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Abstract

We used multitrait-multimethod (MTMM) modeling to examine general factors of 

psychopathology in three samples of youth (Ns = 2119, 303, 592) for whom three informants 

reported on the youth’s psychopathology (e.g., child, parent, teacher). Empirical support for 

the p-factor diminished in multi-informant models compared with mono-informant models: the 

correlation between externalizing and internalizing factors decreased and the general factor in 

bifactor models essentially reflected externalizing. Widely used MTMM-informed approaches 

for modeling multi-informant data cannot distinguish between competing interpretations of the 

patterns of effects we observed, including that the p-factor reflects, in part, evaluative consistency 

bias or that psychopathology manifests differently across contexts (e.g., home vs. school). 
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Ultimately, support for the p-factor may be stronger in mono-informant designs, although it is 

does not entirely vanish in multi-informant models. Instead, the general factor of psychopathology 

in any given mono-informant model likely reflects a complex mix of variances, some substantive 

and some methodological.

Keywords

p-factor; general factor of psychopathology; multitrait-multimethod modeling; multi-informant 
psychopathology structures

One source of contention in psychopathology research is the notion that there is a single 

dimension reflecting risk for all forms of psychopathology, often referred to as the p-factor 

or general factor of psychopathology (Caspi et al., 2014; Lahey et al., 2012).1 Various 

research teams have proposed mechanisms that could cause the theoretical p-factor (e.g., 

disordered thought, emotion dysregulation, negative emotionality; (Caspi & Moffitt, 2018; 

Smith et al., 2020), but what general factors of psychopathology actually capture in any 

given sample, measure, and model remains debated (Caspi & Moffitt, 2018; Lahey et 

al., 2021; Smith et al., 2020; Watts et al., 2019, 2020). What might general factors of 

psychopathology reflect, if not a real tendency for all forms of psychopathology to covary?

Few studies have grappled with this question, in part due to the tendency to presuppose 

that general factors of psychopathology reflect something substantive (cf., Smith et al., 

2020; Watts et al., 2020). Research thus far has largely overlooked the possibility that 

general factors of psychopathology arise due to other factors, including a variety of method 

artifacts (see Leising et al., 2020, for a related review). Informed by other literatures, 

this paper uses multitrait-multimethod modeling to test the degree to which general 

factors of psychopathology are robust when using multiple informants to rate a target’s 

psychopathology.

One reason the p-factor might not be robust is that a particular method artifact, evaluative 
consistency bias, is likely to be a source of systematic variance in general factors of 

psychopathology. Evaluative consistency (or halo) bias refers to the tendency to rate oneself 

or someone else more positively or negatively than is warranted across a wide range of 

characteristics. It has been demonstrated in ratings of personality and other characteristics 

(Anusic et al., 2009; Feeley, 2002; Forgas & Laham, 2017). Socially desirable responding 

is related to evaluative consistency bias but is narrower in scope because socially desirable 

responding entails only the tendency to report overly positive evaluations.

When a person exhibits evaluative consistency, they do not necessarily respond to all items 

in the extreme, but their ratings are systematically biased away from the true response 

in the desirable or undesirable direction. For instance, a teacher who is prone to view a 

student in an overly negative light may report that the student exhibits some level of a broad 

swath of psychopathology features that span higher-order externalizing and internalizing 

1We use “p-factor” to refer to the theoretical construct and “general factor of psychopathology” to refer to general factors extracted in 
a statistical model to avoid conflating theoretical and statistical constructs (Watts et al., 2020).
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dimensions – sadness, emotional outbursts, anxiety, conduct problems, aggression, and so 

on – even though in reality the child displays conduct problems and aggression but not 

mood or anxiety problems. The presence of raters who exhibit evaluative consistency, 

regardless of whether the bias is toward identifying desirable or undesirable characteristics, 

tends to produce a positive manifold and less differentiated higher-order dimensions (e.g., 

externalizing, internalizing; see Forgas & Laham, 2017, for a recent review of empirical 

findings).

The hypothetical example of the teacher bears clear relevance to the p-factor, which is 

often claimed both to cause a positive manifold in psychopathology data and to reflect 

the source of the correlation between higher-order psychopathology dimensions (Caspi et 

al., 2014; Lahey et al., 2012). Given that a substantive p-factor and evaluative consistency 

bias would tend to generate very similar statistical phenomena, determining whether general 

factors of psychopathology are probably substantive requires a measurement design that 

can remove evaluative consistency bias. Here, we use multitrait-multimethod modeling 

(MTMM; Campbell & Fiske, 1959) to incorporate multiple perspectives on the same target 

participant. Using multiple informants and modeling each construct as the shared variance 

of multiple informants’ ratings reduces the influence of evaluative consistency bias from 

any given informant on structural models (Chang et al., 2012; Eid et al., 2008). In this 

respect, one value of using MTMM modeling approaches lies in the ability to compare 

them to mono-informant models. If empirical support for the p-factor is more robust in 

mono-informant models relative to MTMM models, it suggests that general factors of 

psychopathology arise, at least in part, from evaluative consistency bias.

Disentangling Substance and Style in Structural Models

The foundations of MTMM modeling were strongly influenced by Garner and colleagues’ 

(1956) concept of “converging operations,” whereby convergence across informants more 

closely approximates reality, or reflects a more accurate (bias-free) judgement of the 

construct of interest. Campbell and Fiske’s (1959) extension of Garner and colleagues’ 

concept further assumes that a score on any measure reflects the construct of interest plus 

systematic method-specific influences (plus random error), and that two or more methods 

are necessary to differentiate trait and method. Multi-informant models fall under the 

umbrella of MTMM models, which include substantive (trait) factors that include variance 

shared across all informants, as well as informant-specific sources of variance either in the 

form of factors (Figures 1a-b) or correlated errors (Figure 1c). Informant-specific factors are 

thought to capture bias, or variations in one’s report of the target construct that is completely 

independent from one’s true levels of the construct.

The present study was inspired by the general personality literature and its application of 

MTMM modeling to explore the role of evaluative consistency bias in structural models 

of personality. In mono-informant designs (e.g., self-report), higher-order factors of the 

Big Five personality dimensions (labeled Alpha and Beta or Stability and Plasticity) are 

moderately correlated (rs generally between .4 and .6; e.g., (Biesanz & West, 2004; 

DeYoung, 2006; Digman, 1997), which means that a general factor of personality can be 

modeled above them to account for that correlation. The seminal paper on the general factor 
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of personality (Musek, 2007) inspired a slew of papers arguing that the general factor of 

personality reflects a substantive mechanism that is associated with increased self-esteem, 

popularity, likeability, and well-being, among others. Multiple groups of researchers have 

converged on the theory that the general factor of personality is a heritable dimension of 

evolutionarily adaptive social effectiveness (Rushton & Irwing, 2011; van der Linden et al., 

2017).

Along with arguments that the general factor of personality reflects a robust, meaningful 

mechanism integral to human functioning came skepticism (Chang et al., 2012; Hopwood 

et al., 2011; Revelle & Wilt, 2013). A major debate in the literature surrounded whether 

correlations among the Big Five and their higher-order dimensions are artefactual and 

driven by correlated measurement error arising from evaluative consistency bias (Biesanz 

& West, 2004). Perhaps the death knell for the general factor of personality was three 

complementary sets of findings. First, in MTMM models, the two higher-order factors of 

the Big Five are essentially uncorrelated (rs ≈ .00 - .10), whereas the Big Five dimensions 

within each higher-order factor remain moderately intercorrelated (Chang et al., 2012; 

DeYoung, 2006).2 Second, Revelle and Wilt (2013) concluded that a general factor that 

explains only around 50 percent of the variance in personality is inadequate for a supposedly 

“general” dimension. Third, in a comprehensive analysis of multiple personality inventories, 

Hopwood and colleagues (2011) found substantively different general factors depending on 

the instrument. They concluded that covariation among various personality traits cannot be 

represented by a single construct (i.e., a general factor), and that any general factor from a 

given study is probably sample-, method-, and measure-specific. At this point, the general 

factor of personality is widely regarded as an artifact of evaluative consistency bias, among 

other method artifacts (Bäckström & Björklund, 2021; Hopwood et al., 2011; Leising et al., 

2020).

Sources of Variance in Multi-informant Models of Psychopathology

As with personality, there are at least two reasons to suspect that general factors of 

psychopathology may be caused by evaluative consistency bias. First, psychopathology, 

in part, reflects variation in general personality traits (e.g., Suzuki et al., 2015), so 

relatively stable tendencies toward personality and psychopathology can be described by 

the same basic dimensions (Krueger & Tackett, 2003; Widiger et al., 2019). In fact, 

because psychopathology reflects undesirable and dysfunctional behavior and experience, 

psychopathology ratings may be even more prone to evaluative consistency bias than 

personality ratings. Second, researchers have simultaneously modeled general factors of 

personality and psychopathology in adults and found that they are highly correlated 

(Littlefield et al., 2021; Oltmanns et al., 2018).

2Studies of the general factor of psychopathology typically rely on bifactor models, whereas studies of the general factor of 
personality often rely on higher-order models. Bifactor and higher-order models differ conceptually. Higher-order models contain 
second-order factors that explain the covariation among first-order factors that explain covariation among their constituent indicators. 
Bifactor models explain covariation among all indicators, and additional, narrower (specific factors) explain additional covariation 
among subsets of indicators. Though these models are conceptually different, they appear to produce general factors that are highly 
congruent (Clark et al., 2021; Forbes et al., 2021).
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That general factors of psychopathology may be prone to capturing evaluative consistency 

bias is especially concerning given that most studies that model a general factor of 

psychopathology incorporate data from only one informant. Typically, mono-informant 

models incorporate self-reports or clinical interviews in studies of adults, and parent reports 

in studies of children (Achenbach, 2020). Although each of these sources are probably 

useful, studies that rely on reports of psychopathology from multiple informants reveal 

that informants rarely agree in terms of their perception of the target’s psychopathology 

(De Los Reyes et al., 2013, 2019). In fact, no informant’s report is fully redundant with 

another’s. Meta-analytically, agreement for child behavior problems across informants (e.g., 

parent-teacher, parent-clinician) tends to be moderate (rs ≈ .20-.30), though agreement 

among pairs of informants who observe the child in the same context (e.g., two parents at 

home, two teachers at school) tends to be stronger (r =.60; for reviews, see: Achenbach et 

al., 1987; De Los Reyes et al., 2015). Further, cross-informant agreement appears to vary as 

a function of observability, with agreement being slightly more pronounced for externalizing 

compared with internalizing (rs = .41 and .32, respectively).

Even though the general personality literature tends to interpret informant disagreement 

as reflecting mostly bias, there is often unique valid variance in different informants’ 

personality ratings as well (Connelly & Ones, 2010; Jackson et al., 2015), and this is 

also probably true in psychopathology ratings. Further, in developmental psychopathology 

research, informants are often recruited systematically from different contexts (e.g., parents, 

teachers). This is different from typical multi-informant personality research, in which 

informants often include a mix of people with a variety of relationships to the target. 

Thus, context is typically more important in developmental psychopathology, and it is 

well established that informant discrepancies to some extent reflect contextual variation in 

domain-relevant behaviors, or “situational specificity” (Achenbach et al., 1987). Children 

often behave differently across their social contexts, and informants interact differently with 

children, so the informants embedded in these contexts have unique opportunities to observe 

their behavior (Achenbach et al., 1987). For example, certain behaviors (e.g., disruptive 

behaviors, inattention, social anxiety) may manifest most strongly in more structured 

environments like classrooms, so they are more likely to get flagged by teachers than parents 

(e.g., Barkley, 2003).

If children exhibit certain forms of psychopathology more in some settings than in others, 

it will give rise to a substantively meaningful discrepancy between parent- and teacher-

reported psychopathology. De Los Reyes and colleagues (2009) found that parent reports 

of preschoolers’ disruptive behavior often disagreed with reports completed by teachers, 

such that each endorsed disruptive behavior that the other did not endorse. In this study, 

children’s disruptive behavior was also indexed using an independent, contextually sensitive 

observational paradigm, and within this paradigm children tended not to display disruptive 

behavior in contexts where informants did not report elevations. Also, other studies have 

shown that adolescents are at increased risk for developing substance use problems when 

parents claim to have more knowledge of their children’s activities than children say they 

have (Lippold et al., 2013), and youth who self-report lower levels of anxiety than their 

parents report tend to experience poorer treatment outcomes (Becker-Haimes et al., 2018).
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Importantly, the unique variance attributable to each informant is consistently associated 

with theoretically relevant external criteria, above and beyond what is shared across 

informants and what is unique to other informants. Youth, parent, and confederate 

reports of adolescent social anxiety have demonstrated incremental validity above and 

beyond one another in the statistical prediction of behavioral indicators during social 

interaction tasks, whether the adolescent received mental health services, clinical severity, 

and the like (Cannon et al., 2020; Glenn et al., 2019; Makol et al., 2020, 2021). Also, 

informant divergence is associated with poorer outcomes for certain domains. In sum, if 

children’s psychopathology manifests differently in different contexts (e.g., school vs. peer 

interactions), informant-specific factors in a MTMM probably reflect genuine variance in 

psychopathology as well as bias when informants systematically have access to different 

contexts. Thus, finding that general factors remain in MTMM models of psychopathology 

provides fairly clear evidence for the existence of those factors, but finding that they do not 

remain or are weakened comes with some ambiguity about whether the variance removed is 

bias or substance.

Present Study

Typical MTMM approaches with multiple informants cannot readily adjudicate between 

these competing interpretations of informant-specific factors. Nevertheless, without the 

use of MTMM modeling, we cannot readily determine whether general factors of 

psychopathology are potentially due to evaluative consistency bias. To our knowledge, at 

least thirteen studies have extracted general factors of psychopathology using data from 

multiple informants. Eight studies claimed to find a strong general factor indicated by 

psychopathology across informants but none modeled informant-specific factors (Allegrini 

et al., 2020; Brandes et al., 2019; Castellanos-Ryan et al., 2016; Hamlat et al., 2019; Jenness 

et al., 2020; Lahey et al., 2018; Neumann et al., 2016; Riem et al., 2019; Weissman et al., 

2019). Omitting these method factors can artificially inflate the strength of the substantive 

factors (Geiser & Lockhart, 2012). Nevertheless, three studies modeled informant effects 

and again found a reasonably strong general factor (Oltmanns et al., 2018; Sallis et al., 2019; 

Snyder et al., 2017), so it is probably unrealistic to anticipate that empirical support for the 

p-factor will completely vanish in a MTMM model.

What previous studies lack is systematic examination of whether empirical support for 

the p-factor diminishes when comparing mono- to multimethod structures. We compared 

mono-and multi-informant structures for two models relevant to the p-factor, (1) a correlated 

factors model with externalizing and internalizing factors and (2) a bifactor model with 

a general factor and externalizing and internalizing specific factors. We conceptualized 

empirical support for the p-factor as follows:

1. The correlation between externalizing and internalizing factors (e.g., Lahey et al., 

2012).

2. The proportion of variance explained in psychopathology indicators by a general 

factor of psychopathology (Watts et al., 2020).
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3. The range in loadings on a general factor of psychopathology (i.e., how well it is 

represented by psychopathology indicators; Watts et al., 2019, 2020).

If general factors of psychopathology do not contain variance that arises from evaluative 

consistency bias, all of the following should occur when we compare multi-informant 

models to mono-informant models:

1. The externalizing-internalizing correlation should not become attenuated.

2. The general factor should explain an equivalent amount of variance in its 

indicators.

3. The range in loadings on the general factor should not widen.

We gathered existing data where broadband psychopathology assessment was available for 

three or more informants, with the aim of identifying samples with identical assessments of 

psychopathology to rule out variation in instruments as a contributor to different findings 

across samples. To examine replication across independent samples, we used three samples 

of youth – the Adolescent Brain and Cognitive Development Study, the Healthy Brain 

Network, and the National Institute of Child Health and Human Development Study of Early 

Child Care and Youth Development – for which 3 informants completed the widely-used 

Achenbach System of Empirically Based Assessment (ASEBA) School-Age Instruments 

(e.g., Child Behavior Checklist [CBCL]; (Achenbach, 2009). We relied on youth samples 

for a practical reason: Reports from multiple informants are often incorporated in structural 

models of child psychopathology, whereas it is rare to find samples of adults for whom 

psychopathology was assessed with three or more informants.

Methods

Participants and Procedure

We used data from 3 community-based samples of children and adolescents, the (1) 

Adolescent Brain and Cognitive Development Study (ABCD, n = 2119), (2) Healthy Brain 

Network (HBN, n = 303), and (3) two waves of the National Institute of Child Health 

and Human Development Study of Early Child Care and Youth Development (NICHD 

SECCYD, ns = 592, 672).3 Written informed consent was obtained from participants ages 

18 and older, and written consent was obtained from their legal guardian and written assent 

from the participant when participants were younger than 18. Table S2 displays an array of 

demographic information for each sample.

ABCD.—Participants were drawn from the 6-month follow-up wave of the ACBD Study 

(Data Release 2.0), a sample of 11,872 9- and 10-year-olds from the U.S. The ABCD study 

is a collaboration between 21 sites across the U.S. (Jernigan et al., 2018). We used the 

subset of the 6-month follow-up data with child-, parent-, and teacher-reports were available 

3Because we do not own these data, we cannot make them publicly available. Researchers interested in accessing these data can apply 
at the following links (ABCD: https://nda.nih.gov/abcd, HBN: http://fcon_1000.projects.nitrc.org/indi/cmi_healthy_brain_network/
Pheno_Access.html, NICHD SECCYD: https://www.icpsr.umich.edu/web/ICPSR/series/00233). To facilitate reproducibility, our OSF 
page (https://osf.io/hvskz/) includes a data dictionary of all indicators used (Table S1), correlation matrices of all indicators used here 
(Table S3), and model scripts and outputs.
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(n = 2119). Children were aged 9 through 12 (M = 10.98, SD = .63); 52% identified as 

female, and 66% identified as White, 8% as Black, 2% as Asian, 10% as Other, and 14% as 

Hispanic. See Table S2 for a breakdown of household income.

HBN.—The Child Mind Institute’s HBN consortium (Alexander et al., 2017) is an ongoing 

initiative that aims to create and share a biobank of data from 10,000 New York area 

children. We used the subset of HBN (n = 303) where self-, parent-, and teacher-report data 

were available at the time of data analysis. Children included in this subset were aged 10 to 

17 (M = 13.6, SD = 1.92); 38% identified as female, 49% as White, 14% as Black, 18.2% 

as Hispanic, 3% as Asian, and 23.5% as Biracial or Other. See Table S2 for a breakdown of 

household income.

NICHD SECCYD.—The NICHD SECCYD began recruitment of 1,364 families in 1991, 

from hospitals located in 10 cities across the US (NICHD Early Child Care Research 

Network, 2005). Children completed assessments when they were 1, 6, 15, 24, 36, and 54 

months old, when they were in kindergarten and grades 1 to 6, and at age 15 years. We used 

assessments from grade 6 and age 15 to maintain compatibility in terms of average sample 

age with those of HBN and ABCD. We used the subsets of data where ratings from both 

parents (or primary caregivers) and a teacher were available at grade 6 (n = 592), and from 

both parents and the child at age 15 (n = 672). At the Grade 6 wave, children were aged 11 

through 13 (M = 11.34, SD = .48); 50% identified as female, 86% as White, 8% as Black, 

1% as Asian, 5% as Other, and 6% as Hispanic. The mean household income at this wave 

was $94,586 (SD = $74,730). At the Age 15 wave, children were aged between 14 and 15 

(M = 14.42, SD = .49); 48% identified as female, 87% as White, 8% as Black, 1% as Asian, 

4% as Other, and 6% as Hispanic. The mean household income at this wave was $116,013 

(SD = $111,235).

Psychopathology Assessment and Modeling

Each of the samples we used included the ASEBA School-Age Instruments, which are 

widely used, standardized assessments designed to assess emotional, social, and behavioral 

problems in school-age children (Achenbach, 2009). These instruments include CBCL 

completed by parents (113 items), Youth Self Report (YSR) completed by youth (112 

items), and Teacher Report Form (TRF) completed by teachers (113 items). There is also 

the abbreviated Brief Problem Monitor (BPM), which includes a version for each type of 

informant (19 items for children and parents, 18 items for teachers). All BPM items are 

drawn from their longer-form ASEBA counterparts. Across all instruments, items are rated 

using a 3-point Likert-type response format (not true, sometimes true, very/often true).

Samples differed in terms of specific assessments available (see Table S4 for an outline of 

the assessments available for each sample). For instance, in ABCD, parents completed the 

CBCL, whereas children and teachers completed the abbreviated BPM. All other samples 

included the long form measures for informants (YSR, CBCL, and TRF). We elected to use 

the 19 items (18 for teachers) from the BPM for the following reasons. First, because of the 

length of the long form variants of the ASEBA scales (e.g., YSR, CBCL, TRF), modeling 

their item-level MTMM structure was not possible (i.e., the models do not converge). 
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Second and relatedly, we could not model ASEBA subscales across samples because the 

BPM does not yield subscale scores.4 Third, modeling BPM items allowed us to maintain 

compatibility across samples in terms of identical assessment.

The BPM contains items assessing internalizing (6 items), externalizing (7 items for children 

and parents, 6 for teachers), and attention problems (6 items), but not thought problems. The 

omission of thought problems items precluded our ability to model a higher-order thought 

problems factor. Also, although the ASEBA instruments do not include Attention Problems 

items in the Externalizing composite, we elected to model attention problems items with 

externalizing given that attention-deficit/hyperactivity disorder is widely regarded as a robust 

marker of child externalizing (e.g., Tackett et al., 2014). Other researchers have similarly 

used ASEBA Attention Problems as markers of externalizing, and they loaded strongly onto 

an externalizing latent factor (e.g., Laceulle et al., 2015).5

Linear Mixed Effects Models

We conducted linear mixed models to examine mean-level differences in externalizing and 

internalizing across informant type using R version 4.0.2 and the gamm4 (Wood & Scheipl, 

2020) and emmeans (Lenth, 2021) packages. We included composite scores of externalizing 

and internalizing (reflected as the mean of the score for each item within the composite) 

as dependent variables. We began with an omnibus test with psychopathology composite 

(collapsed across externalizing and internalizing) as the dependent variable; informant type, 

psychopathology, and sample as fixed effects; and site as a random effect to account for 

nonindependence among observations collected at the same location. There were significant 

main effects for sample (F = 242.26, p<.001, dfs = 3, 22085), informant type (F = 149.83, 

p<.001, dfs = 4, 22085) and psychopathology type (F = 336.32, p<.001, dfs = 1, 22085; 

Table S6), so we then conducted linear mixed effects models (1) within sample and across 

informant types to test for mean differences across informant type, and (2) across samples 

and within informant type to test for mean differences across samples and within informant 

type. We conducted these tests for externalizing and internalizing separately.

Multitrait-Multimethod Models

A wide array of MTMM models have been developed for use in confirmatory factor analysis 

(CFA). As we noted earlier, this study treats each informant as a different method. Most 

all of the widely used MTMM models have been criticized for one or more reasons 

(Eid et al., 2003, 2008; Lance et al., 2002), so we fit a number of them for the sake of 

comprehensiveness, to minimize the problems associated with any given model, and to 

examine the robustness of our conclusions across models:

1. Correlated traits, correlated methods (CTCM, Figure 1a). The CTCM model 

decomposes an observed trait into three components: trait, method, and a 

residual component that is independent of the trait and method components. 

4For the sake of comprehensiveness, we fit subscale-level MTMM models in HBN and NICHD SECCYD (see Table S5). Major 
findings were consistent across item- and subscale-level models, but the subscale-level models fit poorly, further justifying our use of 
the BPM items.
5We also conducted all analyses with Attention Problems items excluded. The latent correlation between externalizing and 
internalizing did not vary as a function of whether attention problems items were included in the model (Figure S1, Table S8).

Watts et al. Page 9

Clin Psychol Sci. Author manuscript; available in PMC 2022 September 08.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



It also includes one method factor per informant, with all psychopathology 

indicators within-informant loading onto them. Method factors are allowed 

to correlate. An advantage of the CTCM model is that it accommodates the 

possibility that two people (e.g., parents) provide correlated ratings above and 

beyond what is captured in the common trait factors, but it is often associated 

with estimation issues. Also, even when the CTCM model produces a solution 

that converges, method factors tend to absorb trait variance, which weakens the 

trait factors (Lance et al., 2002).

2. 2. Correlated traits, orthogonal methods (CTOM, Figure 1b). The CTOM model 

is nearly identical to the CTCM model, but the method factors are uncorrelated. 

Major advantages of the CTOM include that it has fewer estimation problems 

than the CTCM model, yields unique informant factors, and better differentiates 

trait and method effects. The CTOM model is conceptually similar to Kraemer’s 

“satellite method” (2003), which extracts principal components for the trait of 

interest and each informant (setting aside differences between factor analysis 

and principal components analysis), and Bauer and colleagues’ (2013) trifactor 

model, which specifies orthogonal informant factors.

3. 3. Correlated traits, correlated uniquenesses (CTCU, Figure 1c). In lieu of 

method factors, the CTCU model allows for correlated residuals (uniquenesses) 

among indicators within but not across informants. The CTCU model therefore 

is more agnostic with respect to the dimensionality of method effects given that 

the CTCM and CTOM models assume they are unidimensional. The CTCU 

model has been criticized because it produces upwardly biased estimates of trait 

factor loadings and does not directly estimate method variance (e.g., Lance et al., 

2002).

4. 4. M-1 models. Extensions of the CT-CM and CT-OM models, the CT-CM 

minus one (M-1) and CT-OM minus one models (Eid et al., 2003), claim to 

resolve identification issues associated with CTCM models because they contain 

one less informant factor than informants. One method (e.g., mother-report) is 

chosen as the reference method and its respective method factor is dropped 

from the model. Functionally, indicators of the dropped method factor define 

the substantive (trait) factors and serve as the comparison standard by which all 

other methods (e.g., father-report, teacher-report) are compared. For example, if 

the mother’s method factor is dropped, the externalizing and internalizing factors 

are defined by the mother’s externalizing and internalizing ratings. Because there 

is no obvious a priori referent informant (De Los Reyes, 2011), we tested all 

possible CT-CU/OM minus one models.

In addition to correlated traits models, we tested bifactor models to explicitly model a 

“general” psychopathology dimension, given recent interest in bifactor models and despite 

criticisms of them (Bonifay et al., 2017; Watts et al., 2019). These models included general 

factors, two specific factors for externalizing and internalizing, and either method factors or 

correlated uniquenesses between items within informants (Figures 1d-f). Across all MTMM 
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models tested, trait and method factors were orthogonal to disentangle trait and method 

variance.6

Confirmatory Factor Analyses

We conducted all CFAs using Mplus version 8.4 (Muthén & Muthén, 1998-2017). Because 

each of the datasets we used are drawn from large, multi-site efforts, we accounted for 

the complex survey design. In HBN and NICHD SECCYD, we clustered by site. In 

ABCD, we treated site as a stratum variable and further clustered by family to account 

for nonindependence of siblings within families.

We estimated CFAs with WLSMV, a robust estimator that provides the best option for 

modeling ordinal data (Muthén & Muthén, 1998-2017), and with latent factor means fixed 

to 0 and variances to 1. We considered the following goodness-of-fit statistics to evaluate 

model fit: the Comparative Fit Index (CFI), the Tucker-Lewis index (TLI), and the root mean 

square error of approximation (RMSEA). Although we present χ2 values, their p values, and 

their degrees of freedom, we did not use them to determine adequacy of model fit because 

χ2 significance tests are highly sensitive to sample size and would be virtually certain to 

be rejected in our larger samples. Instead, the fit of a single model was evaluated using 

the combination of CFI, TLI and RMSEA. To characterize factor similarity across MTMM 

models, we report Tucker’s phi (Φ). Like a correlation coefficient, Φ ranges from −1 to +1.

Results

Cross-informant Agreement on Psychopathology

Mean-level agreement.—Informants reported higher levels of externalizing compared 

with internalizing, but there was significant variability in reported mean levels of 

externalizing across informants (Tables S6, S7). Children tended to report higher levels 

of externalizing compared with parents (including when mothers and fathers served as 

separate informants; Cohen’s ds ranged from .08 to .95). Also, children and parents reported 

higher levels of externalizing than teachers (Cohen’s ds for children vs. teachers ranged 

from .15 to .19; parents vs. teachers ranged from .04 to 23), though all mean differences 

were relatively small in magnitude with one exception: differences in externalizing ratings 

across children and parents were especially pronounced in NICHD SECCYD Age 15 (ds 

ranged from .91 to .95; see for a review of cross-informant agreement). Mothers and fathers 

reported comparable levels of externalizing (ds ranged from .01 to .04). In contrast with 

externalizing, there were no differences in mean levels of internalizing across informants 

(ds ranged from .01 to .07, excluding NICHD SECCYD Age 15), with the exception that 

6We also tested models with symptom-specific latent factors where each symptom was modeled as a latent factor using each 
informant’s rating of that item as indicators. These latent item variables then served as indicators of higher-order externalizing or 
internalizing factors. That is, the substantive (trait) portions of the MTMM models reflected a higher-order structure with observed 
items, intermediate symptom-specific latent factors, and higher-order factors indicated by the symptom-specific factors, as opposed to 
a structure where items loaded directly onto the substantive factors. These models often failed to converge. Many of the item-specific 
latent factors’ variances were negative, and models would not converge unless they were constrained to be positive, so we elected not 
to present these models here. Generally, they showed similar results to models presented here, with significant correlations between 
internalizing and externalizing that were weaker than the corresponding mono-method correlations. See the OSF page for model 
outputs.
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children reported higher levels than mothers and fathers in NICHD SECCYD Age 15 (ds 

ranged from .37 to .39).

Correlational agreement.—To examine convergent and discriminant associations 

among latent psychopathology factors and informants (convergent: same factor, different 

informants; discriminant: different factors, different informants), as well as the presence of 

method variance, we estimated confirmatory factor models with two factors (externalizing 

and internalizing) and for each informant (Table S7). We allowed all factors within 

and across informants to correlate and did not model method factors (see Figure S2). 

Homotrait-heteromethod correlations (i.e., interinformant agreement) were generally strong 

(externalizing range: from .40 to .76, mdn = .49; internalizing range: from .30 to .74, mdn 

= .46); homotrait-heteromethod correlations generally exceeded heterotrait-heteromethod 

correlations, which were small to moderate on average (range: −.10 to .39, mdn r = .27); 

and heterotrait-homomethod correlations (mdn r = .62) generally well exceeded heterotrait-

heteromethod correlations (mdn r = .27).

Adjudicating Multi-informant Models

The CTCU, CTCM, and CTOM models fit the data well, whereas the M-1 models did not 

(Table S8). Because we tested several multi-informant models, we compared them in terms 

of whether they converged on the same general patterns of effects with respect to: (a) the 

latent externalizing-internalizing correlation and (b) the extent to which the general factor 

in a bifactor model was well-represented by its indicators. Doing so led us to rule out the 

CTCM models because they tended to yield relatively anomalous results compared with the 

other multi-informant models (Figure 2; see also Lance et al., 2002).

We also ruled out the M-1 models for two major reasons. First, they fit the data poorly in 

both a relative and absolute sense (based on CFI, TLI, RMSEA, and WRMR), particularly 

in comparison with their counterpart CTCM and CTOM models. Second, the contents of 

the general factors from the bifactor models shifted based on the informant.7 As is intended 

with M-1 models, substantive factors were defined by whichever informant was chosen 

as the referent informant and were generally underrepresented by the other informants. 

Considering that there is no clear a priori referent informant in child psychopathology data 

(De Los Reyes, 2011), we viewed such shifting in the contents of latent psychopathology 

dimensions as concerning.

This left us to consider the CTCU and CTOM models. These models are conceptually 

similar insofar as they do not allow for cross-method covariance. Both models yielded 

similar externalizing and internalizing factors (Φs ranged from .92 to 1.00), as well as 

general factors (Φs were 1.00 for all samples but HBN, which was .70). We elected to 

move forward with the CTOM model for three reasons. First, whether there is a clear reason 

to think the CTCU model is preferable to the CTOM depends on one’s priors regarding 

7The correlations between latent externalizing and internalizing factors in the M-1 models were comparable to those of the other 
MTMM models, with the exception of the CTCM model (see Table S8). Also, general factors from the M-1 models were not 
necessarily general, and instead were essentially defined by the items from the rater who was chosen as the referent (i.e., the rater 
whose method factor was dropped; Table S10).
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the dimensionality of the rater bias of interest. CTOM models are most appropriate in this 

context given that evaluative consistency bias is conceptualized as unidimensional. Second, 

the CTOM model is conceptually most compatible with other widely used methods to model 

multi-informant youth psychopathology data (e.g., Bauer et al., 2013; Kraemer et al., 2003; 

Makol et al., 2020).8 Results for all multi-informant models are reported in Tables S8-11.

Correlated Externalizing and Internalizing Factors across Mono- and Multi-informant 
Structures

Figure 2 displays the latent externalizing and internalizing correlations across mono- and 

multi-informant models. In mono-informant models, externalizing and internalizing factors 

were strongly represented by their items (Table S9; median loadings on externalizing factors 

= .75, internalizing factors = .76). Externalizing and internalizing were moderately to highly 

correlated, but their correlation varied across informants and datasets (rs ranged from .37 

[HBN teacher report] to .90 [NICHD SECCYD age 15 teacher report], median = .62). In 

CTOM models, externalizing and internalizing were again moderately to highly correlated, 

although the magnitude of the correlation was generally attenuated compared with those of 

the mono-informant models (rs ranged from .44 to .60, median = .50).

Whether the CTOM externalizing-internalizing correlation was attenuated relative to mono-

informant correlations again depended on the dataset and informant. For instance, in 

ABCD and HBN, the CTOM externalizing-internalizing correlation (rs were .44 and 

.36, respectively) was significantly lower than the mono-method correlations of all three 

informants (ABCD rs ranged from .51 to .71; HBN rs ranged from .41 to .59). In NICHD 

SECCYD grade 6 and age 15, however, the CTOM externalizing-internalizing correlation 

(rs were .57 and .60, respectively) was only significantly lower than the correlation for one 

informant, the father (rs were .68 and .79). In these two datasets, the CTOM correlation was 

actually higher than those for other informants, such as teachers at grade 6 (r = .48) and 

children at age 15 (r = .45).

General Factors of Psychopathology across Mono- and Multi-informant Structures

Figure 3 displays density plots of general factor loadings across mono- and multi-informant 

models. Mono- and multi-informant bifactor models fit the data well (Table S8). In mono-

informant models, general factors were strongly represented by their items (median λs 

ranged from .50 [HBN parent] to .79 [ABCD teacher]), with no appreciable differences 

in loading magnitudes across externalizing and internalizing. Explained common variance 

(ECV) in each general factor was high, ranging from .53 (HBN, teacher) to .80 (father, 

NICHD SECCYD Age 15) across informants and samples (Table S11). In the CTOM 

models, loadings on the general factor were lower on average relative to the mono-informant 

models (median λs ranged from .20 [HBN] to .54 [NICHD SECCYD grade 6]). In contrast 

with the mono-informant models, ECV for general factors in the CTOM models was low, 

ranging from .20 (HBN) to .46 (NICHD SECCYD Grade 6).

8The CTCU model fit slightly better than the CTOM model but this is not all that surprising because it is inherently more flexible. As 
we mentioned, there is no clear conceptual reason to think the CTCU model is conceptually superior to the CTOM model (Lance et 
al., 2002).
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General factor loadings also varied as a function of psychopathology dimension such that 

they were well-represented by externalizing items (median λs ranged from .25 [HBN] to .59 

[NICHD SECCYD grade 6]) and underrepresented by internalizing items (median λs ranged 

from .01 [HBN] to .34 [NICHD grade 6]). Thus, to summarize general factors as accounting 

for up to 46% of the variance in psychopathology is somewhat misleading. On average, 7 

to 15% of the variance in internalizing items was explained by the general factors across 

samples, whereas 14 to 36% of the variance in externalizing items was explained (HBN 

was the outlier; the other samples hovered around 30%). There were two exceptions worth 

noting: The general factor in HBN tended was not represented by attention-problems items, 

and two internalizing items probing depression and feelings of worthlessness tended to load 

fairly strongly on the general factor (median λ across samples was .45).9

Discussion

On balance, we found mixed empirical support for a substantive p-factor when using 

a multi-informant design. The correlation between latent externalizing and internalizing 

factors remained significant but was generally lower in multi-informant models compared 

with mono-informant models (see also Clark et al., 2021). The differences in these 

correlations between mono- and multi-informant models were nevertheless modest. Also, 

though general factors were strong in mono-informant models, they were not necessarily 

“general” in the multi-informant models (Revelle & Wilt, 2013): they explained less than 

47 percent of the variance in psychopathology indicators, most of which was attributable to 

externalizing as opposed to internalizing.

That our multi-informant general factors of psychopathology were not all that “general” 

and largely reflected externalizing is noteworthy because they are incompatible with most 

other published general factors of psychopathology. Across studies, general factors of 

psychopathology have tended to be more strongly indicated by thought problems10 or 

internalizing than by externalizing (see Watts et al., 2020, for a review). Nonetheless, 

general factors of psychopathology do not replicate very strongly across studies (ICC 

across 15 studies = .24; Watts et al., 2020), so the relative contribution of externalizing 

and internalizing to general factors probably also depends on the population examined 

and the measure being modeled (see also Hopwood et al., 2011). Given that different 

assessments can produce different general factors, it is especially noteworthy that our 

multi-informant general factors even differ from mono-informant models derived from 

the CBCL and its variants (e.g., Noordhof et al., 2015). Mono-informant general factors 

of psychopathology derived from the CBCL and its variants tend to be fairly similarly 

indicated by externalizing and internalizing, with some shifts in indicator representation 

9Attention problems items across all informants did not strongly indicate the CTOM general factors in HBN, and child-reported 
attention problems did not strongly indicate the general factors in NICHD SECCYD Age 15. When we dropped attention problems 
items from all multi-informant models, our conclusion remained the same: general factors were strongly represented by externalizing 
but not internalizing (Table S10).
10A reasonable criticism of our study is that we did not model thought problems indicators, which tend to be strong markers of 
general factors of psychopathology (e.g., Caspi et al., 2014), though many other studies do not include them (e.g., Lahey et al., 2013). 
In subsidiary analyses, we modeled CTOM models using CBCL subscales in HBN and NICHD SECCYD. As Table S11 displays, 
Thought Problems tended not to strongly mark our general factors, again reinforcing that our multi-informant general factors are 
discrepant from most of the published literature.
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across studies. Thus, the differences we observed between our mono- and multi-informant 

general factors are probably not exclusively caused by measurement or sampling differences.

Interpreting Multi-informant Structures of Psychopathology

Our multi-informant general factors of psychopathology are open to several interpretations, 

among which we cannot entirely adjudicate. As in the general personality literature, and 

like the modal researcher who uses MTMM modeling, we could interpret our findings 

strictly through the lens of MTMM assumptions (Campbell & Fiske, 1959; Garner, 1956) 

and conclude that only cross-informant factors contain the substantive variance of interest. 

In this interpretation, informant-specific factors are not considered to be relevant to the 

construct of interest, because they reflect largely error and various rater biases, such as 

evaluative consistency bias. From the perspective of these assumptions, the fact that we did 

not consistently find a truly general factor of psychopathology but did find that externalizing 

and internalizing factors were substantially correlated across informants somewhat indicates 

that general factors in mono-informant models are inflated by evaluative consistency and 

other biases.

But there are compelling challenges to that line of reasoning. As we noted earlier, method 

factors may represent valid incremental variance as well as bias (Connelly & Ones, 

2010; Jackson et al., 2015). By definition, bias consists of systematic variation that is 

irrelevant to the construct assessed (Millsap, 2012). Nevertheless, an informant’s report 

that disagrees with other informants’ reports may nonetheless provide clinically useful 

information (Meehl, 1945). For instance, if a client perceives themselves as having a broad 

array of psychopathology, even if that is not substantiated by clinical interview or by their 

peers, it is probably an important indicator of the client’s experience, perhaps reflective 

of real distress or impairment. We cannot necessarily assume that observed disagreements 

among informants should be dismissed as meaningless artifacts, given that they may harbor 

important clinical meaning. Individuals know things about themselves that others do not, 

and vice versa (Connelly & Ones, 2010).

In developmental psychopathology, the fact that different informants provide incremental 

validity appears to reflect systematic contextual variation in the expression of 

psychopathology (Achenbach et al., 2017; De Los Reyes, 2011; De Los Reyes & Makol, 

2021). Therefore, our cross-informant factors in MTMM models of psychopathology may 

miss some important valid variance (c.f., Bauer et al., 2013; Campbell & Fiske, 1959) 

because they capture sources of variance shared across contexts and omit those specific to 

individual contexts. The fact that we did not find strong cross-informant general factors 

of psychopathology may indicate that there may be certain situations that evoke both 

externalizing and internalizing psychopathology, but that they do not jointly manifest across 

contexts in a consistent and systematic manner.

In our data, there are findings that bear directly on the question of whether contextual 

variation is likely to be present, namely the pattern of mono-informant correlations between 

internalizing and externalizing (Figure 2). Contextual variation is due to the fact that 

different informants see the target in different contexts. Nevertheless, one informant (the 

self) sees the target in all contexts. This implies that, to the extent that the nonshared 
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variance among the informants reflects real psychopathology variance, the correlation 

between internalizing and externalizing should be stronger in self-ratings than in parent 

and teacher ratings. This is the case in ABCD and HBN, but it is not the case in the NICHD 

SECCYD Age 15 data, where the self-ratings show a considerably lower correlation than the 

other informants’ ratings. Thus, evidence regarding the contextual variance interpretation is 

ambiguous.

We are hesitant to chalk up all informant differences in psychopathology to contextual 

variation, not only because of the inconsistent pattern of mono-method correlations just 

described, but also for another reason. Heterotrait-homomethod correlations exceeded 

heterotrait-heteromethod correlations, in some cases quite dramatically. These effects were 

consistent across all pairs of informants, even including pairs who witness the child in 

largely overlapping contexts (i.e., mothers and fathers), and this seems to provide some 

evidence against the contextual specificity interpretation of unique informant variance. If 

it were the case that some aspects of psychopathology do not manifest in a given context 

for a systematic reason, there should be greater variation in terms of the magnitudes of 

heterotrait-homomethod correlations across pairs of raters. More generally, the heterotrait-

homomethod correlations should in general be nearly as strong, as opposed to much 

stronger, than heterotrait-heteromethod correlations, which was not the case (median 

heterotrait-homomethod correlation: .62, heterotrait-heteromethod correlation: .27).

All told, it seems most likely that each informant factor includes both bias and unique 

valid variance. In contrast with common practice in the MTMM literature, interpreting 

all informant disagreement as bias or error may overlook an important part of the often 

complex clinical picture, especially when informants come from systematically different 

contexts. Unfortunately, informants and contexts are often confounded given that various 

informants observe children in different settings, so MTMM models cannot necessarily tease 

apart variation reflecting domain-relevant information from between-informant variation 

attributable to a variety of method artifacts. Ultimately, we cannot conclude exactly what 

amount of the variance in psychopathology ratings reflects evaluative consistency bias 

or contextual variation, but we suspect the true magnitudes of the correlation between 

externalizing and internalizing probably falls somewhere between those seen in mono-

informant and multi-informant models.

Such competing interpretations of MTMM models are not fully appreciated in the 

psychopathology literature. As we mentioned earlier, only three (Oltmanns et al., 2018; 

Sallis et al., 2019; Snyder et al., 2017) of the thirteen studies that have extracted a multi-

informant general factor of psychopathology have modeled informant-specific factors. This 

practice is associated with two related assumptions (that are either explicit or implicit), (1) 

that only cross-informant factors capture construct-relevant variance, and (2) that there is 

no systematic method variance in the psychopathology ratings, whether error or substance. 

Moreover, failing to include informant-specific factors in a MTMM model precludes our 

ability to examine their external validity and longitudinal stability, and it also precludes our 

ability to examine their incremental validity above and beyond cross-informant factors. Even 

when informant specific factors were modeled, only the cross-informant factors’ correlates 

were examined such that the external validity of the informant-specific factors is overlooked 
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altogether (Oltmanns et al., 2018; Sallis et al., 2019; Snyder et al., 2019). Again, this 

assumes that only the cross-informant psychopathology factors capture meaningful variance.

Limitations and Future Directions

For the purposes of examining replication across various samples, this study benefitted from 

the use of several widely used datasets in the developmental psychopathology literature. 

We specifically selected datasets with identical measurement to rule out measurement as 

an explanation of any differences across samples that might arise. In terms of examining 

cross-informant structures, we further benefitted from the use of identical, dimensional 

assessments (though there may be subtle differences in assessment, such as the fact that 

items were framed in the first- versus third person for children and parents, respectively). 

Cross-informant correspondence is stronger when informants complete the same as opposed 

to different measures (Achenbach et al., 2005) and stronger when informants complete 

dimensional as opposed to categorical assessments (De Los Reyes et al., 2015). Finally, we 

tested an array of MTMM models, which revealed how they can yield different findings 

across studies.

Many researchers report only a single type of MTMM model, but which one we choose can 

lead us to dramatically different conclusions. For instance, we settled on the CTOM model, 

which yielded mixed evidence in terms of empirical support for the p-factor. In contrast, 

the CTCM model tended to yield results that were less favorable in terms of support 

of the p-factor, with latent correlations between externalizing and internalizing hovering 

around zero in most samples (in one sample, it was even slightly negative). Finally, various 

versions of CTCM-1 and CTOM-1 models yielded general factors that were inconsistent 

with each other, suggesting that contents of the general factor were strongly dependent on 

which informant was chosen as the referent informant. Although Eid and colleagues (2008) 

encouraged researchers to choose the referent informant on an a priori basis, there is no 

clearly preferred informant in the developmental psychopathology literature.

One major conclusion we drew from our replication effort is that our findings were 

not always consistent across sets of informants and samples. Notably, externalizing and 

internalizing were especially highly correlated for certain informants, but effects for 

informant type (e.g., child, parent) were not always consistent across samples. There are 

probably several explanations for the observed differences across samples, with one being 

that we relied on different sets of informants across samples. ABCD and HBN relied on 

ratings from children, parents, and teachers, whereas NICHD SECCYD relied on ratings 

from mothers, fathers, and teachers at grade 6 and children, mothers, and fathers at age 15. 

Findings for ABCD and HBN were generally consistent with each other, and findings across 

NICHD SECCYD waves were consistent with each other, so this seems like a reasonable 

explanation. In particular, there was stronger evidence for a multi-informant general factor 

of psychopathology in NICHD SECCYD compared with the other samples.

As to what is causing differences across these pairs of samples, we suspect the inclusion 

of two parents’ ratings in NICHD may have an undue influence on the psychopathology 

structure for a couple of reasons. Informant convergence tends to be highest for mothers 

and fathers, as well as when informants observe the target in largely overlapping contexts 
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(De Los Reyes & Kazdin, 2005; De Los Reyes et al., 2015). Because parents observe 

their child in largely overlapping contexts and are likely to discuss their child’s problems 

together, thereby aligning their perspectives even further, they are likely to share more 

variance in their ratings and therefore to induce a stronger general factor. When multiple 

informants, such as parents, are not only biased, but also share their bias, this will increase 

the general factor of psychopathology, especially if the correlation between the parents’ 

method factors is not modeled.11 If the goal of multi-informant assessment is to capture 

individuals across a wide range of contexts, it may be especially advantageous not to include 

both parents, or at least it would be wise to collect teacher reports, in addition to reports by 

parents and children. Advantages of teacher reports include that teachers probably have a 

better sense of what are normative youth behaviors given that they interact with a relatively 

wide array of youth. There are also advantages to including children’s reports of their own 

psychopathology, including they may have greater access to their subjective experiences, 

such as the negative emotions associated with internalizing.

Age differences across the samples are probably unlikely to cause the differences we 

observed. For instance, there were differences between ABCD and NICHD SECCYD 

grade 6, but these samples were comparable in terms of mean age and its variance. 

Similarly, HBN and NICHD SECCYD age 15 were reasonably comparable in terms of mean 

age and its variance. Should age differences explain sample differences, it would imply 

substantive differences in psychopathology across development such that its dimensionality 

varies as a function of age. A handful of studies have examined longitudinal stability of 

psychopathology structures across time and have not supported this possibility (Greene & 

Eaton, 2017; Mann et al., 2020; Murray et al., 2016; Olino et al., 2018). Although small 

differences in psychopathology structure may occur across development, these differences 

do not appear to reflect weakening of a general factor of psychopathology across time (e.g., 

Olino et al., 2018).

Another lingering question is whether our findings would generalize to adult 

samples. Cross-informant correlations among adult psychopathology assessments are not 

substantially higher than those observed for youth (e.g., Achenbach et al., 2005; Klonsky 

et al., 2002). In fact, parents’ correlations tend to be higher than any typical pair of 

informants on adults. Nonetheless, there is a relative paucity of data with three or more 

psychopathology ratings on the same target adult (e.g., Achenbach et al., 2005). Further, 

if one wanted to study contextual variation in adults, it would be challenging to find good 

analogs for parents and teachers. Perhaps one could use friends and co-workers, but this 

may not provide a particularly strong parallel given the variety of adult contexts. There is 

also a relative paucity of validation of multi-informant structures of psychopathology with 

reasonably objective external criteria (e.g., job performance, romantic partner interactions, 

physical health), which is necessary to adjudicate the degree to which informant method 

factors reflect evaluative consistency bias versus substantive contextual variation (see also 

11In post hoc exploratory analyses, we tested a model in NICHD SECCYD that allowed for correlated parent method factors 
but no other correlated method factors (e.g., mother-child; Table S8). The externalizing-internalizing correlation did not decrease 
significantly compared with that of the CTOM model, but the variance in general factor loadings in the bifactor model did increase 
slightly, suggesting that the general factor tended to weaken. All told, allowing for correlated method factors among parents did not 
change our conclusions.
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De Los Reyes et al., 2015). Because informants are strategically selected to observe 

children across multiple contexts, typical assessment methods used in developmental 

psychopathology harbor the potential to produce disagreements among sources, perhaps 

more so than in the adult personality and psychopathology literatures (see also Kraemer et 

al., 2003).

In our youth samples, the lack of independent criterion variables (e.g., observed behavior, 

school records) is perhaps the most significant limitation of this study. This limitation 

prevented us from further investigating the meaning of cross-informant and informant-

specific factors in the MTMM models. Earlier, we reviewed several studies from the 

developmental psychopathology literature that use sophisticated and thorough construct 

validation of multi-informant assessment across modalities (see De Los Reyes & Makol, 

2021, for a review). Generally, these types of studies collect multi-modal data, such 

as behavior within various tasks (e.g., peer social interaction, classroom observation, 

parent-child discussion), and then compare task performance (e.g., safety behaviors with 

peers, avoidance of public speaking in the classroom, and confidence during parent-child 

conflict) with self- and informant-reported psychopathology (e.g., social anxiety). Reported 

psychopathology may be further compared with other external criteria, such as school 

performance, treatment outcomes, and so on.

Critical to these efforts is the identification of external criteria that should vary across 

situations, as well as those that should not. If an informant-specific factor reflects genuine 

contextual variation, it should be associated with external criteria especially salient to the 

context in which a particular observer witnesses the child, and other informant-specific 

factors should not be associated with this same set of external criteria. Likewise, if a 

construct is thought not to vary across contexts, measures of it should be associated with 

cross-informant but not single-informant factors. This type of validation work is potentially 

the only method to adjudicate between competing interpretations of informant-specific 

factors in MTMM models.

A major downside to MTMM modeling is that it requires considerable sample sizes, 

which often hinders validation work with indicators from modalities other than informants’ 

reports, like laboratory task performance. To capture the scope of a broad range 

of psychopathology, such research would require numerous multi-modal indicators of 

psychopathology symptoms and relevant behaviors. Typically, samples have relatively high 

depth or resolution in terms of participants or modalities, but not both. The present study 

is perhaps the most comprehensive evaluation of the MTMM metastructure of youth 

psychopathology, which is an important first step in evaluating their validity, utility, and 

continuity across development, but we look forward to future MTMM modeling that 

incorporates independent indicators as external validators of both cross-informant and 

informant-specific factors.

Conclusion

We designed this study to contribute to ongoing discussion surrounding the structure of 

psychopathology, the interpretation of published general factors of psychopathology, and the 
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nature of the theoretical p-factor. Strong empirical evidence for the p-factor did not arise 

in multi-informant models that take into account the perspectives of multiple individuals 

who know the target well. MTMM modeling is ultimately useful to partition sources of 

variance in psychopathology data, but the conclusions we draw about the nature of each 

factor require careful consideration. There are at least two competing interpretations of 

our findings, and both may be in play simultaneously. Our mono-informant general factors 

of psychopathology may contain at least some variance from evaluative consistency bias. 

Likewise, the informant-specific factors in our models probably contain some variance 

due to evaluative consistency bias, and they probably also contain variance reflecting 

genuine contextual variation in psychopathology. Either way, externalizing and internalizing 

do not appear to consistently form a coherent, p-factor-like dimension across informants 

and contexts. Future work should incorporate carefully chosen external validators to 

adjudicate the competing interpretations of informant-specific factors in MTMM models 

of psychopathology.
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Figure 1. Example schematics of multi-informant models tested.
Covariances between method factors are represented by dashed lines. They are retained 

in the correlated traits/correlated method model and are dropped in the correlated traits/

orthogonal methods model (and the same goes for the bifactor models with and without 

correlated methods).
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Figure 2. Correlations between latent externalizing and internalizing factors across mono- and 
multi-informant models.
All correlations are displayed with standard error bars. Multi-informant correlations are 

displayed as points, whereas mono-informant correlations are displayed as dotted reference 

lines. CTCU=correlated traits, correlated uniquenesses; CTCM=correlated traits, correlated 

methods; CTOM=correlated traits, orthogonal methods; c=child; p=parent; m=mother; 

f=father; t=teacher.
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Figure 3. Density plots of loadings on general factors across mono- and multi-informant models.
CTOM = general factor loadings from the correlated traits-orthogonal methods model; all 

other sets of loadings are from their respective mono-informant model.
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