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About the Book

This book probes the most common approach to assessing behavior in youth devel-
opment. It explores use of multiple informants who each observe youth in the social 
contexts that typify their everyday lives, including parents, teachers, peers, and 
youth themselves. The book characterizes the most common outcome from taking 
this assessment approach—the discrepant results or estimates about behavior that 
informants’ reports often produce—and describes the distinct strategies researchers 
have historically used to integrate these data. This conceptually grounded, thor-
oughly resourced, and methodologically rigorous book provides readers with a 
paradigm for testing competing data integration strategies, using a sophisticated 
suite of Monte Carlo simulation and measurement validation tools that are appli-
cable to a host of assessment scenarios in scholarship on youth development.

Key areas of coverage include:

•	 Use of multiple informants to assess behavior in youth development
•	 The frequent observation of discrepant results when assessing behavior in youth 

development
•	 Theoretical models for explaining discrepant results in behavioral assessments
•	 How theoretical models inform strategies for integrating assessment data
•	 Key distinctions in the assumptions that underlie the use of competing integra-

tive strategies
•	 Application of Monte Carlo simulation strategies for testing competing integra-

tive strategies
•	 Application of measurement validation procedures for testing competing inte-

grative strategies
•	 Key directions for future research on assessing behavior in youth development

This book is an essential resource for researchers, professors, graduate students 
as well as clinicians, therapists, and other professionals in developmental psychol-
ogy, social work, public health, pediatrics, family studies, child and adolescent psy-
chiatry, school and educational psychology, and all interrelated disciplines.
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Chapter 1
Use of Multiple Informants to Assess 
Behavior in Youth Development

Assessing child and adolescent (i.e., youth) behavior is a complex task. The behav-
ioral domains of interest to scholars in youth development—psychosocial strengths, 
family environments, peer relations, academic achievement, and mental health, for 
example—require understanding behaviors within the social contexts in which they 
manifest (see Achenbach et al., 1987; Gresham et al., 2010; Hawker & Boulton, 
2000; Hou et al., 2020; Ivanova et al., 2022; Talbott et al., 2023). Youth vary not 
only in the contexts that encompass their social worlds, but also in how or why they 
react as they do. Thus, understanding youth behavior requires consideration of vari-
ous facets of development, all within the social contexts that youth navigate day to 
day. The complexity underlying youth behavior highlights the need for precise and 
psychometrically sound assessment tools (De Los Reyes et al., 2017, 2023a; De Los 
Reyes & Makol, 2022; Hunsley & Mash, 2007).

Given the complexity of youth behavior, there exists no single tool to index it 
(e.g., Achenbach, 2020; De Los Reyes, 2011; Kagan et al., 2002; Richters, 1992). 
Consequently, accurately characterizing youth behavior in context-sensitive ways 
requires multi-dimensional and multi-method approaches to assessment. In both 
research and applied settings, the most widely used, context-sensitive approach 
entails soliciting reports from multiple informants (e.g., parents, teachers, youth, 
peers). These informants observe youth in unique contexts (e.g., home, school, peer 
interactions; Achenbach et al., 1987). As such, their use as valid data sources hinges 
on the degree to which each informant contributes incrementally valid information 
about the youth undergoing evaluation (Hunsley & Mash, 2007). The uniqueness of 
each report invariably results in a key task—that of integrating reports (Wright 
et al., 2022). This task informs decision-making across research and applied set-
tings. This book represents the most conceptually grounded, methodologically rig-
orous, and authoritative test to date of the validity of widely used strategies for 
integrating data from assessments of youth behavior.

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-80549-3_1&domain=pdf
https://doi.org/10.1007/978-3-031-80549-3_1#DOI
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1.1 � Discrepant Results and the Data Conditions That Typify 
Assessments of Youth Behavior

Data from multi-informant reports serve foundational roles in both basic and applied 
research in youth development. In basic research, researchers use these reports to 
index a variety of domains (e.g., mental health, parenting, social skills, peer rela-
tions) and to address many research aims relevant to youth development, including 
the causes, consequences, and predictors of developmental outcomes and their eti-
ologies (e.g., De Los Reyes et al., 2019a; Korelitz & Garber, 2016; Renk & Phares, 
2004; Rescorla et al., 2013; Watts et al., 2022). In applied research, scholars rely on 
multi-informant reports to inform decision-making scenarios of various kinds, 
including diagnosis and classification of youth mental health, identification of 
evidence-based interventions, and delivery of educational programming (e.g., 
Talbott et al., 2023; Weisz et al., 2005; Youngstrom & Van Meter, 2016).

Across basic and applied research scenarios, scholars must contend with perhaps 
the most robust outcome resulting from the use of multi-informant data. Decades of 
work reveal that multi-informant reports commonly yield unique estimates of youth 
behavior (i.e., discrepant results; De Los Reyes, 2024). By “unique estimates,” we 
mean that informants often differ in the quantitative estimates they provide about 
the same domain. For instance, a parent rates their child’s hyperactivity as “10” on 
a ten-point scale, whereas the child’s teacher rates their hyperactivity as “4” on that 
same scale. These differences in estimates often translate into distinct impressions 
and decisions about behavior. For instance, symptom endorsements for a youth’s 
anxiety based on youth self-report may lead to a diagnosis, but independent assess-
ments based on the endorsements of their parent may not (see also De Los Reyes & 
Kazdin, 2005). Discrepant results in qualitative judgments traverse a host of 
decision-making scenarios. That is, researchers often arrive at distinct conclusions 
about risk and protective factors for youth mental health concerns, evidence-based 
interventions to address these concerns, and decisions surrounding treatment plan-
ning (for reviews, see De Los Reyes & Kazdin, 2006, 2008; De Los Reyes & Makol, 
2022; De Los Reyes et al., 2022a). In education, researchers encounter discrepant 
results on a host of indices relevant to placement in educational programs and deter-
mining successful academic outcomes (see also Talbott et al., 2023).

As an example of the robust nature of discrepant results, consider assessments of 
youth mental health. Meta-analyses of multi-informant reports of youth mental 
health consistently reveal low-to-moderate levels of convergence (i.e., 
rs = .20 s–.30 s; Achenbach et al., 1987; De Los Reyes et al., 2015, 2013a). Meta-
analyses also reveal that these discrepancies appear across behavioral domains, not 
just mental health domains. Multi-informant assessments produce discrepant 
results, regardless of the developmental period of those assessed, the domain 
assessed, informants used, measures used, and where in the world the assessment 
occurred (e.g., Achenbach et al., 2005; De Los Reyes et al., 2019b; Hendriks et al., 
2018; Hou et al., 2020; Korelitz & Garber, 2016; Renk & Phares, 2004; Rescorla 
et al., 2013, 2017; Romano et al., 2018; Stratis & Lecavalier, 2015; Sudkamp et al., 
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2012). No decision-making setting (e.g., laboratory, legislative office, hospital, 
community mental health center, parent-teacher conference) is immune from 
encountering discrepant results.

When interpreting the discrepant results produced by assessments of youth 
behavior, it is important to consider that they occur within a set of data conditions. 
By “data conditions,” we mean characteristics of multi-informant reports that set the 
foundations for how to understand and interpret the results produced by behavioral 
assessments. These characteristics reveal that discrepant results are not vestiges of 
how scholars have historically assessed youth behavior. Discrepant results are here 
to stay. Discrepant results are not unique to multi-informant data (see De Los Reyes, 
2024; De Los Reyes & Aldao, 2015; De Los Reyes et al., 2020; Clarkson et al., 
2020; Kaurin et al., 2022; Meyer et al., 2001; Talbott et al., 2023). Further, prior 
work indicates that discrepant results are often byproducts of sound and compre-
hensive assessment processes.

Consider that the level of discrepant results has remained stable over the course 
of several decades (cf. Achenbach et al., 1987; De Los Reyes et al., 2015). We know 
that the stability of discrepant results is unlikely explained by issues with faulty 
instrumentation, because the number of well-established instruments to assess 
youth behavior has increased, not decreased, over these decades (De Los Reyes, 
Epkins, et al., 2023b). Relatedly, current meta-analytic reviews of discrepant results 
involve estimating these discrepancies from studies using assessments that not only 
contain well-established or thoroughly vetted instruments, but also informants who 
provide psychometrically sound reports (see also Achenbach, 2020). Further, youth 
navigate many social contexts in their day-to-day lives, not just one. Assessing 
youth behavior while also considering these contexts requires reports from infor-
mants who vary from each other in where they observe youth (e.g., home, school, 
peer interactions). Quantitative methodologists refer to these data sources as struc-
turally different informants (Eid et al., 2008). By construction, what makes these 
informants structurally differ from each other must be pertinent or relevant to the 
assessment task—to understand the domains that characterize youth behavior (e.g., 
social skills, family conflict, peer victimization, school grades, anxiety). These data 
conditions reveal the logic behind contemporary approaches to assessing youth 
behavior and interpreting the discrepant results produced by these assessments. 
When informants provide context-sensitive, unique, and psychometrically sound 
reports about youth, the discrepancies between their reports likely contain valid data 
about youth behavior. That is, discrepant results may contain domain-relevant infor-
mation (for a review, see De Los Reyes et al., 2023a).

The data conditions that typify multi-informant assessments of youth behavior 
reveal a key bottleneck in scholarship in youth development. No empirically based 
consensus guidelines exist for interpreting discrepant results and, importantly, using 
the data they contain to optimize the accuracy of decision-making (Phares & 
Hankinson, 2020; Talbott et al., 2023). In fact, underlying this lack of guidelines is 
a series of tensions in the literature, namely, among (a) researchers’ theories about 
what discrepant results reflect, (b) the evidence supporting these theories, and (c) 
the strategies used to integrate multi-informant data.

1.1  Discrepant Results and the Data Conditions That Typify Assessments of Youth…
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1.2 � Rater Bias Models and the Usage Assumptions 
of Integrative Strategies

Historically, the theoretical models most often used to study discrepant results and 
guide the integration of multi-informant data are what we refer to in this book as 
rater bias models. That is, any systematic differences that exist between informants’ 
reports (e.g., parent report > teacher report on ratings of a child’s hyperactivity) 
reflect factors that do not accurately reflect the domains that informants rate. Let us 
return to the parent-teacher discrepancies in reports about a child’s hyperactivity. 
One could interpret these differences as potentially arising from true differences in 
the child’s behavior in different social contexts (i.e., parent at home vs. teacher at 
school). Yet, rater bias models hold that these differences reflect factors that are 
irrelevant to understanding the child’s behavior (for a review, see De Los Reyes 
et al., 2022b). As such, rater bias models approach discrepant results as “nuisance 
variance” that must be eliminated, reduced, or otherwise accounted for when inte-
grating data from multiple informants or sources.

In youth development, the most frequently cited rater bias model is the 
depression→distortion hypothesis (Richters, 1992)—the notion that when an infor-
mant’s mental state is typified by low mood or increased stress, this negatively 
impacts their ability to accurately observe behavior, encode it in memory, and 
retrieve it from memory to provide reports. Further, the model posits that such a 
state will lead to an informant making more negative reports about youth behavior 
(e.g., increased youth anxiety, decreased youth social skills, increased negative par-
enting), relative to other informants who are not depressed or undergoing high 
stress. For decades, the depression→distortion hypothesis has guided researchers in 
work on discrepant results, including work across periods of youth development 
(e.g., Berg-Nielsen et al., 2003, 2012; Booth et al., 2023; Boyle & Pickles, 1997; 
Briggs-Gowan et al., 1996; Castagna et al., 2020; Chi & Hinshaw, 2002; Chilcoat & 
Breslau, 1997; De Los Reyes et al., 2008; De Los Reyes & Prinstein, 2004; Durbin 
& Wilson, 2012; Gartstein et  al., 2009; Kroes et  al., 2003; Madsen et  al., 2020; 
Najman et al., 2000; Olino et al., 2020, 2021; Treutler & Epkins, 2003; Wesselhoeft 
et  al., 2021; Youngstrom et  al., 1999). In fact, rater bias models like the 
depression→distortion hypothesis have been so influential to scholarship in youth 
development that they have compelled scholars to develop analytic modeling proce-
dures that they claim “correct” for discrepant results (see Müller & Furniss, 2013; 
Müller et al., 2014).

Being the most widely studied rater bias model, it is important to note three 
things about the depression→distortion hypothesis. First, it rests on a meager foun-
dation of empirical support. That is, studies guided by the depression→distortion 
hypothesis either find mixed support for the hypothesis or null findings, particularly 
when scholars have used experimental or laboratory-controlled approaches to test-
ing the hypothesis (for a review, see De Los Reyes & Makol, 2022). As an example, 
consider that among the most well-conducted studies that have tested the 
depression→distortion hypothesis, even the authors of this study contended that the 
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magnitudes of rater distortions they observed would not be compelling enough to 
decline to use an informant that is deemed to provide “distorted” ratings of youth 
behavior (Youngstrom et al., 1999).

Second, part of the reason why empirical support for the depression→distortion 
hypothesis is as weak as it is stems from a key limitation of the hypothesis itself. 
The depression→distortion hypothesis does not address the notion that the infor-
mants who make reports about youth are often significant others in their lives (e.g., 
parents, teachers). Several decades of studies in youth development very clearly 
indicate that the functioning of significant others impacts how youth behave (Atkins 
et al., 2017; Carlone & Milan, 2021; Cicchetti, 1984; Goodman et al., 2020; Luthar 
et  al., 2000). As such, findings that appear to support the depression→distortion 
hypothesis may be parsimoniously interpreted as reflecting a key reality about 
youth: How youth function may depend, in part, on how others in their lives function.

Third, the hypothesis’ key premise—that all discrepant results reflect rater 
biases—is violated by not only the data conditions that typify assessments of youth 
behavior, but also the lack of a “gold standard” or even psychometrically sound 
ways to detect rater biases (see Richters, 1992). Without the ability to accurately 
detect rater biases, researchers guided by the depression→distortion hypothesis are 
left to assume that if they detect a relation between an informant’s mood and dis-
crepant results, then the relation reflects rater biases and nothing more. Importantly, 
this would be an assumption that researchers cannot test in any empirically sound 
way. In this respect, the interpretation of these effects lacks the ability to be falsified 
(see also Haeffel et al., 2022). If an interpretation cannot be falsified, then a scholar 
guided by the depression→distortion hypothesis may mischaracterize discrepant 
results as reflecting useless data when these discrepancies, in fact, contain useful or 
domain-relevant data (see also De Los Reyes, 2024; De Los Reyes et al., 2023a).

Taken together, several factors make it unlikely that rater bias models accurately 
characterize all the discrepant results produced by assessments of youth behavior. 
Yet, these rater bias models inform the usage assumptions of the most widely imple-
mented strategies for integrating multi-informant data. The term “usage assump-
tions” connotes any feature of an analytic procedure that a researcher accepts as a 
“true” or accurate fit to the data conditions within which the researcher implements 
the procedure (De Los Reyes et al., 2023a). In the case of implementing an integra-
tive strategy, a user must accept as true the kinds of variance that the strategy models 
or treats as sources of valid data (De Los Reyes, 2024).

Rater bias models inform strategies that treat common variance as the key source 
of valid data—the variance shared among informants’ reports (for a review, see Eid 
et al., 2008). Stated another way, the usage assumptions of strategies informed by 
rater bias models are as follows: Treat common variance as the only source of 
domain-relevant data about youth behavior and treat the informant-specific variance 
contained in discrepant results (i.e., unique variance) as measurement confounds 
such as random error and rater biases. Logically, if discrepant results are measure-
ment confounds, then they reflect variance that is irrelevant to understanding behav-
ioral domains (see also Millsap, 2011). Empirically, this means that measurement 
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confounds cannot demonstrate valid relations to indices of behavioral domains (De 
Los Reyes, 2024).

As mentioned previously, rater bias models such as the depression→distortion 
hypothesis have played an influential role in how researchers have approached inte-
grating data from multiple informants (for a review, see De Los Reyes & Epkins, 
2023). For example, researchers often address discrepant results by taking an aver-
age or composite score among reports—a procedure that assumes the common vari-
ance is the only source of valid data among reports (e.g., Makol et al., 2020). More 
sophisticated approaches make similar assumptions regarding the relative value of 
common versus unique variance, such as constructing structural models focused on 
estimating common variance among reports (see Eid et al., 2008; Watts et al., 2022). 
Decision-making strategies for integrating data are not unique to working with large 
samples of multi-informant data. In fact, researchers routinely turn to using algo-
rithms for integrating case-level multi-informant data to, for instance, determine the 
presence or absence of a level or set of behaviors (i.e., AND/OR rules in the case of 
diagnostic evaluations; see Baumgartner et  al., 2021; Youngstrom et  al., 2003). 
Some strategies eschew working with discrepant data altogether. For instance, the 
primary outcome measure procedure guides users to select one report a priori or in 
advance of conducting the assessment (see De Los Reyes et al., 2011). As another 
example, consider tests of measurement invariance, which are designed to remove 
item content that systematically differentiates informants’ reports from each other 
(for a review, see De Los Reyes & Epkins, 2023). Taken together, despite the lack 
of compelling evidentiary support for rater bias models such as the 
depression→distortion hypothesis, they have nonetheless played a key role in guid-
ing how scholars have integrated data from multiple informants.

1.3 � Social Context Models and Falsifiability

In contrast to rater bias models, social context models hold that, under certain data 
conditions, discrepant results might contain domain-relevant information. The most 
frequently cited social context model is known as situational specificity (Achenbach 
et al., 1987). The notion of situational specificity holds that discrepant results are 
likely to occur when data conditions are characterized by two factors present in the 
assessment. First, the youth undergoing evaluation varies in how they behave within 
and across the social contexts in which they live day-to-day (e.g., home, school, 
community). Second, the assessment conducted to evaluate the youth’s behavior 
involves collecting reports from structurally different informants. As with work 
informed by the depression→distortion hypothesis, decades of work on discrepant 
results have been informed by situational specificity and to interpret discrepancies 
in assessments of youth across periods of development (e.g., Bergold et al., 2019; 
Charamut et al., 2022; De Los Reyes et al., 2009, 2023a; Follet et al., 2023; Gresham 
et al., 1988, 2010; Kraemer et al., 2003; Larsson et al., 2000; McDermott et al., 
2005; Ruffalo & Elliott, 1997; Szatmari et  al., 1990). In this work, situational 
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specificity has influenced the ways in which scholars have approached integrating 
data. Approaches informed by situational specificity extract valid data not only from 
what informants’ reports share in common, but also what makes each of their reports 
unique (see De Los Reyes, 2024).

Three features of social context models distinguish them from rater bias models. 
First, social context models are informed by known data conditions. That is, they do 
not claim that all discrepant results are domain-relevant—just those that exist within 
a specific set of data conditions. In fact, this chapter describes a set of theoretical 
and methodological paradigms guided by social context models that are designed to 
distinguish domain-relevant discrepant results from those discrepancies that reflect 
measurement confounds. In this sense, social context models are falsifiable mod-
els—if they fail to explain or characterize the data conditions to which a user applies 
them, then the data will say so (see also Talbott et al., 2023).

Second, relative to rater bias models, far greater evidence supports social context 
models and their fit to the data conditions that typify assessments of youth behavior 
(for a review, see De Los Reyes et al., 2022b). We previously mentioned difficulties 
with falsifying or empirically probing interpretations of findings that researchers 
claim reflect support for the depression→distortion hypothesis. In contrast, a key 
element of research guided by social context models involves examining patterns of 
discrepant results among informants’ reports produced within rigorously conducted 
validation studies. In the first of such studies, researchers characterized patterns of 
reports produced by parents and teachers in evaluations of disruptive behavior, 
including parent-teacher dyads who agreed in their reports of the child’s behavior 
and dyads who disagreed in their reports (De Los Reyes et al., 2009). In this study, 
researchers also characterized children’s behavior on a laboratory-controlled task of 
adult-child interactions and identified children who behaved disruptively across 
interactions with their parent and a non-parental adult, as well as children who 
behaved disruptively only with the parental adult and not the non-parental adult, and 
vice versa (Fig. 1.1). Patterns of parent-teacher reports predicted observed behavior, 
such that parents and teachers agreed in their reports when the child behaved disrup-
tively across contexts and disagreed when children behaved disruptively within spe-
cific contexts. Domain-relevant patterns of parent-teacher reports have also been 
observed in assessments of youth autism, such that parent-teacher dyads show dis-
cernable patterns of agreement and disagreement (Fig. 1.2), and these patterns pre-
dict levels of severity of the youth’s clinical presentation (Lerner et al., 2017). These 
findings are also not exclusive to characterizing patterns of reports among parents 
and teachers. For instance, in a large sample of adolescents receiving an evaluation 
at intake admission into an acute care facility, patterns of reports among parent-
adolescent dyads exhibited a structure similar to the observed behavior depicted in 
Fig. 1.1 (see Fig. 1.3), and these patterns predicted characteristics of adolescents’ 
acute care services (e.g., administration of standing antipsychotic medication and 
locked door seclusion; length of stay; Makol et al., 2019). Beyond these three stud-
ies, patterns of reports from structurally different informants have predicted a host 
of independent assessments of domains relevant to youth development (for a review, 
see De Los Reyes & Epkins, 2023), including (a) laboratory tests of pulmonary 
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Fig. 1.1  Latent class solution of observed behavior on the Disruptive Behavior Diagnostic 
Observation Schedule. Note: The x-axis denotes the three measures of observed Anger Modulation 
and three measures of observed Behavioral Regulation across examiner-child interactions (when 
the examiner is either engaged or disengaged with the child) and parent-child interactions, respec-
tively. The y-axis denotes the probability of observing high versus low levels of observed Anger 
Modulation and/or Behavioral Regulation. Latent classes are denoted via plotlines along the fol-
lowing classes of disruptive behavior: low disruptive behavior across interactions (Not Disruptive, 
n = 153), high disruptive behavior with parent only and not the clinical examiner (Disruptive with 
Parent, n  =  96), high disruptive behavior with the clinical examiner only and not the parent 
(Disruptive with Examiner, n = 49), and high disruptive behavior with parent and clinical examiner 
(Pervasively Disruptive, n = 29). Reproduced from the figure used in the accepted manuscript ver-
sion of De Los Reyes et al. (2009)

functioning (Al Ghriwati et al., 2018), (b) observed behavior during family interac-
tions (De Los Reyes et al., 2016a), (c) observed behavior during classroom observa-
tions (De Los Reyes et al., 2022c), (d) clinical diagnoses (Becker-Haimes et al., 
2018; Nichols & Tanner-Smith, 2022), (e) observed behavior during peer interac-
tions (Charamut et al., 2022; Keeley et al., 2024), and (f) performance-based tasks 
of emotion recognition (e.g., De Los Reyes et al., 2013b).

Third, rater bias models and social context models each make distinct claims as 
to what discrepant results reflect. Consequently, these models guide users toward 
implementing different integrative strategies. Whereas the usage assumptions of 
strategies informed by rater bias models call for emphasizing common variance, 
social context models call for the use of integrative strategies that treat both com-
mon variance and unique variance as potential sources of valid or domain-relevant 
data. These models include (a) regression-based techniques that model discrepant 
results using statistical interactions (e.g., polynomial regression; Keeley et  al., 
2024), (b) person-centered techniques that capture qualitative differences in pat-
terns of informants’ reports (e.g., latent class analysis; Kang et al., 2023), and (c) 
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Fig. 1.2  Autism spectrum disorder (ASD) symptom severity informant agreement and discrep-
ancy latent profiles. Note: Latent profiles of parent and teacher reports of ASD symptoms. Symptom 
ratings on the x-axis according to Child and Adolescent Symptom Inventory-4R.  Standardized 
severity scores across these rating scales are on the y-axis. Profiles 1 and 4 represent cross-
informant agreement (moderate and high severity ratings, respectively), whereas Profiles 2 and 3 
represent cross-informant discrepancy (moderate parent/low teacher and moderate teacher/low 
parent severity ratings, respectively). Reproduced from the figure used in the accepted manuscript 
version of Lerner et al. (2017)

variable-centered techniques that decompose similarities and differences among 
reports into measured factor scores (e.g., principal components analysis; Charamut 
et al., 2022).

1.4 � The Operations Triad Model and Conceptualizing 
Discrepant Results

Thus far, we have described tensions among three factors in scholarship in youth 
development: (a) available theories about discrepant results, (b) the evidence sup-
porting these theories, and (c) the available strategies for integrating 

1.4  The Operations Triad Model and Conceptualizing Discrepant Results
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Fig. 1.3  Latent class solution of parent and adolescent reports of adolescent internalizing prob-
lems. Note: The x-axis denotes parent and adolescent internalizing problem reports, and the y-axis 
denotes the probability that informants reported clinically significant levels of internalizing prob-
lems. LL, parent-adolescent low; PL-AH, parent low-adolescent high; PHAL, parent high-
adolescent low; HH, parent-adolescent high. Reproduced from the figure used in the accepted 
manuscript version of Makol et al. (2019)

multi-informant data. The persistence of these tensions creates barriers to develop-
ing guidelines for accurately interpreting discrepant results and integrating multi-
informant data. The “origin story” for developing these guidelines lies with theory. 
Along these lines, in 2013, a theoretical framework emerged to facilitate conceptu-
alizing discrepant results. A decade later, a validation paradigm emerged to guide 
empirical tests of these conceptualizations. This framework and the validation para-
digm it inspired represent the conceptual and methodological foundations of this 
book. They also are the means through which this book resolves tensions in the lit-
erature surrounding integrating data from multiple informants and accurately 
assessing behavior in youth development.

The framework—Operations Triad Model (De Los Reyes, Thomas, et  al., 
2013a)—contains concepts to guide theorizing about the data conditions reflected 
by patterns of data produced by multi-informant reports of behavior (Fig.  1.4, 
Panels A–C). Importantly, the Operations Triad Model has been applied and/or 
adapted to a host of areas relevant to development across the lifespan, including (a) 
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Fig. 1.4  Graphical representation of the research concepts that comprise the Operations Triad 
Model. The top half (a) represents Converging Operations: a set of measurement conditions for 
interpreting patterns of findings based on the consistency within which findings yield similar con-
clusions. The bottom half denotes two circumstances within which researchers identify discrepan-
cies across empirical findings derived from multiple informants’ reports and thus discrepancies in 
the research conclusions drawn from these reports. On the left (b) is a graphical representation of 
Diverging Operations: a set of measurement conditions for interpreting patterns of inconsistent 
findings based on hypotheses about variations in the behavior(s) assessed. The solid lines linking 
informants’ reports, empirical findings derived from these reports, and conclusions based on 
empirical findings denote the systematic relations among these three study components. Further, 
the presence of dual arrowheads in the figure representing Diverging Operations conveys the idea 
that one ties meaning to the discrepancies among empirical findings and research conclusions and 
thus how one interprets informants’ reports to vary as a function of variation in the behaviors being 
assessed. Lastly, on the right (c) is a graphical representation of Compensating Operations: a set of 
measurement conditions for interpreting patterns of inconsistent findings based on methodological 
features of the study’s measures or informants. The dashed lines denote the lack of systematic rela-
tions among informants’ reports, empirical findings, and research conclusions. Originally pub-
lished in De Los Reyes et al. (2013a). © Annual Review of Clinical Psychology. Copyright 2012 
Annual Reviews. All rights reserved. The Annual Reviews logo and other Annual Reviews prod-
ucts referenced herein are either registered trademarks or trademarks of Annual Reviews. All other 
marks are the property of their respective owner and/or licensor

education (Talbott et  al., 2023), (b) special education (Casale & De Los Reyes, 
2023; De Los Reyes et al., 2019c, 2022c; Genachowski et al., 2023; Talbott & De 
Los Reyes, 2022; von der Embse & De Los Reyes, 2024), (c) basic affective science 
(Kiel & Hummel, 2017), (d) psychophysiology (De Los Reyes & Aldao, 2015; De 
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Los Reyes et al., 2020), (e) family science (De Los Reyes & Ohannessian, 2016; De 
Los Reyes et al., 2013c, 2016b, 2019d; Hou et  al., 2020; Kliewer et  al., 2018; 
Korelitz & Garber, 2016; Nelemans et al., 2023; Ohannessian et al., 2016; Trang & 
Yates, 2020; Zhou et al., 2023), (f) adult mental health (De Los Reyes & Makol, 
2021), (g) child welfare and maltreatment services (Makol et al., 2021; Romano 
et al., 2018), (h) suicide risk (Spears et al., 2023), and (i) the study of therapeutic 
processes (e.g., treatment fidelity and engagement; Lakind et  al., 2022; McLeod 
et al., 2023). As such, the Operations Triad Model has wide applicability to behav-
ioral assessments conducted by scholars in youth development.

Within the Operations Triad Model, Compensating Operations reflect data con-
ditions in which discrepant results are best explained by measurement confounds 
(see Fig. 1.4, Panel C). Discrepant results that are explained by depression→distortion 
effects comprise one example of these confounds. Within these data conditions, 
optimizing measurement validity involves the use of integrative strategies that 
emphasize common variance (e.g., composite scoring, AND/OR rules).

The other two data conditions conceptualized within the Operations Triad Model 
reflect instances in which patterns of reports contain domain-relevant information. 
Converging Operations reflect data conditions in which each report yields the same 
conclusion as the other reports (see Fig. 1.4, Panel A). For example, informants’ 
reports may converge if the informants observe youth behavior in the same context 
(e.g., two teachers rating the same youth) or observe youth in different contexts 
(e.g., parent vs. teacher) but rate a behavior that manifests persistently or severely 
across contexts (e.g., high levels of impairing hyperactivity at home and at school). 
In contrast, Diverging Operations reflects data conditions in which discrepant 
reports reflect valid variations in the behavior being assessed (see Fig. 1.4, Panel B). 
For instance, two informants’ reports may diverge if the informants observe youth 
behavior in unique contexts (e.g., parent vs. teacher) and the youth behaves differ-
ently across contexts (e.g., hyperactivity at school but not home). Diverging 
Operations may also characterize youth who engage in a behavior that manifests 
covertly (e.g., symptoms of depression) in one context (e.g., with peers outside of 
the home) but not in another context (e.g., with parent at home). Here, Converging 
and Diverging Operations reflect data conditions that align with situational 
specificity.

1.5 � Extending the Operations Triad Model to Inform Use 
of Integrative Strategies

A key implication of Converging and Diverging Operations is that if data conditions 
fit these concepts, then they inform the use of integrative strategies that preserve 
domain-relevant forms of both common and unique variance. Yet, in the years fol-
lowing the advent of the Operations Triad Model, researchers have repeatedly 
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turned to addressing discrepant results using strategies that align with Compensating 
Operations (De Los Reyes & Epkins, 2023) and even when the discrepancies that 
researchers encounter may contain domain-relevant data (for a review, see De Los 
Reyes et  al., 2022b). What this means is that merely conceptualizing discrepant 
results is insufficient. What we also require is a paradigm for directly testing the fit 
of integrative strategies to the data conditions in which researchers plan to imple-
ment them. The developers of the Operations Triad Model devised just such a para-
digm, one that instantiates the framework’s concepts in measurement—Classifying 
Observations Necessitates Theory, Epistemology, and Testing (CONTEXT; De Los 
Reyes et al., 2023a).

Using an innovative modification of traditional approaches to validation testing, 
users of CONTEXT take a hypothesis-driven approach to empirically testing pat-
terns of multi-informant data and linking the findings of these tests to the concepts 
that underlie the Operations Triad Model. With CONTEXT, users go beyond con-
ceptualizing that both Converging Operations and Diverging Operations scenarios 
might contain domain-relevant data. Users construct falsifiable tests of whether pat-
terns of multi-informant reports contain domain-relevant data; these tests are guided 
by conceptually grounded hypotheses linked to Converging and Diverging 
Operations, such as situational specificity. Users of CONTEXT design measure-
ment validation studies that leverage domain-relevant data from not only the instru-
ments used in their studies, but also the structural differences among the informants 
completing the instruments. As such, users conduct falsifiable tests of a notion—
that the structural differences among informants contain sources of valid data that, 
in combination with psychometrically sound responses to instrumentation, optimize 
measurement validity. Testing this notion involves characterizing patterns of the 
converging and/or discrepant results observed within multi-informant data and 
examining links between these patterns and validity criteria. Users of CONTEXT 
select validity criteria that are independent in modality from those used to collect 
informants’ reports—behavioral observations, physiological readings, and perfor-
mance on laboratory tasks, to name a few examples—but aligned with informants’ 
reports in that the criteria reflect phenomena that are domain-relevant or pertinent to 
the content of reports provided by informants.

1.6 � Concluding Comments

The Operations Triad Model and CONTEXT allow users to conduct fair, objective, 
and direct comparisons between competing strategies for integrating multi-
informant data. As such, our larger goal involves comparing strategies informed by 
rater bias models on the one hand and social context models on the other. This larger 
goal informs a series of objectives. First, we provide an overview of two widely 
used integrative strategies—one informed by rater bias models (Chap. 2) and 
another informed by social context models (Chap. 3). Second, we describe research 
and theory on how the use of these two integrative strategies relates to the decisions 
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researchers make when implementing them, namely, which data they input into 
their analytic models (i.e., number and kinds of informants; Chap. 4).

Third, this chapter cites work demonstrating that discrepant results generally 
appear when assessing domains of youth behavior. Yet, the strongest evidence for 
the validity of scores reflecting discrepant results comes from work about youth 
mental health domains (see De Los Reyes, 2024; De Los Reyes et al., 2023b). Thus, 
our two studies probe the validity performance of strategies for integrating multi-
informant data about youth mental health. In Study 1 (Chap. 5), we construct Monte 
Carlo simulations of validity performance. We based these simulations on meta-
analyses of discrepant results in youth mental health (i.e., Achenbach et al., 1987; 
De Los Reyes et al., 2015) and the latest work on the domain-relevant data that these 
discrepancies often contain (De Los Reyes & Epkins, 2023). Chapter 6 builds the 
rationale for subjecting integrative strategies to well-constructed tests of measure-
ment validation, by describing key features of validity criteria in scholarship on 
youth development. Study 2 (Chap. 7) compares the criterion-related validity of 
these integrative strategies using a well-characterized study of adolescent mental 
health assessment. Fourth, we interpret our findings through the lenses of both rater 
bias and social context models; discuss their implications for theory, research, mea-
surement, and applied work; and highlight key directions for future research 
(Chap. 8).
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Chapter 2
Strategies for Integrating Behavioral Data: 
Rater Bias Models of Youth Development

Chapters 2 and 3 review how researchers have implemented strategies for integrat-
ing multi-informant data when assessing youth behavior. It is beyond the scope of 
this book to exhaustively discuss all available strategies. As such, we focus on illus-
trating two integrative strategies, not because they are necessarily the most widely 
used. Rather, these two integrative strategies and their usage assumptions descend 
from distinct theoretical traditions. One strategy descends from rater bias models, 
whereas the other strategy descends from social context models. Given the stark 
differences between rater bias and social context models, the two integrative strate-
gies on which we focus provide ideal tests of the performance of competing 
approaches to integrating data produced by scholarship in youth development.

2.1 � Trifactor Model

Rater bias models focus on how informant-specific factors (i.e., subjective bias) 
compromise the validity of reports (De Los Reyes & Epkins, 2023), with one influ-
ential model being the depression→distortion hypothesis (Richters, 1992). The 
depression→distortion hypothesis served as the conceptual foundation for the 
Trifactor Model (Bauer et al., 2013). Broadly, users of the Trifactor Model seek to 
remove variance unique to each informant’s report to maximize common variance 
estimates. The Trifactor Model adheres to the notion that common variance among 
informants signals the “true” level of the domain being assessed. By logical exten-
sion, the Trifactor Model adheres to Compensating Operations, in that it treats dis-
crepant results as measurement confounds.

The Trifactor Model includes three levels of latent factors. These factors each 
represent a source of variability contributing to individual informants’ reports of a 
target’s behavior, such as a child undergoing a clinical evaluation. First, the Common 
Factor is defined as the consensus among informants in the target’s behavior being 
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rated. Bauer et al. (2013) stated that this factor captures both the construct being 
assessed as well as shared sources of variability. These shared sources include simi-
larities in informants’ observational contexts (e.g., two teachers at school), similar 
roles of the informant relative to the target (e.g., two parents), or direct information 
sharing among informants (e.g., information provided at a parent-teacher confer-
ence). Second, Perspective Factors are defined as the unique views or biases of 
individual informants (e.g., parent depression) as well as other independent sources 
of variation that contribute to informants’ ratings. These independent sources 
include informants’ unique observational contexts (e.g., home vs. school) and roles 
relative to the target (e.g., parent vs. teacher). Thus, the Trifactor Model’s Perspective 
Factors are theorized to capture information about unique views, biases, observa-
tional contexts, and roles. This suggests that Perspective Factors may capture both 
valid variations in informants’ reports as well as measurement confounds in their 
reports. Yet, what this also means is that within Perspective Factors, users cannot 
distinguish variance reflecting valid data from variance reflecting measurement con-
founds. The lack of attention to isolating domain-relevant variance in Perspective 
Factors is consistent with the larger goal of the Trifactor Model. In fact, the devel-
opers of the Trifactor Model state this goal plainly in their 2013 paper, to “generate 
integrative scores that are purged of the subjective biases of single informants” 
(p. 475). Third, the Trifactor Model includes Specific Factors—item-level variations 
in informants’ ratings. In theory, Specific Factors allow users to separate out 
informant-specific variance contributing to ratings at the item level, resulting in a 
refined estimate of the measured domain.

Bauer et al. (2013) developed two versions of the Trifactor Model (see Fig. 2.1). 
The Unconditional Trifactor Model includes the three latent variables that are con-
ceptually defined and mathematically modeled by imposing constraints on factor 
loadings and factor correlations. First, all informant ratings are loaded onto the 
Common Factor, given that this factor represents the consensus view or shared vari-
ability in item responses across informants (i.e., common variance). Second, unique 
Perspective Factors are loaded onto each informants’ ratings, which capture unique 
variance for each informant that is unshared with the other informants. Restrictions 
on model parameters can be imposed that allow researchers to model informants as 
interchangeable (i.e., randomly drawn from one set of raters) or structurally differ-
ent (i.e., selected for the unique information provided; Eid et al., 2008). However, 
there is a lack of clarity on criteria for determining how to model informants (e.g., 
based on statistical tests of invariance or the extent to which informants are concep-
tually similar) across applications of the Trifactor Model (e.g., two parents are at 
times modeled as interchangeable and at other times are modeled as structurally 
different; Bauer et al., 2013; Haeny et al., 2018). Finally, Specific Factors are mod-
eled to capture unique variance attributable to individual items in the model. Each 
factor in the Trifactor Model is assumed to be orthogonal to all other factors.

Bauer et al. (2013) also described a Conditional Trifactor Model, which extends 
the Unconditional Trifactor Model by including predictors of the factors in the 
model, including factors hypothesized to contribute to biases in informants’ ratings. 
Specifically, one might include predictors of informants’ ratings at the target level 
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Fig. 2.1  Trifactor Model for parallel multi-informant reports on a five-item measure. Observed 
item ratings are numbered by item. C, Y, and P subscripts are for caregiver, youth, and peer con-
federate ratings, respectively. The Common Factor (CF), Perspective Factors (PFs), and Specific 
Factors (SFs) are modeled from observed item ratings. Dashed lines indicate additional model 
inputs in the Conditional Trifactor Model. Informant-specific predictors are denoted with an X and 
are loaded onto the relevant PF as well as the CF. Target-level predictors are denoted with a W and 
are loaded onto the CF. (Figure adapted from Bauer et al., 2013)

(e.g., youth gender) or informant level (e.g., parent depression). Bauer and col-
leagues argued that including predictors results in increased precision of score esti-
mates, as this allows model users to test hypotheses about sources of variability 
contributing to informants’ reports and remove variability thought to reflect infor-
mants’ subjective biases. However, Bauer and colleagues did not provide guidance 
on how to use theory or empirical work to select predictors to include in the model.

2.1.1 � Original Application of the Trifactor Model

In their original study, Bauer et al. (2013) applied their Trifactor Model to mother 
and father reports of youth negative affect using 13 parallel items from the Child 
Behavior Checklist (CBCL; Achenbach, 2001). The sample consisted of youth aged 
2–18 years, with the sample split between youth who had a parent with substance 
use concerns and matched controls. The researchers included a calibration sam-
ple—a sample used to fit, evaluate, and refine the Trifactor Models being tested. The 
researchers also included a cross-validation sample—a sample used to evaluate the 
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stability of the Trifactor Models being tested. Bauer et  al. (2013) found a good 
model fit for both the Unconditional and Conditional Trifactor Models. Informant-
level predictors included the mother’s and father’s lifetime history of an alcohol use 
disorder, depression or dysthymia, and antisocial personality disorder. The research-
ers did not include any measure of current parent mental health functioning. This is 
an important omission. With the Trifactor Model’s foundation in the 
depression→distortion hypothesis, it logically follows that when evaluating rater 
biases, an informant’s current functioning should factor into probing how they rate 
behavior, particularly when using items from the measure of current behavior the 
authors used in their study—the CBCL (i.e., youth behavior within the last 6 months; 
Achenbach, 2001). Parents with a lifetime history of dysthymia or depression and 
antisocial personality disorder were more likely to rate higher levels of child nega-
tive affect compared to parents without this lifetime history. The researchers con-
cluded that these parents perceived their child’s affect to be “greater than it is 
commonly perceived to be” (p. 486).

In effect, the Trifactor Model treats the Common Factor (i.e., an estimate of what 
informants commonly perceive) as the lone source of domain-relevant or valid vari-
ance. This is consistent with the aim of the Trifactor Model as stated by Bauer et al. 
(2013): to “generate integrative scores that are purged of the subjective biases of 
single informants” (p. 475). As such, the authors characterized unique variance esti-
mates for parents’ reports as measurement confounds. The Trifactor Model’s “purg-
ing” of unique variance flows from its usage assumptions, a concept we first covered 
in Chap. 1. It also can have a profound effect on the criterion-related validity of 
scores taken from this model. As evidence of this, consider that Bauer and col-
leagues found that standardized factor loadings for the Common Factor were often 
lower than for the Perspective Factors and Specific Factors. Beyond usage assump-
tions, this observation compels us to return to another concept about which we 
learned in Chap. 1, namely, data conditions. Consistent with the usage assumptions 
of the Trifactor Model, the researchers interpreted this pattern of factor loadings as 
indicating that the “true” level of the domain being rated contributes less variance to 
informants’ ratings than do informant- or item-level factors. Yet, if the data condi-
tions to which a scholar applies the Trifactor Model violate the model’s usage 
assumptions, then the scholar may incorrectly characterize sources of “true” or 
domain-relevant variance as measurement confounds. Under data conditions in 
which unique variance may contain valid data, the Trifactor Model places an artifi-
cial ceiling on the amount of valid data that scholars leverage to predict or explain 
domain-relevant phenomena.

The researchers conducted sensitivity analyses in which the final model was 
applied to the cross-validation sample and found an overall excellent fit when com-
paring intercepts, loadings, and factor regression parameter estimates. Bauer et al. 
(2013) also correlated the Common Factor with other integrative strategies includ-
ing (a) the average proportion of items endorsed by parents, (b) the average propor-
tion of items endorsed by either mothers or fathers, (c) the average factor score 
estimates obtained in a two-parameter logistic item response theory model, and (d) 
the average factor score estimates obtained in a moderated nonlinear factor analysis 
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model. The researchers found that the Common Factor correlated at large magni-
tudes with all other integrative scores (rs = 0.79–0.84) but that the other integrative 
scores correlated with each other at even larger magnitudes (rs = 0.93–0.99). Bauer 
and colleagues concluded that although all integrative strategies assessed negative 
affect, the Trifactor Model produced a more interpretable score due to separating 
out unique sources of variance and removing variance thought to reflect parents’ 
subjective biases. Yet the researchers did not evaluate the ability of the Common 
Factor, or other integrative scores, to predict independent criterion variables. Thus, 
the validity of data derived from the Trifactor Model (i.e., incremental, criterion-
related), and in particular the Common Factor, awaits proper testing.

2.2 � Concluding Comments

Taken together, although the Trifactor Model rests on a conceptual foundation (i.e., 
depression→distortion hypothesis), this foundation only informs modeling com-
mon variance. The Trifactor Model does not emphasize theory when making some 
important model-related decisions (e.g., selecting informants). Rather, the Trifactor 
Model compels its users to assume that all informants’ reports inherently contain 
bias, and applying a factor analytic approach allows one to arrive at an integrative 
score that is “purged” of bias. Along these lines, those who implement the Trifactor 
Model must impose its usage assumptions at multiple steps of the modeling process. 
If the data conditions violate these usage assumptions, then it logically follows that 
model modifications must be made. For example, informants in the Trifactor Model 
can be modeled as structurally similar by imposing equal item intercepts and factor 
loadings for each informant. Thus, applying the Trifactor Model requires users to 
make numerous sample-specific modifications to yield an acceptable model fit. In 
this way, use of the Trifactor Model may result in over-specified models. This over-
specification logically results in (a) decreased clarity when interpreting factors in 
the Trifactor Model for any one study, (b) increased uncertainty when comparing 
findings across Trifactor Model studies, and thus (c) barriers when seeking to under-
stand the generalizability of findings for studies that use the Trifactor Model. As an 
integrative strategy, how does the Trifactor Model differ from an integrative strategy 
that descends from social context models? Chapter 3 addresses this question.
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Chapter 3
Strategies for Integrating Behavioral Data: 
Social Context Models of Youth 
Development

In Chap. 2, we reviewed an integrative strategy informed by rater bias models. We 
learned about the assumptions underlying the use of the Trifactor Model—a strat-
egy for integrating data that was informed by a widely used rater bias model, the 
depression→distortion hypothesis. In line with rater bias models, using the Trifactor 
Model requires making an assumption—that discrepant results cannot contain valid 
data. This assumption compels users to emphasize in their integrative strategy spe-
cific kinds of what we call research practices—in this case, consequential decisions 
about integrating data. Users of the Trifactor Model—or for that matter, any integra-
tive strategy informed by rater bias models—engage in research practices that pri-
oritize the precise estimation of common variance, which we covered in Chap. 1. 
However, these research practices compel users to deemphasize the precise estima-
tion of unique variance, like what is captured in discrepant results. What if an inte-
grative strategy tried to capture valid data in both common and unique variance? 
This chapter addresses this larger question. It presents an integrative strategy 
grounded in social context models, with assumptions and research practices that lie 
in stark contrast to those of rater bias models and, by extension, the Trifactor Model.

3.1 � Satellite Model

Social context models focus on how discrepant results enhance measurement valid-
ity when assessing youth behavior (De Los Reyes & Epkins, 2023). As we learned 
in Chap. 1, one influential social context model is situational specificity (Achenbach 
et  al., 1987). In the early 2000s, situational specificity served as the conceptual 
foundation for the Satellite Model (Kraemer et  al., 2003). Key to the use of the 
Satellite Model is the strategic selection of structurally different informants, namely, 
those who vary in the contexts (e.g., home vs. school) and perspectives (e.g., self vs. 
other) from which they rate youth behavior (see Fig. 3.1). Stated another way, the 
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Fig. 3.1  Panel A depicts an example of the “mix-and-match” criterion to identify optimal infor-
mants to include in a multi-informant assessment. Informants systematically vary in the perspec-
tive and context from which they rate youth behavior, with the goal of effectively triangulating on 
a Trait score. Panel B provides a graphical depiction of multi-informant reports triangulating, 
much like the global positioning system, to identify the Trait score. Both peer and parent reports 
provide information from an other perspective, with peers providing information about the school 
context and parents providing information about the home context. Youth reports provide the self-
perspective and information about both the school and home contexts. (Reproduced from the 
accepted manuscript version of Makol et al., 2020)

Satellite Model hinges on identifying factors (i.e., context and perspective) that pro-
duce domain-relevant discrepancies among structurally different informants’ 
reports (Fig. 3.2) and thus require informants who vary within and between these 
factors.

The concepts underlying the Satellite Model are analogous to the global posi-
tioning systems used to track objects or people in geographic space. Global posi-
tioning systems acquire accurate location data from an array of satellites. The 
process of positioning satellites in the array focuses on placing each satellite at a 
strategically identified location, based on estimates of latitude and longitude. This 
process ensures that all satellites in the array lie in distinct points in space (Fig. 3.3, 
Panel A). These discrepancies in the positioning of satellites explain how global 
positioning systems produce accurate location estimates. Three satellites placed at 
the same latitude and longitude in geographic space make for a rather inaccurate 
system for locating an object. In contrast, three satellites placed at varying latitudes 
and longitudes—forming a triangulated position relative to the object’s location—
will, on average, optimize the accuracy of location information (Fig. 3.3, Panel B).

When applying the logic of global positioning systems to assessing behavior, 
Kraemer et al. (2003) argued for the importance of identifying factors that allow 
assessors to systematically “mix and match” the three informants used in the 
Satellite Model (see Fig. 3.1, Panel A). With global positioning systems, the goal is 
to triangulate satellite positions to estimate a target’s location, using latitudes and 
longitudes to guide this positioning. When applied to behavior, treating informants 
like satellites should involve strategically varying their own “positioning” relative to 
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Fig. 3.2  Context and perspective as domain-relevant factors derived from the Satellite Model 
advanced by Kraemer et al. (2003). (Reproduced from the accepted manuscript version of De Los 
Reyes, 2024)

the other informants in the “satellite array.” These variations should correspond to 
meaningful differences among the informants in how they observe and rate behav-
ior. As such, the Satellite Model requires users to identify factors that validly predict 
or explain the discrepancies observed among informants’ reports (Fig. 3.1, Panel 
B). When applied to behavior, the mixing and matching done within the assessment 
is a strategic task that involves selecting informants for whom theory and research 
indicate their reports will disagree and for valid reasons (Fig. 3.4). As stated by 
Kraemer and colleagues, “[T]he lack of correlation (orthogonality) between infor-
mants, to date considered problematic, becomes precisely the phenomenon that 
facilitates a more valid measure” (p. 1568). In this way, Kraemer and colleagues 
argued for an approach that markedly departs from that of Bauer and colleagues 
(2013). The unique variance reflected by discrepant results enhances the precision, 
accuracy, and thus criterion-related validity of multi-informant data. As such, the 
Satellite Model adheres to Converging and Diverging Operations, in that the use of 
the model involves hypothesizing domain-relevant sources of both common and 
unique variance when integrating multi-informant data.

To implement the Satellite Model, Kraemer et al. (2003) applied principal com-
ponents analysis to multi-informant reports. This statistical approach linearly trans-
forms a set of variables into a set of uncorrelated variables (Dunteman, 1989). 
Further, it is an exploratory technique that has no underlying statistical model. 
Rather, it reduces dimensionality among a set of variables to both enhance their 
interpretability and facilitate their use in subsequent analyses (e.g., as predictors 
and/or outcomes). The ingenuity of the Satellite Model, in large part, comes from 
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A

B

Fig. 3.3  Discrepant results in reports about behavior commonly reflect “moving targets” across 
the data sources used to assess behavioral domains (a). Thus, strategic selection of informants 
should translate into not only discrepant results that validly reflect the domains being assessed, but 
also, in combination with one another, explain far more variance in behavioral domains than 
approaches that assume that a single “bullseye” characterizes the only location where valid data 
can be found (b). Reproduced from the accepted manuscript version of De Los Reyes (2024)

the fact that it is more than an analytic technique. It fuses principal components 
analysis with a conceptually grounded approach to integrating informants’ reports. 
For instance, the notion that the Satellite Model requires users to select informants 
whose reports will validly differ from each other compels users to strategically 
select structurally different informants to input into their models. The use of struc-
turally different informants aligns with the modeling parameters and assumptions 
that underlie principal components analysis, as it yields linear composites of a set of 
latent variables, with each composite being orthogonal to all other composites. 
Further, the use of this approach involves carefully selecting theoretically meaning-
ful items that are correlated but not redundant (Fabrigar & Wegener, 2011; Nunnally 
& Bernstein, 1994; Tabachnick & Fidell, 2013). In line with the use of principal 
components analysis, the Satellite Model requires a user to select structurally differ-
ent informants who systematically vary in ways that result in low-to-moderate con-
vergence among reports and with each informant contributing incrementally valid 
information when assessing youth behavior. Stated another way, the Satellite Model 
requires informants whose reports agree a little but validly disagree a lot.

When strategically selecting informants for use in a Satellite Model, Kraemer 
et  al. (2003) argued that three component can be accurately identified through 
examination of component weights. Specifically, one component (i.e., Trait score) 
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Fig. 3.4  Triangulation among data sources (a) and the discrepant results between structurally dif-
ferent data sources (b, c, and d). Note: The brackets in between data sources signal the presence of 
domain-relevant information in the discrepant results produced between sources. (Reproduced 
from the accepted manuscript version of De Los Reyes, 2024)

reflects variability for which all three informants’ reports load strongly and in the 
same direction (e.g., all three informants’ reports display loadings ≥0.40). As the 
first component obtained in a principal component analysis, the Trait score explains 
the most variance in informants’ reports and is the key integrative score to be used 
in subsequent analyses. A second component (i.e., Context score) reflects infor-
mants’ contexts such that informants from different contexts load in opposite direc-
tions (e.g., parents have positive loadings vs. teachers have negative loadings). A 
third component (i.e., Perspective score) reflects informants’ perspectives such that 
self-reports load in the opposite direction of observer informants’ reports (e.g., 
youths have positive loadings vs. parents/teachers have negative loadings). In this 
respect, inspecting component weights allows users to “check” whether the infor-
mants they selected produced variations that conform to expectations. Beyond these 
components, Kraemer and colleagues stated that their model allows for error or 
random factors related to the assessment process but conceptualizes this error as 
explaining only a small, insignificant amount of variance in informants’ reports. 
Importantly, this allowance of error is normally a key problem in the use of factor 
analytic techniques, particularly when using items of uncertain psychometric value 
(e.g., individual item responses; Nunnally & Bernstein, 1994). However, research-
ers typically apply the Satellite Model to examining not individual items, but rather 
summary scores taken from informants’ reports on well-established instruments. 
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Further, as mentioned previously, much of the literature on discrepant results 
focuses on informants’ reports based on the use of thoroughly studied instrumenta-
tion (see Achenbach, 2020; De Los Reyes & Epkins, 2023). Thus, because Satellite 
Model users select instruments capable of producing discrepant results that contain 
valid data, they can have a fair degree of certainty as to the outcomes of the data 
analytic models that they construct.

3.1.1 � Original Application of the Satellite Model

In their original study, Kraemer et al. (2003) applied the Satellite Model to mother, 
teacher, and child reports of internalizing problems, externalizing problems, and 
academic functioning. Mothers and teachers completed parallel forms of the 
MacArthur Health and Behavior Questionnaire (Essex et al., 2001), and children 
completed the Berkeley Puppet Interview (Ablow et al., 1999). Kraemer and col-
leagues observed that for each area of functioning assessed, these reports, which 
met the “mix-and-match criterion” graphically depicted in Fig. 3.1, yielded compo-
nent weights consistent with Trait (i.e., all informants’ reports loaded strongly and 
in the same direction), Context (i.e., mother reports loaded in the opposite direction 
of teacher reports, with child reports loading between mother and teacher reports), 
and Perspective scores (i.e., self-reports loaded in the opposite direction of mother 
and teacher reports). Interestingly, Kraemer and colleagues also applied the Satellite 
Model to three informants who did not meet their mix-and-match criterion. 
Specifically, using the same sample, the researchers applied the Satellite Model to 
mother, father, and teacher reports of internalizing problems. When doing so, they 
found that principal component analysis did not yield component weights consistent 
with Trait, Context, or Perspective scores. Thus, implementing the Satellite Model 
requires a strategic selection of informants whose reports “fit” assumptions underly-
ing its use. If a user enters informants into the model whose reports do not system-
atically vary along key dimensions, then the component scores will fail to yield 
expected component weights. The Satellite Model harbors falsifiability in model 
testing that adheres to social context models of discrepant results.

Kraemer et al.’s (2003) original Satellite Model study did not include validation 
tests of scores derived from the model. Nearly 20 years later, Makol et al. (2020) 
conducted exactly these validation tests. Specifically, they applied the Satellite 
Model to caregiver and adolescent reports of adolescent social anxiety, along with a 
third informant (i.e., peer confederate) who interacted with adolescents within a 
laboratory-controlled set of tasks designed to simulate how adolescents interact 
with same-age unfamiliar peers (Fig. 3.5). These informants systematically varied 
in the context (i.e., home vs. non-home context) and perspective (i.e., self vs. other) 
from which they observed adolescent social anxiety. Consistent with the develop-
ment of the Satellite Model, Makol and colleagues found that the Trait score dem-
onstrated incremental validity in two ways. First, the Trait score predicted adolescent 
referral status (i.e., community control vs. clinical-referred group; odds ratios 

3  Strategies for Integrating Behavioral Data: Social Context Models of Youth…



35

Adolescent

Social
Anxiety
Trait
Score

Unfamiliar 
Peer 

Confederate
Parent .28**

.82

.72 .75

Fig. 3.5  Graphical depiction of multiple informants’ reports triangulating in an application of 
Kraemer et al.’s (2003) Satellite Model. Note: Values on dotted lines denote bivariate correlations 
among parent, adolescent, and peer confederate reports of adolescent social anxiety. Values on 
solid arrows denote component weights from principal component analysis of parent, adolescent, 
and peer confederate reports. **p < 0.01; ***p < 0.001. (Reproduced from the accepted manu-
script version of Makol et al., 2020)

[ORs]  =  2.66–6.53), over-and-above individual informants’ reports. Second, the 
Trait score predicted ratings from trained independent observers of the levels of 
social anxiety that the adolescent displayed when interacting with peer confederates 
(i.e., βs = 0.47–0.67), again over-and-above individual informants’ reports. Taken 
together, Makol and colleagues applied the Satellite Model to a set of data condi-
tions in which the criterion-related validity evidence supported its usage assumptions.

Kraemer et al.’s (2003) Satellite Model has some limitations. First, it is designed 
to be used with three or more informants and may not be suitable for assessments 
leveraging only two informants. Further, determining whether one has appropriately 
identified the components is a qualitative process (i.e., examining component 
weights for “Trait,” “Context,” “Perspective”) and one for which Kraemer and col-
leagues do not offer thresholds. Finally, principal components analysis is an explor-
atory technique, making it inappropriate to use as a hypothesis testing tool when 
interpreting factor structures (Tabachnick & Fidell, 2013). As such, when using the 
Satellite Model, it is imperative to leverage validation testing strategies to gauge the 
validity of interpreting observed components (see also Charamut et al., 2022).
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3.2 � Concluding Comments

Chapters 2 and 3 described how the Trifactor Model and the Satellite Model each 
stem from distinct theoretical foundations of what discrepant results reflect (i.e., 
rater bias models vs. social context models). These theoretical foundations place the 
Trifactor Model and the Satellite Model on diverse paths in terms of analytic model-
ing and, by extension, the process of integrating multi-informant data. As such, if 
the theoretical foundations point toward distinct sources of variance regarding dis-
crepant results, then what are the implications for how researchers implement the 
models? In Chap. 4, we probe this larger question inspired by Chaps. 2 and 3 in a 
way that sets the foundation for the chapters that follow.
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Chapter 4
Strategies for Integrating Behavioral Data: 
Research Practices in Youth Development

Thus far, we have discussed how the Satellite Model and Trifactor Model differ in 
modeling approaches. We have also discussed how these approaches stem, in part, 
from the different conceptual foundations informing each of these models. Yet our 
discussions beg a key question: When scholars implement these integrative strate-
gies, do they vary in their research practices? For example, do scholars using the 
Satellite Model differ from scholars using the Trifactor Model on which informants’ 
reports they input into their analytic models? Do these strategies distinguish 
researchers in terms of how many informants’ reports they input into their analytic 
models? This chapter probes these questions surrounding research practices. We 
first delve deeper into CONTEXT, which we first learned about in Chap. 1. 
CONTEXT grounds the studies we report in this book. To support this notion, we 
discuss the findings of meta-analytic work on scholars’ use of the Satellite Model 
and Trifactor Model and how scholars vary in their research practices when imple-
menting these integrative strategies. These two aims of this chapter set the stage for 
the two studies reported in this book, which we cover in Chaps. 5, 6, and 7.

4.1 � CONTEXT, Research Practices, and Discrepant Results

As a measurement validation paradigm, CONTEXT also provides users with a theo-
retical foundation for how concepts surrounding discrepant results, along with phil-
osophical stances on scientific inquiry generally, portend variations among scholars 
in their research practices when confronted with discrepant results. Understanding 
this foundation requires not only articulating the usage assumptions of CONTEXT, 
but also distinguishing them from those that underlie the validation paradigm that 
has historically guided measurement in youth development. To this end, we begin 
this conceptual discussion by delineating this traditional paradigm. Following this, 
we highlight key conceptual and epistemological differences between this 
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traditional paradigm and CONTEXT, their links to the Satellite Model and Trifactor 
Model, and how these links reveal the ways in which users of integrative strategies 
vary in their research practices.

4.1.1 � Multi-Trait-Multi-Method Matrix

To understand the validation paradigm that has historically dominated scholarship 
in measurement, we must first consider its own origins. In the mid-1950s, Garner 
and colleagues (1956) advanced the concept of Converging Operations, which we 
first learned about in Chap. 1 (Fig. 1.4, Panel A). It turns out that Converging 
Operations inspired the usage assumptions of this paradigm (Grace, 2001; 
Highhouse, 2009)—the Multi-Trait-Multi-Method Matrix (MTMM; Campbell & 
Fiske, 1959). The MTMM holds that strong evidence of score validity comes from 
observing high-magnitude correlations between scores taken from instruments that 
measure the same domains. Further, the greater the distinction or independence 
between the instruments’ modalities (e.g., survey vs. behavioral observation), the 
greater the evidence supporting score validity (Fiske & Campbell, 1992). For these 
usage assumptions to make logical sense, the reverse must also be true. Low-
magnitude correlations between scores taken from instruments that measure the 
same domains must signal weak evidence of score validity. Stated another way, 
when two instruments that measure the same domain produce scores that correlate 
weakly with each other, this must be the byproduct of factors that are irrelevant to 
whatever domain the instruments measure (i.e., measurement confounds). The 
MTMM fits data conditions for which these assumptions hold, but what happens 
when the data conditions violate these assumptions?

4.1.2 � CONTEXT

As a validation paradigm, CONTEXT fits the very data conditions that violate the 
usage assumptions of the MTMM. CONTEXT is particularly well suited to guide 
measurement validation work in youth development—an area of scholarly work for 
which studies (a) produce discrepant results that (b) may contain domain-relevant 
information. In five major ways, CONTEXT guides scholarship on measurement 
down fundamentally distinct paths, relative to the guidance provided by the 
MTMM. We describe the first of these guides in Table 4.1, namely, theory. First, if 
users of the MTMM must assume that discrepant results can only reflect measure-
ment confounds, then observing discrepant results should compel users to make 
hypotheses about the kinds of measurement confounds that these discrepancies 
reflect. In this respect, one can readily see the connection between the MTMM and 
the depression→distortion hypothesis. In contrast, users of CONTEXT seek to 
design studies premised on the notion that discrepant results might contain 
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Table 4.1  Differences between CONTEXT and the MTMM paradigm in guidance on theory 
surrounding discrepant results

Validation 
paradigm

Core assumption 
regarding 
discrepant results

How assumption 
guides conceptual 
foundations of 
paradigm-informed 
research

Examples of 
theories applied 
in prior 
research

Citations of prior 
work that applied 
paradigm-informed 
theories

MTMM All discrepant 
results reflect 
measurement 
confounds

Guides users to apply 
theories about 
discrepant results that 
posit factors that 
produce rater biases

Depression-
distortion 
hypothesis 
(Richters, 
1992)

Bauer et al. (2013); 
Clark et al. (2016); 
Jungersen and 
Lonigan (2021); 
Olino et al. (2018); 
Olino et al. (2021)

CONTEXT At least some 
discrepant results 
contain domain-
relevant 
information

Guides users to apply 
theories about 
discrepant results that 
posit factors that 
produce domain-
relevant information

Situational 
specificity 
(Achenbach 
et al., 1987)

De Los Reyes et al. 
(2022a, b, c); Deros 
et al. (2018); Lerner 
et al. (2017); Makol 
et al. (2020); Watts 
et al. (2022)

Note: Reproduced from the accepted manuscript version of De Los Reyes, Wang, et al. (2023a); 
CONTEXT Classifying Observations Necessitates Theory, Epistemology, and Testing, MTMM 
Multi-Trait Multi-Method Matrix

domain-relevant information. As such, they are most likely to turn to concepts such 
as situational specificity to guide their work.

Beyond theory, consider how users of these validation paradigms approach their 
work from the perspective of Epistemology—the branch of Philosophy focused on 
what is known and knowable (see Hempel, 1966). As seen in Table 4.2, if users of 
the MTMM assume that discrepant results reflect measurement confounds, then this 
assumption logically results in scholars discounting the possibility that discrepant 
results even count as “evidence.” Consequently, they frequently develop ad hoc 
hypotheses for what these discrepancies represent, to preserve the veracity of the 
notion that common variance is the only source of valid data (e.g., discrepant results 
must reflect measurement confounds). Importantly, these ad hoc hypotheses have a 
core feature—they cannot be falsified. Users of the MTMM do not follow up with 
empirical tests that scrutinize whether their ad hoc hypothesis accurately character-
izes the discrepancies they observed (see also De Los Reyes, Wang, et al., 2023a). 
In contrast, CONTEXT guides users to construct studies that directly test the 
hypothesis that discrepant results contain valid data. As such, these tests encourage 
users to follow up on null findings regarding the hypothesis. Consider a user whose 
initial tests produced inconclusive findings that the discrepant results produced by 
their assessments contain domain-relevant data. Under these circumstances, 
CONTEXT compels users to construct subsequent tests of whether the discrepant 
results they observe are accurately characterized as measurement confounds. Unlike 
the MTMM, CONTEXT guides users to take a hypothesis-driven and empirically 
based approach to probing what discrepant results reflect.

4.1  CONTEXT, Research Practices, and Discrepant Results
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Table 4.2  Differences between CONTEXT and the MTMM paradigm in epistemology 
surrounding discrepant results

Validation 
paradigm

Test 
implication

Logical extension 
of test implication

Research practices that 
logically extend from test 
implication

Relevant 
citations

MTMM Converging 
findings are the 
only data to 
contain 
domain-
relevant 
information

Anything less than 
converging 
findings ought to 
be interpreted as 
inconclusive 
evidence

Primary outcome measure 
methods; tests of 
measurement invariance; 
use of structural models 
that prioritize common 
variance; eschew 
estimating common or 
unique variance altogether 
and just examine 
informants’ reports 
individually

Bauer et al. 
(2013); 
Boutron et al. 
(2010); De 
Los Reyes 
et al. (2011); 
Howe et al. 
(2019); Olino 
et al. (2018)

CONTEXT At least some 
discrepant 
results reflect 
domain-
relevant 
information

Discrepant results 
may optimize 
rather than hinder 
the interpretability 
of findings

Strategic selection of 
informants that produce 
context-sensitive 
information; use of 
analytic strategies that 
facilitate identifying 
discrepant results and 
testing whether they 
contain domain-relevant 
information

Deros et al. 
(2018); 
Kraemer et al. 
(2003); Laird 
(2020); Lakind 
et al. (2022); 
Makol et al. 
(2020)

Note: Reproduced from the accepted manuscript version of De Los Reyes et al. (2023a); CONTEXT 
Classifying Observations Necessitates Theory, Epistemology, and Testing, MTMM Multi-Trait 
Multi-Method Matrix

The combination of theoretical and epistemological distinctions between 
CONTEXT and the MTMM logically leads users of these validation paradigms 
down distinct paths in terms of their research practices when working with multi-
informant data. Put simply, if users of the MTMM assume that discrepant results 
reflect measurement confounds, then the informants themselves can be nothing 
more than the means through which they can obtain sound estimates of common 
variance (Table 4.3). We first learned about common variance in Chap. 1. In Chap. 
2, we learned that in formative demonstrations of the Trifactor Model (Bauer et al., 
2013), the developers tested its fit with informants who tend to provide reports that 
are highly correlated (e.g., reports from two or more caregivers; see De Los Reyes 
et al., 2015). If these informants are the means through which users of the MTMM 
observe high degrees of common variance, then any of the informants’ domain-
relevant characteristics (e.g., the structural differences between informants and 
where they observe behavior) are of little importance. In contrast, CONTEXT 
guides users to select informants precisely because of the structural differences 
between their reports. This is because CONTEXT guides users to detect valid data 
in multiple informants’ reports and by using sources of data beyond informants’ 
responses to the instruments they complete. CONTEXT guides users to detect valid 
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Table 4.3  Differences between CONTEXT and the MTMM paradigm in guidance on research 
practices surrounding the selection of informants

Validation 
paradigm

Central focus 
of paradigm

Treatment of 
individual informants’ 
reports that logically 
result from focus

Research practice that 
logically extends from 
focus

Relevant 
citations

MTMM Attain precise 
estimates of 
common 
variance

If the means for 
selecting informants is 
to achieve the end of 
estimating common 
variance, then no one 
informant’s report has 
value unique to itself; 
each report simply 
reflects an “error” 
around a measure of 
central tendency (i.e., 
common variance)

Select multiple 
informants for the sole 
purpose of maximizing 
precision in estimating 
common variance; the 
actual informants do not 
matter (e.g., could be 
structurally different, 
random raters, parents, 
teachers, youth, peers), 
so long as one attains 
precise estimates of 
common variance

Bauer et al. 
(2013); 
Edgeworth 
(1888); Fiske 
and Campbell 
(1992); 
Roberts and 
Caspi (2001)

CONTEXT Strike a balance 
between 
attaining 
precise 
estimates of 
both common 
variance and 
domain-
relevant unique 
variance (i.e., 
discrepant 
results)

If the means of the 
multi-informant 
approach involve 
collecting reports 
from structurally 
different informants 
and the discrepant 
results produced with 
this approach ought to 
contain domain-
relevant information, 
then determining 
which specific 
informants will 
provide reports is as 
an important decision 
as determining the 
content of the 
measures the 
informants will 
complete

Strategically select 
informants who will 
produce both common 
variance and discrepant 
results that contain 
domain-relevant 
information; the actual 
informants are 
instrumental in 
optimizing measurement 
validity

De Los Reyes 
et al. (2009); 
Kraemer et al. 
(2003); Makol 
et al. (2020)

Note: Reproduced from the accepted manuscript version of De Los Reyes et al. (2023a); CONTEXT 
Classifying Observations Necessitates Theory, Epistemology, and Testing, MTMM Multi-Trait 
Multi-Method Matrix

data using the structural differences between informants. In line with the notion of 
situational specificity, this typically comes in the form of examining whether dis-
crepant results reflect variations among informants in the social contexts in which 
they observe behavior (e.g., parent at home vs. teacher at school). Along these lines, 
we learned in Chap. 3 that the Satellite Model guides users to strategically select 
informants based on their structural differences (i.e., contexts and perspectives 
through which they observe the youth they rate; Kraemer et al., 2003).
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Table 4.4  Differences between CONTEXT and the MTMM paradigm in guidance on research 
practices surrounding the selection of analytic strategies

Validation 
paradigm

Central focus of 
paradigm Logical result of focus

Research 
practices that 
logically extend 
from focus

Relevant 
citations

MTMM Attain precise 
estimates of common 
variance, because 
discrepant results 
reflect measurement 
confounds

If discrepant results 
reflect measurement 
confounds, then there 
is no legitimate reason 
for modeling them, 
other than creating 
estimates of error for 
modeling purposes

Use of analytic 
strategies that 
cannot estimate 
the incremental 
value of 
discrepant 
results

Alvarez et al. 
(2021); Murray 
et al. (2021); 
Olino et al. 
(2018); Russell 
et al. (2016); 
van der Ende 
et al. (2020)

CONTEXT Strike a balance 
between attaining 
precise estimates of 
both common 
variance and unique 
variance, because 
discrepant results 
may reflect domain-
relevant information

If discrepant results 
may reflect domain-
relevant information 
and common variance 
estimates are likely 
domain-relevant as 
well, then one must 
leverage analytic 
strategies that allow 
one to determine the 
relative value of both 
common and unique 
variance for the 
purpose of scholarly 
inquiry (e.g., 
characterizing 
behavior, predicting 
outcomes, theory 
testing)

Use of analytic 
strategies that 
facilitate testing 
for the 
incremental 
value of 
discrepant 
results

Becker-Haimes 
et al. (2018); 
De Los Reyes 
et al. (2009); 
Laird and De 
Los Reyes 
(2013); Makol 
et al. (2019); 
Makol et al. 
(2020)

Note: Reproduced from the accepted manuscript version of De Los Reyes et al. (2023a); CONTEXT 
Classifying Observations Necessitates Theory, Epistemology, and Testing, MTMM Multi-Trait 
Multi-Method Matrix

Given the theoretical distinctions between CONTEXT and the MTMM, it should 
be no surprise that the two validation paradigms vary in the guidance they provide 
users when selecting analytic strategies. Consider the process of selecting strategies 
for integrating data (Table 4.4). How well equipped would users of the MTMM be 
to select analytic strategies for integrating multi-informant data? Multi-informant 
assessments of youth behavior commonly produce highly discrepant results. A user 
of the MTMM cannot rely on this paradigm to detect valid data in a source of vari-
ance that the paradigm assumes only reflects measurement confounds. Thus, the 
MTMM guides users to assume that discrepancies reflect measurement confounds 
and that means users select analytic strategies that are geared toward modeling com-
mon variance. As we and others have noted (e.g., De Los Reyes et al., 2023a, b; 
Howe et al., 2019), these procedures then focus their attention on a small amount of 
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valid data to understand or explain youth behavior. In contrast to the MTMM, 
CONTEXT guides users to select analytic strategies that are capable of modeling 
valid data from multiple sources (i.e., common and unique variance), not just one. 
The Satellite Model represents one of these strategies, but it is not the only strategy 
available (for a review, see De Los Reyes, 2024).

If CONTEXT and the MTMM vary in research practices surrounding the selec-
tion of informants and analytic strategies, then it would be reasonable to distinguish 
these paradigms as to the guidance they provide users when designing validation 
studies. We summarize these differences in Table  4.5. An important distinction 
between these two paradigms stems from how the MTMM’s assumptions about 
discrepant results extend to comparing scores taken from instruments constructed 
with distinct modalities. Users of the MTMM assume that discrepancies of all kinds 
reflect measurement confounds. This goes for discrepancies observed when infor-
mants produce scores on parallel versions of the same instrument (e.g., survey or 
interview; De Los Reyes et al., 2023a). This also goes for discrepancies observed 
when scores from instruments constructed with different modalities produce dis-
crepant results (e.g., interview vs. performance-based task; De Los Reyes et  al., 
2019a, b). What this means is that, from a study design standpoint, users of the 
MTMM are ill-equipped to leverage variations among instruments to identify 
sources of valid data other than responses to the instruments themselves. In contrast, 
CONTEXT guides users to strategically select validity criteria that allow them to 
verify whether the discrepant results produced by informants contain valid data. 
Typically, these validity criteria contain structural characteristics of their own, in 
that they often reference behaviors that youth exhibit within specific contexts, 
including naturalistic observations of their behavior at school (e.g., De Los Reyes 
et al., 2022c), controlled observations of their behavior at home (e.g., De Los Reyes 
et al., 2009), and controlled observations of their behavior when interacting with 
peers (e.g., Makol et al., 2020). In each of these circumstances and many others (for 
a review, see De Los Reyes & Epkins, 2023), scholars have adopted CONTEXT-
informed approaches to measurement validation that leverage the structural charac-
teristics of independent validity criteria to detect valid data in discrepant results.

4.1.3 � How Might Users of the MTMM and CONTEXT Vary 
in Their Research Practices?

Taken together, the MTMM and CONTEXT differ in fundamental ways in terms of 
how they conceptualize, model, and test competing ideas about discrepant results 
and the data they contain. These distinctions between MTMM and CONTEXT pro-
vide us with testable hypotheses about how users of these validation paradigms 
might approach even the most basic decisions regarding the use of multi-informant 
approaches to assessing youth behavior.

4.1  CONTEXT, Research Practices, and Discrepant Results
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Table 4.5  Differences between CONTEXT and the MTMM paradigm in guidance on research 
practices surrounding study design

Validation 
paradigm

Core 
assumption 
regarding 
discrepant 
results

Logical result of 
focus

Research practices that 
logically extend from 
focus

Relevant 
citations

MTMM All discrepant 
results reflect 
measurement 
confounds

If discrepant results 
reflect measurement 
confounds, then it is 
logical to assume 
that discrepancies 
between informants’ 
reports, and other 
non-informant 
modalities (e.g., 
observed behavior) 
also reflect 
measurement 
confounds

Use of study designs that 
cannot distinguish 
discrepant results that 
reflect measurement 
confounds from those that 
reflect domain-relevant 
information

Bauer et al. 
(2013); De 
Los Reyes, 
Lerner, et al. 
(2019b); 
Dunning et al. 
(2004); van 
der Ende 
et al. (2020); 
Watts et al. 
(2022)

CONTEXT At least some 
discrepant 
results contain 
unique 
domain-
relevant 
information

If the means of the 
multi-informant 
approach involve 
collecting reports 
from structurally 
different informants 
and the discrepant 
results produced 
with this approach 
ought to contain 
domain-relevant 
information, then 
detecting this 
information requires 
careful attention to 
selecting non-
informant modalities 
to serve as domain-
relevant validity 
indicators; selecting 
validity indicators is 
as an important 
decision as selecting 
the informants

Use of study designs that 
facilitate distinguishing 
discrepant results that 
reflect measurement 
confounds from those that 
reflect domain-relevant 
information; these designs 
involve “matching” the 
structural characteristics 
of the informants 
providing reports with the 
structural characteristics 
of the non-informant 
modalities used to 
construct validity 
indicators

Al Ghriwati 
et al. (2018); 
De Los Reyes 
et al. (2009); 
De Los Reyes 
et al. (2013); 
De Los 
Reyes, Cook, 
et al. (2022c); 
Makol et al. 
(2019); 
Makol et al. 
(2020)

Note: Reproduced from the accepted manuscript version of De Los Reyes et al. (2023a); CONTEXT 
Classifying Observations Necessitates Theory, Epistemology, and Testing, MTMM Multi-Trait 
Multi-Method Matrix

Our overview of CONTEXT and how we can differentiate its core tenets from 
those of the MTMM provides a foundation for thinking about research practices 
when using the Satellite Model and Trifactor Model. This is because, whereas the 
Satellite Model’s usage assumptions align more so with CONTEXT than the 
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MTMM, the Trifactor Model’s usage assumptions align more so with the MTMM 
than CONTEXT. CONTEXT reveals a notion—that differences in the conceptual 
and epistemological foundations of these two integrative strategies portend that 
users of these strategies vary in how they make even the most basic decisions sur-
rounding research practices. These decisions include how many informants users 
include in their models and whether the informants selected structurally vary from 
each other. Makol (2022) tested this notion in a systematic review of 47 studies.

4.2 � Systematic Review of Research Practices Linked 
to Integrative Strategies

Makol (2022) probed studies that used the Trifactor Model or Satellite Model to 
integrate multi-informant data. A team of trained raters reliably coded studies on the 
number of informants. Coders also categorized informants by the kinds of contexts 
in which they observe youth, including the home context (i.e., mothers, fathers, 
caregivers), school context (i.e., teachers), peer context (i.e., peers), mixed contexts 
(i.e., self-reporters, clinicians), or various informants (i.e., multiple informant types 
combined, official records).

In Table 4.6, we report a subset of the larger study set on these key characteris-
tics. Consistent with the data reported in Table  4.6, Makol (2022) found that 
Trifactor Model studies included informants representing two or greater contexts 
50% of the time, whereas, the other 50% of the time, these studies included only 
mothers and fathers as the informants in the assessment (i.e., representing the home 
context only). Given our review of the Trifactor Model in Chap. 2, these research 
practices make sense. In fact, the informants used by Bauer et al. (2013) in their 
description of the Trifactor Model only included mothers and fathers—informants 
who tend to observe behavior in one context (i.e., home). Consequently, it would be 
natural to assume that if the illustration of the Trifactor Model by its developers (a) 
only used two informants who (b) collectively only observed behavior in a single 
context, then (c) it should be “acceptable” to implement this integrative strategy 
using the same kinds of informants.

In contrast to the use of the Trifactor Model, Satellite Model studies included 
informants representing two or greater contexts 90.7% of the time, with the most 
common application being consistent with Kraemer et al.’s (2003) original use of 
caregiver, youth, and teacher reports (60.5% of unique Satellite Model applica-
tions). Here as well, our review of the Satellite Model in Chap. 3 facilitates inter-
preting these findings. Unlike Bauer et al. (2013), Kraemer et al. provided users 
with explicit guidance on which kinds of informants to select and based in part on 
the contexts in which informants observe behavior. By extension, this guidance also 
informs the minimum number of informants’ reports to integrate. In these respects, 
users of the Satellite Model do not have to “follow the lead” of the practices imple-
mented by its developers in terms of which informants to input into their analytic 

4.2  Systematic Review of Research Practices Linked to Integrative Strategies



46

Table 4.6  Illustrative examples of Trifactor Model and Satellite Model studies

Study
Sample 
size

Developmental 
period

Construct 
measured

Number of 
informants

Informant 
context
Ho Sc Mix Pr

Trifactor Model studies

Bauer et al. 
(2013)

626 Early childhood, 
childhood, 
adolescence

Negative affect 2 ✓m 
✓f

Chen et al. 
(2015)*

1132 Adulthood Sexual openness 1 ✓s

Clark et al. 
(2017)

273 Early childhood, 
childhood

Temperament 2 ✓m 
✓f

Curran et al. 
(2020)

359 Adulthood Depressive 
symptoms

2 ✓s ✓p

Satellite Model studies

Armstrong 
et al. (2014)

396 Childhood Internalizing 
problems, 
externalizing 
problems

3 ✓m ✓t ✓s

Gardner 
et al. (2008)

803 Adolescence, 
adulthood

Self-regulation, 
deviant peer 
affiliation

3 ✓m ✓t ✓s

Kraemer 
et al. (2003)

539 Childhood Emotional/
behavioral 
difficulties, 
academic 
problems

3 ✓m ✓t ✓s

Owens and 
Hinshaw 
(2016)

140 Childhood, 
adolescence

Internalizing 
problems, 
externalizing 
problems

3 ✓c ✓t ✓s

Note: Characteristics reported in this table were derived from data reported in Makol (2022) and 
based on the codes of trained, independent raters. Early childhood  =  0–4  years; child-
hood = 5–12 years; adolescence = 13–18 years; adulthood = 18 or older; Ho = home; Sc = school; 
Pr = peer; ✓m = mother; ✓f = father; ✓t = teacher; ✓p = peer; ✓c = caregiver; ✓s = self. *In this 
study, four Perspective Factors were included, but all came from self-report

models and how many to input. Rather, built into the Satellite Model is a framework 
for conceptualizing the discrepant results produced by structurally different infor-
mants. This framework—rather than the developers’ own research practices—
guides the implementation of this integrative strategy. In fact, in Chap. 4, we 
describe a study that applied the Satellite Model with a fundamentally distinct set of 
informants than those used by its developers to illustrate its use. Given these key 
distinctions between the Trifactor Model and Satellite Model, it should come as no 
surprise that Makol (2022) found studies included significantly greater numbers of 
informants when applying the Satellite Model, relative to the number of informants 
used in studies that applied the Trifactor Model.
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4.3 � Concluding Comments

Taken together, Makol (2022) found that users of the Satellite Model input more 
informants into their models—and are more likely to include structurally different 
informants—relative to users of the Trifactor Model. Yet, as a systematic review, 
Makol did not address the implications of these research practices for how research-
ers apply these integrative strategies and the validity of the scores these strategies 
ultimately produce. These limitations of the Makol review take us back to key issues 
we raised in Chap. 1.

In Chap. 1, recall our discussion of data conditions—core characteristics of the 
scores taken from multi-informant assessments of youth behavior. Depending on 
the data conditions, the Trifactor Model may outperform the Satellite Model in 
terms of the validity of scores produced by the strategy, or vice versa. Importantly, 
Chaps. 2 and 3 revealed stark differences between the Trifactor Model and Satellite 
Model in terms of their usage assumptions, particularly regarding what discrepant 
results reflect and the sources of domain-relevant or valid data (i.e., only common 
variance vs. both common and unique variance). In fact, the differences in these 
strategies’ assumptions stem in large part from their distinct theoretical foundations 
(i.e., depression→distortion hypothesis vs. situational specificity). That these inte-
grative strategies rest on distinct theoretical foundations requires empirical testing. 
To what degree do the Trifactor Model and Satellite Model validly characterize the 
data conditions encountered by scholars in youth development (see also De Los 
Reyes et al., 2022b)?

Addressing this question requires implementing well-established measurement 
validation procedures, informed by CONTEXT. Indeed, what if there exist many 
data conditions in which the Trifactor Model and Satellite Model differ in their 
performance when used to predict validity criteria (i.e., estimates of score validity)? 
What if there exists a limited set of data conditions in which the Trifactor Model and 
Satellite Model perform similarly in terms of score validity? To be clear, addressing 
these questions does not necessitate a blanket recommendation as to whether 
researchers ought to implement one model over the other. Rather, addressing these 
questions requires careful consideration and testing of the “fit” between these strate-
gies and the data conditions to which they may be applied (see also De Los Reyes 
et al., 2023a). This book provides one set of tests of what we consider a paradigm 
for evaluating competing models for integrating multi-informant data. The ques-
tions these tests address do not speak to specific recommendations on the one inte-
grative model all scholars should use. Rather, this book answers this question: What 
approach should scholars take when selecting the integrative strategy that best fits 
the data conditions in which they seek to integrate multi-informant data?

What scholars in youth development require is an approach to guide tests of the 
validity performance of scores taken from the Trifactor Model and Satellite Model. 
For these tests to be maximally informative to scholars in youth development, they 
ought to be grounded in not only theory, but also the data conditions that typify the 
use of structurally different informants when assessing youth behavior. A key 
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question regarding the use of these integrative strategies remains: How do they per-
form in tests of the degree to which integrative scores derived from them predict 
validity criteria? In Chaps. 5, 6, and 7, we address this question with two studies: (a) 
a Monte Carlo simulation and (b) a real-world test of criterion-related validity.
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Chapter 5
Monte Carlo Simulation of Strategies 
for Integrating Behavioral Data in Youth 
Development

5.1 � Study 1 Overview

The value of analytic models and their usage assumptions are dictated by their “fit” 
to the data conditions to which they will be applied (see also De Los Reyes et al., 
2023a; Levy, 1969). It logically follows that implementing analytic models must be 
guided by a sound theoretical foundation (see Borsboom, 2005). Model implemen-
tation must also be guided by a comprehensive set of data—data from not only 
indices of model fit, but also well-constructed validation studies (e.g., De Los Reyes 
et al., 2022a; Greene et al., 2022; Revelle, 2024). A hallmark feature of evidence-
based assessment calls for data from validation studies to inform researchers’ deci-
sions about instrumentation (Hunsley & Mash, 2007; Talbott et  al., 2023). 
Importantly, the use of data to inform decision-making cannot end with the selec-
tion of an instrument, particularly if scholars eventually integrate the data produced 
by that instrument with the data produced by other instruments. What this means is 
that researchers should also conduct validation tests to probe the data derived from 
the analytic strategies used to integrate data (De Los Reyes, 2024). These validation 
studies should test the “fit” between integrative strategies and the data conditions 
produced by multi-informant assessments (De Los Reyes et al., 2023b).

Consequently, we require research that judges the performance of analytic mod-
els when applied to the multi-informant data produced when using structurally dif-
ferent informants. In Chap. 4, we argued that these judgments fall within the purview 
of validation testing. When it comes to discrepant results, CONTEXT informs these 
tests. CONTEXT guides users to address questions of direct relevance to making 
evidence-based decisions about integrative strategies. Under what data conditions 
do social context models like the Satellite Model optimize the prediction of validity 
indicators? Conversely, under what data conditions do rater bias models like the 
Trifactor Model optimize such prediction? As a first step toward addressing these 
questions, we performed a series of Monte Carlo simulations. We constructed these 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-80549-3_5&domain=pdf
https://doi.org/10.1007/978-3-031-80549-3_5#DOI
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simulations based on prior meta-analytic work on cross-informant correspondence 
in youth mental health (Achenbach et al., 1987; De Los Reyes et al., 2015). These 
simulations were also informed by studies indicating that structurally different 
informants produce discrepant results that often contain domain-relevant data 
(Fig. 5.1; De Los Reyes & Epkins, 2023; De Los Reyes et al., 2013a, 2022b). Our 
Monte Carlo simulations estimated the performance of the Trifactor Model and the 
Satellite Model in terms of their criterion-related validity. Further, these simulations 
involved modeling a range of data conditions that were based on research in youth 
mental health and, at the same time, typified behavioral assessments conducted in 
scholarship in youth development generally. These assessments incorporate reports 
from structurally different informants. They also produce discrepant results in esti-
mates of behavior—discrepant results that often contain domain-relevant data.

In Fig. 5.2, we graphically depict the parameters used to construct the Monte 
Carlo simulations. To conservatively test differences in performance between the 
Satellite Model and the Trifactor Model, we estimated factor parameters for our 
simulations in ways that mirror the parameters and constraints of the Trifactor 
Model (see Fig. 2.1). These parameters and constraints informed our construction of 
data simulations for the external validity criteria. Specifically, the exogenous param-
eters that we varied across scenarios are the external criteria variance composition 
(i.e., parameters m, s, and t in Fig.  6.2), the item variance composition (i.e., 

Fig. 5.1  Studies supporting links between discrepant results and domain-relevant criterion vari-
ables. Note: Citations supporting links described in this figure: Al Ghriwati et al. (2018), Augenstein 
et al. (2022), Becker-Haimes et al. (2018), Bonadio et al. (2022), Borelli et al. (2016), Charamut 
et al. (2022), De Los Reyes et al. (2009, 2013b, c, 2016a, b, 2022c), Follet et al. (2023), Human 
et al. (2016), Humphreys et al. (2017), Laird and De Los Reyes (2013), Lerner et al. (2017), Leung 
et al. (2016), Luo et al. (2020), Makol and Polo (2018), Makol et al. (2019, 2020, 2021), Nelemans 
et  al. (2016), Nichols and Tanner-Smith (2022), Ohannessian and De Los Reyes (2014), 
Ohannessian et al. (2016), Okuno et al. (2022), Trang and Yates (2020), Van Heel et al. (2019), Van 
Petegem et al. (2020), and Zilcha-Mano et al. (2021). (Reproduced from the accepted manuscript 
version of De Los Reyes & Epkins 2023)
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Fig. 5.2  Graphical depiction of parameters used to construct Monte Carlo simulations

parameters a, b, and c in Fig. 5.2), and sample size (i.e., 300 vs. 500, depending on 
the simulation parameters).

5.2 � Study 1 Method

5.2.1 � External Criteria Variance Composition

Our composition of external criteria variance consisted of four parameters. First, we 
modeled random error as the variance of external criteria that information from the 
three factors cannot explain (i.e., Common, Informant, and Item). We fixed this 
loading at a value of 1. Second, we modeled the Common Factor as a parameter 
loaded by all items. In Fig. 5.2, we labeled this loading as m, and the variance of 
external criteria explained by the Common Factor is m2. Third, we modeled 
Informant Factors as analogous to the Perspective Factors in the Trifactor Model. 
These factors capture unique information from informants. In Fig. 5.2, we labeled 
these loadings as s, and the variance of external criteria explained by Informant 
Factors is three times s2. Fourth, we modeled Item Factors as analogous to the 
Specific Factors in the Trifactor Model. These factors capture unique information 
from items. In Fig. 5.2, we labeled these loadings as t. The variance of external 
criteria explained by Item Factors is three times t2. The variances of the external 
criteria, Common Factor, Informant Factors, and Item Factors were fixed at 1. The 
variance of external criteria was simulated to be fully explained by random error, 
Common Factor, Informant Factors, and Item Factors.

5.2  Study 1 Method
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5.2.1.1 � Simulation of External Criteria Variance Scenarios

We simulated four scenarios in line with the external criteria variance factors (see 
Table 5.1). First, we simulated a high random error/Common Factor dominant sce-
nario, in which we set the variance explained by random error to 0.6, and we set the 
ratio of variances explained by Common Factor, Informant Factors, and Item 
Factors to 2:1:1. Second, we simulated a high random error/all factors equal sce-
nario, in which we again set the variance explained by random error to 0.6, and we 
set the ratio of variances explained by Common Factor, Informant Factors, and Item 
Factors to 1:1:1. Third, we simulated a low random error/Common Factor domi-
nant scenario, in which we set the variance explained by random error to 0.3, and 
we set the ratio of variances explained by Common Factor, Informant Factors, and 
Item Factors to 2:1:1. Fourth, we simulated a low random error/all factors equal 
scenario, in which we again set the variance explained by random error to 0.3, and 
we set the ratio of variances explained by Common Factor, Informant Factors, and 
Item Factors to 1:1:1.

5.2.2 � Item Variance Composition

Similar to our external criteria variance composition, our composition of item vari-
ance consisted of four parameters. First, we modeled random error as the variance 
of external criteria that the information from the three factors cannot explain. We 
fixed this loading to 1. Second, we modeled a Common Factor with the loading a 
and with variance in an item explained by the Common Factor as a2. Third, we mod-
eled Informant Factors with the loading b and with the variance in an item explained 
by Informant Factors as b2. Fourth, we modeled Item Factors with the loadings c 
and with the variance in an item explained by Item Factors as three times c2. The 
variances of the item ratings were fixed at 1 and were fully explained by the random 
error, Common Factor, Informant Factors, and Item Factors.

5.2.2.1 � Simulation of Item Variance Scenarios

We simulated six scenarios in line with the item variance factors described previ-
ously (see Table 5.1). First, we simulated a high random error/Informant Factor 
dominant scenario, in which we set the variance explained by random error to 0.6, 
and we set the ratio of variances explained by the Common Factor, Informant 
Factors, and Item Factors to 1:2:1. Second, we simulated a high random error/
Common Factor dominant scenario, in which we again set the variance explained 
by random error to 0.6, and we set the ratio of variances explained by the Common 
Factor, Informant Factors, and Item Factors to 2:1:1. Third, we simulated a high 
random error/all factors equal scenario, in which we again set the variance 
explained by random error to 0.6, and we set the ratio of variances explained by the 

5  Monte Carlo Simulation of Strategies for Integrating Behavioral Data in Youth…



57

Ta
bl

e 
5.

1 
D

at
a 

st
ru

ct
ur

e 
fo

r 
M

on
te

 C
ar

lo
 s

im
ul

at
io

n 
(S

tu
dy

 1
)

E
xt

er
na

l c
ri

te
ri

a 
va

ri
an

ce
 c

om
po

si
tio

n 
(v

ar
ia

nc
e 

=
 1

)
It

em
 v

ar
ia

nc
e 

co
m

po
si

tio
n 

(v
ar

ia
nc

e 
=

 1
)

C
om

m
on

al
ity

rs
 b

et
w

ee
n 

in
fo

rm
an

t 
sc

al
e 

sc
or

es

rs
 b

et
w

ee
n 

in
fo

rm
an

t s
ca

le
 

m
ea

ns
 a

nd
 

ex
te

rn
al

 c
ri

te
ri

a
Sc

en
ar

io
N

R
an

do
m

 
er

ro
r

C
om

m
on

 
fa

ct
or

In
fo

rm
an

t 
fa

ct
or

It
em

 
fa

ct
or

R
an

do
m

 
er

ro
r

C
om

m
on

 
fa

ct
or

In
fo

rm
an

t 
fa

ct
or

It
em

 
fa

ct
or

1
30

0
0.

60
0.

20
0.

10
0.

10
0.

60
0.

10
0.

20
0.

10
0.

03
0.

25
0.

38
2

50
0

0.
60

0.
20

0.
10

0.
10

0.
60

0.
10

0.
20

0.
10

0.
03

0.
25

0.
38

3
30

0
0.

60
0.

20
0.

10
0.

10
0.

60
0.

20
0.

10
0.

10
0.

08
0.

44
0.

43
4

50
0

0.
60

0.
20

0.
10

0.
10

0.
60

0.
20

0.
10

0.
10

0.
08

0.
44

0.
43

5
30

0
0.

60
0.

20
0.

10
0.

10
0.

60
0.

13
0.

13
0.

13
0.

05
0.

35
0.

41
6

50
0

0.
60

0.
20

0.
10

0.
10

0.
60

0.
13

0.
13

0.
13

0.
05

0.
35

0.
41

7
30

0
0.

60
0.

20
0.

10
0.

10
0.

30
0.

18
0.

35
0.

18
0.

16
0.

60
0.

50
8

50
0

0.
60

0.
20

0.
10

0.
10

0.
30

0.
18

0.
35

0.
18

0.
16

0.
60

0.
50

9
30

0
0.

60
0.

20
0.

10
0.

10
0.

30
0.

35
0.

18
0.

18
0.

06
0.

34
0.

45
10

50
0

0.
60

0.
20

0.
10

0.
10

0.
30

0.
35

0.
18

0.
18

0.
06

0.
34

0.
45

11
30

0
0.

60
0.

20
0.

10
0.

10
0.

30
0.

23
0.

23
0.

23
0.

05
0.

35
0.

41
12

50
0

0.
60

0.
20

0.
10

0.
10

0.
30

0.
23

0.
23

0.
23

0.
05

0.
35

0.
41

13
30

0
0.

60
0.

13
0.

13
0.

13
0.

60
0.

10
0.

20
0.

10
0.

03
0.

25
0.

38
14

50
0

0.
60

0.
13

0.
13

0.
13

0.
60

0.
10

0.
20

0.
10

0.
03

0.
25

0.
38

15
30

0
0.

60
0.

13
0.

13
0.

13
0.

60
0.

20
0.

10
0.

10
0.

07
0.

44
0.

41
16

50
0

0.
60

0.
13

0.
13

0.
13

0.
60

0.
20

0.
10

0.
10

0.
07

0.
44

0.
41

17
30

0
0.

60
0.

13
0.

13
0.

13
0.

60
0.

13
0.

13
0.

13
0.

05
0.

35
0.

40

(c
on

tin
ue

d)

5.2  Study 1 Method



58

Ta
bl

e 
5.

1 
(c

on
tin

ue
d)

E
xt

er
na

l c
ri

te
ri

a 
va

ri
an

ce
 c

om
po

si
tio

n 
(v

ar
ia

nc
e 

=
 1

)
It

em
 v

ar
ia

nc
e 

co
m

po
si

tio
n 

(v
ar

ia
nc

e 
=

 1
)

C
om

m
on

al
ity

rs
 b

et
w

ee
n 

in
fo

rm
an

t 
sc

al
e 

sc
or

es

rs
 b

et
w

ee
n 

in
fo

rm
an

t s
ca

le
 

m
ea

ns
 a

nd
 

ex
te

rn
al

 c
ri

te
ri

a
Sc

en
ar

io
N

R
an

do
m

 
er

ro
r

C
om

m
on

 
fa

ct
or

In
fo

rm
an

t 
fa

ct
or

It
em

 
fa

ct
or

R
an

do
m

 
er

ro
r

C
om

m
on

 
fa

ct
or

In
fo

rm
an

t 
fa

ct
or

It
em

 
fa

ct
or

18
50

0
0.

60
0.

13
0.

13
0.

13
0.

60
0.

13
0.

13
0.

13
0.

05
0.

35
0.

40
19

30
0

0.
60

0.
13

0.
13

0.
13

0.
30

0.
18

0.
35

0.
18

0.
14

0.
60

0.
47

20
50

0
0.

60
0.

13
0.

13
0.

13
0.

30
0.

18
0.

35
0.

18
0.

14
0.

60
0.

47
21

30
0

0.
60

0.
13

0.
13

0.
13

0.
30

0.
35

0.
18

0.
18

0.
06

0.
34

0.
44

22
50

0
0.

60
0.

13
0.

13
0.

13
0.

30
0.

35
0.

18
0.

18
0.

06
0.

34
0.

44
23

30
0

0.
60

0.
13

0.
13

0.
13

0.
30

0.
23

0.
23

0.
23

0.
05

0.
35

0.
40

24
50

0
0.

60
0.

13
0.

13
0.

13
0.

30
0.

23
0.

23
0.

23
0.

05
0.

35
0.

40
25

30
0

0.
30

0.
35

0.
18

0.
18

0.
60

0.
10

0.
20

0.
10

0.
05

0.
25

0.
51

26
50

0
0.

30
0.

35
0.

18
0.

18
0.

60
0.

10
0.

20
0.

10
0.

05
0.

25
0.

51
27

30
0

0.
30

0.
35

0.
18

0.
18

0.
60

0.
20

0.
10

0.
10

0.
14

0.
44

0.
57

28
50

0
0.

30
0.

35
0.

18
0.

18
0.

60
0.

20
0.

10
0.

10
0.

14
0.

44
0.

57
29

30
0

0.
30

0.
35

0.
18

0.
18

0.
60

0.
13

0.
13

0.
13

0.
10

0.
35

0.
55

30
50

0
0.

30
0.

35
0.

18
0.

18
0.

60
0.

13
0.

13
0.

13
0.

10
0.

35
0.

55
31

30
0

0.
30

0.
35

0.
18

0.
18

0.
30

0.
18

0.
35

0.
18

0.
27

0.
60

0.
67

32
50

0
0.

30
0.

35
0.

18
0.

18
0.

30
0.

18
0.

35
0.

18
0.

27
0.

60
0.

67
33

30
0

0.
30

0.
35

0.
18

0.
18

0.
30

0.
35

0.
18

0.
18

0.
11

0.
34

0.
59

34
50

0
0.

30
0.

35
0.

18
0.

18
0.

30
0.

35
0.

18
0.

18
0.

11
0.

34
0.

59
35

30
0

0.
30

0.
35

0.
18

0.
18

0.
30

0.
23

0.
23

0.
23

0.
10

0.
35

0.
55

36
50

0
0.

30
0.

35
0.

18
0.

18
0.

30
0.

23
0.

23
0.

23
0.

10
0.

35
0.

55

5  Monte Carlo Simulation of Strategies for Integrating Behavioral Data in Youth…



59

E
xt

er
na

l c
ri

te
ri

a 
va

ri
an

ce
 c

om
po

si
tio

n 
(v

ar
ia

nc
e 

=
 1

)
It

em
 v

ar
ia

nc
e 

co
m

po
si

tio
n 

(v
ar

ia
nc

e 
=

 1
)

C
om

m
on

al
ity

rs
 b

et
w

ee
n 

in
fo

rm
an

t 
sc

al
e 

sc
or

es

rs
 b

et
w

ee
n 

in
fo

rm
an

t s
ca

le
 

m
ea

ns
 a

nd
 

ex
te

rn
al

 c
ri

te
ri

a
Sc

en
ar

io
N

R
an

do
m

 
er

ro
r

C
om

m
on

 
fa

ct
or

In
fo

rm
an

t 
fa

ct
or

It
em

 
fa

ct
or

R
an

do
m

 
er

ro
r

C
om

m
on

 
fa

ct
or

In
fo

rm
an

t 
fa

ct
or

It
em

 
fa

ct
or

37
30

0
0.

30
0.

23
0.

23
0.

23
0.

60
0.

10
0.

20
0.

10
0.

10
0.

25
0.

50
38

50
0

0.
30

0.
23

0.
23

0.
23

0.
60

0.
10

0.
20

0.
10

0.
10

0.
25

0.
50

39
30

0
0.

30
0.

23
0.

23
0.

23
0.

60
0.

20
0.

10
0.

10
0.

12
0.

44
0.

54
40

50
0

0.
30

0.
23

0.
23

0.
23

0.
60

0.
20

0.
10

0.
10

0.
12

0.
44

0.
54

41
30

0
0.

30
0.

23
0.

23
0.

23
0.

60
0.

13
0.

13
0.

13
0.

09
0.

35
0.

53
42

50
0

0.
30

0.
23

0.
23

0.
23

0.
60

0.
13

0.
13

0.
13

0.
09

0.
35

0.
53

43
30

0
0.

30
0.

23
0.

23
0.

23
0.

30
0.

18
0.

35
0.

18
0.

24
0.

60
0.

63
44

50
0

0.
30

0.
23

0.
23

0.
23

0.
30

0.
18

0.
35

0.
18

0.
24

0.
60

0.
63

45
30

0
0.

30
0.

23
0.

23
0.

23
0.

30
0.

35
0.

18
0.

18
0.

11
0.

34
0.

59
46

50
0

0.
30

0.
23

0.
23

0.
23

0.
30

0.
35

0.
18

0.
18

0.
11

0.
34

0.
59

47
30

0
0.

30
0.

23
0.

23
0.

23
0.

30
0.

23
0.

23
0.

23
0.

09
0.

35
0.

53
48

50
0

0.
30

0.
23

0.
23

0.
23

0.
30

0.
23

0.
23

0.
23

0.
09

0.
35

0.
53

5.2  Study 1 Method



60

Common Factor, Informant Factors, and Item Factors to 1:1:1. Fourth, we simu-
lated a low random error/Informant Factor dominant scenario, in which we set the 
variance explained by random error to 0.3, and we set the ratio of variances explained 
by the Common Factor, Informant Factors, and Item Factors to 1:2:1. Fifth, we 
simulated a low random error/Common Factor dominant scenario, in which we 
again set the variance explained by random error to 0.3, and we set the ratio of vari-
ances explained by the Common Factor, Informant Factors, and Item Factors to 
2:1:1. Sixth, we simulated a low random error/all factors equal scenario, in which 
we again set the variance explained by random error to 0.3, and we set the ratio of 
variances explained by the Common Factor, Informant Factors, and Item Factors 
to 1:1:1.

5.2.3 � Sample Size, Number of Simulation Scenarios, 
and Number of Simulations per Scenario

Across four external criteria scenarios and six-item variance scenarios, we com-
puted Monte Carlo simulations for two sample size conditions, N = 300 and N = 500. 
This totaled 48 scenarios (i.e., 4 * 6 * 2). For each scenario, we computed 1000 
Monte Carlo simulations. For each scenario, we estimated the commonality—via 
regression commonality analyses, an estimate of the common or overlapping vari-
ance among multiple informants’ reports when predicting a common validity crite-
rion (see Cohen et  al., 2003; Nimon, 2010). We also estimated the correlations 
between informant scale means and between informant scale means and external 
criteria. As noted in Table 5.1, across the 48 scenarios tested, the commonalities 
varied from 0.03 to 0.24, correlations between informant scale means varied from 
0.25 to 0.60, and correlations between informant scale scores and validity criteria 
varied from 0.38 to 0.67.

The correlations estimated across the 48 scenarios varied as to their representa-
tion of “real-world” data conditions in youth mental health research. Yet, collec-
tively, they produced patterns of data that were comparable to key findings from the 
discrepant results literature. First, the commonalities were aligned with the findings 
of regression commonality analyses reported by De Los Reyes et al. (2015), which 
estimated the degree of overlap among parent, teacher, and youth reports on the 
Achenbach System of Empirically Based Assessments (ASEBAs) in the prediction 
of a common criterion (i.e., referral status). Second, the correlations between infor-
mant scale means were aligned with nationally representative item-level data col-
lected in 2000 and provided to us by the developer of the ASEBA instruments 
(Thomas M. Achenbach, personal communication, April 29, 2022). Third, the cor-
relations between informant scale means and external criteria were aligned with 
prior work that estimated relations among informants’ reports and independent 
assessments of observed behavior (Makol et al., 2020).
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Taken together, we can consider the 48 scenarios as varying from each other as 
to their “fit” with the data conditions that typify the use of structurally different 
informants in youth mental health. Among the 48 scenarios, the estimates from 
Scenarios 1, 2, 13, and 14 can be seen as the most realistic fit to observations in the 
discrepant result literature. Specifically, the correlations estimated in these four sce-
narios were based on the presence of high random error, relatively low Common 
Factor variance, and relatively high Informant Factor variance. In fact, within these 
four scenarios, the estimated commonality (i.e., r = 0.03) and mean cross-informant 
correlation estimate (i.e., r = 0.25) track closely with the meta-analytic estimate of 
cross-informant correspondence reported by Achenbach et al. (1987) and both the 
cross-informant correspondence and commonality estimates reported in the De Los 
Reyes et al. (2015) meta-analysis. Similarly, in these scenarios, the estimated mean 
correlation between informants’ reports and external criteria (i.e., r = 0.38) is rela-
tively moderate in magnitude. In this sense, this magnitude could be seen as large 
enough to deem an informant’s report as yielding valuable data while at the same 
time reflective of a magnitude that is near the median of the distribution of correla-
tions observed in Clinical Psychology studies generally (see Schäfer & 
Schwarz, 2019).

5.2.4 � Procedures for Judging the Performance of the Satellite 
Model and the Trifactor Model

For each of the 48 simulations described previously, we fitted the simulated data to 
the Trifactor Model and the Satellite Model by computing a series of statistics for 
both models. We used these statistics and importantly the differences between them 
to judge the performance of each of these models when predicting external validity 
criteria. We reported each of these statistics in Table 5.2. Specifically, we computed 
rates of model convergence for each model, standardized coefficients used to esti-
mate the criterion-related validity performance for each model, and R2 estimates for 
total explained variance for each model.

As mentioned previously, the Satellite Model and the Trifactor Model vary in 
their assumptions regarding unique variance (i.e., discrepant results). However, 
even if the models vary on the interpretative value they place on information unique 
to each informant, both models concur on the value of common variance. Thus, for 
comparative purposes, we based the standardized coefficients and R2 estimates for 
each model on the common variance estimate they produce. For the Satellite Model, 
the standardized coefficient consisted of the standardized regression coefficient of 
the Trait score when regressing external criteria on the Trait score, Context score, 
and Perspective score. For the Trifactor Model, the standardized coefficient is the 
standardized regression coefficient of the Common Factor on external criteria when 
regressing external criteria on the Common Factor, Perspective Factor, and Specific 
Factor in structural equation modeling.
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For both models, each of the factors is assumed to be orthogonal to one another. 
As such, standardized coefficients reflect the correlations between the Trait score in 
the Satellite Model (and the Common Factor in the Trifactor Model) and external 
criteria. Similarly, the R2 estimates reflect the square of the standardized coefficient, 
and as such, they reflect the proportion of variance in external criteria that can be 
explained by the Trait score in the Satellite Model and the Common Factor in the 
Trifactor Model. Taken together, and to provide as fair a comparison as possible for 
both models, we judged model performance based on comparisons of standardized 
coefficients and R2 estimates.

5.3 � Study 1 Results and Discussion

We report the findings from the Monte Carlo simulations in Table 5.2. Each set of 
findings we report in Table 5.2 refers to the specific parameters modeled in the 48 
scenarios described in Table 5.1. To facilitate interpreting findings in Table 5.2, we 
included the scenario number for each row of findings, which corresponds to the 
scenarios described in Table 5.1. In this way, readers can interpret the 48 sets of 
findings reported in Table 5.2 in terms of the models and the parameters simulated 
for each of the 48 scenarios described in Table 5.1.

The performance of the Satellite Model and the Trifactor Model differed in three 
respects. First, the convergence rate of the Trifactor Model typically hovered around 
50%, a finding that is consistent with prior work. Specifically, studies have varied 
considerably on whether the Trifactor Model produces adequate model fit, with fit 
indices often fluctuating, depending on the informants put into the model (cf. Bauer 
et al., 2013; Clark et al., 2017; Makol, 2022; Martel et al., 2017a, b). In fact, one of 
the clearest pieces of evidence in support of the Trifactor Model’s fit to multi-
informant data came from the study by Bauer et al. (2013), in which the model was 
fit to a pair of informants’ reports (i.e., mother and father) who typically display the 
highest magnitudes of cross-informant correspondence (De Los Reyes et al., 2015). 
Similarly, for the Trifactor Model, convergence rates from our Monte Carlo simula-
tions tended to be at their highest (i.e., > 95%) when parameter estimates for the 
Common Factor were set at relatively high magnitudes, as well as set higher in 
magnitude than the Informant and Item Factors. In contrast, we did not see issues 
with convergence rates with the Satellite Model. Convergence rates for the Satellite 
Model were at 100% for all 48 scenarios. Here too, this finding is consistent with 
prior implementation of the Satellite Model. In fact, adequate model fit indices have 
been observed (a) using a variety of informants, (b) using varying kinds of instru-
ments, and (c) with sample sizes as low as 60 (e.g., Charamut et al., 2022; De Los 
Reyes et al., 2022c; Kraemer et al., 2003). In sum, the Satellite Model outperformed 
the Trifactor Model in terms of providing relatively high convergence rates.

Second, standardized coefficients for the Satellite Model outperformed the 
Trifactor Model in all 48 scenarios. For the Satellite Model, standardized coeffi-
cients for all 48 scenarios were above 0.5 (i.e., the magnitude deemed “large” by 
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Cohen [1988]), over half were above 0.6, and nearly half were at or above 0.7. In 
contrast, just over half of the 48 scenarios for the Trifactor Model displayed stan-
dardized coefficients above 0.5, less than one-third were above 0.6, and none 
reached 0.7. Collectively, the differences between the Satellite Model and the 
Trifactor Model in terms of standardized coefficients ranged from 0.03 to 0.21, with 
29 of the 48 scenarios evidencing differences in magnitude at or above 0.10. These 
29 scenarios included Scenarios 1, 2, 13, and 14.

Third, similar to the findings for standardized coefficients, the Satellite Model 
outperformed the Trifactor Model in all 48 scenarios when it came to R2. For the 
Satellite Model, 41 of the 48 scenarios were at or above 30% of explained variance, 
and 22 were at or above 50%. In contrast, only half of the 48 scenarios for the 
Trifactor Model displayed 30% of explained variance, and none were at or above 
50%. Collectively, the differences between the Satellite Model and the Trifactor 
Model in terms of R2 ranged from 0.03 to 0.28, with 32 of the 48 scenarios evidenc-
ing differences in magnitude at or above 0.10. These 32 scenarios included Scenarios 
1, 2, 13, and 14.

5.4 � Concluding Comments

Taken together, in Study 1, we found that within data conditions that typify the use 
of structurally different informants in youth mental health, the Satellite Model and 
the Trifactor Model exhibited strikingly different levels of performance when pre-
dicting validity criteria, with the Satellite Model outperforming the Trifactor Model 
in every modeling scenario we simulated. Importantly, these simulations cannot be 
seen as unfairly favoring one integrative strategy over another. Rather, these simula-
tions were based on prior work. We constructed our Monte Carlo simulations using 
data conditions revealed in authoritative meta-analyses of discrepant results in 
youth mental health. As such, our simulations displayed parameters that align with 
(a) typical rates of cross-informant correspondence among informants used in youth 
mental health assessments (Achenbach et al., 1987), (b) prior work indicating that 
informants’ reports often display little commonality (see De Los Reyes et al., 2015), 
and (c) prior work indicating that measures of discrepant results predict domain-
relevant validity criteria (for a review, see De Los Reyes & Epkins, 2023). Within 
these data conditions and when estimating correlations between factor scores 
derived from the models, the Satellite Model consistently and clearly outperformed 
the Trifactor Model in terms of model convergence, magnitudes of correlations, and 
amount of explained variance. Nevertheless, an open question is whether we would 
obtain similar findings when testing the performance of the Trifactor Model and the 
Satellite Model within real-world data conditions. Chapter 6 describes reasons why 
“real-world” tests of measurement validation may reveal nuances in the perfor-
mance of these two integrative strategies, thus setting the stage for Chap. 7, in which 
we report the findings of just such a validation test.
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Chapter 6
Situational Specificity, Validity Criteria, 
and the Design of Measurement Validation 
Studies in Youth Development

This chapter returns to the notion of situational specificity advanced by Achenbach 
et al. (1987), which we first learned about in Chap. 1. Recall a core element of this 
notion—discrepant results may index how youth behavior changes across social 
contexts relevant to their day-to-day lives. The fact that youth demonstrate differ-
ences in how they behave across contexts has a cascading effect on all aspects of 
how we understand youth behavior, including how to implement interventions to 
change youth behavior, such as mental health concerns (see De Los Reyes et al., 
2017a, 2022a, b). The reality that youth often behave differently depending on 
where they are necessitates the use of structurally different informants, particularly 
those whose observations of youth are often localized to specific contexts (e.g., par-
ent at home vs. teacher at school). Yet this level of context sensitivity is insufficient 
to truly make sense of the behavioral data that scholars in youth development 
collect.

Prior work highlights that even when implementing sophisticated analytic strate-
gies such as structural equation modeling, the discrepancies observed among multi-
informant data are uninterpretable if all data came from instruments based on the 
same measurement modality, such as the use of parallel surveys across informants 
(see Watts et al., 2022). Stated another way, in the presence of shared method biases 
or criterion contamination (see also Garb, 2003; Hunsley & Meyer, 2003; Smith 
et al., 2003), one cannot distinguish discrepant results that are domain-relevant from 
those that reflect measurement confounds. Valid approaches to assessing youth 
behavior require more than structurally different informants—they require indepen-
dent validity indicators to make sense of the data produced by these informants’ 
reports.

To understand the importance of independent validity indicators, let us consider 
the use of these indicators when scholars seek to design interventions to change 
youth behavior. For instance, the intervention models that factor into the delivery of 
youth mental health services—such as classical conditioning, cognitive theory, radi-
cal behaviorism, and social learning theory (Bandura, 1977; Beck, 1993; Rescorla 
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& Wagner, 1972; Skinner, 1953)—each hinge on adapting therapeutic techniques 
(e.g., cognitive restructuring, therapeutic exposures, token economies, homework 
activities) to the unique contexts that are germane to the mental health concerns of 
youth who receive services (e.g., home, school, peer interactions; Alfano & Beidel, 
2011; Sewart & Craske, 2020; Weisz & Kazdin, 2017). Let us consider the use of 
assessment data to inform decision-making surrounding who ought to receive these 
services, which specific services should be implemented, and determining whether 
the services are producing positive benefits among the youth who receive them. If 
youth behavior must be understood as it manifests within specific contexts, and the 
services youth receive are tailored to their unique needs, then assessments designed 
to understand the nature and course of these services must also be context-sensitive 
(see also De Los Reyes et al., 2022a).

The connections among the notion of situational specificity, the context-
sensitivity of youth behavior, and the assessments used to understand this behavior 
have support from controlled experimentation (see De Los Reyes et  al., 2023a). 
This experiment involved developing videotaped simulations of items contained in 
a widely used measure of social skills, the Social Skills Improvement System—
Rating Scales (SSIS-RS; Gresham et  al., 2010). A pretest sample of these items 
ensured that they accurately simulated the items they were designed to represent. 
Following this pretest, an independent sample of participants was randomly assigned 
to two groups. Each group observed a set of videotaped behaviors that the other did 
not. Each group also observed a common set of behaviors. In this way, the experi-
ment exposed each group to behaviors that were context-specific as well as behav-
iors that were cross-contextual. Following this observational period, the participants 
completed a “behavioral checklist” that prompted them to endorse whether they 
viewed the behaviors described in the items. The behaviors described in the check-
list included all the behaviors observed by the two groups, along with a set of behav-
iors that neither group observed (i.e., to allow for making “false positive” ratings for 
behaviors that clearly were not observed). As seen in Table 6.1, the study revealed 
large effects for context sensitivity, namely, distinct patterns of reports for each 
group who viewed behaviors that the other group did not. The study also revealed 
near-zero differences between groups on both behaviors that every participant 
observed as well as behaviors that none observed. This experiment supports the idea 
that situational specificity in youth behavior can cause informants to produce large, 
variant response patterns in behavioral ratings.

Situational specificity and its implications for interpreting behavioral data col-
lected by scholars in youth development prompt us to consider the Monte Carlo 
simulations reported in Chap. 5. These simulations did not account for a core fea-
ture of research practices in youth development. In youth development, scholars 
require multi-modal indicators to distinguish discrepant results that contain valid 
data from those that reflect measurement confounds (see De Los Reyes, 2024; 
Makol et  al., 2020; Talbott et  al., 2023; Watts et  al., 2022). Along these lines, 
CONTEXT allows its users to detect valid data using the structural differences 
among informants, not just data from informants’ responses on instruments. Yet, 
how do users of CONTEXT detect these valid discrepant results? This chapter 
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Table 6.1  Between-group differences in identification probabilities of videotaped social skill 
behavior, as a function of variations in situational specificity

Behaviors observed by 
experimental groups

Group 
N

Mean 
probabilities of 
video 
identification

Standard 
deviations (SD) of 
video identification

Effect sizes of mean 
differences 
reflecting 
situational 
specificity

Videotaped behaviors 
observed by Group 1 
and not Group 2 
(n = 10 items)

Group 
1 N: 87
Group 
2 N: 95

Group 1 mean: 
74.71
Group 2 mean: 
22.00

Group 1 SD: 20.79
Group 2 SD: 21.42

Cohen’s d: +2.50

Videotaped behaviors 
observed by Group 2 
and not Group 1 
(n = 10 items)

Group 
1 N: 87
Group 
2 N: 95

Group 1 mean: 
29.08
Group 2 mean: 
79.16

Group 1 SD: 18.40
Group 2 SD: 17.11

Cohen’s d: −2.82

Videotaped behaviors 
observed by both 
groups (n = 15 items)

Group 
1 N: 87
Group 
2 N: 95

Group 1 mean: 
89.43
Group 2 mean: 
90.11

Group 1 SD: 13.08
Group 2 SD: 13.11

Cohen’s d: −0.05

Behaviors observed by 
neither group (n = 85 
items)

Group 
1 N: 87
Group 
2 N: 95

Group 1 mean: 
20.07
Group 2 mean: 
18.25

Group 1 SD: 12.85
Group 2 SD: 14.24

Cohen’s d: +0.13

Note: reproduced from the accepted manuscript version of De Los Reyes et al. (2023a)

addresses this larger question by linking situational specificity to the research prac-
tices that guide selections of validity criteria and study design in youth develop-
ment. In the process, we describe the design of Study 2, a measurement validation 
study designed to probe the performance of the Trifactor Model and the Satellite 
Model in terms of criterion-related validity. This chapter describes Study 2’s design, 
with the goal of setting the stage for reporting the study’s results in Chap. 7.

6.1 � Context-Sensitive Validity Criteria

Understanding discrepant results requires the use of assessments that are sensitive 
to the social contexts in which youth behave. This includes the use of multiple infor-
mants whose reports are based on observations of youth behavior within and across 
various domain-relevant social contexts, such as home and school. To make sense of 
the data produced by these reports, this also includes the use of independent validity 
criteria. Consistent with situational specificity, a core feature of these validity crite-
ria is that they, like informants’ reports, are context-sensitive in how they index 
youth behavior. What characteristics must scholars keep in mind when selecting 
these validity criteria? To address this question, let us consider how CONTEXT 
guides users in the criteria selection process.

The criterion-related validity approach taken within CONTEXT involves the use 
of validity criteria that harbor two characteristics. First, the validity criteria contain 
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Table 6.2  Examples of context-sensitive validity criteria using methods other than 
informants’ surveys

Authors and 
publication year Context Brief description

Examples of 
methods used

Donenberg and 
Weisz (1997); 
Gunnar et al. 
(2009); 
Kiecolt-Glaser 
et al. (2005); 
Thomas et al. 
(2019)

Discussions 
between 
significant others 
(e.g., between 
parents and youth, 
between 
caregivers)

Dyadic interactions between 
significant others, in which the 
experimenter selects topics for 
dyads to discuss, with the general 
task of “coming to a resolution” 
on the topic discussed (chores, 
in-laws, spending time with 
family)

Independent 
observers, 
peripheral 
physiology, saliva 
tests, wound healing

Beidel et al. 
(2010); Cannon 
et al. (2020); 
DeWall et al. 
(2010); Silk et al. 
(2012)

Laboratory-
controlled 
interactions 
between 
unfamiliar people

Virtual (e.g., video games, 
Internet chatroom) or in vivo 
interactions between participants 
and unfamiliar people (i.e., 
typically same-age peers) that 
expose participants to social 
situations that may provoke 
aversive reactions

Independent 
observers, 
peripheral 
physiology, saliva 
tests, ecological 
momentary 
assessment data, 
neuroimaging

Benner et al. 
(2022); De Los 
Reyes et al. 
(2022c); Fanger 
et al. (2012); 
Vlachou et al. 
(2014)

Naturalistic 
classroom 
observations

Trained observers enter 
classrooms or other academic 
settings (e.g., recess) and directly 
observe how participants behave 
within these settings, in as much 
of an unobtrusive manner as 
possible

Independent 
observers

(continued)

structural characteristics of their own, namely, they reference the functioning of 
those undergoing evaluation, and within contexts that are relevant to understanding 
their behavior. Along these lines, a long-held tradition of scholarship in youth devel-
opment involves the use of structurally different tasks and procedures designed to 
understand youth behavior as it manifests in social contexts relevant to everyday 
life. Consider Table 6.2, which provides examples of these kinds of tasks. They 
include naturalistic home and school observations, scores on academic achievement 
tests, and controlled laboratory observations of social interactions. In essence, just 
as the Satellite Model calls for “mixing and matching” informants relative to their 
own contexts of observation, CONTEXT calls for strategically selecting validity 
criteria to detect links between patterns of multi-informant data and specific con-
texts that are germane to understanding the behavior of the youth undergoing evalu-
ation. Recall the discussion that opened this chapter, which highlighted the 
context-sensitive nature of intervention models. In line with these intervention mod-
els, the use of context-sensitive validity criteria not only aligns with CONTEXT-
informed measurement validation procedures, but also with how instrumentation is 
used in research and service settings to understand behavior (e.g., see also Cannon 
et al., 2020; De Los Reyes & Aldao, 2015; De Los Reyes et al., 2019a, b, c; Groth-
Marnat & Wright, 2016; Wakschlag et al., 2010).
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Table 6.2  (continued)

Authors and 
publication year Context Brief description

Examples of 
methods used

d’Apice et al. 
(2019); Bousha 
and Twentyman 
(1984); 
Steinglass 
(1979); Tesh and 
Holditch-Davis 
(1997)

Naturalistic home 
observations

Trained observers enter the home 
and directly observe how 
participants behave within this 
setting, in as much of an 
unobtrusive manner as possible

Independent 
observers

De Los Reyes, 
Aldao, et al. 
(2017b); Glenn 
et al. (2019); 
Mian et al. 
(2015); 
Wakschlag et al. 
(2008)

Cross-contextual 
behavioral tasks

Controlled laboratory 
observations of how participants 
behave when completing tasks 
and/or interacting with various 
people; activities are selected 
under the pretense that they may 
produce contextual variations in 
behavior

Independent 
observers, 
peripheral 
physiology

Beidel et al. 
(1989); Bouma 
et al. (2009); 
Dickerson and 
Kemeny (2004); 
Gunnar et al. 
(2009)

Impromptu 
speech tasks

Participants are instructed to give 
a speech about a predefined topic 
or set of topics and/or a topic of 
their choosing, typically to an 
audience of personnel trained to 
react to the speech in stress-
provoking ways (e.g., neutral 
facial expressions, verbal prompts 
to speed up their speech)

Independent 
observers, 
peripheral 
physiology, saliva 
tests

Lakind et al. 
(2022); Makol 
et al. (2019); 
Marci et al. 
(2007); McLeod 
et al. (2023)

Characteristics of 
treatment 
delivered in a 
controlled setting

Independent assessments of 
features of treatment response or 
treatment processes, such as 
treatment integrity, treatment 
engagement, therapeutic 
relationship, therapist empathy, 
and treatment modalities

Independent 
observers, 
peripheral 
physiology

Jeon and 
Yamashito 
(2014); Lin et al. 
(2021); Pascual 
et al. (2019); 
Zhang and Zhang 
(2022)

Standardized tests 
delivered in an 
academic setting

Tests administered in academic 
settings that evaluate performance 
on such academic domains as 
reading comprehension, 
vocabulary knowledge, math 
performance, and academic 
achievement

Independent 
evaluators

Daley et al. 
(2003); Hooley 
and Parker 
(2006); McCarty 
and Weisz 
(2002); 
Sher-Censor 
(2015)

Expressed 
emotion between 
significant others

5-min speech sample, in which 
participant is prompted to speak 
about a relative who experiences 
mental health concerns

Independent 
evaluators
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Let us consider a second characteristic of the validity criteria used in CONTEXT-
informed approaches to testing criterion-related validity. As mentioned previously, 
prior work highlights that even when using context-sensitive validity criteria and 
structurally different informants, the use of multi-modal approaches to assess youth 
behavior makes all the difference in drawing valid inferences from assessment 
results and study findings (see Makol et al., 2020; Watts et al., 2022). Thus, a hall-
mark feature of CONTEXT-aligned validation studies involves the use of validity 
criteria that are not only context-sensitive but also independent in measurement 
modality, relative to the modalities typically used to collect multi-informant data 
(see De Los Reyes et  al., 2023a, b). Examples of these measurement modalities 
include performance-based tests, passive data from mobile computing devices (e.g., 
location data), physiological readings from wearable devices (e.g., heart rate data 
from a wristwatch monitor), and ratings from trained research personnel.

Collectively, the two validity criteria characteristics we described necessitate 
measurement validation studies, to complement the findings from the Monte Carlo 
simulations conducted as part of Study 1. Indeed, CONTEXT-aligned validity stud-
ies are well positioned to address the realities of measurement validation when 
using structurally different informants. Specifically, validating data from structur-
ally different informants necessitates context-sensitive validity criteria. If so, then 
validity criteria, though independent in method, will nonetheless overlap in contexts 
of observation more so with some informants rather than others. For example, a 
naturalistic observation of how a child behaves at school, by construction, will pro-
duce data that align more so with teachers’ reports than they do with parents’ 
reports. Alternatively, a controlled observation of how an adolescent interacts with 
peers will produce data that align more so with peers’ reports than they do with 
parents’ reports and vice versa for naturalistic observations of how that adolescent 
interacts with caregivers at home. This is not a limitation of any one assessment 
approach per se. For instance, in scholarship in youth mental health, evidence-based 
approaches to delivering context-sensitive mental health services necessitate the use 
of evidence that is also context-sensitive (De Los Reyes et al., 2022a). Yet it does 
create the potential for informants to vary in their ability to predict validity criteria. 
How do the Satellite Model and the Trifactor Model perform under these condi-
tions, in which informants’ reports may vary in their ability to predict context-
sensitive validity criteria? Study 2 addressed this question in a way that complements 
what we learned from Study 1’s findings.

6.2 � Study 2 Method

6.2.1 � Participants and Procedures

We addressed our Study 2 aims using the data from a well-characterized study—
Project CONTEXT (see De Los Reyes, 2024). The design of Project CONTEXT 
facilitates addressing questions regarding the psychometric properties of scores 
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taken from instruments used to assess adolescent mental health. As such, scores 
taken from the instruments used in Project CONTEXT have been thoroughly tested 
in terms of their psychometric properties. These tests consist of measurement vali-
dation studies that have leveraged a host of not only measurement modalities but 
also data sources, which include caregivers, adolescents, and both trained and 
untrained observers. In Table 6.3, we report studies and main findings from all pub-
lished work on Project CONTEXT to date, which totals over 20 peer-reviewed jour-
nal articles.

We recruited adolescents and caregivers within the regions of Maryland, 
Washington, DC, and northern Virginia. Participant recruitment began in April 2014 
and ended in late February 2020, in line with COVID-19 restriction guidelines for 
on-campus participant recruitment at the University of Maryland—the site where 
the study took place. Recruitment methods included online advertisements (e.g., 
Craigslist) and flyers posted in local businesses (e.g., libraries, pediatricians’ office). 
Participants responded to one of two posted advertisements: (a) a study providing a 
no-cost clinical social anxiety evaluation for adolescents (i.e., clinic-referred ado-
lescents) and (b) a nonclinical study on family relationships (i.e., community-control 
adolescents). The method we used to advertise the study and recruit participants 
was the only way in which participants varied as to study procedures. That is, we 
held all study procedures consistent across participants, regardless of recruitment 
strategy. This included the survey battery that participants completed, as well as the 
interactions between adolescents and personnel trained to behave as same-age, 
unfamiliar peers (i.e., peer confederates). These peer confederates interacted with 

Table 6.3  Peer-reviewed publications to date using data from project CONTEXT, organized 
chronologically (N = 24)

Authors and 
publication 
year

Survey 
data 
sources Instrumentation Validity criteria Summary of main findings

Rausch 
et al. (2017)

A, Ca Surveys, 
controlled 
observations

Surveys of 
adolescent 
functioning, 
self-reported arousal 
within interactions 
with unfamiliar 
peers

Adolescents and caregivers 
provide psychometrically sound 
reports on the Beck Depression 
Inventory-II (BDI-II); only 
adolescents’ self-reports on the 
BDI-II predicted adolescents’ 
arousal within interactions with 
unfamiliar peers

Beale et al. 
(2018)

A, Ca Surveys Surveys of 
adolescent 
functioning

Using a short list of three items 
assessing peer-related 
impairments (number of 
friends, trouble making friends, 
and trouble keeping friends), 
one can efficiently screen for 
peer-related impairments of 
specific relevance to adolescent 
social anxiety

(continued)
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Table 6.3  (continued)

Authors and 
publication 
year

Survey 
data 
sources Instrumentation Validity criteria Summary of main findings

Deros et al. 
(2018)

A, Ca, 
PC

Surveys, 
controlled 
observations

Surveys of 
adolescent 
functioning, 
self-reported arousal 
within interactions 
with unfamiliar 
peers

Adolescents’ social anxiety 
reports correlated with reports 
on parallel measures from 
caregivers in the .30 s and with 
peer confederates in the .40 s to 
.50 s, whereas reports from 
caregiver-confederate dyads 
correlated in the 0.07 to 0.22 
range Adolescent, caregiver, 
and peer confederate social 
anxiety reports related to 
reports on trait measures of 
adolescent social anxiety and 
depressive symptoms and 
distinguished adolescents on 
referral status. Confederates’ 
social anxiety reports 
incrementally predicted 
adolescents’ self-reported 
social anxiety over and above 
caregiver reports, and vice 
versa, and at magnitudes that 
approximate typical 
correspondence levels between 
informants who observe 
adolescents in the same context 
(e.g., mother-father). 
Adolescent and peer 
confederate (but not caregiver) 
social anxiety reports predicted 
adolescents’ state arousal in 
social interactions with 
unfamiliar peers

Karp et al. 
(2018)

A, Ca Surveys, 
controlled 
observations

Surveys of 
adolescent 
functioning, 
self-reported arousal 
within interactions 
with unfamiliar 
peers

Adolescent and caregiver 
reports of evaluative fears (i.e., 
fears of positive and negative 
evaluation) display convergent 
validity as well as incremental 
and criterion-related validity; 
only adolescents’ reports 
predicted adolescents’ 
self-reported arousal within 
social interactions with 
unfamiliar peers

(continued)
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Table 6.3  (continued)

Authors and 
publication 
year

Survey 
data 
sources Instrumentation Validity criteria Summary of main findings

Keeley et al. 
(2018)

A, Ca Surveys Surveys of 
adolescent and 
family functioning

When assessing adolescent 
symptoms of attention-deficit/
hyperactivity disorder (ADHD), 
adolescents’ and caregivers’ 
reports meaningfully vary in 
their links to validity indicators

Qasmieh 
et al. (2018)

A, Ca Surveys, 
controlled 
observations

Surveys of 
adolescent 
functioning, 
self-reported arousal 
within interactions 
with unfamiliar 
peers

Adolescent and caregiver 
reports of safety behaviors 
display convergent validity as 
well as incremental and 
criterion-related validity; only 
adolescents’ reports predicted 
adolescents’ self-reported 
arousal within social 
interactions with unfamiliar 
peers

Byrne et al. 
(2019)

Ca Surveys, 
controlled 
observations

Surveys of caregiver 
and family 
functioning, 
self-reported arousal 
within an 
impromptu speech 
task

This study supports the 
psychometric properties of the 
Emotion Reactivity Scale when 
administered in non-clinic 
assessments of adults

De Los 
Reyes et al. 
(2019d)

A, Ca Surveys, 
controlled 
observations

Surveys of 
adolescent, 
caregiver, and 
family functioning; 
Ratings from trained 
independent 
observers

On both adolescent and 
caregiver versions of a measure 
of adolescent psychosocial 
impairments (i.e., the Work and 
Social Adjustment Scale for 
Youth [WSASY]), increased 
scores related to increased 
adolescent mental health 
concerns, adolescent-caregiver 
conflict, caregiver psychosocial 
dysfunction, and peer-related 
impairments. WSASY scores 
also distinguished adolescents 
who displayed co-occurring 
mental health concerns from 
those who did not and related to 
observed social skill deficits 
within social interactions with 
unfamiliar peers

(continued)
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Table 6.3  (continued)

Authors and 
publication 
year

Survey 
data 
sources Instrumentation Validity criteria Summary of main findings

Glenn et al. 
(2019)

A, Ca, 
PC

Surveys, 
controlled 
observations

Surveys of 
adolescent 
functioning, 
self-reported arousal 
within interactions 
with unfamiliar 
peers, ratings from 
trained independent 
observers

Observers’ ratings were related 
to informants’ survey reports of 
adolescent functioning. 
Observers’ ratings 
distinguished adolescents on 
referral status and could 
distinguish adolescents on 
levels of social anxiety and 
social skills within specific 
kinds of social interactions with 
unfamiliar peers

Szollos 
et al. (2019)

A, Ca, 
PC

Surveys, 
controlled 
observations

Surveys of 
adolescent 
functioning, 
self-reported arousal 
within an 
impromptu speech 
task

Adolescents who displayed 
relatively high levels of both 
fears of negative evaluation and 
fears of positive evaluation 
(high FNE/FPE) tended to 
display poorer psychosocial 
functioning relative to 
adolescents who displayed 
other patterns of evaluative 
fears (i.e., low FNE/FPE, high 
on FNE but not FPE and vice 
versa). Based on adolescent-
reported groups (but not 
caregiver-reported groups), 
high FNE/FPE adolescents 
displayed greater self-reported 
arousal during social 
interactions with unfamiliar 
peers, relative to the other 
groups.

Cannon 
et al. (2020)

A, Ca, 
PC

Surveys, 
controlled 
observations

Surveys of 
adolescent 
functioning, 
self-reported arousal 
within interactions 
with unfamiliar 
peers, ratings from 
trained independent 
observers

Leveraging experimental 
psychopathology and multi-
modal assessment approaches, 
the Unfamiliar Peer Paradigm 
allows for understanding core 
components of social 
interactions with unfamiliar 
peers relevant to exposure-
based therapy

(continued)
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Table 6.3  (continued)

Authors and 
publication 
year

Survey 
data 
sources Instrumentation Validity criteria Summary of main findings

Lipton et al. 
(2020)

Pa Surveys, 
controlled 
observations

Surveys of caregiver 
functioning, 
self-reported arousal 
within an 
impromptu speech 
task, and tasks 
designed to 
communicate 
feedback about 
speech performance

On a task designed to simulate 
receipt of post-performance 
feedback (i.e., in reference to 
giving an impromptu speech), 
participants’ self-reported fears 
of positive evaluation uniquely 
predicted arousal following 
receipt of positive feedback, 
whereas fears of negative 
evaluation uniquely predicted 
arousal following receipt of 
negative feedback. Relative to 
participants receiving positive 
feedback first, those receiving 
negative feedback first 
experienced elevated post-
feedback arousal, followed by a 
steep decline in arousal 
post-positive feedback. 
Conversely, participants 
receiving positive feedback first 
experienced a buffer effect 
whereby arousal post-negative 
feedback remained low, relative 
to the arousal experienced 
post-negative feedback among 
those who received negative 
feedback first

Makol et al. 
(2020)

A, Ca, 
PC

Surveys, 
controlled 
observations

Surveys of 
adolescent 
functioning, ratings 
from trained 
independent 
observers

The Satellite Model’s trait score 
incrementally predicted 
observed social anxiety 
(βs = 0.47–0.67) and referral 
status (odds ratios = 2.66–6.53) 
above and beyond individual 
informants’ reports and a 
composite of these reports. The 
trait score predicted observed 
behavior at magnitudes well 
above those typically observed 
for individual informants’ 
reports of internalizing 
psychopathology (i.e., 
rs = 0.01–0.15). Findings 
demonstrate the ability of the 
trait score to improve the 
prediction of clinical indices 
and potentially transform 
multi-informant assessment 
practices

(continued)
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Table 6.3  (continued)

Authors and 
publication 
year

Survey 
data 
sources Instrumentation Validity criteria Summary of main findings

Botkin et al. 
(2021)

A, Ca Surveys, 
controlled 
observations

Surveys of 
adolescent 
functioning, ratings 
from trained 
independent 
observers

At the bivariate level, 
adolescents’ FNE and FPE 
reports related to observed 
social anxiety and social skills, 
whereas caregivers’ FPE 
reports related to observed 
social anxiety. Further, both 
informants’ FPE reports 
demonstrated incremental 
validity in relation to observed 
social anxiety, relative to the 
other informant. Compared to 
their FNE reports, adolescents’ 
PES reports displayed 
incremental validity in relation 
to observed social skills; the 
reverse was not true for 
adolescents’ FNE reports

Rezeppa 
et al. (2021)

A, PC, 
UUO

Surveys, 
controlled 
observations

Surveys of 
adolescent 
functioning, 
self-reported arousal 
within interactions 
with unfamiliar 
peers, ratings from 
trained independent 
observers

Unfamiliar untrained observers’ 
safety behavior reports (a) 
related to adolescents’ safety 
behavior self-reports, (b) 
distinguished adolescents on 
clinically elevated social 
anxiety concerns, (c) related to 
trained independent observers’ 
ratings of adolescent social 
skills within interactions with 
peer confederates, and (d) 
related to adolescents’ 
self-reported arousal within 
these same interactions

Charamut 
et al. (2022)

A, Ca, 
UUO

Surveys, 
controlled 
observations

Surveys of 
adolescent and 
family functioning, 
self-reported arousal 
within interactions 
with unfamiliar 
peers, ratings from 
trained independent 
observers

Scores reflecting the Satellite 
Model’s trait, context, and 
perspective components 
displayed distinct patterns of 
relations to a battery of 
criterion variables that varied in 
the context, perspective, and 
source of measurement. The 
Satellite Model instantiates 
situational specificity in 
measurement and facilitates 
unifying conceptual and 
measurement models of youth 
mental health

(continued)
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Table 6.3  (continued)

Authors and 
publication 
year

Survey 
data 
sources Instrumentation Validity criteria Summary of main findings

Greenberg 
and De Los 
Reyes 
(2022)

A, Pa, Surveys, 
controlled 
observations

Surveys of 
adolescent 
functioning, ratings 
from trained 
independent 
observers

Adolescents with co-occurring 
social anxiety and ADHD 
symptoms displayed 
significantly lower social skills, 
relative to all other groups (i.e., 
low social anxiety and ADHD, 
high social anxiety and low 
ADHD, and vice versa)

Okuno et al. 
(2022)

A, Ca, 
PC, 
UUO

Surveys, 
controlled 
observations

Surveys of 
adolescent 
functioning, ratings 
from trained 
independent 
observers

Relative to other adolescents in 
the sample, adolescents high on 
both safety behaviors and social 
anxiety displayed greater 
psychosocial impairments and 
evaluative fears and observed 
social skill deficits within social 
interactions with unfamiliar 
peers

Bellamy 
et al. (2023)

Ca Surveys, 
controlled 
observations

Surveys of 
adolescent and 
family functioning, 
self-reported arousal 
within interactions 
with unfamiliar 
peers, ratings from 
trained independent 
observers

Findings supported the 
incremental validity of scores 
taken from caregivers’ reports 
of adolescent psychopathy and 
across multiple criterion 
variables, including (a) an 
established survey measure of 
caregiver-adolescent conflict 
and (b) trained independent 
observers’ ratings of 
adolescents’ behavioral 
reactions to laboratory-
controlled tasks designed to 
simulate social interactions 
with unfamiliar peers

Follet et al. 
(2023)

A, Ca, 
PC, 
UUO

Surveys, 
controlled 
observations

Surveys of 
adolescent 
functioning, ratings 
from trained 
independent 
observers

Caregivers’ reports performed 
best when distinguishing 
adolescents on referral status 
and predicting survey-reported 
social anxiety, whereas only 
UUOs’ reports predicted 
independent observers’ social 
skill ratings. These findings 
inform the strategic selection of 
informants for assessing 
impairments that commonly 
prompt the need for adolescents 
to access mental health services 
for social anxiety

(continued)
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Table 6.3  (continued)

Authors and 
publication 
year

Survey 
data 
sources Instrumentation Validity criteria Summary of main findings

Sangraula 
and De Los 
Reyes 
(2024)

Ca Surveys Surveys of 
caregiver, 
adolescent, and 
family functioning

This study supports the 
psychometric properties of the 
Quality of Life Enjoyment and 
Satisfaction Questionnaire-
Short Form when administered 
in non-clinic assessments of 
adults

Keeley et al. 
(2024)

A, Ca Surveys, 
controlled 
observations

Surveys of family 
functioning, ratings 
from trained 
independent 
observers

Discrepancies between 
caregiver and adolescent survey 
reports of parental monitoring 
predict adolescents’ anxiety 
within interactions with 
unfamiliar peers

Racz et al. 
(2024)

A, Ca Surveys, 
controlled 
observations

Surveys of 
adolescent and 
caregiver 
functioning, 
self-reported arousal 
within interactions 
with unfamiliar 
peers, self-reported 
arousal within an 
impromptu speech 
task

Subfactors of safety behaviors 
exist (i.e., avoidance and 
impression management), and 
these factors differentially 
predict fears of negative and 
positive evaluation

Bellamy 
et al. (2024)

A, Ca Surveys, 
controlled 
observations

Surveys of 
adolescent and 
family functioning, 
self-reported arousal 
at rest within a 
controlled 
laboratory setting

Adolescents’ resting arousal 
moderates links between 
parental monitoring and 
adolescent psychopathy, with 
these moderating effects 
varying by psychopathy domain 
and the informants reporting 
about parental monitoring and 
adolescent psychopathy

Note: A adolescent, Ca caregiver, PC peer confederate, UUO unfamiliar untrained observer. 
(Adapted from the accepted manuscript version of De Los Reyes, 2024)

adolescent participants within the behavioral tasks described below. They also com-
pleted survey measures about adolescent social anxiety, using the parallel format 
that parents and adolescents used to make their own reports about adolescent social 
anxiety. Following the study, we provided feedback to clinic-referred families on 
their adolescent’s mental health concerns and referrals for mental health services.

To be eligible for the study, we required dyads to (a) be fluent in English, (b) 
understand the consenting and interview process, (c) have a 14–15-year-old adoles-
cent currently living in the home with the caregiver completing the study, and (d) 
have an adolescent whom the caregiver did not report as having a history of learning 
or developmental disabilities. The total sample included 134 caregiver-adolescent 
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dyads (45 clinic-referred, 89 community control). Adolescents were 14 or 15 years 
old (Mage = 14.49, SD = 0.50); 89 adolescents identified as female, and 45 identified 
as male. Based on parent reports, adolescents’ race/ethnicity included African 
American/Black (53.0%), Caucasian/European American/White (33.6%), Hispanic/
Spanish/Latino/a (10.4%), Asian American/Asian (5.2%), American Indian (0.7%), 
or other (e.g., Caribbean; 7.5%). Race/ethnicity values total above 100% given that 
caregivers could select multiple racial/ethnic categories. Caregivers included the 
adolescent’s biological mother or father (95.5%), adoptive mother or father (2.2%), 
or another caregiver (2.2%). Caregivers reported household income using a scale 
with ten categories that varied by $100 increments (i.e., less than $100 per week 
through $901 or more per week). Based on this scale, 26.1% of families had a 
weekly household income of $500 or less, 22.4% had a weekly household income 
between $501 and $900, and 51.5% had a weekly household income of $901 or 
more per week.

In all study analyses, we pooled participants across recruitment strategies (i.e., 
clinic-referred, community control). By design, we recruited community-control 
adolescents in larger numbers than clinic-referred adolescents. We selected this 
approach given that it mimics displays of dimensionally varying social anxiety in 
the general population and is consistent with dimensional models of psychopathol-
ogy (Casey et al., 2014). We also used this recruitment strategy given that dimen-
sional approaches offer greater reliability and validity relative to categorical 
approaches (Markon et  al., 2011). Further, this approach is consistent with prior 
studies leveraging similar recruitment strategies, most notably the Tracking 
Adolescents’ Individual Lives Survey (e.g., TRAILS; Bouma et al., 2009).

As with TRAILS, our recruitment strategies did not introduce confounds when 
interpreting our findings. Our two recruitment strategies did not produce adoles-
cents who varied on the demographic characteristics reported previously. To dem-
onstrate this, we conducted analyses to determine whether participants across the 
two strategies differed on key demographic characteristics including adolescent 
age, adolescent gender, adolescent racial/ethnic background, family income, care-
giver relation to the adolescent, and caregiver marital status. Given the exploratory 
nature of these tests, we applied a Bonferroni correction (i.e., 11 tests and thus a 
corrected p-value cutoff of 0.0045). These analyses revealed no significant demo-
graphic differences between participants recruited via the two strategies.

As an additional justification of our pooled sampling approach, prior work in this 
same sample has followed recommendations for probing patterns of relations among 
variables of interest (Hassler & Thadewald, 2003; Powers & Powers, 2015). 
Specifically, in two separate investigations (Glenn et al., 2019; Keeley et al., 2024), 
our team has inspected the range of correlations between our survey reports of vari-
ous behavioral domains (e.g., adolescent and family functioning) and independent 
observers’ ratings of adolescent behavior (i.e., our validity criteria for Study 2), 
relative to the range of partial correlations that controlled for method of recruitment 
(i.e., clinic-referred, community control). In essence, these tests addressed the key 
issue of whether our approach involved pooling heterogeneous samples that should 
have, instead, been examined separately. In our prior work, we have not observed 
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differences in correlations that were substantial enough to rule out taking a pooled 
sample approach to address our aims. Further, the tests conducted by Glenn et al. 
(2019) among survey reports and observed behavior leveraged the same instruments 
used for Study 2. As such, we took a pooled sampling approach to address the aims 
of Study 2.

6.2.2 � Survey Measures

Caregivers completed a demographic questionnaire. Caregivers, adolescents, and 
peer confederates completed measures to assess the adolescent’s social anxiety, and 
caregivers completed a measure to assess their own depressive symptoms. For mea-
sures completed by more than one informant, parallel survey items were used, with 
only minor modifications made to fit each informant’s perspective (i.e., “My child” 
for caregiver measures, “I” for adolescent measures, “The participant” for peer con-
federates). Caregivers and adolescents completed measures before the adolescent’s 
participation in social interaction tasks. Peer confederates completed survey mea-
sures following their interactions with adolescents in these tasks.

6.2.2.1 � Social Phobia Scale (SPS; Mattick & Clarke, 1998)

Caregivers, adolescents, and peer confederates completed the 20-item SPS.  To 
reduce the number of indicators when using the SPS within the Trifactor Models, 
we used a six-item short form (i.e., SPS-6; Peters et al., 2012). The SPS assesses 
adolescents’ fears of being scrutinized by others during routine activities (example 
item, “I/My child/The participant is/am worried about shaking or trembling when 
watched by other people.”). Informants rated items on a Likert scale ranging from 0 
(Not at all characteristic or true of me/my child/the participant) to 4 (Extremely 
characteristic or true of me/my child/the participant). The 20-item SPS exhibits 
strong validity, differentiates individuals on diagnostic status, and is sensitive to 
treatment response (Mattick & Clarke, 1998; Deros et  al., 2018). Similarly, the 
SPS-6 demonstrates adequate internal consistency and convergent validity, differen-
tiates individuals with and without social anxiety concerns, and is sensitive to treat-
ment response (Carleton et  al., 2014; Fergus et  al., 2014; Peters et  al., 2012). 
Adolescent (SPS α  =  0.92; SPS-6 α  =  0.87), caregiver (SPS α  =  0.94; SPS-6 
α = 0.89), and peer confederates’ reports (SPS α = 0.96; SPS-6 α = 0.90) on the SPS 
and SPS-6 exhibited good-to-excellent internal consistency and were highly corre-
lated (rs  =  0.95–0.96, ps  <  0.001). We used informants’ SPS-6 reports in the 
Trifactor Models. In addition, we used informants’ SPS reports in incremental 
validity analyses comparing the performance of the Satellite Model Trait score rela-
tive to individual informants’ reports and the composite score when predicting inde-
pendent criterion variables.
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6.2.2.2 � Social Interaction Anxiety Scale (SIAS; Mattick & Clarke, 1998)

Informants completed the 20-item SIAS, which is a measure for assessing social 
anxiety concerns that adolescents may experience during social interactions (exam-
ple item, “I/my child/the participant has difficulty talking with other people.”). 
Informants rated items on a Likert scale ranging from 0 (Not at all characteristic or 
true of me/my child/the participant) to 4 (Extremely characteristic or true of me/my 
child/the participant). Informants’ reports on the SIAS display convergent validity 
and distinguish adolescents on referral status (Deros et al., 2018; Glenn et al., 2019). 
Adolescent (α = 0.94), caregiver (α = 0.95), and peer confederate reports (α = 0.96) 
exhibited excellent internal consistency. We used informants’ SIAS reports in the 
Satellite Model. In addition, we used informants’ SIAS reports in incremental valid-
ity analyses comparing the performance of the Trifactor Model Common Factor 
score relative to individual informants’ reports and the composite score when pre-
dicting independent criterion variables.

6.2.2.3 � Social Phobia and Anxiety Inventory for Children (SPAIC; Beidel 
et al., 1995)

Caregivers and adolescents completed the 26-item SPAIC, which is one of the most 
widely used youth social anxiety measures. The SPAIC requires informants to 
endorse how often the adolescent feels nervous or scared when in various social 
scenarios (e.g., meeting new peers). Several items include “sub-items” that require 
informants to rate the adolescent’s social anxiety with different interaction partners 
(e.g., “boys or girls his/her age that he/she knows” vs. “boys or girls his/her age that 
he/she doesn’t know”). These sub-items are averaged at the item level to create a 
composite score. Caregivers and adolescents rated items using a Likert scale rang-
ing from 0 (never) to 2 (always). Caregiver and adolescent reports on the SPAIC 
display strong construct and convergent validity, relate to independent observers’ 
ratings of anxiety and social skills, differentiate adolescents on referral status, and 
are sensitive to treatment response (Beidel et  al., 1995, 2000a, b). Adolescent 
(α = 0.95) and caregiver reports (α = 0.96) exhibited excellent internal consistency. 
We used adolescents’ and caregivers’ SPAIC reports in incremental validity analy-
ses comparing the performance of the Trifactor Model Common Factor and Satellite 
Model Trait scores to individual informants’ reports when predicting independent 
criterion variables.

6.2.2.4 � Beck Depression Inventory-II (BDI-II; Beck et al., 1996)

Caregivers completed a modified version of the BDI-II, a 21-item measure com-
monly used to screen for depression. Caregivers rated their own depressive symp-
toms using a three-point scale on which higher scores indicated higher levels of 
depressive symptoms. Based on the study’s protocol, we did not administer items 9 
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and 21 of the BDI-II (see Rausch et al., 2017). For this reason, we prorated items 9 
and 21 by calculating a mean item score for each participant and including a pro-
rated item score for items 9 and 21. The BDI-II demonstrates strong psychometric 
properties across studies, including strong reliability, strong criterion-related valid-
ity, and good sensitivity and specificity when predicting depression diagnosis (Wang 
& Gorenstein, 2013). Caregiver reports on the BDI-II exhibited excellent internal 
consistency (α = 0.92). We entered caregiver BDI-II reports as an informant-level 
predictor in Trifactor Models that included caregiver reports.

6.2.3 � Unfamiliar Peer Paradigm and Independent 
Observer Ratings

Following completion of self-report measures, adolescents participated in the 
Unfamiliar Peer Paradigm (Fig. 6.1; Cannon et al., 2020)—a series of counterbal-
anced social interaction tasks with peer confederates that vary in terms of structure 
and content (e.g., Curran et al., 2020; Beidel et al., 2000a, 2010). Based on adoles-
cents’ reactions to these tasks, we obtained independent observers’ ratings of 

Fig. 6.1  The conceptual and empirical foundations of the Unfamiliar Peer Paradigm. Note: The 
Unfamiliar Peer Paradigm’s origins lie in research and theory in clinical psychology on mecha-
nisms of change in exposure-based therapies, namely, work on clients’ use of safety behaviors 
during therapeutic exposures, the need to consider stimuli variability or the degree to which expo-
sures vary on key elements of anxiety-provoking situations, and the importance of expectancy 
violation and habituation processes in therapy. The paradigm’s origins also lie in research and 
theory in personality and social psychology on thin-slice judgments or the ability to gather data 
about adolescent social anxiety based on the small “samples” of behavior displayed during tasks 
within the paradigm. (Reproduced from the accepted manuscript version of Cannon et al., 2020)
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adolescent social anxiety using a validated behavioral coding scheme developed by 
Beidel and colleagues (Beidel et al., 2000a, 2010) and validated within this sample 
(Glenn et al., 2019). Along with adolescents’ referral status (i.e., clinic-referred vs. 
community control), we used independent observers’ ratings of adolescent social 
anxiety as validity criteria.

6.2.3.1 � Descriptions of Tasks in Unfamiliar Peer Paradigm

Following the completion of self-report measures, adolescents participated in a 
series of counterbalanced social interaction tasks with peer confederates. These 
tasks were developed in prior work with children, adolescents, and adults (e.g., 
Beidel et  al., 2000a, 2010) and took approximately 20  min to complete. Tasks 
included the Unstructured Conversation Task (UCT; adapted from Beidel et  al., 
2010), Simulated Social Interaction Test (SSIT; adapted from Curran et al., 2020; 
Beidel et al., 2000a), and Impromptu Speech Task (IST; adapted from Beidel et al., 
2010). In each task, adolescents interacted with research assistants trained to pose 
as adolescents (i.e., peer confederates). We masked peer confederates to adoles-
cents’ referral status and clinical information and ensured they had no prior interac-
tion with adolescents or their caregivers prior to beginning the task. In all one-on-one 
social interactions, we paired adolescents with a peer confederate matched to the 
gender identity reported by families on our demographic survey.

In the UCT, adolescents participated in an unstructured 3-min role-play with a 
peer confederate. We provided the following instructions to adolescents: “Pretend 
that you are at a new school and don’t know anyone.” We trained peer confederates 
to respond neutrally and allow the adolescent to drive the conversation. In the SSIT, 
adolescents participated in a series of five one-to-three-minute role-playing scenes 
(e.g., offering/accepting assistance, responding to inappropriate behavior) with a 
peer confederate. In each role-play, adolescents were provided two opportunities to 
speak, and peer confederates were trained to provide two scripted responses. In the 
IST, adolescents participated in a speech task in which they delivered a speech to a 
small audience about topics infrequently discussed by adolescents (e.g., politics, 
public health). The audience included a task administrator and two trained peer 
confederates with whom the adolescent had no prior contact. We provided adoles-
cents 3 min to prepare their speech and 10 min to complete their speech. Following 
a minimum period of 3 min into the speech, we permitted adolescents to terminate 
the speech if they wished to do so. We video-recorded social interaction tasks from 
two angles to allow for the coding of adolescent behavior.

6.2.3.2 � Behavioral Ratings Based on Unfamiliar Peer Paradigm

To obtain independent observers’ ratings of adolescent social anxiety in social inter-
action tasks, we used a validated behavioral coding scheme developed by Beidel 
and colleagues (Beidel et al., 2000a, 2010). We ensured that independent observers 
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had no prior interactions with adolescents in social interaction tasks and were 
masked to adolescents’ referral status and clinical information. Two independent 
observers provided macro-level ratings of adolescent social anxiety on a five-point 
scale ranging from 1 (animated) to 5 (severe anxiety). Independent observers made 
a total of seven ratings (i.e., one UCT rating, five SSIT ratings, one IST rating), and 
these ratings were used to compute a social anxiety composite. Inter-rater reliability 
for the two independent observers’ ratings of social anxiety was in the good range 
(average ICC = 0.76). This coding scheme has been used extensively in prior work 
seeking to understand adolescent behavior when interacting with unfamiliar peers 
(e.g., Bellamy et al., 2023; Botkin et al., 2021; Cannon et al., 2020; Charamut et al., 
2022; Follet et  al., 2023; Glenn et  al., 2019; Greenberg & De Los Reyes, 2022; 
Keeley et al., 2024; Makol et al., 2020; Okuno et al., 2022; Rezeppa et al., 2021).

6.3 � Concluding Comments

This chapter described key features of validity criteria used by scholars in youth 
development and linked these features to the notion of situational specificity. These 
crucial elements of work in youth development call for context-sensitive validity 
criteria. When coupled with the use of structurally different informants, these ele-
ments play consequential roles in the design of measurement validation studies, 
particularly those focused on probing the criterion-related validity of scores taken 
from instruments. Along these lines, we described the design of Study 2—a mea-
surement validation study designed using the principles that underlie CONTEXT. In 
Chap. 7, we report the analytic plan and findings from Study 2.
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Chapter 7
Criterion-Related Validation Test 
of Strategies for Integrating Behavioral 
Data in Youth Development

As we argued in Chap. 6, findings from criterion-related validation studies comple-
ment the findings from Monte Carlo simulations of validity performance that we 
reported in Chap. 5. Criterion-related validation studies provide us with a naturalis-
tic test of the performance of integrative strategies like the Satellite Model and the 
Trifactor Model. Specifically, we require tests of these models when applied to 
multi-informant data that vary in their relations to validity criteria. Consider the 
assumptions of both the Satellite Model and the Trifactor Model. The former model 
assumes that common variance and unique variance may each contain valid data. 
The latter model assumes that only common variance contains valid data. In essence, 
these models vary in sources of valid data—two sources versus one source. Thus, 
how do these integrative strategies perform when applied to a real-world scenario in 
which (a) multiple informants’ reports produce discrepant results; (b) among these 
informants, a single informant (i.e., unique variance) outperforms the others when 
predicting a validity criterion; and (c) the variance informants share (i.e., common 
variance) has predictive value as well?

The criterion-related validation study we described in Chap. 6 is ideally suited to 
address this larger question. The study focused on a behavioral domain that, among 
adolescents, tends to display considerable variation within and across social con-
texts (i.e., social anxiety; see Alfano & Beidel, 2011). Further, the validity criteria 
used in the study (i.e., simulated social interactions among adolescents and same-
age, unfamiliar peers) were designed to reference behaviors that manifest in a sin-
gle, domain-relevant context, namely, peer interactions that occur outside of the 
home (Cannon et al., 2020). Prior work supports this design feature of the study. 
Adolescents’ behavior within these interactions references contexts that caregivers 
are relatively unlikely to observe in day-to-day life (see Charamut et  al., 2022; 
Deros et al., 2018; Keeley et al., 2024). Taken together, the design of the validity 
criteria, coupled with the informants involved in the assessment (i.e., caregivers, 
adolescents, peer confederates), creates a scenario in which informants vary in their 
ability to predict criterion variables. In fact, within Project CONTEXT, peer 
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confederate reports outperform caregiver and adolescent reports when predicting 
observed anxiety within peer interactions (see Glenn et al., 2019). As noted in Chap. 
6, studies like Project CONTEXT exemplify a common practice among scholars in 
youth development—the use of context-sensitive instruments to represent behav-
ioral domains (Table 6.2). As such, it also provides a conservative test of the model-
ing assumptions of both the Satellite Model and the Trifactor Model. This chapter 
describes the analytic plan we used to address our Study 2 aims and reports the 
findings of this study.

7.1 � Study 2 Aims and Data Analytic Plan

7.1.1 � Preliminary Analyses

We conducted analyses to determine whether the data used in Study 2 met the basic 
assumptions of parametric statistical tests (i.e., skewness/kurtosis in the range of 
±2.0). In addition, we computed bivariate correlations to examine relations within 
and between informants’ reports of adolescent social anxiety.

7.1.2 � Aim 1: Implementing the Trifactor Model

We implemented four Trifactor Models using Mplus Version 8.5, including models 
for caregiver-adolescent reports, caregiver-peer reports, adolescent-peer reports, 
and caregiver-adolescent-peer reports on the SPS-6 (see Figs. 7.1 and 7.2). For each 
Trifactor Model, we strictly followed the model-building procedures described by 
Bauer et  al. (2013) and used full-information maximum likelihood estimation to 
calculate likelihood ratio tests and score estimates. We identified each factor through 
imposing a set of constraints on the factor loadings and factor correlations. First, all 
informants’ ratings were loaded onto the Common Factor. The Common Factor 
reflects informants’ shared variability in item ratings of adolescent social anxiety. 
Second, we loaded each informant’s reports onto the appropriate Perspective Factor 
(i.e., one per informant). The informants included in this study consistently provide 
reports that correlate at low-to-moderate magnitudes (Achenbach et al., 1987; De 
Los Reyes et al., 2015). Further, prior work supports the notion that these infor-
mants vary according to their unique contexts and perspectives when rating youth 
anxiety (Cannon et al., 2020; Deros et al., 2018; Etkin et al., 2021a, b). Thus, we 
modeled these informants as structurally different. Consistent with Bauer et al.’s 
(2013) recommendations for structurally different informants, we equated the inter-
cept and factor loading across informants for the first SPS-6 item (i.e., Item 4) and 
freely estimated the intercepts and factor loadings for the remaining items. Third, 
we regressed Specific Factors onto parallel SPS-6 items completed by informants.

7  Criterion-Related Validation Test of Strategies for Integrating Behavioral Data…
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Fig. 7.1  Unconditional and Conditional Trifactor Models (Trifactor Models) using multi-
informant reports of adolescent social anxiety on the six-item short form of the Social Phobia Scale 
(SPS-6). Panel A represents the caregiver-adolescent report model, Panel B represents the 
caregiver-peer report model, and Panel C represents the adolescent-peer report model. Observed 
item ratings are numbered by item. C, A, and P subscripts are for caregiver, adolescent, and peer 
confederate ratings, respectively. The Common Factor (CF), Perspective Factors (PFs), and 
Specific Factors (SFs) are modeled from observed item ratings. Dashed lines indicate additional 
model inputs in the Conditional Trifactor Models (Panel A and Panel B). The informant-specific 
predictor, caregiver self-reported depressive symptoms, is denoted with an XC and is loaded onto 
the caregiver PF as well as the CF. (Figures adapted from Bauer et al., 2013)

We modeled all latent factors (i.e., Common, Perspective, Specific Factors) as 
orthogonal to each other. Models that included caregiver reports of adolescent social 
anxiety represented Conditional Trifactor Models given that they included an 
informant-level predictor (caregiver self-reports of depressive symptoms) consis-
tent with the depression→distortion hypothesis (Richters, 1992) and Bauer et al.’s 
(2013) original application of the Trifactor Model. Specifically, we regressed care-
giver BDI-II reports onto the Common Factor and caregiver Perspective Factor.

Consistent with Bauer et  al.’s (2013) recommendations, we placed additional 
constraints on the models to set the scale of the latent variables. For the Unconditional 
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Fig. 7.2  Conditional Trifactor Model (Trifactor Model) using caregiver, adolescent, and peer con-
federate reports of adolescent social anxiety on the six-item short form of the Social Phobia Scale 
(SPS-6). Observed item ratings are numbered by item. C, A, and P subscripts are for caregiver, 
adolescent, and peer confederate ratings, respectively. The Common Factor (CF), Perspective 
Factors (PFs), and Specific Factors (SFs) are modeled from observed item ratings. The informant-
specific predictor, caregiver self-reported depressive symptoms, is denoted with an XC and is 
loaded onto the caregiver PF as well as the CF. (Figures adapted from Bauer et al., 2013)

Trifactor Model, we set the means and variances of the Common, Perspective, and 
Specific Factors to 0 and 1, respectively. Doing so allowed for all nonzero factor 
loadings to be estimated and interpreted in terms of their relative magnitude. For the 
Conditional Trifactor Models, we set the intercepts and residual variances of the 
Common Factor, Perspective Factors, and Specific Factors to 0 and 1, respectively.

For the final converged models, we evaluated model fit indices. These indices 
included the Steiger-Lind Root-Mean-Square Error of Approximation (RMSEA; 
Steiger, 1990), Bentler Comparative Fit Index (CFI; Bentler, 1990), and Tucker-
Lewis Index (TLI; Tucker & Lewis, 1973). We considered model fit acceptable if 
the following model fit criteria were met: RMSEA ≤0.06, CFI  ≥  0.95, and 
TLI ≥ 0.95 (Hu & Bentler, 1999; Kline, 2016; McDonald & Ho, 2002). For con-
verged Trifactor Models with satisfactory model fit, we calculated integrated multi-
informant factor scores for use in subsequent analyses. Consistent with Curran et al. 
(2020), factor scores for the Common, Perspective, and Specific Factors were esti-
mated as maximum likelihood expected a posteriori (EAP) scores. This approach 
up-weights items that are more strongly related to the factor and down-weights 
those that are less strongly related to the factor.
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7.1.3 � Aim 2: Implementing the Satellite Model

We implemented the Satellite Model in SPSS Version 24 by applying principal 
components analysis to caregiver, adolescent, and peer confederate SIAS reports. 
Consistent with Kraemer et al. (2003), we conducted an unrotated principal compo-
nents analysis with the number of components extracted set to three. We evaluated 
component weights to determine whether the first component was consistent with a 
Trait score (i.e., component weights loading strongly and in the same direction). We 
used factor analytic criteria to decide whether to retain the three-component princi-
pal components analysis: Bartlett’s Test of Sphericity is significant (Bartlett, 1950), 
Kaiser-Meyer-Olkin test (KMO) ≥ .60 (Kaiser, 1970), and the first component (i.e., 
Trait score) eigenvalue > 1 (Pett et al., 2003).

7.1.4 � Aim 3: Incremental Validity Relative to Individual 
Informants’ Reports and the Composite Score

We tested the incremental validity of the Trifactor Model Common Factor using a 
series of hierarchical linear and logistic regressions. Consistent with well-established 
incremental validity conventions (Garb, 2003; Hunsley & Meyer, 2003; Smith et al., 
2003), we benchmarked the ability of Common Factor scores to explain variance in 
criterion variables, relative to well-established strategies for analyzing multi-
informant data (i.e., individually, composite score). In separate regressions, we 
evaluated whether the Common Factor scores explained variance in adolescent 
referral status and observed adolescent social anxiety, over and above the explana-
tory value of individual informants’ reports or the composite score (i.e., models 
involved either individual informants’ reports or the composite score, but not both 
simultaneously). In separate regression models, we added caregiver (i.e., SPAIC), 
adolescent (i.e., SPAIC), and peer confederate (i.e., SIAS) reports of adolescent 
social anxiety in the first step as independent variables. Using a similar design, we 
ran separate regression models in which the composite score (using averages from 
informants’ SIAS reports) was added in the first step as an independent variable. We 
only ran these regression models for scores from Trifactor Models that included the 
informants’ reports both individually and when averaged. For instance, we included 
caregiver SPAIC reports in regression models evaluating the incremental validity of 
the caregiver-adolescent Common Factor score, but not in the regression model 
evaluating the incremental validity of the adolescent-peer Common Factor score. 
We included observed adolescent social anxiety and adolescent referral status (0 = 
community control, 1 = clinic-referred) as dependent variables in these models. We 
ran separate models for each Common Factor score, alternative integrative strategy, 
and dependent variable.

Similarly, we tested the incremental validity of the Satellite Model Trait score 
relative to individual informants’ reports and the composite score using a series of 
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hierarchical linear and logistic regressions. These regressions evaluated whether the 
Trait score explained variance in adolescent referral status and observed adolescent 
social anxiety, over and above the explanatory value of individual informants’ 
reports and the composite score. In separate regression models, we added caregiver 
(i.e., SPAIC), adolescent (i.e., SPAIC), and peer confederate (i.e., SPS) reports of 
adolescent social anxiety in the first step as independent variables. Using a similar 
design, we ran separate regression models for each composite score (using averages 
from informants’ SPS reports) in the first step as independent variables. We included 
observed adolescent social anxiety and adolescent referral status (0 = community 
control, 1 = clinic-referred) as dependent variables in these models. We ran separate 
models for each alternative integrative strategy and dependent variable. Of note, we 
previously conducted a subset of these analyses using a smaller version of the same 
sample, namely, tests of the Satellite Model (i.e., Makol et al., 2020). For the current 
study, we re-ran the analyses focused on the Satellite Model to allow for a direct 
comparison of the effects obtained in criterion-related and incremental validity 
analyses examining the Trifactor Model Common Factor and Satellite Model 
Trait scores.

7.1.5 � Aim 4: Directly Comparing the Incremental Validity 
of Scores Derived from the Trifactor Model 
and Satellite Model

We evaluated the incremental validity of the Trifactor Model Common Factor score 
using caregiver, adolescent, and peer confederate reports relative to the Satellite 
Model Trait score using two hierarchical linear and logistic regressions. These 
regressions evaluated whether the Common Factor score explained variance in ado-
lescent referral status and observed adolescent social anxiety, over and above the 
explanatory value of the Trait score. We entered the Trait score in the first step as an 
independent variable and the Common Factor score in the second step as an inde-
pendent variable. We then conducted an additional set of regression models in which 
the Common Factor score was added in the first step as an independent variable, and 
the Trait score was added in the second step as an independent variable. We only 
compared these two scores, because it allowed for a comparison of scores derived 
from the Trifactor Model and Satellite Model when both models leveraged the same 
three informants. Dependent variables included observed adolescent social anxiety 
and adolescent referral status (0 = community control, 1 = clinic-referred). We ran 
a separate model for each order of entering the independent variables and dependent 
variables.

For all aims, we interpreted statistical significance for analyses using a p-value 
threshold of <0.05. We inferred magnitudes of effect sizes based on Cohen’s (1988) 
effect size conventions for the effect size r and β (low: 0.10; moderate: 0.30; large: 
0.50). Unlike the exploratory demographic comparison analyses reported in Chap. 
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6, we did not apply Bonferroni’s corrections to the analyses reported below. This 
decision is consistent with recommendations on the judicious use of Bonferroni’s 
corrections (Armstrong, 2014; Streiner & Norman, 2011).

7.2 � Study 2 Results and Discussion

7.2.1 � Preliminary Analyses

Descriptive statistics for all Study 2 measures are included in Table 7.1. As men-
tioned previously, all informants’ survey reports displayed acceptable levels of 
internal consistency, and all independent observers’ ratings displayed acceptable 
levels of inter-rater reliability. Further, with the exception of caregiver self-reports 
of depression on the BDI-II, all measures displayed acceptable levels of skewness 
and kurtosis. We applied a square root transformation to caregiver BDI-II reports, 
which reduced kurtosis to tolerable levels. The transformed BDI-II reports were 
used in the analyses described below.

Table 7.1  Descriptive statistics for caregiver, adolescent, and peer confederate survey measures 
(Study 2)

Variable N Mean
Standard 
deviation Skewness Kurtosis

SPS-6
Adolescent self-report 134 6.19 5.59 1.25 0.91
Caregiver report 134 4.77 5.14 1.21 0.45
Peer confederate report 131 8.48 5.68 0.41 −0.59
SIAS
Adolescent self-report 134 28.05 16.14 0.84 0.17
Caregiver report 134 27.04 16.54 0.77 0.02
Peer confederate report 132 35.55 17.51 0.09 −0.99
SPAI-C
Adolescent self-report 134 17.39 10.58 0.62 −0.23
Caregiver report 134 17.45 10.91 0.61 −0.28
SPS
Adolescent self-report 134 21.42 15.41 1.28 1.47
Caregiver report 134 16.91 14.39 1.18 0.72
Peer confederate report 131 25.83 16.63 0.59 −0.25
BDI-II
Caregiver self-report, raw score 134 8.69 8.31 1.49 3.04
Caregiver self-report, square root 
transformation

134 2.54 1.50 0.08 −0.38

Note: SPS-6 Social Phobia Scale 6-item Short Form, SIAS Social Interaction Anxiety Scale, SPAIC 
Social Phobia and Anxiety Inventory for Children, SIAS Social Interaction Anxiety Scale, SPS 
Social Phobia Scale, BDI-II Beck Depression Inventory-II
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Table 7.2  Correlations among caregiver, adolescent, and peer confederate reports used for 
integrative strategies tested (Study 2)

Measure, informant 1 2 3 4 5 6

1. SPS-6, adolescent self-report − 0.31*** 0.38*** 0.80*** 0.34*** 0.48***
2. SPS-6, caregiver − 0.01 0.31*** 0.73*** 0.13
3. SPS-6, peer confederate − 0.29** 0.18* 0.82***
4. SIAS, adolescent self-report − 0.39*** 0.42***
5. SIAS, caregiver − 0.30***
6. SIAS, peer confederate −

Note: Boxes denote correlations between informants on parallel surveys used in Study 2 integra-
tive strategies. SPS-6 Social Phobia Scale 6-item Short Form, SIAS Social Interaction Anxiety 
Scale; *p < .05; **p < .01; ***p < .001

In Table 7.2, we reported bivariate correlations among informants’ reports on 
social anxiety measures used in the Satellite Model and the Trifactor Model. Overall, 
correlations between informants’ reports on the same social anxiety measure were 
in the moderate-magnitude range, consistent with levels of correspondence in the 
larger cross-informant literature (Achenbach et  al., 1987; De Los Reyes et  al., 
2015). However, consistent with prior research (Deros et al., 2018), the correlation 
between caregiver and peer confederate reports on the SPS-6 was near-zero in mag-
nitude and non-significant.

7.2.2 � Aim 1: Implementing the Trifactor Model

We implemented the Trifactor Models using model-building procedures described 
by Bauer et  al. (2013) and as detailed previously. Across Trifactor Models, we 
entered SPS-6 reports into the model for each informant. For Conditional Trifactor 
Models, we regressed the informant-specific predictor (caregiver self-reported 
depressive symptoms on the BDI-II) onto the Common Factor and caregiver 
Perspective Factor. When describing model findings, we interpreted the standard-
ized factor loadings given that they are directly comparable when understanding the 
relative effects of the Common, Perspective, and Specific Factors on informants’ 
SPS-6 items.

7.2.2.1 � Adolescent-Peer Trifactor Model

We implemented the Unconditional Trifactor Model using adolescent and peer con-
federate SPS-6 reports as shown in Fig. 7.1 (Panel C). The initial model converged, 
and fit criteria indicated mixed but overall acceptable fit of the model to the data, 
χ2(38)  =  60.79, p  <  0.05; RMSEA  =  0.07, 90% CI [0.03, 0.10]; CFI  =  0.97; 
TLI = 0.95. We retained this model and reported raw and standardized intercept and 
factor loading estimates in Tables 7.3 and 7.4. Both adolescent and peer confederate 
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Table 7.3  Raw intercept and factor loading estimates for the unconditional adolescent-peer 
confederate Trifactor Model implemented in Study 2

Raw estimates

Item
Intercept Common factor Perspective factor

Specific factoraP A P A P A

4 1.65*** 0.46*** 0.90*** 0.86*** −0.26

7 1.17*** 1.02*** 0.22* 0.82*** 0.65*** 0.26 −0.35**
8 1.50*** 1.06*** 0.40*** 1.05*** 0.97*** −0.01 0.27**
15 1.22*** 1.00*** 0.30** 0.74*** 0.72*** 0.10 0.39***
16 1.58*** 0.92*** 0.27* 0.94*** 0.89*** −0.12 0.20
17 1.06*** 0.66*** 0.42*** 0.63*** 0.83*** −0.16 0.17

Note. aAll Specific Factor loadings are within 0.03 between informants. When different, the peer 
confederate’s loadings are reported. P Peer, A Adolescent; *p < 0.05; **p < 0.01; ***p < 0.001

Table 7.4  Standardized intercept and factor loading estimates for the unconditional adolescent-
peer confederate Trifactor Model implemented in Study 2

Standardized estimates

Item
Intercept Common factor Perspective factor

Specific factoraP A P A P A

4 1.30*** 0.37*** 0.69*** 0.68*** 0.67*** −0.21

7 1.00*** 0.79*** 0.19* 0.63*** 0.56*** 0.20 −0.30**
8 1.25*** 0.85*** 0.33*** 0.84*** 81*** −0.01 −0.23**
15 1.12*** 0.91*** 0.27** 0.67*** 0.66*** 0.09 0.35***
16 1.37*** 0.80*** 0.23** 0.82*** 0.77*** −0.10 0.17
17 0.99*** 0.72*** 0.39*** 0.68*** 0.77*** −0.18 0.16

Note. aAll Specific Factor loadings are within 0.03 between informants. When different, the peer 
confederate’s loadings are reported. P Peer, A Adolescent; *p < 0.05; **p < 0.01; ***p < 0.001

reports loaded significantly and positively onto the Common Factor, with adoles-
cent self-reports exhibiting stronger loadings (0.63–0.84 vs. 0.19–0.39). Peer con-
federate reports loaded positively and strongly onto the peer Perspective Factor 
(0.56–0.81). In contrast, adolescent self-reports did not load significantly onto the 
adolescent Perspective Factor with the exception of Item 4 (“Nervous people are 
staring”). We observed significant and negative loadings onto Specific Factors for 
Item 7 (“Worries about shaking or trembling”) and Item 8 (“Gets tense when facing 
others”), as well as a significant and positive loading for the Specific Factor for Item 
15 (“Worries about attracting attention”).

7.2.2.2 � Caregiver-Adolescent Trifactor Model

We implemented the Conditional Trifactor Model using caregiver and adolescent 
SPS-6 reports as shown in Fig. 7.1 (Panel A). The initial model converged, and fit 
criteria suggested a good model fit to the data, χ2(46)  =  42.72, p  =  0.61; 
RMSEA = 0.00, 90% CI [0.00, 0.05]; CFI = 1.00; TLI = 1.00. We retained this 
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Table 7.5  Raw intercept and factor loading estimates for the conditional caregiver-adolescent 
Trifactor Model implemented in Study 2

Raw estimates

Item
Intercept Common factor Perspective factor

Specific factoraC A C A C A

4 4.24 0.30** 0.82** 0.76*** −0.10

7 3.39 4.65 0.16 0.74** 0.46*** 0.81** 0.25*
8 4.27 4.40 0.33** 0.99*** 0.81*** 0.24 −0.09
15 3.09 2.55 0.26** 0.72*** 0.73**** 0.41 −0.30***
16 5.53 5.53 0.33** 1.08*** 0.90*** −0.20 0.18
17 3.36 2.21 0.35*** 0.64*** 0.71*** 0.13 −0.22*

Note. aWhen Specific Factor loadings are within 0.03 between informants, the caregiver’s loadings 
are reported. When greater than 0.03, the loadings for each informant are reported. C Caregiver, A 
Adolescent; *p < 0.05; **p < 0.01; ***p < 0.001

Table 7.6  Standardized intercept and factor loading estimates for the conditional caregiver-
adolescent Trifactor Model (Study 2)

Standardized estimates

Item
Intercept Common factor Perspective factor Specific factora

C A C A C A C A

4 3.56 3.22 0.26** 0.62*** 0.66*** 0.45 −0.09
7 3.93 3.59 0.18 0.57** 0.55*** 0.49 0.29* 0.19*
8 3.94 3.52 0.31*** 0.80**** 0.78*** 0.15 −0.08
15 2.96 2.30 0.25** 0.65*** 0.73*** 0.29 −0.29***
16 4.86 4.79 0.29** 0.93*** 0.83*** −0.14 0.15
17 3.32 2.31 0.34*** 0.66*** 0.73*** 0.11 −0.22*

Note: aWhen Specific Factor loadings are within 0.03 between informants, the caregiver’s loadings 
are reported. When greater than 0.03, the loadings for each informant are reported. C Caregiver, A 
Adolescent; *p < 0.05; **p < 0.01; ***p < 0.001

model and reported raw and standardized intercept and factor loading estimates in 
Tables 7.5 and 7.6. Adolescent self-reports loaded positively and significantly onto 
the Common Factor (0.57–0.93). Caregiver reports loaded positively but less 
strongly onto the Common Factor (0.18–0.34), with the exception of Item 7 
(“Worries about shaking or trembling”, p  =  0.051). Whereas caregiver reports 
loaded significantly and positively onto the caregiver Perspective Factor (0.55–0.83), 
adolescent self-reports did not load significantly onto the adolescent Perspective 
Factor (−0.14–0.49). We observed significant and negative Specific Factor loadings 
for Item 7 (“Worries about shaking or trembling”), Item 15 (“Worries about attract-
ing attention”), and Item 17 (“Feels conspicuous standing in line”). The informant-
specific predictor (caregiver self-reported depressive symptoms) was significantly 
related to the caregiver Perspective Factor (β = 0.28, standard error [SE] = 0.09, 
p < 0.01) but did not relate to the Common Factor (β = −0.03, SE = 0.09, p = 0.75). 
This suggests that as caregivers’ self-reported depressive symptoms increased, they 
were more likely to rate their adolescent’s social anxiety higher, which is captured 
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by the predictor’s specific impact on the unique variance in the caregivers’ social 
anxiety reports that is explained by their Perspective Factor. One might interpret 
this effect as reflecting “rater bias” consistent with the depression→distortion 
hypothesis. The validation tests reported below probe this interpretation. That is, if 
this model partials out variance reflected by rater bias, then presumably the model 
should perform quite well not just when compared to the individual informant’s 
report (i.e., caregiver), but also to the Satellite Model, which does not treat this 
unique variance as rater bias.

7.2.2.3 � Caregiver-Peer Trifactor Model

We implemented the Conditional Trifactor Model using caregiver and peer confed-
erate SPS-6 reports as shown in Fig. 7.1 (Panel B). The initial model did not con-
verge due to a non-positive definite covariance matrix. We modified model 
constraints for problematic parameters (including setting the residual variance of 
the peer confederates’ Item 4 and Item 7 reports and caregivers’ Item 7 reports to a 
near-zero, positive value), which allowed the model to converge but resulted in poor 
model fit, χ2(49)  =  122.66, p  <  0.001; RMSEA  =  0.11, 90% CI [0.08, 0.13]; 
CFI = 0.92; TLI = 0.86. We thus modified various model constraints to improve 
model fit, which was unsuccessful. Given these model fit issues, we did not retain 
the caregiver-peer Trifactor Model or use it in subsequent analyses examining the 
validity of the Common Factor scores.

7.2.2.4 � Caregiver-Adolescent-Peer Trifactor Model

We implemented the Conditional Trifactor Model using caregiver, adolescent, and 
peer confederate SPS-6 reports as shown in Fig. 7.2. The initial model did not con-
verge due to a non-positive definite covariance matrix. Given that the variance in 
peer confederates’ Item 4 reports was almost completely explained by the latent 
factors in the model, we set the residual variance for this item to a near-zero, posi-
tive value. This resulted in a positive-definite and converged model with overall 
good model fit, with the exception of the chi-square test of model fit, χ2(129) = 169.39, 
p < 0.01; RMSEA = 0.05, 90% CI [0.03, 0.07]; CFI = 0.97; TLI = 0.96. We retained 
this model and reported raw and standardized intercept and factor loading estimates 
in Tables 7.7 and 7.8. Adolescent and peer confederate reports loaded positively and 
significantly onto the Common Factor (0.29–0.77), with the exception of adolescent 
self-reports on Item 17 (“Feels conspicuous standing in line”). In contrast, caregiver 
reports did not load significantly onto the Common Factor (−0.02–0.08), although 
they loaded positively and significantly onto the caregiver Perspective Factor 
(0.58–0.87). Thus, a notable feature of this application of the Trifactor Model is that 
the Common Factor primarily weights adolescent and peer confederate reports, 
with a non-significant contribution from caregiver reports, which are instead cap-
tured primarily in the caregiver Perspective Factor. Both adolescent and peer 
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Table 7.7  Raw intercept and factor loading estimates for the conditional three-informant Trifactor 
Model implemented in Study 2

Raw estimates

Item
Intercept Common factor Perspective factor Specific 

factoraC P A C P A C P A

4 2.92** 0.10 0.40* 0.43* 0.81*** 0.23*

7 1.37 2.42** 1.96* −0.02 0.51*** 0.37* 0.49*** 0.29** 0.77*** 0.11
8 1.78* 2.80** 1.50** 0.03 0.82*** 0.41* 0.87*** 0.38*** 0.97*** −0.20**
15 2.60* 3.22* 2.47* 0.01 0.71*** 0.46*** 0.78*** 0.25** 0.65*** 0.29***
16 1.85* 2.88** 1.21** 0.01 0.84*** 0.35** 0.96*** 0.23* 0.88*** −0.22**
17 2.43* 3.15* 1.48* 0.06 0.80*** 0.18 0.81*** 0.29** 0.57*** 0.24***

Note. aAll Specific Factor loadings are within 0.04. When different, the peer confederate’s loadings 
are reported. C Caregiver, P Peer, A Adolescent; p < 0.05; **p < 0.01; ***p < 0.001

Table 7.8  Standardized intercept and factor loading estimates for the conditional three-informant 
Trifactor Model (Study 2)

Standardized estimates

Item
Intercept Common factor Perspective factor Specific 

factoraC P A C P A C P A

4 2.43** 2.36** 2.21** 0.08 0.32* 0.32** 0.70*** 0.93*** 0.62*** 0.18*
7 1.58 2.10** 1.51* −0.02 0.44*** 0.29* 0.58*** 0.36** 0.60*** 0.09
8 1.63* 2.41** 1.18** 0.03 0.71*** 0.32** 0.83*** 0.47** 0.78*** −0.17**
15 2.49* 2.95* 2.21** 0.01 0.65*** 0.41*** 0.77*** 0.33* 0.60*** 0.26***
16 1.63* 2.56** 1.03** 0.01 0.75*** 0.30** 0.87*** 0.29 0.76*** −0.19**
17 2.38* 3.03* 1.63* 0.06 0.77*** 0.19 0.82*** 0.40* 0.64*** 0.23***

Note: aAll Specific Factor loadings are within 0.04. When different, the peer confederate’s loadings 
are reported. C Caregiver, P Peer, A Adolescent; p < 0.05; **p < 0.01; ***p < 0.001

confederate reports loaded significantly and positively onto their respective 
Perspective Factors (0.33–0.93), with the exception of peer confederates’ reports on 
Item 16 (“Tense in elevator”). A total of five SPS-6 items had significant Specific 
Factor loadings, including positive loadings for Item 4 (“Nervous people are star-
ing”), Item 15 (“Worries about attracting attention”), and Item 17 (“Feels conspicu-
ous standing in line”) and negative loadings for Item 8 (“Gets tense facing others”) 
and Item 16 (“Tense in elevator”). Consistent with the caregiver-adolescent model 
findings, caregiver self-reported depressive symptoms were significantly related to 
the caregiver Perspective Factor (β = 0.26, SE = 0.09, p < 0.01) but did not relate to 
the Common Factor (β = −0.05, SE = 0.10, p = 0.61). This suggests that as caregiv-
ers’ self-reported depressive symptoms increased, they were more likely to rate 
their adolescent’s social anxiety higher, which is captured by the predictor’s specific 
impact on the unique variance in the caregivers’ social anxiety reports that is 
explained by their Perspective Factor. As with the Caregiver-Adolescent Trifactor 
Model, the interpretation that this relation between caregivers’ self-reported depres-
sive symptoms and their adolescent social anxiety reports reflects a rater bias is 
evaluated using the validation tests reported below.
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In sum, model fit and factor loadings for Trifactor Models varied depending on 
the informants entered into the model and were driven, in part, by the extent to 
which informants’ reports on the SPS-6 displayed a high degree of common vari-
ance. For example, caregiver-peer reports were not significantly correlated, and the 
caregiver-peer Trifactor Model exhibited poor model fit. This supports the notion 
that the Trifactor Model works particularly well when applied to informants’ reports 
that share, at minimum, a fair degree of common variance. Indeed, adolescent-
caregiver and adolescent-peer SPS-6 reports correlated at moderate levels, and 
Trifactor Models using these dyads resulted in a satisfactory model fit, with both 
informants’ reports loading significantly onto the Common Factor. However, in 
these models, adolescents’ reports loaded more strongly onto the Common Factor 
than the adolescent Perspective Factor, whereas the reverse was true for caregiver 
and peer confederate reports. Further, these observations align with findings as to 
the variable convergence rates of Trifactor Models simulated in Study 2, as well as 
with issues reported in prior work surrounding sample-specific modifications 
needed to improve model fit (cf. Bauer et al., 2013; Clark et al., 2017; Makol, 2022; 
Martel et  al., 2017a, b). Collectively, these findings point to a key notion: The 
Trifactor Model may only yield adequate model fit under data conditions character-
ized by significant amounts of common variance among reports entered into 
the model.

7.2.3 � Aim 2: Implementing the Satellite Model

Consistent with procedures described by Kraemer et al. (2003), we implemented the 
Satellite Model using caregiver, adolescent, and peer confederate SIAS reports (see 
Table 7.9). We entered these reports into an unrotated principal components analy-
sis in which we set the number of components extracted to three. We retained this 
three-factor solution given that all factor analytic criteria were met including a sta-
tistically significant Bartlett’s Test of Sphericity (χ2(3) = 50.41, p < 0.001), KMO 
just above the cutoff of 0.60 (KMO = 0.64), and eigenvalue >1 for the Trait score 
component. Similar to prior work (Kraemer et al., 2003; Makol et al., 2020), we 

Table 7.9  Principal components analysis of caregiver, adolescent, and peer confederate reports on 
the Social Interaction Anxiety Scale (SIAS) (Study 2)

Component: Trait Context Perspective

Informant Component weight
Caregiver 0.73 0.63 0.27
Adolescent 0.81 −0.06 −0.59
Peer confederate 0.75 −0.55 0.37
Total variance explained

Eigenvalue 1.75 0.70 0.56
Variance attributable to component 58.24% 23.25% 18.52%
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qualitatively examined the component loadings and found that they were consistent 
with Trait (positive and large in magnitude across informants), Context (contrasting 
loadings for caregiver and peer confederate reports with adolescent reports loading 
between caregiver and peer confederate reports), and Perspective (contrasting load-
ings for adolescent reports and caregiver and peer confederate reports) scores. 
Kraemer and colleagues’ assumption that this strategy for integrating informants’ 
reports maximizes the variance explained in the reports—and, by extension, opti-
mizes measurement validity—is evaluated through validation testing below.

7.2.4 � Aim 3: Incremental Validity Relative to Informants’ 
Reports and the Composite Score

7.2.4.1 � Incremental Validity of Scores Derived from the Trifactor Model 
Relative to Individual Informants’ Reports (Tables 7.10 and 7.11)

We conducted hierarchical regression analyses to determine the incremental valid-
ity of the Common Factor scores in predicting observed adolescent social anxiety, 
over and above individual informants’ reports. In the first step of the regressions, 
individual informants’ reports predicted observed adolescent social anxiety at 
small-to-large magnitudes. In the second step of the regressions, the Common 
Factor scores varied in the degree to which they displayed incremental validity, 
depending on the informant’s report entered in the first step. Specifically, the 
Common Factor scores consistently explained incremental variance in observed 
adolescent social anxiety, over and above caregiver reports. In contrast, the Common 
Factor scores consistently failed to explain incremental variance, over and above 
peer confederate reports. Findings examining the incremental validity of the 
Common Factor score over and above adolescent reports were mixed. That is, 
whereas the three-informant Common Factor score explained incremental variance, 
the caregiver-adolescent Common Factor score did not. These findings indicate 
mixed support for the incremental validity of the Common Factor when predicting 
observed adolescent social anxiety.

We conducted hierarchical logistic regression analyses to determine the incre-
mental validity of the Common Factor score in predicting adolescent referral status, 
over and above individual informants’ reports. In the first step of the regressions, 
individual informants’ reports predicted adolescent referral status. As with findings 
for observed social anxiety, in the second step of the regressions, the Common 
Factor scores varied in the degree to which they displayed incremental validity 
when predicting adolescent referral status, depending on the informant’s report 
entered in the first step. Specifically, the caregiver-adolescent Common Factor score 
explained incremental variance over and above caregiver reports, and the adoles-
cent-peer Common Factor explained incremental variance over and above peer con-
federate reports. In contrast, the adolescent-peer and caregiver-adolescent Common 
Factor scores failed to explain incremental variance in adolescent referral status, 
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Table 7.10  Hierarchical regressions examining the criterion-related validity of the Trifactor 
Model Common Factor score in predicting observed adolescent social anxiety relative to individual 
informants’ reports (Study 2)

Step 1: Individual informants’ 
report (caregiver)
ΔR2 = 0.05, ΔF(1, 
132) = 6.58*

Step 1: Individual informants’ 
report (adolescent)
ΔR2 = 0.22, ΔF(1, 
132) = 36.88***

Step 1: Individual informants’ 
report (peer confederate)
ΔR2 = 0.30, ΔF(1, 
128) = 53.89***

Variable Β Variable Β Variable Β
SPAIC 0.22* SPAIC 0.47*** SIAS 0.54***
Step 2: Common Factor 
(adolescent-peer Trifactor 
Model) n/a

Step 2: Common Factor 
(adolescent-peer Trifactor 
Model)
ΔR2 = 0.002, ΔF(1, 
128) = 0.26

Step 2: Common Factor 
(adolescent-peer Trifactor 
Model)
ΔR2 = 0.02, ΔF(1, 127) = 2.81

Variable Β Variable Β Variable Β
– – SPAIC 0.42** SIAS 0.47***
– – Common Factor 0.06 Common Factor 0.14
Step 2: Common Factor 
(caregiver-adolescent Trifactor 
Model)
ΔR2 = 0.11, ΔF(1, 
131) = 16.60***

Step 2: Common Factor 
(caregiver-adolescent Trifactor 
Model)
ΔR2 = 0.002, ΔF(1, 
131) = 0.26

Step 2: Common Factor 
(caregiver-adolescent Trifactor 
Model) n/a

Variable Β Variable Β Variable Β
SPAIC 0.13 SPAIC 0.42*** – –
Common Factor 0.34*** Common Factor 0.06 – –
Step 2: Common Factor (3 
informants)
ΔR2 = 0.12, ΔF(1, 
128) = 18.79***

Step 2: Common Factor (3 
informants)
ΔR2 = 0.06, ΔF(1, 
128) = 10.56**

Step 2: Common Factor (3 
informants)
ΔR2 = 0.001, ΔF(1, 
127) = 0.23

Variable Β Variable Β Variable Β
SPAIC 0.19* SPAIC 0.40*** SIAS 0.58***
Common Factor 0.35*** Common Factor 0.25** Common Factor −0.05

Note: SPAIC Social Phobia and Anxiety Inventory for Children, SIAS Social Interaction Anxiety 
Scale; *p < 0.05; **p < 0.01; ***p < 0.001

over and above adolescent reports. The three-informant Common Factor score 
failed to explain incremental variance in adolescent referral status.

7.2.4.2 � Incremental Validity of Scores Derived from the Trifactor Model 
Relative to the Composite Score (Tables 7.12 and 7.13)

We conducted a series of hierarchical linear regression models to evaluate whether 
the Common Factor scores explained variance in observed adolescent social anxi-
ety, over and above the explanatory value of the SIAS composite score. In the first 
step of each regression model, the SIAS composite score explained significant vari-
ance in observed adolescent social anxiety, representing large effects. In the second 
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Table 7.11  Hierarchical regressions examining the criterion-related validity of the Trifactor 
Model Common Factor score in predicting referral status relative to individual informants’ reports 
(Study 2)

Step 1: Individual informants’ 
report (caregiver)

Step 1: Individual informants’ 
report (adolescent)

Step 1: Individual informants’ 
report (peer confederate)

Variable OR Variable OR Variable OR
SPAIC 1.10*** SPAIC 1.08*** SIAS 1.03*
Step 2: Common Factor 
(adolescent-peer Trifactor 
Model) n/a

Step 2: Common Factor 
(adolescent-peer Trifactor 
Model)

Step 2: Common Factor 
(adolescent-peer Trifactor 
Model)

Variable OR Variable OR Variable OR
– – SPAIC 1.06 SIAS 1.01
– – Common Factor 1.38 Common Factor 1.98**
Step 2: Common Factor 
(caregiver-adolescent Trifactor 
Model)

Step 2: Common Factor 
(caregiver-adolescent Trifactor 
Model)

Step 2: Common Factor 
(caregiver-adolescent 
Trifactor Model) n/a

Variable OR Variable OR Variable OR
SPAIC 1.09*** SPAIC 1.06* – –
Common Factor 1.99** Common Factor 1.46 – –
Step 2: Common Factor (3 
informants)

Step 2: Common Factor (3 
informants)

Step 2: Common Factor (3 
informants)

Variable OR Variable OR Variable OR
SPAIC 1.10*** SPAIC 1.08*** SIAS 1.03
Common Factor 1.00 Common Factor 1.15 Common Factor 0.99

Note: SPAIC Social Phobia and Anxiety Inventory for Children, SIAS Social Interaction Anxiety 
Scale, OR Odds Ratio; *p < 0.05; **p < 0.01; ***p < 0.001

Table 7.12  Hierarchical regressions examining the criterion-related validity of the Trifactor 
Model Common Factor score in predicting observed adolescent social anxiety relative to the 
composite score approach (Study 2)

Step 1: Composite score 
(adolescent-peer reports)
ΔR2 = 0.34, ΔF(1, 
129) = 66.05***

Step 1: Composite score 
(caregiver-adolescent reports)
ΔR2 = 0.23, ΔF(1, 
132) = 38.87***

Step 1: Composite score (3 
informants’ reports)
ΔR2 = 0.34, ΔF(1, 
129) = 66.51***

Variable Β Variable Β Variable Β
Composite score 0.58*** Composite score 0.48*** Composite score 0.58***
Step 2: Common Factor 
(adolescent-peer Trifactor 
Model)
ΔR2 = 0.01, ΔF(1, 128) = 1.59

Step 2: Common Factor 
(caregiver-adolescent Trifactor 
Model)
ΔR2 = 0.01, ΔF(1, 131) = 1.03

Step 2: Common Factor (3 
informants)
ΔR2 = 0.01, ΔF(1, 
128) = 1.30

Variable Β Variable Β Variable Β
Composite score 0.68*** Composite score 0.41*** Composite score 0.54***
Common Factor −0.14 Common Factor 0.10 Common Factor 0.09

Note: *p < 0.05; **p < 0.01; ***p < 0.001
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Table 7.13  Hierarchical regressions examining the criterion-related validity of the Trifactor 
Model Common Factor score in predicting referral status relative to the composite score approach 
(Study 2)

Step 1: Composite score 
(adolescent-peer reports)

Step 1: Composite score 
(caregiver-adolescent reports)

Step 1: Composite score (3 
informants’ reports)

Variable OR Variable OR Variable OR
Composite score 1.12*** Composite score 1.06*** Composite score 1.10***
Step 2: Common Factor 
(adolescent-peer Trifactor 
Model)

Step 2: Common Factor 
(caregiver-adolescent Trifactor 
Model)

Step 2: Common Factor (3 
informants’ reports)

Variable OR Variable OR Variable OR
Composite score 1.21*** Composite score 1.04 Composite score 1.12***
Common Factor 0.95 Common Factor 1.41 Common Factor 0.68

Note: OR Odds Ratio; *p < 0.05; **p < 0.01; ***p < 0.001

step of each regression model, the Common Factor score did not explain incremen-
tal variance in observed adolescent social anxiety, over and above the SIAS com-
posite score.

We also conducted a series of hierarchical logistic regression models to deter-
mine the incremental validity of the Common Factor score in predicting adolescent 
referral status, over and above the SIAS composite score. In the first step of each 
regression model, the SIAS composite score explained significant variance in ado-
lescent referral status. In the second step of each regression model, the Common 
Factor score did not explain incremental variance in adolescent referral status, over 
and above the SIAS composite score.

7.2.4.3 � Incremental Validity of the Satellite Model Trait Score Relative 
to Individual Informants’ Reports (Tables 7.14 and 7.15)

We conducted hierarchical regression analyses to determine the incremental valid-
ity of the Satellite Model Trait score in predicting observed adolescent social anxi-
ety, over and above individual informants’ reports of social anxiety. In the first step 
of the regressions, individual informants’ reports predicted observed adolescent 
social anxiety at moderate-to-large magnitudes. In the second step of the regres-
sions, the Trait score consistently predicted incremental variance in observed ado-
lescent social anxiety, over and above the variance explained by individual 
informants’ reports, representing moderate-to-large effects.

We conducted hierarchical logistic regression analyses to determine the incre-
mental validity of the Trait score in predicting adolescent referral status, over and 
above individual informants’ reports of social anxiety. In the first step of the regres-
sions, caregiver and adolescent reports predicted adolescent referral status, whereas 
peer confederate reports did not. As with findings for observed social anxiety, in the 
second step of the regressions, the Trait score predicted incremental variance in 
adolescent referral status, over and above the variance explained by individual 

7.2  Study 2 Results and Discussion



116

Table 7.14  Hierarchical regressions examining the criterion-related validity of the Satellite Model 
trait score in predicting observed adolescent social anxiety relative to individual informants’ 
reports (Study 2)

Step 1: Individual informants’ 
report (caregiver)
ΔR2 = 0.06, ΔF(1, 
130) = 7.73**

Step 1: Individual informants’ 
report (adolescent)
ΔR2 = 0.22, ΔF(1, 
130) = 35.70***

Step 1: Individual informants’ 
report (peer confederate)
ΔR2 = 0.24, ΔF(1, 
128) = 39.22***

Variable Β Variable Β Variable Β
SPAIC 0.24** SPAIC 0.46*** SPS 0.48***
Step 2: Trait score
ΔR2 = 0.32, ΔF(1, 
129) = 65.59***

Step 2: Trait score
ΔR2 = 0.14, ΔF(1, 
129) = 27.88***

Step 2: Trait score
ΔR2 = 0.13, ΔF(1, 
127) = 26.63***

Variable Β Variable Β Variable Β
SPAIC −0.18* SPAIC 0.05 SPS 0.18*
Trait score 0.70*** Trait score 0.56*** Trait score 0.47***

Note: SPAIC Social Phobia and Anxiety Inventory for Children, SPS Social Phobia Scale; 
*p < 0.05; **p < 0.01; ***p < 0.001

Table 7.15  Hierarchical regressions examining the criterion-related validity of the Satellite Model 
trait score in predicting referral status relative to individual informants’ reports (Study 2)

Step 1: Individual informants’ 
report (caregiver)

Step 1: Individual informants’ 
report (adolescent)

Step 1: Individual informants’ 
report (peer confederate)

Variable OR Variable OR Variable OR
SPAIC 1.11** SPAIC 1.08** SPS 1.02
Step 2: Trait score Step 2: Trait score Step 2: Trait score
Variable OR Variable OR Variable OR
SPAIC 1.06 SPAIC 1.00 SPS 0.95
Trait score 2.64* Trait score 3.50** Trait score 6.83**

Note: SPAIC Social Phobia and Anxiety Inventory for Children, SPS Social Phobia Scale, OR 
Odds Ratio; *p < 0.01; **p < 0.001

informants’ reports. Specifically, adolescents were three to seven times more likely 
to be clinic-referred (i.e., relative to community control), for every one-unit increase 
in the Trait score.

7.2.4.4 � Incremental Validity of the Satellite Model Trait Score Relative 
to the Composite Score (Tables 7.16 and 7.17)

We conducted a hierarchical linear regression model to evaluate whether the Satellite 
Model Trait score explained variance in observed adolescent social anxiety, over 
and above the explanatory value of the composite score (i.e., average of caregiver, 
adolescent, and peer confederate SPS reports). In the first step of the regression, the 
composite score predicted observed adolescent social anxiety, representing a large 
effect. In the second step of the regression, the Trait score explained incremental 
variance in observed adolescent social anxiety, also representing a large effect.
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Table 7.16  Hierarchical regressions examining the criterion-related validity of the Satellite Model 
trait score in predicting observed adolescent social anxiety relative to the composite score approach 
(Study 2)

Step 1: Composite score
ΔR2 = 0.28, ΔF(1, 130) = 50.50*
Variable Β
Composite score 0.53*
Step 2: Trait score
ΔR2 = 0.07, ΔF (1, 129) = 14.80*
Variable Β
Composite score 0.04
Trait score 0.56*

Note: SPAIC Social Phobia and Anxiety Inventory for Children, SPS Social Phobia Scale; 
*p < 0.001

Table 7.17  Hierarchical 
regressions examining the 
criterion-related validity of 
the Satellite Model Trait 
score in predicting referral 
status relative to the 
composite score approach 
(Study 2)

Step 1: Composite score
Variable OR
Composite score 1.09**
Step 2: Trait score
Variable OR
Composite score 0.97
Trait score 5.18*

Note: OR Odds Ratio; *p < 0.01; **p < 0.001

We conducted a hierarchical logistic regression model to determine the incre-
mental validity of the Trait score in predicting adolescent referral status, over and 
above the composite score. In the first step of the regression, the composite score 
predicted adolescent referral status. In the second step of the regression, the Trait 
score explained incremental variance in adolescent referral status. Adolescents were 
over five times more likely to be clinic-referred (i.e., relative to community control), 
for every one-unit increase in the Trait score.

7.2.5 � Aim 4: Directly Comparing the Incremental Validity 
of Scores Derived from the Trifactor Model 
and Satellite Model

7.2.5.1 � Preliminary Analyses

To compare the integrative scores obtained from the Trifactor Model and the 
Satellite Model, we conducted bivariate correlation analyses between the Common 
Factor and Trait scores using all three informants’ reports. These analyses revealed 
a large-magnitude correlation between the Common Factor and Trait scores, 
r = 0.50, p < 0.001. Thus, these two integrative scores, which were derived from the 
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same informants’ reports on two distinct social anxiety measures, contained a fair 
degree of common variance yet also a fair degree of unique variance.

7.2.5.2 � Incremental Validity of Scores Derived from the Satellite Model 
and Trifactor Model, Relative to Each Other

We conducted hierarchical linear regression models to evaluate whether the Trifactor 
Model Common Factor score explained variance in observed adolescent social anx-
iety, over and above the explanatory value of the Satellite Model Trait score and 
vice versa. We first evaluated the incremental validity of the Common Factor score. 
In the first step of the regression model, the Trait score explained significant vari-
ance in observed adolescent social anxiety, β = 0.59, ΔR2 = 0.35, ΔF(1, 128) = 68.11, 
p < 0.001. In the second step of the regression model, the Common Factor score did 
not explain incremental variance in observed adolescent social anxiety, over and 
above the Trait score, β = 0.08, ΔR2 = 0.01, ΔF(1, 127) = 1.04, p = 0.31. Next, we 
evaluated the incremental validity of the Trait score. In the first step of the regres-
sion model, the Common Factor score explained significant variance in observed 
adolescent social anxiety, β = 0.36, ΔR2 = 0.13, ΔF(1, 128) = 18.75, p < 0.001. In 
the second step of the regression model, the Trait score explained incremental vari-
ance in observed adolescent social anxiety, over and above the Common Factor 
score, β = 0.55, ΔR2 = 0.23, ΔF(1, 127) = 44.12, p < 0.001. Further, the Common 
Factor score no longer explained significant variance in observed adolescent social 
anxiety in the second step of the regression, β = 0.08, p = 0.31.

We conducted hierarchical logistic regression models to evaluate whether the 
Common Factor score explained variance in adolescent referral status, over and 
above the explanatory value of the Trait score and vice versa. We first evaluated the 
incremental validity of the Common Factor score. In the first step of the regression 
model, the Trait score explained significant variance in adolescent referral status, 
b = 1.28, OR = 3.59, p < 0.001. In the second step of the regression model, the 
Common Factor score did not explain incremental variance in adolescent referral 
status, over and above the Trait score, b = −0.41, OR = 0.67, p = 0.13. Next, we 
evaluated the incremental validity of the Trait score. In the first step of the regres-
sion model, the Common Factor score did not explain significant variance in adoles-
cent referral status, b = 0.35, OR = 1.42, p = 0.09. In the second step of the regression 
model, the Trait score explained incremental variance in adolescent referral status, 
over and above the Common Factor score, b = 1.51, OR = 4.54, p < 0.001.

7.3 � Concluding Comments

In sum, in Study 2, we found clear answers regarding the validity of scores derived 
from the Satellite Model and the Trifactor Model, relative to each other. Within data 
conditions in which discrepant results contain domain-relevant data, the Satellite 
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Model appears to offer an effective strategy for integrating informants’ reports. In 
contrast, we observed mixed support for the criterion-related validity of Common 
Factor scores taken from the Trifactor Model. Specifically, the three-informant 
Common Factor score predicted observed adolescent social anxiety, representing a 
moderate effect, yet did not distinguish clinic-referred from community-control 
adolescents. The latter finding is particularly surprising given that in all but one 
instance, individual informants’ reports predicted adolescents’ referral status. This 
finding suggests that the Trifactor Model failed to incrementally predict domain-
relevant criterion variables that individual informants could predict on their own.

Across Trifactor Models, Common Factor scores inconsistently predicted 
observed adolescent social anxiety and referral status, over and above individual 
informants’ reports. These mixed findings are easily interpreted when considering 
each informants’ factor loadings onto the Common Factors across Trifactor Models. 
We observed factor loadings for caregivers’ reports at near-zero or relatively smaller 
magnitudes compared to other informants’ loadings onto the Common Factor. 
Given this lack of overlapping variance, it is unsurprising that Common Factor 
scores predicted unique variance in observed behavior (and not referral status), over 
and above caregiver reports. In contrast, peer confederates’ reports exhibited sig-
nificant factor loadings in Trifactor Models, and thus, the Common Factor score did 
not provide incremental variance over and above the peer confederate reports. 
Importantly, both the individual peer confederate reports and caregiver reports dis-
played significant relations with the criterion variable. Thus, Common Factor scores 
performed no better in these models than an individual informant whose report dis-
played significant loadings onto the Common Factor and whose report displayed 
significant relations with the criterion variable. This is perhaps due to the assump-
tion that variance shared among multiple informants’ reports ought to outperform 
unique variance from an individual informant’s report. Within data conditions that 
violate these assumptions (e.g., unique variance from informants contains valid 
information), Common Factor scores appear to hold little incremental value relative 
to reports from individual informants.

The inability of the Common Factor to predict independent criterion variables 
over and above the composite score also answers important questions about the 
validity of scores taken from the Trifactor Model. That is, although these two inte-
grative strategies overlap in their emphasis on leveraging common variance to 
remove measurement confounds, the Trifactor Model is unique in its inclusion of a 
caregiver predictor thought to remove caregivers’ “depressive bias.” Thus, these 
findings suggest that removing this variance may actually detract from, instead of 
enhance, the validity of the scores taken from informants’ reports. Within data con-
ditions in which discrepant results contain domain-relevant data, the association 
between caregivers’ own depressive symptoms and the unique information they 
provide when making reports about youth mental health is likely best explained by 
numerous domain-relevant features of family relationships, including environmen-
tal and genetic factors that increase risk for the development of youth psychopathol-
ogy (e.g., Caspi et al., 2004; Goodman et al., 2020; Lindhiem et al., 2020).
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Chapter 8
Decision-Making About Strategies 
for Integrating Behavioral Data in Youth 
Development

Scholars in youth development conduct studies that entail collecting and interpret-
ing reports from structurally different informants (e.g., parents, teachers, youth, 
peers). Structurally different informants are strategically selected informants. That 
is, scholars choose informants who each contribute unique and incrementally valid 
information. When assessing youth behavior, this means selecting informants who 
observe behavior in domain-relevant contexts. Decades of research and meta-
analytic reviews reveal that the use of structurally different informants produces 
discrepancies between informants’ reports (De Los Reyes, 2024). These discrepan-
cies impact decision-making across a range of research and applied settings (De Los 
Reyes et al., 2022a, b). Logically, discrepant results necessitate the use of strategies 
for integrating data. Yet there exist no evidence-based guidelines for which integra-
tive strategies to use and when to use them (e.g., De Los Reyes et al., 2023b; Hunsley 
& Mash, 2007). Relatedly, we see a lack of synergy among conceptual models, 
empirical support for these models, and attention to thoroughly examining the fit of 
strategies for integrating multi-informant data (e.g., De Los Reyes & Epkins, 2023). 
Among the available strategies, two stem from theoretical models that call for quali-
tatively distinct approaches to integrating data. Social context models are rooted in 
the concept of situational specificity (Achenbach et al., 1987). They call for integra-
tive strategies such as the Satellite Model, which treat as potential sources of valid 
data (a) variance that is shared among informants’ reports, but also (b) variance that 
is unique (i.e., as is reflected by discrepant results). In contrast, rater bias models, 
many of which are rooted in the depression→distortion hypothesis (Ritchers, 1992), 
call for integrative strategies such as the Trifactor Model, which treat common vari-
ance as the only source of valid data.

Informed by the Operations Triad Model and CONTEXT (De Los Reyes et al., 
2023a)—a framework and associated validation paradigm designed for the data 
conditions encountered by scholars in youth development—this book addressed 
fundamental gaps in the evidence base on strategies for integrating data from struc-
turally different informants. The findings from a multi-modal set of studies 
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highlight how the theoretical model one follows when integrating multi-informant 
data guides all decisions within the assessment process, ranging from how users of 
these models select informants to how they obtain and interpret integrative scores. 
Across two studies, we learned that relative to scores derived from the Trifactor 
Model, scores derived from the Satellite Model display the most robust evidence in 
support of their criterion-related validity. Specifically, integrating multi-informant 
data using scores taken from the Satellite Model achieves more in prediction than 
any one informant can achieve on their own. The Satellite Model Trait score also 
outperformed a composite score of reports—a strategy one uses when assuming 
unique variance among reports reflects measurement confounds. Further, this score 
outperformed the Trifactor Model Common Factor score, which its developers con-
tend reflects common variance that “purges” unique biases from individual infor-
mants’ reports. When using three informants’ reports, the Trifactor Model Common 
Factor score failed to consistently outperform individual informants’ reports. The 
use of the Common Factor score reduced measurement validity in two ways. First, 
it reduced the incremental value of integrative scores, relative to individual reports 
and a composite score of reports. Second, features of the Trifactor Model that, in 
theory, partial out variance reflecting rater biases (i.e., Perspective Factors), in prac-
tice, led to removing valid data contained within informants’ reports.

To be clear, decisions surrounding the strategy one implements to integrate 
multi-informant data do not rest on whether the Trifactor Model or Satellite Model 
are “correct strategies.” Rather, users must judge for themselves whether a strategy 
validly fits the data conditions to which they will apply the strategy. The studies 
reported in this book align with calls for the use of well-established measurement 
validation procedures to determine the fit between integrative strategies and data 
conditions (see De Los Reyes, 2024; De Los Reyes et al., 2023a, b; Greene et al., 
2022; Revelle, 2024). Our studies indicate that when discrepant results contain 
domain-relevant or valid data, users ought to leverage integrative strategies that treat 
these discrepancies as valid (e.g., Satellite Model). The take-home message of our 
findings is clear. In youth development—a community of scholars who often imple-
ment multi-informant approaches to collect behavioral data—negative conse-
quences flow from violating the usage assumptions of strategies for integrating 
these data. In this community—and perhaps others—scholars should avoid the use 
of a strategy for integrating multi-informant data when the data conditions to which 
they might apply it violate the strategy’s usage assumptions. A lack of fit between 
an integrative strategy and the data conditions to which it will be applied will lead 
to integrative scores with lower observed effect sizes and thus less statistical power 
to detect effects, relative to integrative strategies that do fit the data conditions. 
Within some data conditions, an ill-fitting integrative strategy may even “lose” to 
reports from the individual informants involved in the strategy.
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8.1 � Research and Applied Implications

8.1.1 � What Is in a Name?

This book highlights a series of larger issues for scholars in youth development to 
consider. First, developers of integrative strategies often disseminate them to pro-
spective users before testing how these models perform in relation to domain-
relevant, independent criterion variables. This represents a serious barrier to building 
consensus guidelines on how and under what circumstances to integrate multi-
informant data. The most common data used to support integrative strategies are fit 
indices as well as factor and component loadings (Greene et al., 2022). These are 
useful indicators of model precision. Yet they cannot fully address how integrative 
strategies perform when scholars put the scores these strategies produce “to the 
test.” Scholars who seek guidance on strategies for integrating multi-informant 
data—and for use in studies that address practical problems of societal relevance—
need more than estimates of model precision to make accurate and informed deci-
sions (see also Revelle, 2024). They also need carefully conducted multi-modal 
tests of measurement validity. These tests allow users to tease apart the variance 
produced by integrative strategies that reflect “junk” from the variance that reflects 
“real stuff” (see also De Los Reyes, 2024; Talbott et al., 2023; Watts et al., 2022).

This book addresses questions about the criterion-related validity of integrative 
strategies such as the Trifactor Model and the Satellite Model. More broadly, this 
book reveals a paradigm for scrutinizing, testing, and using analytic strategies, par-
ticularly when they vary as to their usage assumptions. For example, a key issue 
surrounding the use of the Trifactor Model and the Satellite Model is how model 
developers approached interpreting scores derived from these models. The research-
ers who developed these models are both guilty of the “naming fallacy” (Kline, 
2016), whereby they interpreted the meaning of measured factors without the use of 
valid evidence to support their interpretations. Consequently, in Study 2, we used 
independent criterion variables to determine whether the key integrative scores 
derived from the Trifactor Model and the Satellite Model (i.e., Common Factor and 
Trait, respectively) validly characterized the behavioral domain about which infor-
mants made reports (i.e., adolescent social anxiety). Future research using other 
criterion variables is needed to fully unpack the interpretive value of scores derived 
from the Trifactor Model and Satellite Model, such as independent assessments of 
caregiver mood and observed interactions between adolescents and caregivers.

That said, Study 2 findings suggest that when implemented within data condi-
tions that contain domain-relevant discrepant results, it would be incorrect to inter-
pret the Perspective Factors in line with the interpretation provided by its developers. 
Following Bauer and colleagues’ interpretation of the caregiver Perspective Factor, 
one would essentially remove variance attributed to caregivers’ reports under the 
assumption that it reflects a rater bias, even within data conditions in which this 
variance meaningfully relates to domain-relevant criterion variables. By construc-
tion, measurement confounds reflect irrelevant variance—they should be unrelated 
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to indices that reflect domain-relevant phenomena (see Millsap, 2011). What this 
means is that within data conditions in which users detect links between the 
Perspective Factor and independent, domain-relevant criterion variables, such an 
observation should give users pause as to whether the Trifactor Model is appropriate 
to implement as designed. We must critically examine integrative scores to unpack 
the type of information they contain (i.e., measurement confounds vs. domain-
relevant data) and evaluate their ability to characterize youth behavior. More 
broadly, we must question not only what is gained from leveraging scores taken 
from integrative strategies, but also what is lost. These questions can be readily 
addressed by subjecting scores taken from integrative strategies to well-constructed 
validation tests.

8.1.2 � What Do We Lose When Integrative Strategies Compete 
with One Another?

The Satellite Model and the Trifactor Model grew out of distinct theoretical tradi-
tions. We presume that they reflect competing strategies for integrating multi-
informant reports. Yet, must they compete? This book subjected two integrative 
strategies to a head-to-head competition for explaining variance in domain-relevant 
outcomes. This approach yielded some key insights as to the value of these two 
strategies, given the set of data conditions to which they were applied. That said, our 
approach to validation testing is not without its drawbacks. We see three issues aris-
ing when scholars pit competing integrative strategies against one another.

First, might such an approach result in losing sight of how strategies complement 
one another? Although a strong evidence base supports the notion that discrepant 
results often contain domain-relevant data, we should also keep in mind that any 
index of these discrepancies cannot be “perfect.” It would be safe to assume that 
informants’ reports tend to contain some degree of measurement confounds. It logi-
cally follows that at least some of these confounds “filter into” indices of the dis-
crepancies between informants’ reports (Borsboom 2005; Nunnally & Bernstein, 
1994). Consequently, should we seek to create integrative strategies that model not 
only variance reflecting domain-relevant discrepant results, but also variance that 
reflects rater biases? To address this larger question, we must first conduct basic 
research focused on estimating the variance explained by both rater biases and 
domain-relevant processes. This knowledge might inform new integrative strate-
gies. These strategies would allow users to extract measured scores that isolate vari-
ance attributable to rater biases and domain-relevant processes and subject these 
scores to both Monte Carlo simulations and well-constructed measurement valida-
tion tests to assess their performance. Importantly, the ability to model multiple 
sources of variance in discrepant results will not absolve researchers of the need for 
validation testing. Indeed, even if one were to discover evidence of rater biases in a 
study of youth behavior (e.g., depression-distortion effects), this factor might 
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account for relatively little variation within and among informants’ reports (e.g., see 
Jouriles & Thompson, 1993; Youngstrom et al., 1999).

Second, might our approach to testing competing integrative strategies result in 
acts of omission when it comes to detecting sources of rater bias? For instance, 
Study 2 revealed that when users of the Trifactor Model treat caregivers’ depression 
as a source of rater bias—and it, in fact, reflects variability that meaningfully relates 
to youth behavior (i.e., is domain-relevant)—the result is a loss of valid data and, by 
extension, loss of explanatory power. Such an observation may compel at least some 
users of the Trifactor Model or alternative integrative strategies to assume that their 
efforts in detecting sources of rater bias are complete. This may be a mistake. 
Although the depression→distortion hypothesis is the most widely studied rater 
bias model, other rater bias models warrant further study. We must also subject 
these rater bias models to rigorous testing, including models that focus on racial 
biases (Fadus et al., 2020; Kang & Harvey, 2020) and cultural perspectives on youth 
behavior (Achenbach, 2020; Chen et al., 2017; Lau et al., 2004). We must probe the 
links between discrepant results and integrative strategies informed by rater bias 
models other than the depression→distortion hypothesis.

Third, in avoiding acts of omission regarding sources of rater biases, we must 
avoid acts of commission as well. As with the depression→distortion hypothesis, 
we must subject all rater bias models to scrutiny, particularly regarding their con-
ceptual foundations and evidence base. Recall in Chap. 1 how we deconstructed the 
depression→distortion hypothesis and its core assumption—that all discrepant 
results reflect mood-congruent rater biases. Those who hold these presumably 
mood-congruent rater biases are significant others in the lives of the youth being 
assessed (e.g., caregivers). To posit that a significant other’s mood levels reflect 
nothing more than a source of biased ratings ignores decades of scholarship in youth 
development—a body of work that finds that significant others’ behavior affects 
youth behavior (Atkins et  al., 2017; Carlone & Milan, 2021; Cicchetti, 1984; 
Goodman et al., 2020; Luthar et al., 2000).

Beyond the depression→distortion hypothesis, let us consider a rater bias model 
informed by scholarship about racial biases. Here, the rater bias model would be 
quite distinct from the rater bias model we focused on in this book. In a rater bias 
model linked to racial biases, increased levels of a characteristic of the informant 
(racial biases) would predict increased discrepant results in reports about the behav-
ior of a target set of youth. For the purposes of this example, let us say the infor-
mants of interest are teachers, and the reports they provide focus on the behavior of 
students in teachers’ classrooms. The discrepancies would be the byproduct of inac-
curacies in teachers’ perceptions not of all students, but rather students with specific 
characteristics. An example of these characteristics might be students who identify 
with racial groups that have been historically marginalized in a specific geographic 
region, such as the USA. A model that treats racial biases as sources of rater bias 
would characterize all the discrepant results in reports about youth who identify 
with historically marginalized groups as reflective of rater biases. In our example, 
these would be measurement confounds in teachers’ reports linked to the racial 
biases they hold about students with specific racial identities (e.g., African American, 
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Asian American, Native American; see Hurd & Young, 2023; West et al., 2023). The 
key question is this: Would it be correct to treat all these discrepant results as mea-
surement confounds? In this example, measurement confounds, by definition, 
would reflect variance that is irrelevant to understanding the behavior of the stu-
dents who teachers rate. Yet teachers are not passive observers of students’ behavior. 
They lead classrooms of students, and thus, how they behave impacts how students 
behave (see also Atkins et al., 2017). In scholarship in youth development, teachers 
can serve as raters of students’ behavior and as catalysts of the very behaviors they 
rate. How a teacher perceives their students could be inaccurate. Yet this inaccurate 
perception can have a real-world impact on the behavior of the students they rate.

Consider a hypothetical version of our Study 2, in which we examined the reports 
of teachers as informants, the youth in the sample were students in their classrooms, 
and the validity criterion was an index of how youth behaved in class. In this study, 
we measured teachers’ levels of racial biases and used this measure as our index of 
rater biases (i.e., as opposed to the use of caregivers’ levels of depression as rater 
biases for the Trifactor Model tested in Study 2). What if we found the same pattern 
of findings as we did in Study 2? Specifically, we treated all the variance produced 
by the racial bias index as a “rater bias,” but in doing so, we reduced the score valid-
ity of teachers’ reports when predicting how youth behaved as measured by the 
validity criterion (e.g., classroom behavior). If teachers rate students’ behavior and 
increased racial biases predict increased disparities in how teachers actually treat 
students of varying racial identities, then would we not expect teachers’ behavior to, 
in turn, impact how students behave? This would be akin to the depression example: 
Would we be correct to assume that the racial biases that a teacher holds have no 
effect on the behavior of the youth with whom they interact? Would not this assump-
tion run counter to decades of research and theory in youth development? This work 
finds that exposure to discriminatory racial encounters plays a role in the develop-
ment and maintenance of such behaviors as aversive stress reactions and mental 
health concerns (e.g., Anderson & Stevenson, 2019; Price et  al., 2022; Scott 
et al., 2021).

This discussion reveals a reality about scholarship. The term “bias” can create 
confusion among scholars if its meaning varies within and across scholarly tradi-
tions. Scholars who study psychometrics consider the term “bias” as synonymous 
with the term “measurement confounds” (e.g., De Los Reyes et  al., 2022b, c; 
Millsap, 2011; Nunnally & Bernstein, 1994; Tabachnick & Fidell, 2013). In psycho-
metrics, measurement confounds are data that are irrelevant to understanding mea-
sured domains. We can distinguish this use of “bias” from its use in contemporary 
scholarship on racism and discrimination. Scholars who study racism and discrimi-
nation consider biases to be both relevant and central to understanding human 
behavior. Future work on rater bias models must consider strategies for integrating 
distinct scholarly traditions and approaches to studying bias. This will necessitate 
developing conceptual and empirical approaches that allow for the accurate decom-
position of sources of variability that reflect measurement confounds and in a way 
that distinguishes these confounds from sources of variability that are pertinent to 
understanding behavior.
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8.1.3 � Implications for Decision-Making in Applied Settings

Our findings also have important implications for how users incorporate multi-
informant data when making decisions in applied settings, such as clinics, schools, 
and legislative offices. For instance, we can see Compensating Operations reflected 
in the delivery of mental health services. It is common for assessors who encounter 
discrepant data from informants to choose the “optimal” informant or the source 
most likely to report the “truth” (see De Los Reyes et al., 2022a; Marsh et al., 2020). 
What this means is that just as a researcher may utilize a rater bias model, profes-
sionals in applied settings might collect multi-informant data to understand behav-
ior, only to ignore some of these data if all informants fail to agree. As described by 
Etkin et  al. (2021), taking a bias-aligned approach leads to professionals getting 
stuck in the “right-versus-wrong conundrum” when interpreting discrepant results 
(p.  157). One can clearly see the implications of this approach for a variety of 
decision-making scenarios, including selecting students for receipt of an educa-
tional program, and the consideration of evidence from multiple sources of data 
when making a policy decision.

In contrast, taking a CONTEXT-aligned approach facilitates testing hypotheses 
about why behavior may differ across relevant social contexts. Future work should 
leverage integrative strategies in applied settings and evaluate whether the use of 
these models enhances the accuracy of decision-making. Further, this work should 
probe the impact of these strategies on key outcomes. As an example, consider the 
value of this work for clinical practice settings. Future work might examine whether 
strategies vary in the prediction of therapeutic processes and the outcomes of the 
services youth receive. These findings have the potential to inform work on 
measurement-based care—the systematic and continuous assessment of mental 
health throughout treatment for the purpose of monitoring progress and informing 
clinical decision-making (see McLeod et  al., 2022). For instance, future work 
should examine how integrative scores such as the Trait score can be normed in 
ways that are amenable to translation into interpretable feedback paradigms for both 
clinicians and youth (e.g., non-clinical, borderline, and clinical cutoffs; Achenbach, 
2001). Yet, to be successful, these feedback paradigms must be sensitive to common 
barriers to implementing evidence-based assessment practices in routine clinical 
care (e.g., time and motivation for youth to complete measures, resistance by clini-
cians to use reports to inform decision-making, lack of resources provided by clin-
ics to train clinicians on how to use reports, lack of funding for measures and 
computer programs for scoring them; Lewis et al., 2019).

Let us consider a set of clinical vignettes that illustrate how the use of rater bias 
and social context models leads to fundamentally different decision-making prac-
tices, to highlight the need for future work on these issues. Take for example a 
mother bringing her preschooler to therapy given concerns about the child’s disrup-
tive and oppositional behavior. The clinician administers symptom measures to the 
child’s mother and teacher and finds that the mother reported very elevated levels of 
externalizing behaviors, whereas the teacher did not. Through a clinical interview, 
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the clinician learns that the child’s mother experienced depression over the past 
year, which has contributed to feelings of guilt about her parenting, fewer positive 
parent-child interactions, and inconsistent use of strategies to address the child’s 
behavior. If the clinician draws from rater bias models, they may consider disregard-
ing the mother’s reports given concerns about a depressive bias that reduces the 
validity of her reports. The clinician may then turn to the teacher as an “unbiased” 
expert on the child’s behavior who is better equipped to report the “truth.” In doing 
so, the clinician may conclude that the child is not experiencing clinically signifi-
cant mental health problems and the family would be best served through individual 
therapy for depression with the child’s mother only. This decision, however, does 
not track with scholarship in youth mental health, in particular the robust link 
between caregiver mental health and the development and maintenance of the men-
tal health of youth in their care (e.g., Carlone & Milan, 2021; Goodman et al., 2020). 
In essence, does this clinical decision serve the child in need of services, if the 
mother’s depression reflects a feature of the youth’s environment that may already 
be exhibiting a direct impact on the child’s mental health?

Alternatively, if the clinician draws from social context models, they may develop 
hypotheses about where the child’s problem behavior is occurring and environmen-
tal conditions and antecedents that promote and maintain the behavior. As identified 
by the child’s mother, home may be characterized by high levels of criticism (as 
opposed to praise), inconsistent discipline, and poor parent-child attachment, risk 
factors associated with the development of mental health problems in early child-
hood and in the context of caregiver depression (Goodman et al., 2020; Lindhiem 
et al., 2020). The clinician can then consider how to target the child’s behavior by 
reshaping the primary context in which the behavior is occurring, utilizing evidence-
based interventions that promote positive parent-child interactions as well as effec-
tive and consistent use of discipline (e.g., Child-Parent Psychotherapy or 
Parent-Child Interaction Therapy; Lieberman et  al., 2015; Eyberg & 
Funderberk, 2011).

As another example, consider a scenario in which a family is seeking an ADHD 
evaluation for their adolescent daughter. The assessor collects symptom reports 
from the adolescent’s father and teacher, as well as the adolescent herself. The 
assessor finds that all informants converge in elevated ADHD symptom reports. Yet, 
whereas the adolescent reports moderate levels of anxiety, her father reports no 
anxiety concerns, and her teacher reports elevated anxiety concerns as well as 
depressive symptoms. If the assessor follows a rater bias model approach, they may 
consider bias in two forms. First, the adolescent’s father may have a social desir-
ability bias in which he wants to minimize the perception that his daughter struggles 
with anxiety (Rodriguez et al., 2019). Second, the teacher’s report might be under-
stood as suffering from an evaluative consistency bias in which the teacher inaccu-
rately endorses a broad range of difficulties due to elevated concerns in only one 
domain (i.e., ADHD; Dhillon et al., 2017). When providing feedback to the family, 
the assessor can then consider communicating that either the father or teacher is 
“missing the mark” on anxiety due to biases contained in their ratings. Such an 
approach is likely to isolate information-gathering to just a single informant used 
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within the evaluation. From a practical standpoint, this approach then begs the ques-
tion: Why did the clinician select the father and teacher for the expert information 
they provide, only to deem their reports as fallible, presumably based on the dis-
crepant results they produced?

Alternatively, if the assessor adopts a social context model approach, they may 
form hypotheses about aspects of the adolescent’s social environments that elicit (or 
do not elicit) anxiety. In a clinical interview with the adolescent, the assessor may 
learn that the adolescent’s ADHD symptoms are causing significant anxiety about 
academics particularly at school (e.g., ADHD-related impairment leads to low self-
esteem and anxiety about academic failure). However, the adolescent may experi-
ence minimal anxiety at home due to regular organizational support and low levels 
of pressure from her caregivers on academic tasks (e.g., support on homework, 
regular praise about academic strengths). When providing feedback to the family, 
the assessor can encourage the caregivers to continue their supportive approach and 
recommend therapy for the adolescent to learn coping strategies to use at school to 
reduce anxiety (e.g., Cognitive Behavioral Therapy for ADHD; Sprich et al., 2016). 
Taken together, these clinical vignettes highlight how the act of taking a rater bias 
or social context model approach when interpreting assessment data in applied set-
tings translates to fundamentally different decisions regarding decision-making 
and, in the case of clinical practice, the delivery of mental health services. As such, 
they highlight the need for future work that takes a measurement-based care 
approach to develop clinically feasible approaches to addressing discrepant results 
when working with youth.

8.2 � Limitations

Findings reported in this book should be interpreted in light of the limitations of our 
studies. First, the two integrative strategies we evaluated are illustrative of strategies 
informed by rater bias or social context models about what discrepant results reflect. 
Yet they are not the only strategies available. As such, this study does not put to rest 
conceptual, empirical, or measurement issues that arise when collecting multi-
informant reports, encountering discrepant results, and using strategies for integrat-
ing multi-informant data. The Satellite Model, Trifactor Model, and other strategies 
must undergo additional validation testing within many data conditions. A crucial 
next step would be to subject integrative strategies to both simulated and “real-
world” data conditions in which the discrepant results produced reflect measure-
ment confounds.

A limitation of Study 2 is the relatively small sample used to address aims. We 
selected the sample for its wide breadth of modalities (e.g., parallel informants’ 
reports on multiple social anxiety measures, observed behavior) and the psychomet-
ric evidence supporting the use of these modalities (for a review, see De Los Reyes, 
2024). Given the amount of resources required to collect these kinds of multi-modal 
assessment data, it is rare to find large datasets that include several informants’ 
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reports and independent, domain-relevant criterion variables. Nonetheless, future 
research should address similar aims in a dataset consisting of a larger sample. 
Relatedly, Study 2 lacked independent criterion variables capturing caregivers’ 
mood as well as adolescent behavior within other salient contexts (e.g., home, class-
room). Although our use of caregivers’ self-reported mood is consistent with empir-
ical studies examining the depression→distortion hypothesis and applications of the 
Trifactor Model (e.g., Curran et al., 2020; Madsen et al., 2020), this shared method 
variance between caregivers’ self-reported depression and their reports of adoles-
cent social anxiety creates issues with shared method variance among the reports 
used to estimate discrepant results and the reports used for covariates (see Garb, 
2003; Watts et al., 2022).

Lastly, the mix-and-match criterion of the Satellite Model and informants avail-
able within our Study 2 sample prevented us from examining various informant 
triads in the Satellite Model. This is in contrast to modeling for the Trifactor Model, 
which included various informant dyads as well as an informant triad. Granted, 
informant triads beyond those tested in Study 2 have been implemented in prior 
work by multiple independent research teams (e.g., Armstrong et al., 2014; De Los 
Reyes et al., 2022c; Gardner et al., 2008; Owens & Hinshaw, 2016). Yet, as men-
tioned previously, little validation work has put this approach to the test with inde-
pendent, domain-relevant criterion variables. Thus, future research should focus on 
identifying the range of informants appropriate for the Satellite Model.

8.3 � Concluding Comments

Scholars in youth development frequently encounter discrepant results in assess-
ments about youth behavior. These discrepancies necessitate sound strategies for 
integrating data commonly collected by scholars in youth development, namely, 
data from multi-informant assessments. Yet scholars lack consensus guidelines for 
integrating these data. Many integrative strategies have been proposed, and these 
strategies each fall within one of two distinct theoretical traditions (i.e., rater bias 
models vs. social context models). The assumptions underlying the use of strategies 
informed by these theoretical models are consequential and dictate the degree to 
which an integrative strategy produces scores that capitalize on the rich, contextu-
ally sensitive data produced by multi-informant assessments of youth behavior.

Across two studies, we learned that selecting strategies for integrating multi-
informant data involves (a) developing a deep understanding of the data conditions 
to which they will be applied and (b) subjecting these strategies to the same kinds 
of validation tests that inform the development, selection, and implementation of 
instruments for assessing youth behavior. Within data conditions in which discrep-
ant results contain domain-relevant data, the choice is clear. When discrepant results 
contain valid data, scholars should implement an integrative strategy that flows from 
a social context model, such as the Satellite Model.
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This book is but a start to a larger body of work that addresses myriad questions 
relevant to scholarship in youth development. What do discrepant results reflect, 
and does the answer to this question depend on the behaviors scholars seek to 
assess? Within the data conditions that typify scholarship in youth development, 
what statistical approaches are most appropriate for integrating multi-informant 
data? Which approaches optimize the value of these data when making decisions 
within applied settings? Across these key questions, we require studies that strategi-
cally discern the fit among theoretical traditions, the integrative strategies that flow 
from them, and the data conditions to which strategies will be applied. Aligning 
these crucial elements within scholarly and applied work is the path most likely to 
advance knowledge about youth development and result in sound decision-making 
when working with data that frequently produce discrepant results about youth 
behavior.
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