves-
tigated group uniformity as an outcome, and in
most of these studies, aggregate measures of
dispersion (e.g., SD across group members)
were used as a single-level outcome that represents
group uniformity (Kivlighan, 2021). Additionally,
although group researchers and therapists are often
interested in groups’ change over time, no study
has explored whether the within-group dispersion
(i.e., an index of the degree of within-group uni-
formity) changes longitudinally and what would
predict the changes in within-group dispersion.
Thus, a more sophisticated statistical model is
needed to capture the complex nature of within-
group variability in multilevel longitudinal data.

The location-scale model is a promising model
to predict both group mean and within-group
variability of a dependent variable (Hedeker
et al., 2008; McNeish, 2021). The location, in
the location-scale model, refers to the mean
of the construct (e.g., group members’ average
engagement ratings), and the scale indicates the
variability in these ratings (i.e., the heteroge-
neous residual variance; Lester et al., 2021).
Standard multilevel models used in most group
research (e.g., Ngai et al., 2015; Taube-Schiff
et al., 2007; Uliaszek et al., 2016) are location-
only models, which estimate fixed effects of
predictors constant across groups. Any devia-
tions from the fixed effects are called random
effects, which are unexplained in the location-only
models. (i.e., random effects are simply partitioned
into different levels; McNeish, 2021). The random
effects are assumed to be normally distributed

with a mean of zero and an estimated covariate
matrix (McNeish, 2021). That is, location-only
models do not allow the within-group residual
variance (i.e., scale) to differ across groups,
although it is likely that the within-group resid-
ual variance varies by group (McNeish, 2021).
Thus, using the location-only models, we cannot
examine the degree of within-group variability
because it does not acknowledge that there can
be differences in the variance of members’ rat-
ings. The location-scale model addresses this
issue by modeling both the group mean and
within-group variability so that researchers can
investigate how the group mean and within-group
variance differ across groups and how the mean
and variances within groups change as a function
of predictors (Bolger et al., 2003).

For example, Lang et al. (2018) explored the
development of group consensus (decreased
within-group variation) on job satisfaction in mili-
tary companies. Lang et al. (2018) also investigated
whether military units’ initial collective efficacy
levels predicted the changes in group consensus on
job satisfaction longitudinally. Findings showed
a main effect for time, indicating more group
consensus on job satisfaction over time (i.e., less
within-group variations over time). In addition,
Lang et al. (2018) found an interactive effect
between initial collective efficacy and change in
job satisfaction consensus. When a group was
high on initial collective efficacy, the variability
in members’ job satisfaction ratings within the
group did not change over time. However, when
a group had a low level of initial collective
efficacy, the variability in members’ job satis-
faction ratings within the group significantly
decreased over time.

Theory and prior research suggest that group
cohesiveness is a critical aspect of group dynam-
ics. In addition, changes in group aspects over
the course of therapy and antecedent factors of
the changes have been central interests of the
group therapy process and outcome research
(Kivlighan & Kivlighan, 2016). Therefore, we
believe that researchers interested in how group
members are cohesive in certain aspects and how
the cohesiveness changes over time would ben-
efit from a sophisticated methodological model
that longitudinally predicts the homogeneity of a
group (i.e., the heterogeneous residual variance)
in addition to the group consensus (i.e., the aver-
age). In this article, we introduce a location-scale
model example with three-level repeated data
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(i.e., including groups, members, and sessions)
and discuss how this model can address gaps
currently existing in group research. Specifically,
we illustrate the method for investigating how the
mean and variability of group engagement would
differ across time and whether group size would
predict the changes in the mean and variability of
group engagement in the framework of a Bayesian
multilevel structural equation modeling.

Example

The data for this example came from a de-
identified archival data set (Kivlighan et al.,
1996; Kivlighan & Tarrant, 2001) that is classi-
fied as nonhuman subject data. The data set consists
of ratings of 596 group members clustered within
66 groups. The groups in Kivlighan et al. (1996)
were a combination of personal growth groups for
counseling graduate students and interpersonal
psychotherapy groups conducted at a midwestern
university counseling center. The groups in
Kivlighan and Tarrant (2001) were semistructured
groups for youth in foster care. Session numbers for
each group ranged from 2 to 10, with an average of
7.34 sessions. Groups ranged in size from 3 to 23
members, with an average of nine members per
group. As Nich and Carroll (1997) suggested, we
did not exclude cases just because they had differ-
ent numbers of assessments and treated session
numbers as a random variable. In each session,
members rated their group’s climate using the
Engaged scale of the Group Climate Question-
naire (MacKenzie & Livesley, 1983). The first
three columns of our data set (online Supple-
mentary Material A) are: (a) “group,” a unique
number representing each of the 66 groups; (b)
“member,” a unique number representing each of
596 members in groups; (c) “group size,” a number
referencing to the number of members for each
group. Next, the following 10 columns of the data
set are each member’s engagement ratings for 10
group sessions. As shown in the columns, engage-
ment ratings for each session are placed in the wide
format (one column per each session rating), not a
long format (one row per each session rating) in
our data set. This is because the location-scale
modeling in Mplus is currently available only for
two-level models (McNeish, 2021). According to
Asparouhov and Muthén’s (2016) suggestion,
three-level hierarchies of our data were thus
reduced by one by transposing the long format
to the wide format. This transposition enables

researchers interested in using three-level repeated
measures to exploit the advantages of the location-
scale model in Mplus (McNeish, 2021).

The three-level location-scale model combines
the basic location-scale model structure predict-
ing group means and variance with a growth
model that accounts for changes in group mean
and variance over time. The statistical represen-
tation for our model is as follows:

Engagementg; = m; + m;;SessionNumber,

+ e (D
o = Booj + Foijs )
Ty = B]Oj’ 3)

Booj = Yooo + YoroGroupSize; + up;,  (4)
Bioj = Y100 + Y110GroupSize; + uyg;,  (5)
e = N(0,67), (6)

2 _ .
o; = exp[wy + ®; SessionNumber,

+ o, GroupSize;

+ 3 (SessionNumber, X GroupSize;)], (7)

70 ~ N(0,%00), ®

Upoj | 01 | voo
[“10]} MVNQO]’{WH VMD’ ®

where Engagement,; is the engagement rating for
1th session of ith member in the jth group and
GroupSize is a Z-scored predictor of the size of
each group as seen in Equation (1). my; represents
the engagement score of ith member in the jth
group at Session 1, and m,; indicates an initial
status of the group-member-specific mean change
as a function of the session number. Also, e;
refers to a session-specific deviation (i.e., random
error) for ith member within jth group. At the
within-group level, group-member-specific mean
across sessions, m;;, is equal to jth group’s mean
across members across sessions (Bog;) plus the
group-member-specific deviation (ry;). At the
between-group level, the group-specific mean
(Booy) is equal to the average across all groups
(Yooo) plus the effect of the size of jth group (y910)
plus some group-specific deviation (u;). The
group-member-specific mean change (m;;) is
equal to the group-specific mean change (B;¢,)
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because SessionNumber, is a group-specific vari-
able (i.e., all group members within a group share
the same session number). At the between-group
level, B ;s the group-specific mean change, which
is equal to the average mean change across all
groups (y100) plus the effect of the size of jth group
(Y110) on the mean change plus some group-specific
deviation (u,¢;). The average effects denoted by y
are referred to as location fixed effects constant
across groups. As a unique aspect of the location-
scale model, the within-group residual variance
(G?) in the (e;;) equation has aj subscript, indicating
that the residual variance (random effect) is allowed
to vary across groups (i.e., different from a tradi-
tional location model where 67 is assumed to be the
same across groups [a normal distribution with a
mean of zero]). The group-specific variance ((512-)
becomes the exponential of the linear model
to predict how the within-group residual variance
changes as a function of predictors. The reason the
within-group residual variance is modeled from
a log-linear model is because variances are not
supposed to be negative. Specifically, log-linear
models do not permit nonpositive values, which
is important because variances must be nonnega-
tive. It is also important to note that the coefficient
interpretation is multiplicative in a log-linear model
rather than additive as in a linear model. The group-
specific variance (G?) is accounted for by the
following scale fixed effects. wg is the log of average
within-group residual across all groups at the first
session and the average group size. o is the effect of
session number on the log of the residual variance,
@, is the effect of group size on the log of the
residual variance, and s is the effect of session
number by group size interaction on the log of
the residual variance.

The Mplus code for the model is in online Sup-
plemental Material B. We can use TWOLEVEL
RANDOM as the analysis type because we trans-
form the data set into two levels. For the Bayesian
estimation in Mplus (ESTIMATOR = BAYES),
noninformative priors are chosen by default for
computational convenience (Asparouhov et al.,
2018). BITERATIONS is specified as 1,000, indi-
cating that estimation used a minimum of 1,000
iterations with two chains. According to Gelman
and Rubin’s (1992) potential scale reduction
method, iterations ended, and convergence was
declared at a potential scale reduction factor of
1.10. In the %WITHIN% portion of the code,
member-level component of a growth model is

created by regressing repeated measures constrained
to 1 on pi0. Also, to predict within-person resid-
ual variance for each measurement by bypassing
the programmatic limitation of Mplus, we create
phantom variables, logveg1-logveg10 (Rindskopf,
1984). The vertical pipe (I) is used to create variables
having the same properties as the residual variance
of egl-egl0 and assign names of logvegl-
logvegl0. We use logveg labels to remind us
that the within-group residual variance will
vary across groups in a log-linear model. Now
that we make the within-person residual variance
into variables (not parameters), the residual var-
iances can be outcomes in submodels. They are
latent variables with a single indicator whose
loading is constrained to 1 and whose residual
variance is constrained to 0 (McNeish, 2021).
In the %BETWEEN% portion of the code,
the location fixed effects for the average mean
and longitudinal mean change are specified
with (O p1), which corresponds to ygoo and
Y100 in the equation stated earlier. ®0 and ol
are growth factors for phantom variables for
scale fixed effects. (w0) is the log of the residual
variance at Session Number = 0 (0 in the above
equation) and at average group size. (wl) is
the effect of session number on the log of the
residual variance (@g; in the above equation).
Location and scale predictors are included via
regression by placing location and scale vari-
ables as the outcome variable: O 1 on group
size and 0 ®wl on group size. Other studies
using the location-scale model present scale
submodel predictor effects on the standard devia-
tion scale (e.g., Lang et al., 2018). According
to McNeish’s (2021) method, we thus use the
MODEL CONSTRAINT statement to make our
results on the variance comparable to the studies
(i.e., the scale fixed effects divided by 2). The
MODEL CONSTRAINT statement also generates
the exponential of the intercept of the log of the
residual variance, exp(®).

The results of the three-level location-scale
model are presented in Table 1. In the “location
fixed effects” (Table 1), location intercept (Yooo;
see the equation above) indicates the average
estimated engagement score (across all sessions,
members, and groups) at the grand mean of group
size is 3.786 (95% credential interval [CI 3.565,
4.008]), which refers to a rating between moder-
ately engaged and quite a bit engaged on the Group
Climate Questionnaire’s 7-point Likert scale. It
should be noted that CI represents a credible
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Table 1
Fixed and Random Effects From a Three-Level Location-Scale Model Predicting Mean and Variability of Group
Engagement
Unstandardized 95% Cl
Effect estimate Posterior SD  Lower 2.5% Upper 2.5% Significance

Location fixed effects .
Intercept, Yoo 3.786 0.114 3.565 4.008 V
Session number, g 0.057 0.015 0.028 0.086 *
Group size, Yo10 0.116 0.112 —0.106 0.333
Session Number X Group Size, Yo;; 0.014 0.016 —0.017 0.045

Scale fixed effects .
Intercept, exp(wg) 0.915 0.044 0.827 1.018 *
Session number, m; —0.033 0.005 —-0.042 -0.023 *
Group size, 0, —0.033 0.022 —0.070 0.009
Session Number X Group Size, w3 —0.003 0.008 -0.016 0.011
Location random effect covariances
Group intercept variance, voo 0.687 0.155 0.455 1.058 *
Group session number variance, v, 0.009 0.003 0.005 0.016 *
Group session number intercept —-0.014 0.014 —0.046 0.010
covariance, vyq

Member intercept variance, Too 0.444 0.039 0.375 0.526 *

Note. n = 596 members within 66 groups.
*p < .05.

interval rather than a confidence interval because
we used the Bayesian framework. Credible inter-
vals in Bayesian analysis can be used as an analogy
for a confidence interval to approximate frequentist
inferences (Lee, 1997), even though their philo-
sophical bases differ (VanderPlas, 2014). 95% CI
of the location intercept indicates that the subjective
probability of the grand mean of group size lying
between 3.565 and 4.008 is .95. Also, y;q, corre-
sponding to the initial status of mean engagement
change across all members and groups, is .057
(95%CI [.028, .086]). Location group size effect is
the effect for group size on group-specific mean
(Yoro = 116, 95%CI [-.106, .333]), which was
analogously nonsignificant. That is, groups’ aver-
age engagement scores did not differ significantly
depending on group size. The location session
number by group size interaction effect was also
nonsignificant (yo;1 = .014, 95%CI [-.017, .045]),
meaning the group size did not have a significant
influence on the changes in group mean over time.

In the “scale fixed effects” (Table 1), scale
intercept, exp(m), indicates that the expected
residual variance (within-group variance) for a
group after controlling for the effects of other
predictors is .915 (95% CI [.827, 1.018]). This is
the exponential of the o, estimate from a log-linear

model. Also, the scale fixed effect of session
number, ®;, is the expected influence of session
number on the changes in within-group variance
and was significant and negative (0, = —.033,95%
CI[-.042, —.023]). Therefore, within-group vari-
ance decreased (i.e., a group became more
cohesive in terms of their engagement ratings)
over time. However, group size did not signifi-
cantly influence the average within-group vari-
ance or changes in within-group variance (0, =
—.033,95% CI[-.070, .009]; @3 = —.003, 95%
CI [-.016, .011]).

In “location random effect covariances”
(Table 1), group intercept variance (vo) indicates
residual variance in group-specific engagement
means that are not accounted for the group size.
Because the group intercept variance was signifi-
cant (vog = .687, 95% CI [.455, 1.058]), research-
ers might be interested in exploring other potential
factors impacting the group-mean differences.
Group session number variance (v;1) correspond-
ing to the residual variance in the group-mean
change which is not explained by session number
was also significant (v;; = .009, 95% CI [.005,
.016]). Conditional on predictors in the model,
members also appear to vary in their engagement
intercept (tgg = .444, 95% CI [.375, .526]).
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Discussion

Group therapy literature emphasizes the impor-
tance of group cohesiveness (e.g., Budman et al.,
1993; Marziali et al., 1997). However, the actual
development of group cohesiveness and ante-
cedent factors to group cohesiveness have been
unclear. This is partially because of existing
methodological limitations in assessing group
cohesiveness (group uniformity) within groups.
Specifically, predicting changes in group cohe-
siveness and exploring a predictor of the changes
in group cohesiveness were unavailable for
multilevel data. Given that group therapy is a
complex and evolving process unfolded in mul-
tilevels (Kivlighan & Kivlighan, 2016), sophis-
ticated and proper research designs to explore
different group compositions are called for.

In the present article, we introduced readers to
McNeish’s (2021) method of three-level location-
scale model from a multilevel structural equation
modeling framework (Li & Hedeker, 2012). We
reviewed existing literature that attempted to inves-
tigate group dispersion and uniformity and sug-
gested a better alternative by providing an example
illustrating the application of the location-scale
method to group therapy data. We hope that readers
now have a better understanding of a newly intro-
duced methodology for within-group dispersion
and uniformity exploration. Through the applica-
tion of the three-level location-scale model, we
expect future group therapy research will be able to
explore the development of group cohesiveness
over time and its relationship with other variables.

As we illustrated in our example, modeling the
location-scale model is one method for testing the
influence of context on group cohesiveness in
therapy. Findings from our example showed that
the group became more cohesive in terms of their
perceptions of the engaged group climate. This
suggests that time is one context that we need to
consider in understanding group cohesiveness in
members’ perceptions of group engagement. The
group’s lack of cohesiveness in the beginning
stage of group therapy can be partially accounted
for by the time effect. Clinically, it seems impor-
tant for therapists to know that group cohesive-
ness as defined as group uniformity might notbe a
fixed trait-like quality of a group and be able to
grow or change over time. Repeated assessments
of group cohesiveness rather than one time would
be ideal to better understand the group’s cohe-
siveness. In addition, we can consider contextual

factors by examining the effects of other mod-
erators in the location-scale model. Our example
used the group size as a moderating factor to see
whether group cohesiveness differs at the initial
session or grows differently depending on the
group size. We hope to find more information
about which factors cause a group to be more
homogeneous and cohesive, in addition to which
factors make groups’ means to change, so that we
can understand mutative context bringing groups
more cohesive in various aspects. For example,
researchers might be interested in how group
members’ amounts of in-session intimate beha-
viors (Kivlighan et al., 202 1) become similar over
time as members learn from each other and
whether characteristics of group leader (e.g., group
therapist self-disclosure; Dies, 1973) could impact
changes in group cohesiveness in intimate beha-
viors. The more knowledge about the predictive
factors of group cohesiveness would allow thera-
pists to effectively facilitate noncohesive groups to
become more cohesive.

Although we focused on illustrating the appli-
cation of the three-level location-scale model
involving longitudinal exploration, it should be
noted that the location-scale model is also avail-
able for two-level data. The location-scale model
using two-level data (i.e., one-time measure-
ment for members within groups) can tell us
how much groups are different in terms of their
cohesiveness (i.e., within-group variations) and
why these groups’ cohesiveness is different from
each other (i.e., a predictor of the between-group
difference in within-group variations). Re-
searchers interested in one-time measurement
in their group cohesiveness analysis can use this
two-level approach described in McNeish (2021).
In addition, the multilevel structural equation
modeling approach used in the location-scale
model can be extended to dyadic data using the
vector autoregressive model (see McNeish &
Hamaker, 2020).

As stated and demonstrated earlier, the primary
strength of using the location-scale model is the
ability to explore within-group variability for
longitudinal multilevel data. Specifically, group
therapy researchers can examine the changes in
group-mean and within-group variability over
time. Additionally, group researchers can examine
the effects of various predictors on the changes
in the mean and variability.

The high feasibility is another strength of this
approach. We introduced McNeish’s (2021)
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approach to model the location-scale model
using Mplus. Because of the ubiquity Mplus
software, many group researchers are familiar
with Mplus. We thus expect group researchers
can learn and use the location-scale model using
this software more comfortably and conveniently,
compared to other less user-friendly options
(e.g., SAS Proc Nlmized in Hedeker et al., 2008)
(McNeish, 2021). McNeish’s (2021) method also
allows us to circumvent practical and methodolog-
ical issues (e.g., limitation of sample size) related to
other software and computations used in other
studies (e.g., Lang et al., 2018).

Because the location-scale model is arelatively
new modeling method, there has not been enough
literature to document issues with using this
method. However, one possible limitation of
using the location-scale model would relate to
sample size. Because location-scale models can
be fitted effectively with small within-group
sample size, small sample sizes do not preclude
location-scale modeling (Estabrook et al., 2012).
However, admittedly, the small sample size can
reduce the power of predictors (McNeish, 2021).
Thus, three-level models with a too small number
of repeated measures might “have difficulty with
varying times of observations or a different num-
ber of repeated measures per person” (McNeish,
2021, p. 28). It is not clear how big the sample
should be and how many measurements are
required for using the location-scale model. At
this point, the best advice is that probably the
more measurements, the better. Another limita-
tion is the significance of predictors in the
location-scale model described in this article
only indicates the significance of the contextual
effects. Because the predictive effects are moder-
ation effects, researchers using the location-scale
model are not able to strongly argue the causal
influences of predictors on the location (mean)
and scale (variability).

We hope that this article can help readers to
understand the basic concepts of location-scale
modeling, so that they can benefit from the inno-
vation related to examining scale effects. Research-
ers might be interested in exploring within-group
variability as a mediator or predictor of other
variables of interest. For example, it might be of
interest whether the within-group variability in
in-session intimate behaviors predicts group
engagement climate, group alliance, or postther-
apy outcome. Also, whether the effect of group
therapist self-disclosure on group engagement

climate is mediated by the within-group vari-
ability in in-session intimate behaviors. Based
on the understanding of the location-scale model
introduced in this article, researchers can learn
more about an example of a mediation location-
scale model in Schultzberg and Muthén (2018,
p- 427, Model 9). In addition, researchers might
want to add random effects to the scale model to
allow for unknown sources of between-group
differences in their within-group variability. The
example used in this study modeled within-
group variability deterministically as a function
of group size. By adding random effects to the
scale model, researchers would be able to assess
whether there are additional unmodeled sources.
These random effects can also be correlated
across the location and scale parts of the model
(e.g., see Table 3 in McNeish, 2021). That is,
researchers might want to take the correlation
between group-mean and within-group variability
(e.g., groups with higher means having less vari-
ance) into account.

It is also our hope that group researchers can
have a better understanding and appreciation for
the different group compositions, which have been
ignored in research using traditional location-only
models. Exploring the development of group cohe-
siveness and its relationship to other variables
using appropriate methods will advance the group
therapy theory and practice.
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