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Abstract This study applied latent class analysis to a family-
centered prevention trial in early childhood to identify sub-
groups of families with differential responsiveness to the
Family Check-Up (FCU) intervention. The sample included
731 families with 2-year-olds randomized to the FCU or con-
trol condition and followed through age 5 with yearly follow-
up assessments. A two-step mixture model was used to exam-
ine whether specific constellations of family characteristics at
age 2 (baseline) were related to intervention response across
ages 3, 4, and 5. The first step empirically identified latent
classes of families based on several family risk and adjustment
variables selected on the basis of previous research. The sec-
ond step modeled the effect of the FCU on longitudinal
change in children’s problem behavior in each of the empiri-
cally derived latent classes. Results suggested a five-class so-
lution, where a significant intervention effect of moderate to
large size was observed in one of the five classes—the class
characterized by child neglect, legal problems, and parental
mental health issues. Pairwise comparisons revealed that the
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intervention effect was significantly greater in this class of
families than in two other classes that were generally less at
risk for the development of child disruptive behavior prob-
lems, albeit still low-income. Thus, findings suggest that (a)
the FCU is most successful in reducing child problem behav-
ior in more highly distressed, low-income families, and (b) the
FCU may have little impact for relatively low-risk, low-
income families. Future directions include the development
of a brief screening process that can triage low-income fami-
lies into groups that should be targeted for intervention,
redirected to other services, monitored prospectively, or left
alone.

Keywords Intervention response - Moderation - Latent class
analysis

Early-onset conduct problems entail substantial costs to society
and to individuals. It has long been established that 5% of early-
starting individuals commit 50% of crimes (Offord et al. 1991),
and those children and teenagers who are affected by early-
onset conduct problems often demonstrate impaired health,
happiness, occupational outcomes, and family relationships as
adults as well as considerable adverse consequences to their
victims and society (Dishion and Patterson 2006). Thankfully,
there are a growing number of early interventions that have
been found to reduce these negative outcomes and prevent
growth in conduct problems (O’Connell et al. 2009), including
some that are offered preventively in community service set-
tings. Yet Offering evidence-based services to every family in a
public school, Head Start, pediatric service, or supplement pro-
gram is expensive and inefficient if a large percentage of the
targeted audience is healthy. Thus, in the context of prevention,
the classic question of “What works for whom?” raised
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by Gordon Paul (1967) almost 50 years ago instead becomes
“For whom is the intervention needed?”

The Family Check-Up: a Public Health Intervention
Model

The Family Check-Up (FCU) is an evidence-based approach
for reducing the incidence of conduct problems that was de-
veloped to address some of the limitations of the traditional
parent training model. The FCU is a brief preventive interven-
tion based on motivational interviewing and modeled after the
Drinker’s Check-Up (Miller and Rollnick 2002) that seeks to
motivate parents to engage in services that improve the quality
of their parenting practices. The family and therapist meet for
three sessions—an interview, assessment, and feedback—to
explore potential areas of concern and promote engagement
in follow-up services (e.g., parent training, cognitive behav-
ioral therapy) that can address any identified issues. This
framework was originally developed in the context of
preventing substance use and abuse during adolescence
(Dishion and Kavanagh 2003), with a randomized, controlled
trial indicating that providing the FCU during middle school
reduced rates of initiation of substance use from sixth to ninth
grade, reduced growth in substance use over later adolescence,
and reduced symptoms of substance abuse in young adult-
hood (Connell et al. 2007; Dishion et al. 2002), in addition
to having positive effects in other domains (e.g., Connell and
Dishion 2008).

Based on the success of the FCU framework during early
adolescence, the FCU was subsequently applied to another
period of developmental transition—the toddler period.
Toddlerhood is marked by an increase in children's physical
mobility without a concomitant increase in the cognitive fa-
cilities required to appreciate the consequences of their behav-
ior on the physical safety of themselves and others (Shaw and
Bell 1993). During this age period, the FCU aims to prevent
growth in aggressive and oppositional behavior that may lead
to more severe conduct problems. A pilot study with 120
indigent families from an urban community with male 2-
year-olds using Women, Infant, and Children (WIC)
Nutritional Supplement centers indicated that one dose of
the FCU at age 2 was associated with reduced child disruptive
behavior and greater maternal involvement with children at
ages 3 and 4 (effect sizes in the medium range; Shaw et al.
2006). This initial study with toddlers was followed by a much
larger, multisite trial including male and female toddlers and
families living in urban, rural, and suburban communities, in
which substantial reductions in growth in children’s external-
izing behavior were found when their caregivers were offered
annual FCUs from ages 2 to 5 (effect sizes in the small-to-
medium range; Dishion et al. 2008). Follow-up of this sample
into primary school has indicated that these reductions
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continue through age 5, and that teacher ratings at age 7.5
show significant effects of the FCU on reducing aggressive
and oppositional behavior in the school context (effect size in
the small range; Dishion et al. 2014). However, these analyses
indicate that not all families in need of intervention changed,
nor did all families seem to need family-based support. Thus,
it is important to understand both the lack of responsiveness to
the FCU and the characteristics of families in which interven-
tion is unlikely needed. This knowledge would facilitate the
adaptation of the FCU to meet the unique needs of specific
subpopulations less likely to respond and provide the oppor-
tunity to redirect families to more or less intensive
interventions.

Potential Moderators of Response to the FCU

Statistical moderation analysis (Aiken and West 1991) is one
way to examine child and family characteristics that might
limit or enhance the FCU’s effects on various child outcomes.
Three previous studies have addressed this question: first,
Gardner et al. (2009) tested potential moderators of the effects
of the FCU on growth in externalizing problems during early
childhood. Gardner and colleagues identified teen parent
status and single parenthood as family characteristics that
limited intervention effectiveness, and lower parental
education as a characteristic that enhanced intervention
effectiveness. Second, Shaw et al. (2017) examined the mod-
erating effects of family’s neighborhood deprivation on FCU
effects into late elementary school. Direct intervention effects
were observed only for those two thirds of the sample
experiencing moderate levels of neighborhood deprivation,
rather than extreme, although indirect intervention effects of
the FCU were found on teacher-reported conduct problems by
successfully improving parenting during early childhood even
among those living in extreme neighborhood deprivation.
Third, Shelleby et al. (under review) examined the moderating
effects of baseline child problem behavior on growth in
parent-rated aggressive and oppositional behavior from age
2 to age 9.5. Results indicated a larger intervention effect for
those children high in problem behavior at age 2 than for those
low in problem behavior at baseline.

In addition to these three FCU studies, there have been
many studies of moderation of other parent training-based
interventions. Reyno and McGrath (2006) conducted a meta-
analysis of baseline moderators of parent training efficacy and
identified 31 studies examining 15 different moderators. They
found lower family income, more severe child behavior,
higher maternal psychopathology, lower parental education,
and more barriers to treatment to have medium to large
(r ~ .30-.50) associations with poorer treatment outcome.
Greater number of siblings, single parenthood, and higher
maternal depression were also associated with poorer
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treatment outcome, albeit less strongly so (» ~ .20). Lundahl
et al. (2006) also meta-analyzed moderators of parent training
efficacy, but examined fewer moderators in a wider literature
base (63 studies). Despite the fact that only three studies were
included in both reviews (i.e., there was little overlap), these
authors concurred with Reyno and McGrath’s (2006) finding
that lower socioeconomic status and single parenthood limited
treatment efficacy. However, whereas Reyno and McGrath
found more severe child misbehavior to be associated with
poorer outcomes, Lundahl et al. (2006) reached the opposite
conclusion: families with children in the clinical range re-
ceived greater effects of parent training relative to families
with children in the non-clinical range.

As discussion of Reyno and McGrath (2006) and Lundahl
et al. (2006) has indicated, the FCU-specific moderation find-
ings do not map perfectly onto those from the more general
parent training literature. In addition, the two reviews some-
times reached contradicting conclusions (e.g., regarding se-
verity of child behavior), and both conducted statistical tests
that indicated substantial heterogeneity in the included stud-
ies. Together, these results suggest that moderation of re-
sponse to the FCU may be more nuanced and warrant a dif-
ferent analytic approach.

A Person-Centered Approach to Identifying
Moderation of Intervention Effects

Most existing studies examine moderation of intervention ef-
fects using a variable-centered approach, modeling covaria-
tion among variables in what is presumed to be a homogenous
sample. Indeed, all of the findings reviewed above used this
method, typically by including a series of treatment x moder-
ator interaction terms in a multiple regression equation.
However, it may be that a particular constellation of family
conditions presents a context that affects response to the inter-
vention, rather than any single variable in isolation. This pos-
sibility could be investigated by incorporating several higher-
order interaction terms into a variable-centered method, but
this approach is fraught with elevated type I error rates and
reduced power (Lanza and Rhoades 2013). These issues have
motivated the development of person-centered analytic ap-
proaches (e.g., latent class analysis) that may be able to sur-
mount these limitations by summarizing a complex multivar-
iate pattern of characteristics via a small number of underlying
groups that comprise it. In the context of moderation analysis,
these approaches can offer reduced type I error rates and im-
proved power when probing for higher-order (e.g., three- or
four-way) interactions among several variables of interest
(Lanza and Rhoades 2013).

Herman et al. (2007) provide an early example of this latent
class approach to moderation in modeling latent profiles of co-
occurring symptomology (e.g., anxiety, oppositional defiance)

in the Treatment for Adolescents With Depression Study
(TADS). They examined treatment x latent class interactions
to determine if the latent profiles moderated intervention ef-
fectiveness. None of these interactions were significant, per-
haps owing to the modest sample size (N = 423, partitioned
into five classes). More recently, Cooper and Lanza (2014)
applied a person-centered moderation methodology to the
Head Start Impact Study (3-year-old cohort, N = 2449),
conducting a latent class analysis on the sample and then
examining intervention effects in each latent class. Their re-
sults provide a more compelling illustration of the ability of
this quantitative approach to illuminate the critical nuances
affecting intervention effects. Five latent classes were identi-
fied, two of which experienced mostly positive intervention
effects, two of which experienced no intervention effects, and
one of which possibly experienced iatrogenic effects. The
most robust effects were observed for a class characterized
as married, English-language learners with lower education,
whereas Head Start appeared to have little effect in a class
characterized as married, lower-risk families. Cooper and
Lanza’s (2014) results painted a very different picture than
would have a traditional, variable-centered method, illustrat-
ing the potential of the person-centered approach to clarify
response to intervention.

Present Study

A person-centered approach might complement traditional
means of identifying families more or less likely to respond
to the FCU, enabling implementers to preserve finite resources
and ensure the receipt of appropriate services. The present
study applied this person-centered methodology to the Early
Steps Multisite Trial, a large randomized, controlled trial of
the FCU in early childhood (Dishion et al. 2014; Shaw et al.
2017). A two-step mixture model was used to examine wheth-
er specific constellations of family characteristics at age 2
(baseline) could be identified and whether the effects of the
FCU on parent-reported child conduct problems over time
(ages 2, 3, 4, and 5) varied across these constellations.

Methods

Participants Seven hundred thirty-one at-risk parents and
their toddlers were recruited from the Woman, Infants, and
Children (WIC) Nutritional Supplement program in three dif-
ferent types of communities: Eugene, OR (suburban),
Charlottesville, VA (rural), and Pittsburgh, PA (urban).
Parents were invited to participate if they had a 2-year-old
child and possessed two of the three following risk factors
for future behavior problems: current child behavior prob-
lems, family problems (e.g., maternal depression), and
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sociodemographic risk. Primary caregivers were almost uni-
versally mothers (16 fathers, 2.2%). Racial and ethnic back-
ground was as follows: 50% European American, 28%
African American, 13% biracial, 9% other, and 13%
Hispanic. Sixty-six percent of the sample had an income be-
low $20,000, and 41% had a high school diploma. See
Dishion et al. (2008) for more details about the recruiting
process and sample characteristics.

Design

Families were randomly assigned to either a control or an
intervention condition when the child was age 2. Participants
in the control condition did not receive any intervention ser-
vices from the study, but were free to seek support services in
the community. Participants in the intervention condition
gained access to services implementing the Family Check-
Up (FCU) model. The FCU comprised three sessions: (1)
assessment session—the interviewer went to the home and
videotaped the parent and child while they engaged in various
tasks selected to evaluate parent-child interactions; (2) initial
interview—the interviewer explored parent concerns and
stage of change and encouraged parents to participate in an
in-home assessment of family functioning; (3) feedback
session—the interviewer provided feedback based on the as-
sessment while seeking to promote reflection on behavior
change and on potential engagement in further intervention
services. This ordering of sessions deviated from typical
FCU procedure (i.e., begin with interview) so that home vis-
itors could be blinded to the intervention status of the family
during the assessment phase (for more details about the FCU
intervention, see Dishion and Kavanagh 2003). After com-
pleting the FCU, parents were able to engage in as-desired
follow-up parenting support services such as parent training
(e.g., Dishion et al. 2011).

Intervention-assigned families were re-contacted annually
atages 3, 4, and 5 and were offered the same FCU plus follow-
up services package. The present analysis focuses on the ef-
fects of FCU in early childhood, using data from ages 2
through 5. When defining engagement in the intervention to
require completion of (at least) the FCU feedback session,
76% of families engaged in the intervention at age 2, 69% at
age 3, 70% at age 4, and 66% at age 5. In total, over 90% of
families engaged in at least one feedback between ages 2 and
5.

Baseline Measures

Ten different variables were collected at baseline (age 2) and
entered as indicators in a latent class analysis. These specific
variables were selected for meeting three requirements: (a)
they were among those indicated by the extant literature to
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be potential moderators of the intervention’s effectiveness,
(b) they were collected at baseline in the present study, and
(c) they were commonly collected demographics or easily
collectable further data (e.g., no direct observation-based
scores). Descriptives for all ten variables appear in Table 1.

Child Externalizing Behavior Primary caregiver completed
the age 1.5 to 5 version of the Child Behavior Checklist
(Achenbach and Rescorla 2001). The 24-item raw total score
on the Externalizing subscale was used as a broadband mea-
sure of disruptive behavior (a = 0.86).

Family Income Primary caregiver reported monthly house-
hold income (including child support and other financial aid)
on an approximately linear categorical scale where answers
ranged from “$415 or less” (coded as 1) to “$7500 or more”
(coded as 13). This variable was treated as continuous for
these analyses.

Number of Children in Household Primary caregiver report-
ed the number of children currently living in the household.

Parental Depression Primary caregiver reported on their de-
pressive symptoms using the Center for Epidemiologic
Studies Depression scale (CES-D; Radloff 1977; a = 0.76).

Child Gender Child gender was coded as 0 = female,
1 = male.

Parental Education Primary caregiver reported his or her
educational history. This was used to form a categorical vari-
able scored as a 1 (less than high school), 2 (high school
graduate through partial college), and 3 (junior college degree
or more).

Single Parent Status Primary caregiver reported whether he
or she currently had a live-in partner; this formed a binary
indicator of single parent status.

Household Law Problems Primary caregiver reported
whether persons living in the home had had trouble with the
law since the child was born; this formed a binary indicator of
household law problems.

Household Child Abuse Primary caregiver reported whether
persons living in the home had been reported for child abuse
since the child was born; this formed a binary indicator of
household child abuse.

Household Mental Health Treatment Received Primary
caregiver reported whether persons living in the home had
been treated by a mental health professional since the child
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Table 1 Descriptives for all
variables Variable Control Intervention
Number of participants 364 367
Baseline variables for latent class analysis
Parent CBCL externalizing behavior 20.6 (7.0) 20.8 (7.6)
Family income 4[2-5] 4 [2-5]
Number of children in household 2 [2-3] 2 [2-3]
Parental depression (CES-D) 14 [9-22] 15 [9-23]
Parental education 25/64/11% 22/66/12%
Child male 51% 50%
Single parent status 42% 38%
Household law problems 35% 34%
Household child abuse 7% 8%
Household mental health treatment received 39% 38%
Parent ratings for growth model
Mean score CBCL aggressive/oppositional items at age 2 0.64 (0.32) 0.67 (0.35)
Mean score CBCL aggressive/oppositional items at age 3 0.56 (0.35) 0.55(0.35)
Mean score CBCL aggressive/oppositional items at age 4 0.52 (0.35) 0.47 (0.36)
Mean score CBCL aggressive/oppositional items at age 5 0.47 (0.36) 0.43 (0.35)

Note. Where numbers are followed by brackets, they are in this form: median [25th—75th percentiles]. Where they
are followed by parentheses, they are in this form: mean (standard deviation). Baseline balance was achieved. See
“Methods” section for description of variable measurement scales (e.g., for family income). All values are
complete-case, with Ns per variable as indicated in the “Handling of Missing Data” section.

was born; this formed a binary indicator of household mental
health problems.

Dependent Measure

Parent Ratings of Aggressive/Oppositional Behavior
Primary caregiver completed the CBCL at ages 2, 3, 4, and
5. Eight items previously used to map onto symptoms of op-
positional defiant and conduct disorder (Brennan et al. 2015)
from the CBCL were averaged to create a score ranging from
0 to 2 (0 =not true; 1 = somewhat true; 2 = very true) for each
child at each age. Alpha reliability of this score was 0.71 at age
2,0.75 at age 3, 0.78 at age 4, and 0.80 at age 5. Descriptives
at each age appear in Table 1.

Analytic Plan

A two-step mixture model was implemented in MPLUS 7.3
(Muthén and Muthén 2012). A two-step procedure was nec-
essary in order to incorporate latent class analysis, latent
growth modeling, and missing data handling into the model
and still attain convergence.

Step 1: Latent Class Analysis In step 1, a mixture model was
fit to identify latent classes of families using baseline variables
thought to be potential youth, parent, and family risk and
protective factors. The variables listed above under
“Baseline Measures” were all included as indicators of the

latent class. Continuous variables were standardized and
modeled as normally distributed. The binary variables (e.g.,
gender) and parental education were all modeled as categori-
cal or ordinal.

Selecting the number of latent classes in a mixture model
remains a subjective process, as various fit statistics perform
differently in simulations and often contradict each other (Tein
etal. 2013). In the present study, we based this decision on the
theoretical plausibility of the solution and on three fit indices:
the sample-adjusted Bayesian information criterion (saBIC;
Sclove 1987), the Lo-Mendell-Rubin (LMR) likelihood ratio
test (Lo et al. 2001), and the bootstrapped likelihood ratio test
(BLRT; McLachlan and Peel 2000). Solutions with one to six
latent classes were produced sequentially, and the results were
evaluated according to these criteria.

Step 2: Multiple-Group Latent Growth Model In step 2, the
latent classes identified in step 1 were treated as observed by
assigning each family to its most likely class. A multiple-
group latent growth model was then fit to examine whether
the FCU has differential effects on the trajectories of child
outcomes across the latent classes identified in step 1. The
“groups” were the latent classes from the mixture model,
and the “growth” was in aggressive and oppositional behavior
from ages 2 to 5 (CBCL). We adopted the analytic procedure
of'the primary outcome paper (Dishion et al. 2014), specifying
linear growth. The latent linear slope factor was regressed on
intervention status and allowed to vary across the multiple
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groups to evaluate the FCU’s effect in each of the latent clas-
ses (model depicted in Fig. 1). The latent intercept factor was
also regressed on intervention status because (despite random-
ization) there were sometimes non-negligible intervention/
control differences in baseline child behavior within the small-
er classes (standardized differences ranged from 0.02 [class 2]
t0 0.52 [class 4]). The model-estimated intervention effect size
in each latent class was computed by multiplying the coeffi-
cient relating intervention status to the slope factor by 3 (the
number of time intervals) and dividing the result by the full-
sample standard deviation in aggressive and oppositional be-
havior at baseline (SD = 0.34; Eq. 7 in Feingold 2015).
Finally, to examine whether the effect of the FCU was
moderated by latent class, the MODEL CONSTRAINT com-
mand was used to test the significance of differences in inter-
vention status coefficient across each of the latent classes.

Handling of Missing Data Baseline family characteristics at
age 2 all had less than 2% missing data. Primary caregiver
ratings of aggressive/oppositional behavior ranged from 84
to 100% complete: age 2 (100%), age 3 (90%), age 4 (85%),
and age 5 (84%). At the participant level, 539 of 731 (74%)
participants had complete data for all the variables in both
steps of the analysis. We used full-information maximum like-
lihood (FIML) estimation with auxiliary variables to address
missing data (more details available online), assuming a
Missing at Random (MAR) mechanism (Rubin 1976).

Results
Step 1: Latent Class Analysis

Fit statistics for the various £-class solutions suggested a three-,
four-, five, or six-class solution was viable (see Table 2). Adding
a fourth class separated a small class of distinct families (class 4
below), and all three fit statistics indicated that this addition
produced statistical improvement. Adding a fifth class drew
from the two largest classes in the four-class solution to produce
a sizeable class (class 5 below) with dramatic differences from
all other classes on the categorical indicators. Adding a sixth
class yielded only marginal improvement in BIC, and the
LMR likelihood ratio test did ot indicate significantly improved
model fit. Thus, we settled on a five-class solution.

The five identified latent classes can be roughly character-
ized as follows:

*  Class I (N= 181)—relatively high income, low-risk

e Class 2 (N = 105)—low income, lower education, very
high maternal depression, high single parenthood

*  Class 3 (N = 323)—low income, lower education, high
single parenthood, otherwise low-risk

*  Class 4 (N = 29)—lower education, high child behavior
problems, very high number of kids, high parental neglect,
high maternal depression

e Class 5 (N= 93)—high legal problems, very high neglect,
extremely high parental mental health treatment

Fig. 1 Diagram of latent growth /\

model fit within each latent class.
Note. Agg./Opp. aggressive and
oppositional behavior. The model
was fit within each of the five
classes identified, and all free
parameters were allowed to vary
across classes

A

/\

A

Parent Rating of
Agg./Opp. Behavior

Parent Rating of
Agg./Opp. Behavior

Parent Rating of
Agg./Opp. Behavior

Parent Rating of
Agg./Opp. Behavior

@ Age2 @ Age3 @ Age 4 @ Age 5
1 1 2
1 1 0
Latent Latent
Intercept Slope
Intervention
Assignment
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Table 2 Fit statistics for latent class analysis solutions

Fit indicator

1-class solution 2-class solution 3 class-solution 4-class solution

S-class solution 6-class solution

Sample size-adjusted BIC 13,875 13,676 13,581 13,533 13,506 13,491

Lo-Mendell-Rubin LR test — p < .0001 p < .01 p < .05 p<.10 ns

Bootstrapped LR test - p < .0001 No convergence p < .0001 p <.0001 p < .0001

Sizes of classes (Vs) 731 488, 243 211,125,395 388,109, 205,29 181,105, 323,29,93 76,240, 163, 104, 118, 30

The five-class solution was selected.
BIC Bayesian information criterion, LR likelihood ratio

Note that descriptors such as “low” and “high” are relative
to the rest of the present sample—for example, the “high in-
come” of class 1 corresponded to just $25,000-30,000 per
year (vs. ~$10,000-15,000 for “low income” of classes 2
and 3). The exact profile of each of the identified classes
across the ten baseline (age 2) family characteristics is
depicted in Fig. 2 (continuous indicators in upper panel, cate-
gorical indicators in lower panel). Entropy for this solution
was 0.74, suggesting there was some uncertainty in the pro-
cess of assigning individual families to classes.

Step 2: Multiple-Group Latent Growth Model

We next examined the effects of assignment to the Family
Check-Up on growth in aggressive-oppositional behavior
within each of these five latent classes. Fit statistics indicated
adequate model fit (RMSEA = 0.079, CFI = 0.97,
SRMR = 0.078), and estimates of effects are reported in
Table 3. A significant intent-to-treat effect of randomization
to the Family Check-Up was observed in class 5 (p < .01;

=—0.63), which was characterized by high rates of parental
neglect, legal problems, and mental health issues. Pairwise
comparisons indicated that the effect in class 5 was signifi-
cantly greater than the effect in either class 1 (p < .05;
d=—0.01), which consisted of higher-income, lower-risk fam-
ilies, or class 3 (p < .05; d = —0.08), which consisted of low-
income, single-parent families that were otherwise at low risk.
Note that the effect size for class 4 was larger than for class 5,
but its tiny size (n = 29) limited power to detect an effect.
Thus, results suggested that the effects of random assignment
to the FCU were more pronounced in distressed families com-
pared to those characterized as low risk.

Post Hoc Analysis

Based on the uncertainty for individual latent class member-
ship in the distressed group (class 5), we next formulated three
groups using simplified, researcher-specified definitions
based on the pattern of findings revealed in the latent class
analysis. These definitions separated the sample into three
classes—(A) low-risk, (B) demographic risk, and (C) demo-
graphic plus parental mental health risk—on the basis of five

of'the indicator variables (parental depression, history of men-
tal health treatment, history of legal problems, single parent
status, and income). The exact class criteria are presented in
Table 3. We then conducted multigroup modeling and fit the
same latent growth model shown in Fig. 1 within each of these
three researcher-specified classes: results are reported in
Table 3. Consistent with previous findings, a significant inter-
vention effect was observed only in the class with both demo-
graphic and mental health risk (class C; p < .01; d = —0.56),
and the effect in this class was marginally significantly greater
than that in either of the two classes without both types of risk
factors (classes A and B; p < .10; d = —0.15 and —0.04).

Discussion

Five different latent classes of families were identified, and the
effect of random assignment to the FCU in early childhood
was examined in each. Results indicated that the intervention
had a moderate-to-large effect size in reducing parent-rated
problem behavior in the class of families characterized by high
rates of parental neglect, legal problems, and mental health
issues. Pairwise comparisons among the classes indicated that
the intervention effect was significantly greater in this class of
distressed families than in two other classes that were gener-
ally less at-risk for the development of children’s disruptive
behavior problems. Post hoc analyses also indicated a moder-
ating role of mental health issues. We now discuss these re-
sults and their implications.

Family Support for Distressed Families with Young
Children

Note that this study involved a large group of low-income
families seeking nutritional support for their children through
the WIC program—not a group of families seeking interven-
tion services for their children. Within that context, our results
suggest that those low-income families with high rates of legal
problems, child neglect, and mental health treatment were
more responsive to the FCU. The outcome of this study mir-
rors those from earlier, variable-centered analyses of this
dataset showing that families with more risk factors benefited
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Z-Score

Class 2, d =-0.30

*Class 4, d = —0.82

Child externalizing behavior Income

100% +

80% -

60% -

Proportion

40% -

20% -

0% -

Male Low education Single parent

Fig. 2 Profiles of latent classes on continuous and categorical indicators.
Note. In the fop panel, the y-axis represents the mean z-score of each class
on each continuous indicator variable. In the bottom panel, the y-axis

more from the intervention (Gardner et al. 2009; Shelleby
et al. under review). This pattern was also seen in recent anal-
yses showing that FCU-based reductions in neglectful parent-
ing were greatest for those families with greater family adver-
sity (Dishion et al. 2015), and that parents with greater per-
ceived parenting stress were considerably more likely to en-
gage in the intervention (Smith et al. 2017). The fact that
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Number of kids Maternal depression

Class 5, d =-0.63

,-Class 4,d =-0.82
,+" Class 2,d =-0.30

Class 1,d =-0.01

_~Class 3,d =-0.08

Mental health treatment

Law problems Abuse

represents the proportion of each class endorsing the categorical
indicator variables. Values calculated based on most likely class
membership. “d” indicates intervention effect size, as reported in Table 2

families at relatively low risk (i.e., classes 1 and 3) did not
appear responsive to the FCU in this study may indicate that
these children are less likely to develop the problem behavior
to be prevented, or are less likely to have the poor parenting
practices that can be improved via intervention. Indeed, a de-
sirable feature of any preventive intervention is that it reaches
and benefits the most in-need families.
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Table 3

Subgroup intervention effects on parent-rated aggressive and oppositional behavior

Number Est. (SE) Estimated effect size

Latent classes

Class 1—very high income, low-risk

Class 2—low income, very high maternal depression, high single parenthood 105

Class 3—low income, high single parenthood, otherwise low-risk

Class 4—high behavior problem, very high number of kids, high neglect, high maternal depression 29
Class 5—high law problems, very high neglect, extremely high mental health treatment** 93

Researcher-defined classes
Class A low risk
Did not meet criteria of either other classes
Class B demographic risk

Either single parent or lower tercile income (<$1250/month)
CES-D <15, neither mental health treatment nor legal problems
Class C demographic risk + mental health risk**

Either single parent or lower tercile income (<$1250/month)

CES-D >15, either or both of mental health treatment or legal problems

181 —.001 (.014) d=—-0.01
—.034 (.026) d=-030
323 —.009 (.014) d=-0.08
—.092 (.075) d=-0.82
—.070 (.026) d =—0.63

493  —017 (.011) d=-0.15

105 —.005 (.021) d=-0.04

133 —.063 (.022) d=-0.56

Note that descriptors (e.g., low, high) are relative to the rest of the sample. “Est.” is the coefficient of latent slope regressed on dummy-coded intervention
status (see Fig. 1). “Estimated effect size” reflects the total effect across the age 2 to 5 span, as described in the “Methods” section. Negative effect sizes
indicate advantage of intervention over control. For the latent classes, pairwise tests indicated significant differences in effects between class 1 and class 5
(p < .05) and between class 3 and class 5 (p < .05). For the research-defined classes, pairwise tests indicated that the effect in class C was nearly

significantly different from that in class A (p =.054) or class B (p = .055).

Tp <.10; *p < .05; **p < .01, by z-tests

The intervention appeared to be most effective for those
families with high rates of child abuse (classes 4 and 5). In
conjunction with recent results indicating that the FCU can
reduce neglectful parenting during directly observed parent-
child interaction (Dishion et al. 2015), this finding suggests
potential utility of the FCU in the child welfare setting.
Families at risk for neglect may benefit from receiving the
FCU during early childhood before the child has been re-
moved from the home, and more intensive services are needed
(Dishion et al. 2016). Moreover, the FCU could prove useful
in reducing the rate of placement failure for children identified
as at risk for disruptions because of problem behavior
(Chamberlain et al. 2006)—this possibility should be explored
in a future study.

The Latent-Class-as-Moderator Approach for Prediction

Moderation analysis is useful for understanding intervention
processes, but it can also be used to estimate the likelihood a
specific family will respond to the intervention. The present
model can calculate a predicted effect size of the FCU for each
family in the sample, accounting for uncertainty in class mem-
bership. This quantity is of interest because families for whom
the predicted effect is quite large could be especially targeted
for intervention, while families for whom the predicted effect
is quite small could be redirected to other services, monitored
prospectively, or left alone. Indeed, the present results suggest

that there may be substantial variability in responsiveness to
the FCU among low-income families in the WIC program.

This variability in responsiveness to the FCU is an impor-
tant consideration for real-world implementation.
Approximately 50 items are needed to yield all of the baseline
characteristic scores that were included in the current latent
class model (8 individual items, 24 items from the CBCL-
externalizing subscale, and 20 items from the CES-D; further
analyses may support the use of an even briefer assessment
[e.g., an abbreviated version of the CBCL]). With this infor-
mation, straightforward arithmetic is needed to produce esti-
mated probabilities of membership in each class and thus a
predicted effect size for a specific family. Administration of
the items and instantaneous calculation of the predicted effect
size could be accomplished via a simple web application. The
application could then display a predicted effect size and/or
recommended action (e.g., “probably helpful,” “maybe help-
ful,” “probably not helpful”) that is customized to audience
(i.e., parent, therapist, physician). Thus, in fewer than 10 min,
families could be evaluated for their potential need and re-
sponsiveness to a potential FCU, and parents and providers
could receive tailored, practical advice.

The implementation outlined above is straightforward, but
it is still aspirational. Future work must address several issues.
First, the present analyses were conducted using data from a
sample of families in WIC demonstrating multiple risk factors
for the development of child conduct problems, and thus, the
prediction model was fit in this context. The extent to which
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the prediction equation would generalize to populations that
are more (e.g., families seeking treatment for behavioral prob-
lems) or less (e.g., primary care) at-risk is unknown. Second,
and most important, cross-validation of the prediction model
is needed to determine its accuracy out of sample (Hastie et al.
2009). How to best cross-validate predicted causal effects is
still an active area of research (e.g., Athey and Imbens 2016).
At present, we have no guarantee that our predicted effect
sizes are accurate; this is obviously of paramount importance.

Limitations

A limitation of the present study is its definition of response to
intervention exclusively through parent (i.e., largely mother)
ratings of aggressive and oppositional behavior. Although this
was the primary outcome of the multisite trial, other studies
have demonstrated ancillary effects of the FCU in the domains
of maternal depression (Shaw et al. 2009), positive parenting
(Dishion et al. 2008), and teacher rating of problem behavior
(Dishion et al. 2014), among others. Thus, families we have
presently identified as not benefiting from the intervention
(e.g., class 1) may in fact have seen positive effects in one of
these other domains. Future work could repeat the present
methodology but define response to intervention through a
broader, composite measure.

A second limitation is that our analysis conflated assign-
ment to treatment with receipt of treatment. Each year, approx-
imately 25 to 35% of those assigned to the intervention did not
engage in a feedback session or follow-up services (Dishion
et al. 2014). Thus, a specific class of families may herein be
identified as not responding (a) because they fail to engage in
the FCU or (b) because they do engage in the FCU, but do not
benefit from engagement. Comparison of the number of an-
nual feedbacks completed across classes revealed that families
in class 3 (M = 2.2 feedbacks) and class 4 (M = 2.1) engaged
less than those in class 1 (M =2.9), class 2 (M =2.9), orclass 5
(M = 2.7), suggesting that the difference in observed FCU
effect between classes 3 and 5 is potentially related to engage-
ment rates. Future work should investigate the effects of levels
of engagement on outcomes using methods that can yield
causal inferences in the presence of non-engagement
(Imbens and Rubin 2015).

Finally, other limitations stem from our mixture model ap-
proach to moderation. First, because the classes varied across
all of the baseline characteristics, it is unknown whether the
differential effectiveness of the FCU across classes is indeed
attributable to the prominent discrepancies we identified (i.e.,
legal problems, neglect, mental health problems). It may be
that the differential effectiveness is because of other variables
upon which the classes differed less (e.g., child externalizing
behavior), or to confounding variables that were entirely ab-
sent from the model (Hernan and Robins 2016). Second, mix-
ture models will identify multiple classes when the indicator
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variables depart substantially from normality (McLachlan and
Peel 2000), and the specific pattern of the present results is
consistent with the expected methodological artifacts (i.e., the
classes differ most substantially on the highly skewed vari-
ables). This concern emphasizes the need to avoid reifying the
classes and instead conceptualize them as a potential tool for
predicting intervention response (Sterba and Bauer 2010).
Third, our research question could also have been approached
using a single-step growth mixture model in which the latent
classes are simultaneously indicated by potential moderators
and characterized by differential responsiveness to the FCU,
and these results may have complemented or contradicted the
current ones. Unfortunately, we were not able to achieve con-
vergence in models using this approach.

Conclusion

The present results used a latent-class-as-moderator approach
to identify a class of highly distressed families for whom the
effect of the FCU was substantial and to identify non-trivial
subsamples for which the effect on problem behavior appears
to be limited. Critically, these latent classes were indicated by
characteristics of the families at the baseline assessment. If
implementers of the FCU can indeed identify non-
responsive families before initiating the intervention, they
can reduce costs and increase efficacy (i.e., be more efficient).
A similar approach might apply to home visitation programs
more widely (e.g., Nurse-Family Partnership; Olds 2006).
Thus, in the prevention context, the classic question of
“What works for whom?” might fruitfully be reframed as
“What doesn’t work for whom?”” Future work should address
the limitations of the present study and seek actionable an-
swers to this question.
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