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Objective: Screening protocols that rely on a single informant are inadequate in predicting pediatric
depression. Multi-informant and risk factor screening approaches are potentially more sensitive methods
for identifying depression risk, but the incremental validity of these protocols has not been adequately
tested. Using a translational analytic approach and multimethod, longitudinal study design, we simultaneously tested several multi-indicator approaches to depression screening to identify an optimal algorithm for predicting depression onset in youth. Method: Participants were 222 never-depressed children
and adolescents (Mage ⫽ 10.75 years old, SDage ⫽ 1.85; female ⫽ 50.45%; 82.88% White), who
completed baseline questionnaires for depressive symptoms and cognitive vulnerabilities, in addition to
a morphed face task to assess pupil dilation. Mothers, meanwhile, completed baseline questionnaires and
a semistructured interview to assess maternal and pediatric depression. Follow-up depression diagnostic
assessments with both the mother and youth occurred every 6 months for 2 years. Receiver operating
characteristics and reclassification analyses were used to test our aims. Results: Overall, we found
moderate support for a multi-informant approach, and convincing evidence that individual differences in
pupil dilation uniquely predicted depression onset. Youth with subthreshold depressive symptoms and
elevated pupil dilation were over twice as likely to develop a first lifetime episode of depression
compared to one’s risk rate based on sex and age. Conclusions: Our study provides one of the first
screening batteries for detecting first lifetime episodes of depression in youth. The unique and incremental validity provided by pupil dilation suggests feasible biological indicators of depression risk can
improve primary prevention efforts that target depression, such as universal pediatric depression
screening.

What is the public health significance of this article?
A multimethod assessment approach, paired with a developmental psychopathology perspective, can
strengthen pediatric depression screening initiatives. Compared to existing and recommended screening protocols, we found the use of a brief multi-informant diagnostic interview and pupil dilation
assessment dramatically improved our ability to identify those youth at-risk for depression prior to
an initial episode.
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Depression remains a significant pediatric public health concern
within the United States. Approximately 3.1 million adolescents
(12.8%) experience a depressive episode annually with over 70%

of these episodes causing severe functional impairment (Center for
Behavioral Health Statistics and Quality, 2016). In addition, preadolescent samples are experiencing depressive symptoms at an
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increasing rate (Luntamo, Sourander, Santalahti, Aromaa, & Helenius, 2012). Given these alarming trends and the significant
burden linked with depression (Avenevoli, Swendsen, He, Burstein, & Merikangas, 2015; Garber & Rao, 2014), it is important to
evaluate protocols aimed at identifying children and adolescents at
risk for the onset of depression.
Universal mental health screening protocols can play a role in
reducing depression rates by identifying vulnerable youth in pediatric or school settings. Depression, along with substance use, is
the only psychiatric condition that the U.S. Preventative Services
Task Force (USPSTF) recommends routine screening for in youth.
Yet, there is underwhelming evidence that these screening initiatives are effective (Wissow et al., 2013). To improve upon depression screening protocols, the USPSTF recently put forth two
research agendas (Siu et al., 2016). First, the USPSTF found that,
especially among children younger than 12, current tools have low
and variable positive predictive values (i.e., the ability to identify
positive cases correctly). Second, the USPSTF emphasized the
importance of assessing risk factors to prevent the onset of depression
in youth. By addressing these research limitations, the USPSTF suggests that universal screening initiatives for depression can reach their
considerable public health potential.
Multi-informant protocols, in which parent–youth dyads complete pediatric depression screens, are the gold standard for depression assessments (Klein, Dougherty, & Olino, 2005) and represent an improvement over traditional single-informant approaches.
Only recently have theoretical, methodological, and analytical
advancements paved the way for integration of these multiple (and
often discrepant) sources of data into clinical decision making
processes (Martel, Markon, & Smith, 2017). Multi-informant
screening is now used in applied settings and is more sensitively
able to identify concurrent depression than single-informant approaches (e.g., Johnson, Hollis, Marlow, Simms, & Wolke, 2014).
To date, however, there is little systematic research examining the
incremental validity of a multi-informant approach among children
and adolescents (Johnston & Murray, 2003), especially for prospective outcomes such as the onset of depression. As multiinformant methods largely focus on current depressive symptoms,
they may be limited in predicting the emergence of symptoms.
Another possible method for improving current screening algorithms for depression onset is through the inclusion of known risk
factors. The developmental psychopathology literature is rich with
examples of vulnerabilities that can be targeted by screening
protocols (Garber, Korelitz, & Samanez-Larkin, 2012; Rice &
Rawal, 2011). Yet, it is unclear which risk factors should be
prioritized in translational efforts. Importantly, investigators differentiate between vulnerabilities for first and recurrent depressive
episodes (Monroe & Harkness, 2011), suggesting specific risk
factors may be useful for detecting episode onset. Focusing on
these risk factors may provide the best opportunity for targeting
risk before a potentially chronic and severe depression course
emerges. One of the more well-documented risk factors for depression onset is exposure to maternal depression. Across a variety
of adolescent populations (e.g., Murray et al., 2011; Pearson et al.,
2013), maternal depression uniquely forecasted depression onset,
specifically early onset (i.e., prior to age 15; Hammen, Brennan, &
Keenan-Miller, 2008). These findings have led some to call for a
greater focus on maternal depression in screening initiatives across
the developmental spectrum (Halligan, Murray, Martins, & Coo-
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per, 2007). However, despite maternal depression’s significant
effect on early adolescent depression onset (Hammen & Brennan,
2003), most screening protocols using maternal depression inventories focus on young children (e.g., Earls, 2010). It is therefore
unclear whether screening for maternal depression during late
childhood and early adolescence is an incrementally valid approach compared to other strategies for operationalizing depression risk.
An alternative risk factor screening approach targets cognitive
vulnerabilities for depression in youth. Cognitive vulnerability for
depression is conceptualized as a linking mechanism between genetic
risk and adolescent depression (Gibb, Beevers, & McGeary, 2013).
Therefore, cognitive vulnerabilities may confer a stronger signal in
screening protocols compared to maternal depression due to its
developmental proximity to depression onset. To date, translational efforts have predominately used self-reported cognitive vulnerabilities. For instance, self-report forms of depressogenic inferential styles (e.g., Garber et al., 2012) and rumination (e.g., Young
& Dietrich, 2015) have been included in depression screening
protocols. However, self-report is just one unit of analysis that can
be used to assess cognitive vulnerability (LeMoult, Yoon, &
Joormann, 2016; Nejad, Fossati, & Lemogne, 2013). Overall, there
is increasing awareness of the ability of biological methods to
confer unique insight into prospective risk at the screening stage
(Bylsma, Mauss, & Rottenberg, 2016), particularly efficient, costeffective, psychophysiological methods (De Los Reyes & Aldao,
2015). Using psychophysiological indicators is consistent with
recommendations to use multimethod mental health assessments
(Hunsley & Mash, 2007), and the National Institute of Mental
Health Research Domain Criteria’s (RDoC’s) emphasis on objective units of analysis in clinical protocols (Insel et al., 2010).
Simultaneously using psychophysiological and self-reported measures can clarify whether using one, or both, methods of assessment provides the best approach for predicting depression onset.
As youth may not become aware of certain depressive cognitive styles
until after a depressive episode (Sheppard & Teasdale, 2004), objective assessments of cognitive vulnerability may be especially useful in
identifying risk for depression onset.
A psychophysiological marker of cognitive vulnerability previously recommended for translational protocols is pupil dilation
(Burkhouse, Siegle, Woody, Kudinova, & Gibb, 2015; Silk et al.,
2009). Greater pupil dilation in response to emotionally salient
stimuli is a marker of cognitive–affective processing (for reviews,
see Bradley, Miccoli, Escrig, & Lang, 2008; Laeng, Sirois, &
Gredebäck, 2012) and self-reported cognitive vulnerabilities (e.g.,
rumination; Siegle, Steinhauer, Carter, Ramel, & Thase, 2003).
Recently, Burkhouse and colleagues (2015) found that elevated
pupil dilation to sad (but not happy/angry) faces predicted depressive episodes in offspring of depressed mothers, demonstrating its
external validity as a predictor of prospective depression status in
at-risk youth. These findings are similar to other studies that
demonstrate an association between depression symptoms/status
and adolescent pupil dilation (e.g., Price et al., 2016; Silk et al.,
2007). We sought to extend these collective findings by examining
if peak pupil dilation to sad faces (a) predicted depression onset in
an unselected youth sample and (b) provided incremental validity
over existing (e.g., multi-informant and maternal depression) and
more affordable (e.g., self-reported risk factors) methods for depression screening.
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The Present Study
The present study examined the incremental validity of multiinformant (youth and parent report) and risk factor (maternal
depression, self-reported cognitive vulnerability, pupil dilation)
screening approaches for pediatric depression onset. For the
present study, depression onset was defined as having a first
lifetime major or minor (referred to as other specified depressive disorder, with the specifier depressive episode with insufficient symptoms in the fifth edition of the Diagnostic and
Statistical Manual of Mental Disorders [DSM]) depressive episode. Our decision to focus on both minor and major depression was informed by the literature. Past research shows that
minor and major depressive episodes both lead to functional
impairment in youth (Lewinsohn, Rohde, Seeley, Klein, &
Gotlib, 2000) and including both forms of depression in our
criterion reflects current dimensional models for depression
status (Balázs et al., 2013). Focusing of both types of depressive
episodes is also consistent with the purpose of screening, which
is to identify current depressive impairment and calibrate future
depression risk (Siu et al., 2016). Ultimately, while discriminating between mood diagnoses is critical for comprehensive
treatment planning, it is a complex process best reserved for the
assessment setting (De Los Reyes et al., 2015). Thus, using a
dimensional depression criterion at the screening stage can cast
a wider net for those at risk for depressive impairment.
To develop our screening algorithms, we used an empirically
based medicine (EBM) approach (Youngstrom et al., 2017) via
receiver operating characteristics (ROC). ROC approaches are
ideally suited for translating basic research into screening protocols by generating empirically informed cutoffs that can
facilitate clinical decision making (Youngstrom, 2014; Youngstrom et al., 2017). Pairing data-driven cutoffs with diagnostic
likelihood ratios (DLRs; Straus, Richardson, Glasziou, &
Haynes, 2011) allows protocols to estimate prospective risk and
tailor their screening response based on the objectives and
resources of the screening initiative. For the present study, we use a
“stoplight model” (Youngstrom, Choukas-Bradley, Calhoun, &
Jensen-Doss, 2015) to illustrate how to make feasible EBM-informed
decisions across multiple, dimensional predictors from the clinical
setting.
Although ROC approaches are “best practice” for validating
pediatric mental health index tests (Youngstrom et al., 2017),
biostatisticians have warned that ROC approaches may be overly
conservative with regard to incremental validity (Wang et al.,
2006). Thus, we used reclassification analyses as a complementary
approach to assess incremental validity (Pencina, D’Agostino, &
Steyerberg, 2011). Across medicine, reclassification analyses are
used to quantify the costs and benefits of including new prognostic
markers in screening protocols (Leening, Vedder, Witteman, Pencina, & Steyerberg, 2014); however, it has sparingly been used in
psychosocial research. Pairing ROC with reclassification analyses
provides a unique opportunity to optimize a screening protocol for
depression onset, and introduces an analytic framework for evaluating multi-indicator screening protocols for other pediatric mental health outcomes.

Method
Participants
Data from 222 children–mother dyads drawn from a larger study
of intergenerational transmission of depression (Burkhouse, Siegle, &
Gibb, 2014) were used in the current study. An unselected child
and adolescent sample was used as the major aim of the study was
to inform universal depression screening protocols. Exclusion criteria for the larger study included maternal substance abuse within
the last six months, history of bipolar disorder, or symptoms of
schizophrenia. For the present study, youth were excluded if they
had a current or past diagnosis of a major or minor depressive
episode as we were focused on predictors for depression onset.
Thirty-three youth reported at baseline either a current or past
depressive episode and were excluded from analyses for the present study. The racial/ethnic composition of the pediatric sample
was 82.88% White (not Hispanic), 10.36% Biracial, 3.6% Black
(not Hispanic), and 1.35% Asian/Pacific Islander. The average age
of the youth was 10.75 years old (SD ⫽ 1.85, range ⫽ 8 –14) at
baseline, and 50.45% were girls. The Appendix provides a narrative on other studies drawn from this sample using shared methods.
Of note, a subsample of the present study previously examined the
relation between elevated pupil dilation and prospective depressive
episodes (approximately 16% of the participants in the current
study were represented in this prior publication; Burkhouse et al.,
2015).

Measures
Youth depression diagnostic status. The Schedule for Affective Disorders and Schizophrenia for School-Age Children–
Present and Lifetime Version (K-SADS; Kaufman et al., 1997)
was used to assess current and lifetime history of depression at
baseline, and the onset of depressive episodes every 6 months for
2 years. The K-SADS is a widely used diagnostic interview with
well-established psychometric properties (Klein et al., 2005). Two
trained interviewers administered the K-SADS separately to mother–
child dyads. Consistent with research diagnostic criteria (Spitzer,
Endicott, & Robins, 1978), as well as past research studies on
pediatric depression screening (e.g., Cohen, So, Hankin, & Young,
2018), criteria for minor depression included the presence of a
criterion A symptom plus at least one symptom from Criterion B,
which lasted for at least 2 weeks and resulted in clinically significant impairment. In the current study, 21 youth reported a first
lifetime episode over the course of the study (11 major and 10
minor episodes). Diagnostic status for youth was determined using
“best estimate” procedures (Klein et al., 2005). During each
follow-up assessment, interviewers asked about the onset of a
depressive episode in the past 6-months. A subset of 20 K-SADS
interviews from this project were coded by a second interviewer
via video recording and kappa coefficients for depressive diagnoses were excellent ( ⫽ 1.00).
Self-reported depressive symptoms. The Children’s Depression Inventory (CDI) was used to assess pediatric depressive
symptoms in the current study. The CDI was chosen because it is
the most commonly used measure of youth depression (Myers &
Winters, 2002), a recommended measure for assessing depression
in applied settings (Klein et al., 2005), and has comparable screen-
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ing properties to other depression inventories (e.g., the Center for
Epidemiologic Studies Depression Scale; Stockings et al., 2015).
For the present study, the CDI ranged from 0 to 27 (M ⫽ 5.31;
SD ⫽ 5.03) and demonstrated good reliability (␣ ⫽ .82).
Self-reported cognitive vulnerability. Rumination was assessed via the Children’s Response Style Scale (CRRS; Ziegert &
Kistner, 2002). In the present study both the total rumination score
and the brooding subscale were used to predict depression onset.
The CRRS total score and Brooding subscale have exhibited good
reliability and validity in youth (Muris, Fokke, & Kwik, 2009;
Orue, Calvete, & Padilla, 2014). In the present study, total and
brooding scores ranged between 3 and 90 (M ⫽ 51.80; SD ⫽
18.71) and between 0 and 47 (M ⫽ 28.86; SD ⫽ 18.71), respectively. Both the overall scale and Brooding subscale were adequately reliable (Rumination: ␣ ⫽ .79; Brooding: ␣ ⫽ .68). Depressogenic inferential styles (DISs) were assessed with the
Children’s Cognitive Style Questionnaire (Abela, 2001). The questionnaire is comprised of hypothetical negative events to assess the
tendency to (a) catastrophize the consequences of a negative event
(DIS-consequences) and (b) make attributions toward oneself following a negative event (DIS-Self). DIS-consequences and DISSelf, as opposed to DISs about causes, have been found to be
reliable and predictive of prospective depression in both children
and adolescents (Cohen, Young, & Abela, 2012). Scores on the
DIS-Consequences and DIS-Self ranged between 0 and 30 (M ⫽
12.52; SD ⫽ 5.19) and between 0 and 21 (M ⫽ 9.06; SD ⫽ 4.21)
respectively, with good reliabilities on both scales in the present
study (DIS-Consequences: ␣ ⫽ .78; DIS-Self: ␣ ⫽ .75).
Parent-reported youth depression symptoms. We used the
Child Behavior Checklist (CBCL; Achenbach & Rescorla, 2001),
specifically the Anxious/Depressed, Withdrawn/Depressed, Somatic Complaints, and Internalizing subscales, to query parent
perspectives on youth depressive symptoms. These four subscales
are valid indicators of depression diagnostic status in youth (Kaufman et al., 1997), and are better index tests than the DSM-oriented
CBCL subscales (Ebesutani et al., 2011). All four CBCL subscales
demonstrated adequate reliability in past research (see Achenbach
& Rescorla, 2001). The range (CBCL-Anxious/Depressed: 0 –16;
CBCL-Withdrawn: 0 –14; CBCL-Somatic: 0 –12; CBCL-Internalizing: 0 –29) and average raw scores (CBCL-Anxious/Depressed:
M ⫽ 3.39; SD ⫽ 3.35; CBCL-Withdrawn/Depressed: M ⫽ 1.80;
SD ⫽ 2.34; CBCL-Somatic: M ⫽ 1.93; SD ⫽ 2.31; CBCLInternalizing: M ⫽ 6.81; SD ⫽ 6.16) for the subscales in the
current study were comparable to those in past research (Achenbach & Rescorla, 2001). In the present study, the Anxious/Depressed (␣ ⫽ .79), Withdrawn/Depressed (␣ ⫽ .79), Somatic (␣ ⫽
.71), and Internalizing (␣ ⫽ .86) subscales demonstrated good
internal reliability.
Maternal depression. The Structured Clinical Interview for
DSM–IV Axis I Disorders (SCID-I; First, Spitzer, Gibbon, &
Williams, 1995) was used to assess maternal depression. The
SCID-I is a widely used diagnostic interview with well-established
psychometric properties (Lobbestael, Leurgans, & Arntz, 2011;
First et al., 1995). Trained interviewers administered the SCID-I to
all participants. In the present study, 45.9% (n ⫽ 102) of mothers
reported either a current or past depressive episode. In addition, the
Beck Depressive Inventory-II (BDI-II; Beck, Steer, & Brown,
1996) was used to assess mothers’ current symptoms of depres-
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sion. The BDI-II has exhibited excellent reliability and validity in
previous research (Storch, Roberti, & Roth, 2004). In the current
study, the BDI-II ranged from 0 to 49 (M ⫽ 8.07; SD ⫽ 9.29) and
exhibited good internal consistency (␣ ⫽ .94).
Multi-informant depression inventory. The present study also
used the Children’s Depression Rating Scale–Revised (CDRS-R;
Poznanski & Mokros, 1996). The CDRS-R is an interviewer
administered measure that separately queries the parent and child
and then forms a combined depression score. The CDRS-R has
demonstrated good reliability and validity in both child and adolescent samples (e.g., Canals, Marti-Henneberg, Fernandez-Ballart, &
Domenech, 1995; Poznanski & Mokros, 1996). Recently, an “unfiltered” version of the CDRS-R was shown to adequately distinguish between depression diagnoses in a large at-risk and unselected pediatric sample (Yee et al., 2015). The “unfiltered” version
of the CDRS-R differs from standard diagnostic interviews because it does not contextualize the symptoms across other disorders or within a patient’s individual history (e.g., concentration
symptoms are coded as a symptom of depression regardless of
ADHD diagnosis). The use of “unfiltered” administrations significantly reduces the amount of time and training burden for diagnostic interviews (Fristad et al., 2016; Yee et al., 2015), making it
more amenable to screening protocols outside the context of
outpatient mental health services. Scores on the CDRS-R in the
present study ranged between 17 and 42 (M ⫽ 20.40; SD ⫽
4.00). In the present study, the CDRS-R had good reliability
(␣ ⫽ .78).
Pupil dilation. Pupil dilation in response to sad faces was
assessed in a moderately lit room using Tobii T60 and T60XL
eye-trackers within the context of a morphed faces computer task
(see Burkhouse et al., 2014). The stimulus set consists of full-color
pictures of actors taken from a standardized stimulus set (Matsumoto & Ekman, 1988). Sad and neutral photographs from each
actor were morphed to form a continuum of 10% increments
between the two photographs. During this task, pupil size was
recorded using the eye trackers at 60 Hz (every 16.7 ms) for 3 s
following the onset of each facial stimulus. Total time for the task
was approximately 5 min. Data were cleaned using Siegle, Ichikawa,
and Steinhauer’s (2008) standard procedures. Linear interpolations
replaced blinks throughout the data set and data were smoothed
using a 10-point weighted average filter. Data were resampled to
3 Hz (one sample every 333 ms). The average pupil diameter over
the 333 ms preceding the onset of the stimulus was subtracted from
pupil diameter after stimulus onset to produce stimulus-related
pupil dilation waveforms. Consistent with prior studies highlighting the predictive validity of pupil reactivity to emotional faces at
the highest, but not medium or low, levels of morphed intensity
(Burkhouse et al., 2014, 2015), we focused our analyses on
peak pupil dilation to faces during the highest level of sadness
intensity (70 –90% morph). Peak stimulus-related pupil dilation
(i.e., SadPeak) was calculated by taking the maximum pupil
response on average across all trials for sad faces. Levels of
pupil dilation ranged between 0 and 0.17 (M ⫽ .06; SD ⫽ .04).
Of note, similar pieces of apparatus to assess pupil dilation are
currently being used in applied pediatric settings (Boev et al.,
2005; Connelly et al., 2014), albeit without the use of specific
stimuli (e.g., sad faces).
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Procedure
Participants were recruited from the community through a variety of means (e.g., bus ads, flyers). Mothers responding to these
ads were first screened over the phone to determine eligibility.
Upon arrival at the laboratory, mothers provided informed consent
and children provided assent to be in the study. Next, the SCID-I,
CBCL, and CDRS-R were administered to the mother by a research assistant. During this time, the child completed the emotional faces paradigm to assess pupil dilation. An interviewer then
administered the K-SADS-PL, self-report measures of depressive
symptoms (CDI, CDRS-R), and cognitive vulnerabilities (CRRS,
Children’s Cognitive Style Questionnaire). Follow-up depression
diagnostic assessments with both the mother and youth occurred 6,
12, 18, and 24 months after the first assessment to identify if the
youth experienced depression onset. All procedures for this study
were approved by the last author’s Institutional Review Board.

Data Analytic Strategy
First, logistic regression analyses tested if the relation between
predictors and depression onset varied as a function of age or sex.
If positive, the area under the curve (AUC) was computed separately for girls and boys and/or children (ages 8 –11) and early
adolescents (ages 12–14). These AUCs were then compared using
the Delong test for paired ROC curves (DeLong, DeLong, &
Clarke-Pearson, 1988). If significantly different, incremental validity was examined separately across the sociodemographic variable.
Following recommendations for our sample size (Obuchowski
& Lieber, 1998), a bias-corrected accelerated bootstrap method
was used to generate the confidence interval for our AUCs. In the
present study, an AUC greater than 0.64 conferred a medium,
significant effect (Rice & Harris, 2005) while an AUC of 0.70 was
prioritized as a clinically significant effect (see Swets, 1988). We
next examined if index tests achieving an AUC of at least 0.64
differed from baseline CDI scores by using the saved residuals
from a linear regression model. The AUC of these residual scores
represent the unique variance of the predictor (Edens, Marcus,
Lilienfeld, & Poythress, 2006; Hastings, Krishnan, Tangney, &
Stuewig, 2011). When testing the residuals, an index test was
considered unique if the confidence interval of the AUC did not
include 0.50.
To examine the incremental validity of adding index tests to
baseline symptoms, a ROC approach was first applied in which
predictive probabilities from logistic regression models where
predictors were simultaneously entered were plotted within an
AUC curve. This multivariate AUC statistic is commonly referred
to as the C statistic. After identifying the highest C statistic
between two predictors, we entered a third predictor. This stepwise
approach continued until no significant predictors were left or the
C statistic remained unchanged.
Next, we used reclassification analyses to evaluate the incremental validity of our predictors. Reclassification tables are derived by examining how many additional cases are accurately
identified by positive scores on an additional risk indicator (Pencina et al., 2011). The net reclassification improvement (NRI)
index, the most common statistic derived from these analyses, is
the sum of the false negatives misclassified by the baseline algorithm subtracted by the number of false positives included in the

new algorithm (see Pencina, D’Agostino Sr, D’Agostino Jr, &
Vasan, 2008 for further details). We used the continuous model as
described by Pencina and colleagues (2011) as it provides less
biased results compared to using categorical approaches. At each
stage, novel index tests were simultaneously added to a model. If
multiple predictors were significant, the indicator with the highest
NRI was retained and reentered into a new baseline model and
reclassification analyses were conducted with subsequent predictors. This process was repeated until the NRI of any of the
predictors was no longer significant (see Cohen, Shorey, Menon,
& Temple, 2018 for a demonstration). The NRI, a bootstrapped C
statistic, the Hosmer–Lemeshow goodness-of-fit statistic, and the
integrated discrimination index were calculated to provide complementary perspectives on our final models (Pencina, D’Agostino, Pencina, Janssens, & Greenland, 2012).
Finally, DLRs were calculated to facilitate translation of our
findings into applied settings (Straus et al., 2011). DLRs are the
proportion of cases with a diagnosis within a certain scoring range
on the index test divided by the proportion of cases without the
diagnosis in that same range of scores. Ideally, DLRs contain at
least three cutoffs so that risk can be operationalized dimensionally
across “low,” “intermediate,” and “high” risk categories. Selection
for cutoffs can either be informative (based on established cutoffs)
or equal (cutoffs that form three equivalent groups with regard to
sample size).
We utilized an informative tertile approach for our baseline
predictor, the CDI. Original cutoffs for the CDI were proposed to
range between raw scores of 12 and 19 (Kovacs, 1992); however,
these cutoffs may not be sensitive within an unselected population
(Matthey & Petrovski, 2002). Recently, Cohen, So, et al. (2018)
used CDI cutoffs of 7 (subthreshold) and 15 (threshold) based on
levels of sensitivity and specificity congruent with current pediatric mental health screening initiatives (70% sensitivity; 90% specificity; Lavigne, Feldman, & Meyers, 2016). For the current study,
we formed three groups (i.e., tertiles) based on these cutoffs, but
also tested cutoffs that corresponded to 70% sensitivity (subthreshold) and 90% specificity (threshold) for predicting onset in our
sample. For all other index tests, equal tertiles were formed. After
DLRs for each index test were computed, posterior probabilities
were calculated based on the CDI, and then we examined the
incremental impact on probability once adding additional risk
factors (see Youngstrom, Halverson, Youngstrom, Lindhiem, &
Findling, 2018, for an example). DLR scores of 1.0 suggest that
one’s odds of developing the disorder remain relatively unchanged
(i.e., the assessment result was neutral). Higher DLRs suggest that
the odds of developing the target diagnosis increase. All analyses
were conducted in R (Version 3.4.4), with the exception of DLRs
which were calculated in SPSS (Version 24.0). A table in the
online supplemental materials available online summarizes each
step of our multianalytic plan. Interested readers are encouraged to
consult this table to more clearly understand the function of each
step.

Results
The number of youth with depression onset exceeded the minimum number of 20 cases needed for ROC analyses (n ⫽ 21;
Kraemer, 1992). Correlations for our baseline predictors are presented in Table 1. Relations between our index tests ranged from
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Table 1
Correlations Between Baseline Predictors of Youth Depression Status
Youth-report symptoms and risk
(cognitive vulnerability)
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Baseline Predictors
Youth-report symptoms
and risk
CDI
CRRS-T
CRRS-B
CCSQ-C
CCSQ-S
Parent-report symptoms
and risk (maternal
depress)
CBCL-A/D
CBCL-W/D
CBCL-SOM
CBCL-INT
SCID
BDI-II
Multi-informant
symptoms
CDRS-R
Pupil dilation
SadPeak

Multiinformant
symptoms

Parent-report symptoms and risk (maternal depression)

CDI CRRS-T CRRS-B CCSQ-C CCSQ-S CBCL-A/D CBCL-W/D CBCL-SOM CBCL-INT SCID BDI-II CDRS-R

.15ⴱ
.19ⴱⴱ
.22ⴱⴱ
.24ⴱⴱ

.88ⴱⴱ
.15ⴱ
.10

.21ⴱⴱ
.09

.21ⴱⴱ
.28ⴱⴱ
.16ⴱ
.24ⴱⴱ
.16ⴱ
.16ⴱ

.06
.10
.08
.03
.05
.00

.09
.07
.07
.05
.06
.05

.00
–.01
–.03
–.02
.10
.03

.11
–.02
.03
.08
–.03
–.09

.55ⴱⴱ
.42ⴱⴱ
.80ⴱⴱ
.24ⴱⴱ
.22ⴱⴱ

.54ⴱⴱ
.80ⴱⴱ
.28ⴱⴱ
.39ⴱⴱ

.77ⴱⴱ
.25ⴱⴱ
.31ⴱⴱ

.30ⴱⴱ
.26ⴱⴱ

.54ⴱⴱ

.29ⴱⴱ

.15ⴱ

.13ⴱ

.04

.01

.30ⴱⴱ

.36ⴱⴱ

.29ⴱⴱ

.33ⴱⴱ

.38ⴱⴱ

.32ⴱⴱ

.04

.03

–.08

.13

.04

.02

.22ⴱ

.06

.08

–.02

.42ⴱⴱ

–.08

.23ⴱ

Note. Pearson correlation coefficients for baseline predictors of youth depression status. CDI ⫽ Children’s Depression Inventory (Kovacs, 1992);
CRRS-T ⫽ Children’s Response Style Scale–total; CRRS-B ⫽ CRRS–Brooding subscale (Ziegert & Kistner, 2002); CCSQ-C ⫽ Children’s Cognitive Style
Questionnaire–tendency to catastrophize consequences of a negative event; CCSQ-S ⫽ CCSQ–self-attributions following a negative event (Abela, 2001);
CBCL-A/D ⫽ Child Behavior Checklist–Anxious/Depressed subscale; CBCL-W/D ⫽ CBCL–Withdrawn/Depressed subscale; CBCL-SOM ⫽ CBCL–
Somatic subscale; CBCL-INT ⫽ CBCL–Internalizing subscale (Achenbach & Rescorla, 2001); SCID ⫽ Structured Clinical Interview for DSM-IV Axis
I Disorders (no lifetime maternal depression diagnosis ⫽ 0; lifetime maternal depression diagnosis ⫽ 1; First, Spitzer, Gibbon, & Williams, 1995); BDI-II ⫽
Beck’s Depressive Inventory-II (Beck, Steer, & Brown, 1996); CDRS-R ⫽ Children’s Depression Rating Scale–Revised (Poznanski & Mokros, 1996);
SadPeak ⫽ child’s peak pupil dilation to faces during the highest level of sadness intensity.
ⴱ
p ⬍ .05. ⴱⴱ p ⬍ .01.

nonsignificant to medium effect sizes. We then examined whether
any of our indicators varied as a function of sex or age. Logistic
regression analyses were nonsignificant, leading us to calculate
AUCs across the whole sample. AUCs for all index tests are
displayed in Table 2. Overall, CDI scores, CBCL withdrawndepressed symptoms, CBCL somatic complaints, CBCL internalizing symptoms, and maternal depression diagnostic status, exhibited a significant, medium effect (AUC ⱖ .64). Meanwhile, only
CDRS-R scores and peak pupil dilation while viewing sad stimuli
(SadPeak) were clinically significant (AUC ⱖ .70). Of note, our
self-reported cognitive vulnerabilities did not predict onset (ps ⬎
.05). None of the predictors with AUCs between 0.64 and 0.70
remained significant once covarying out CDI scores (p ⬎ .05).
Alternatively, SadPeak (AUC ⫽ .75, p ⬍ .01) and CDRS-R scores
(AUC ⫽ .63, p ⫽ .05) remained significant. The DeLong test
suggested that the CDI, CDRS-R, and SadPeak equivalently forecasted depression onset (p ⬎ .10).
Next, we examined the C statistics for CDRS-R and SadPeak
added to CDI scores (Table 3). Overall, the C statistic for CDRS-R
together with CDI (0.75) represented a 17% increase from the
CDI’s AUC, while SadPeak and CDI’s C (0.78) demonstrated a
22% increase above the CDI alone. Meanwhile, the C statistic for
all three index tests was 0.85, a 33% increase above our baseline
CDI score. Although the DeLong test for paired ROC suggested
using two index tests did not incrementally predict onset better

than CDI alone (p ⬎ .05), using three index tests together (CDI,
CDRS-R, and SadPeak) better forecasted onset compared to only
using CDI scores (DeLong test ⫽ ⫺3.17, p ⬍ .01). As for
reclassification analyses, the NRI for CDRS-R scores and SadPeak
were both significant compared to our baseline CDI model (p ⬍
.05). Because SadPeak had the higher NRI it was entered into a
new baseline model that included CDI scores. For this model,
CDRS-R scores were nonsignificant (p ⬎ .05). Summary statistics
for the ROC algorithm (CDI, CDRS-R, SadPeak) and reclassification algorithm (CDI, SadPeak) are presented in Table 3.
Table 4 displays the DLRs for our algorithms. Within our
sample, a score of 4 on the CDI corresponded to 70% sensitivity,
and a score of 10 conferred 90% specificity. However, DLRs
between these cutoffs, and our a priori cutoffs (7, 15) were similar
(e.g., DLRs differed by less than 10% for high scores), prompting
us to use the a priori cutoffs to facilitate comparisons across the
literature. Subthreshold (i.e., the medium tertile) and threshold
(i.e., high tertile) scores were 18 and 20 for CDRS-R, and 0.45 and
0.72 for SadPeak. When examining the CDI alone, individuals
with scores above threshold (i.e., ⱖ15) were approximately 2.5
times as likely to experience a first lifetime episode of depression
compared to the average prevalence rate for depression onset
within the sample (see the first posttest probability in Table 5).
Table 5 demonstrates how including SadPeak, our most robust
novel indicator, into the decision algorithm influences probabili-
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Table 2
Summary of Individual Predictors and Multi-Indicator
Algorithms: Area Under the Curve and Effect Sizes for
Individual Predictors
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Predictor
Youth-report symptoms and risk
CDI
CRRS-T
CRRS-B
CCSQ-C
CCSQ-S
Parent-report symptoms and risk
(maternal depress)
CBCL-A/D
CBCL-W/D
CBCL-SOM
CBCL-INT
SCID-Diagnosis
BDI-II
Multi-informant symptoms
CDRS-R
SadPeak

Table 4
Diagnostic Likelihood Ratios (DLRs) for Significant Predictors
DLR

AUC

BCa CI

Cohen’s d
effect size

.64ⴱ
.52
.58
.59
.56

[.51,.76]
[.41,.63]
[.48,.68]
[.49,.69]
[.45,.67]

.51 (M)
.07
.29 (S)
.32 (S)
.21 (S)

.59
.67ⴱ
.68ⴱ
.65ⴱ
.64ⴱ
.62

[.44,.74]
[.57,.77]
[.55,.80]
[.52,.78]
[.54,.75]
[.48,.76]

.32 (S)
.62 (M)
.66 (M)
.55 (M)
.51 (M)
.43 (S)

.72ⴱⴱ
.76ⴱⴱ

[.61,.83]
[.55,.94]

.82 (L)
1.00 (L)

Note. AUC ⫽ area under the curve; BCa CI ⫽ bias-corrected accelerated
confidence intervals; CDI ⫽ Children’s Depression Inventory (Kovacs,
1992); CRRS-T ⫽ Children’s Response Style Scale–total; CRRS-B ⫽
CRRS–Brooding subscale (Ziegert & Kistner, 2002); CCSQ-C ⫽ Children’s Cognitive Style Questionnaire–tendency to catastrophize consequences of a negative event; CCSQ-S ⫽ CCSQ–self-attributions following
a negative event (Abela, 2001); CBCL-A/D ⫽ Child Behavior Checklist–
Anxious/Depressed subscale; CBCL-W/D ⫽ CBCL–Withdrawn/
Depressed subscale; CBCL-SOM ⫽ CBCL–Somatic subscale; CBCLINT ⫽ CBCL–Internalizing subscale (Achenbach & Rescorla, 2001);
SCID ⫽ Structured Clinical Interview for DSM-IV Axis I Disorders (no
lifetime maternal depression diagnosis ⫽ 0; lifetime maternal depression
diagnosis ⫽ 1; First, Spitzer, Gibbon, & Williams, 1995); BDI-II ⫽ Beck’s
Depressive Inventory-II (Beck, Steer, & Brown, 1996); CDRS-R ⫽ Children’s Depression Rating Scale–Revised (Poznanski & Mokros, 1996);
SadPeak ⫽ child’s peak pupil dilation to faces during the highest level of
sadness intensity; S ⫽ small effect (d ⬎ .20); M ⫽ medium effect (d ⬎
.50); L ⫽ large effect (d ⬎ .80). Boldface indicates AUCs ⱖ .64.
ⴱ
p ⬍ .05. ⴱⴱ p ⬍ .01.

ties. These estimates were drawn using a naïve approach (see
Youngstrom et al., 2018), in which the posterior probability, as
estimated by the CDI, becomes the new pretest probability. The

Model

Low

Medium

High

CDI
SadPeak
CDRS-R

.77
.27
.19

1.40
.59
.73

2.51
2.39
1.70

Note. CDI ⫽ Children’s Depression Inventory (child self-report; Kovacs,
1992); SadPeak ⫽ child’s peak pupil dilation to faces during the highest
level of sadness intensity; CDRS-R ⫽ Children’s Depression Rating
Scale–Revised (combined child self-report and parent-reported scores;
Poznanski & Mokros, 1996). Low DLR: CDI ⬍ 7, SadPeak ⬍ .45,
CDRS-R ⬍ 18; medium DLR: CDI ⫽ 7–14, SadPeak ⫽ .45–.71, CDRSR ⫽ 18 –19; high DLR: CDI ⱖ 15, SadPeak ⱖ .72, CDRS-R ⱖ 20.

incremental impact of SadPeak is then demonstrated by multiplying the new pretest odds by the DLR derived from SadPeak scores
to calculate the new posterior probability. Similar estimates can be
generated using the DLRs for CDRS-R both with and without
SadPeak. Of note for our reclassification algorithm (CDI, SadPeak), scores above threshold significantly increase risk (see Example Cases 2 and 3), while scores below threshold on the SadPeak attenuate risk (see Example Cases 1 and 4). These findings
suggest that our multi-indicator approach can be used to both “rule
in” and “rule out” screening cases that are at or near cutoff scores
on the CDI.

Discussion
It is now well-established that multiple indicators are needed for
an adequate mental health assessment (Hunsley & Mash, 2007).
Yet, due to a paucity of incremental validity studies (Johnston &
Murray, 2003), it is unclear which indicators should be targeted.
Overall, we found moderate support for the incremental validity of
multi-informant approaches, and convincing evidence that a specific psychophysiological index, pupil dilation, improves our ability to predict depression onset in youth even when compared to
other informant reports or well-documented risk factors. The translational, clinical significance of these findings is discussed below.
As efficiency is prioritized within a screening setting, there is a
significant need to demonstrate the incremental validity of a po-

Table 3
Summary of Individual Predictors and Multi-Indicator Algorithms: Discrimination and Calibration Statistics for All
Multi-Indicator Algorithms
Baseline model
CDI
CDRS-R
SadPeak
CDI and sad peak
CDRS-R

NRI
.76ⴱ
.96ⴱⴱⴱ
.63

Lower
bound

Upper
bound

IDI

Lower
bound

Upper
bound

C

Lower
bound

Upper
bound

H-L
⌾2

p

.09
.38

1.43
1.53

.08
.21ⴱⴱ

⫺.01
.03

.17
.38

.75
.77

.65
.60

.84
.94

12.69
8.85

.12
.36

⫺.04

1.31

.05

⫺.06

.16

.84

.71

.96

7.15

.52

Note. NRI ⫽ net reclassification improvement index (Pencina, D’Agostino, Pencina, Janssens, & Greenland, 2012); IDI ⫽ integrated discrimination index
(Pencina et al., 2012); C ⫽ multivariate area under the curve; H-L X2 ⫽ Hosmer-Lemeshow test for whether expected rates of the outcome are significantly
different than the observed rates; CDI ⫽ Children’s Depression Inventory (child self-report; Kovacs, 1992); CDRS-R ⫽ Children’s Depression Rating
Scale–Revised (combined child self-report and parent-reported scores; Poznanski & Mokros, 1996); SadPeak ⫽ child’s peak pupil dilation to faces during
the highest level of sadness intensity. Nonsignificant p suggests the model is well calibrated.
ⴱ
p ⬍ .05. ⴱⴱ p ⬍ .01. ⴱⴱⴱ p ⬍ .001.
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Table 5
Stoplight model: Examples and Interpretations of Screening Cases
Case
Female, age 8

10.78%

Scoring
profile

Posttest probability

Zone

Interpretation

CDI: 15

CDI alone: 23.27%

Yellow

Despite an above threshold CDI score, a low score for pupil dilation
leads to a slightly lower likelihood of experiencing depression
onset than someone in the general population. As the CDI score
is elevated, continued monitoring is warranted but others with
above threshold CDI scores and pupil dilation should be
prioritized for services.

6.25%

SadPeak: .38
CDI: 14

CDI; SadPeak: 7.46%
CDI alone: 8.53%

Red

Just relying on CDI scores, one would potentially be missing out on
someone who is nearly 3 times more likely to experience
depression onset. This child should be immediately referred for a
mental health assessment, and any preventative services should be
made readily available.

Female, age 14

15.38%

SadPeak: .79
CDI: 14

CDI; SadPeak: 18.03%
CDI alone: 20.28%

Red

The subthreshold CDI score confers that this individual is slightly
more at risk to develop depression. The threshold pupil dilation
score together with the subthreshold CDI score, however, suggest
that this person is nearly 3 times as likely to experience
depression onset.

Male, age 14

11.77%

SadPeak: .79
CDI: 14

CDI; SadPeak: 37.83%
CDI alone: 15.74%

Green

Despite presenting with a CDI score near the threshold, this
individual is actually at little risk for experiencing a depressive
episode over the next 2 years. Specifically, low scores on pupil
dilation together with subthreshold scores on the CDI suggest that
this individual is approximately 300% less likely to experience a
first lifetime episode of depression compared to his pretest
probability.

SadPeak: .38

CDI; SadPeak: 4.80%

Male, age 8
This document is copyrighted by the American Psychological Association or one of its allied publishers.
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Pretest
probability

Note. CDI ⫽ Children’s Depression Inventory (child self-report; Kovacs, 1992); SadPeak ⫽ child’s peak pupil dilation to faces during the highest level
of sadness intensity; Pretest probability ⫽ percentage chance of each depression outcome based on sex and age; Posttest probability ⫽ [prevalence/(1 –
prevelance) ⫻ DLR]/{[prevalence/(1 – prevelance)] ⫹ 1}(Straus, Richardson, Glasziou, & Haynes, 2011). Zones: green ⫽ standard screening approach,
yellow ⫽ increased monitoring; red ⫽ implement brief intervention (or prioritize for mental health services in settings now equipped to implement mental
health services).

tential index test. Although a multi-informant approach is commonly used for discriminating between concurrent diagnostic statuses within the assessment context (De Los Reyes et al., 2015),
research is mixed about whether it may improve forecasts for
prospective functioning (Johnson et al., 2014). Overall, our findings suggest that a clinician-administered, multi-informant depression screen (CDRS-R) added incremental validity, while a multiinformant questionnaire for internalizing symptoms (CBCL) did
not. Past research suggests that parental perspectives may be especially helpful in identifying behavioral manifestations of psychological distress in youth (De Los Reyes et al., 2015). As the CDRS-R
represents a more focused assessment of depressive symptoms and
specifically incorporates behavioral observations into its score (Poznanski & Mokros, 1996), it is well-positioned to identify early behavioral manifestations of depression. As depression related behavioral
symptoms uniquely predict onset in adolescence (Ong, Bergeman,
Bisconti, & Wallace, 2006), the inclusion of multi-informant behavioral screening initiatives may be especially important for detecting
first lifetime episodes of depression in youth.
While multi-informant depression assessments are a reasonable
approach to improving depression screening initiatives, assessing
pupil dilation contributed to optimal models for predicting depression onset. Our study extended past research (e.g., Burkhouse et
al., 2015) by (a) showing its association with first lifetime episodes
within an unselected sample and (b) its incremental validity com-

pared to other index tests. This finding is also consistent with
recent work suggesting that psychophysiological and neurobiological tools can improve prediction models for psychiatric illnesses
(De Los Reyes & Aldao, 2015; Gabrieli, Ghosh, & WhitfieldGabrieli, 2015). It is noteworthy that neither self-reported cognitive vulnerabilities nor indicators of maternal depression were
predictive of our outcome. One reason for this may be is that
self-reports of cognitive vulnerabilities, and to a lesser extent
subjective reports of maternal depression, shared a significant
amount of variance with our baseline CDI model (see Table 1).
However, within the univariate models, pupil dilation still
achieved a higher AUC than these other risk factors, suggesting
shared method variance alone did not explain why pupil dilation’s
incremental validity was unique in this study.
Pupil dilation may have emerged as a superior candidate for
multi-indicator screening protocols due to its objective nature.
With regard to rumination and depressogenic inferential styles,
past research concerning their ability to forecast prospective episodes of depression compared to other indicators is mixed (Cohen,
So, et al., 2018; Seeley, Stice, & Rohde, 2009). One possibility is
that self-reported cognitive vulnerabilities are more influential in
predicting recurrent depressive episodes, as opposed to first lifetime episodes, due to increased metacognitive awareness (Teasdale
et al., 2002). Specifically, individuals who have previously experienced a depressive episode may be more likely to be aware of
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and report on negative cognitive styles (Sheppard & Teasdale,
2004). In response, autonomic indices of cognitive vulnerability,
such as pupil dilation, may be needed for primary depression
screening initiatives (Rawal, Collishaw, Thapar, & Rice, 2013).
As for maternal depression, we found a small-medium effect for
predicting depression onset in our univariate models. This finding
is consistent with past research on community adolescent samples
(e.g., Hammen & Brennan, 2003; Hammen et al., 2008) and
supports connect adolescent depression screening initiatives to
primary care sites that routinely screen for maternal depression
(Garber et al., 2009; Halligan et al., 2007). Yet, when determining
a youth’s need for mental health services, more proximal risk
factors should be prioritized. For instance, youth within different
age cohorts who are exposed to maternal depression early in life
demonstrate dysregulation across a wide array of systems, including the autonomic nervous system (Propper & Holochwost, 2013).
Thus, indicators of the pathways stemming from maternal depression to adolescent depression onset (e.g., pupil dilation) may
provide better insight into depression risk.
The identification of pupil dilation as a biomarker for depression
onset is consistent with RDoC’s objective to identify markers of
dysfunctional neural circuitry that have translational promise (Insel et al., 2010). More direct assessments of neural activity (e.g.,
via imaging), may not be as easily integrated into screening protocols from a resource perspective. Therefore, cheaper and briefer
psychophysiological assessments linked to neural activity can be a
more feasible approach for achieving this goal (De Los Reyes &
Aldao, 2015). In the past, pupillary responses to emotionally
salient images have been linked with increased dorsolateral prefrontal function (Siegle, Steinhauer, Friedman, Thompson, &
Thase, 2011), which is associated with deficits in executive control
and emotion regulation in depressed patients (Koenigs & Grafman,
2009). Thus, pupil dilation may not only represent an objective
indicator of depression onset, but also a translational window into
the neural circuitry underlying depressogenic risk.
A significant challenge to the translation of novel index tests,
biological and otherwise, into routine clinical practice is the absence
of a standard analytic approach to assess incremental validity. Compared to reliability and other forms of validity (e.g., internal, external),
incremental validity has garnered less attention from methodologists
(Hunsley & Meyer, 2003), and as a result is rarely adequately tested
(Cohen, So, et al., 2018; Garb, 2003). With the introduction of RDoC
and the proliferation of developmental psychopathology research
(Franklin, Jamieson, Glenn, & Nock, 2015), there is a need to test
which risk factors should be prioritized for translational research. By
using a ROC analytic plan (Youngstrom et al., 2017), together with
reclassification analyses (Pencina et al., 2011), we were able to
provide a multimethod perspective on incremental validity. Adopting
a similar analytic approach for other potential index tests for pediatric
depression, as well as for other pediatric mental health conditions, can
help bring the promise of RDoC and developmental psychopathology
to the clinical setting.
The present study had several strengths (e.g., multimethod risk
assessment, diagnostic depression interview, prospective design);
however, there are also some notable limitations. First, we only
assessed depression as an outcome. While the USPTF calls for
preventative screening research specifically for depression (Siu et
al., 2016), others have suggested screening protocols need to
capture a broader range of pediatric mental health concerns (Lavi-

gne et al., 2016). Second, we were only able to operationalize
pupillary reactivity within the first three seconds of the stimulus
presentation. While this brief assessment is ideal for the screening
setting, pupillary differences well after the stimulus presentation
are also indicative of cognitive vulnerability for emotionally salient information (Siegle et al., 2003; Silk et al., 2009). Third, as is
common with multiwave, longitudinal designs, the data in the
current study was censored. Specifically, youth who already reported depression were excluded from the study (left-censored)
and others will certainly develop a depressive episode following
the 2-year follow-up period (right-censored). Thus, our findings
are relatively conservative in nature. Fourth, while we did not find
any significant demographic differences for age and/or sex, our
sample size may have been too limited to test these exploratory
hypotheses. Given well-documented sex and age differences in the
risk profile for depression (Avenevoli et al., 2015), future studies
will want to investigate whether algorithms vary as a function of
demographics within pediatric subsamples.
Finally, despite the statistical prowess concerning pupil dilation,
and to a lesser extent multi-informant approaches, challenges to
integrating these methods into clinical practice remain. Most notably, the indicators that demonstrated incremental validity were
also the most expensive methods. Therefore, initial costs of set-up
with purchasing apparatus, and the cost of training and employing
people to administer a diagnostic interview, may make it challenging to integrate multimethod screening protocols into low-resourced
settings. Additionally, the use of these screening measures will
likely extend appointments (approximately 5 min for pupil dilation; 10 –15 min for the CDRS-R) during an era when pediatricians
are increasingly burdened with screening directives and shrinking
appointment times (Lavigne et al., 2016). Thus, while we achieved
our first aim of introducing a novel indicator into a screening/
assessment protocol by demonstrating its incremental validity
(Johnston & Murray, 2003), future studies must now replicate
these findings in an applied setting (Youngstrom et al., 2017),
ideally using publicly available depression measures (e.g., the
Patient Health Questionnaire [PHQ]; Richardson et al., 2010) in an
effort to help reduce the cost of a multi-indicator approach. These
studies are necessary to conduct prior to the implementation of our
findings into screening protocols, to ensure that we can replicate
our findings, and cross-validate our proposed algorithm.

Clinical Implications
Despite some translational barriers, there are trends in the literature that make the integration of pupillometry and diagnostic
interviews into universal mental health screening promising. Similar to other psychophysiological assessments (see De Los Reyes
& Aldao, 2015), innovations have lowered the financial and temporal burden associated with pupillometry (Nowak, Żarowska,
Szul-Pietrzak, & Misiuk-Hojło, 2014). Across pediatric contexts
(e.g., pain clinics) pupil dilation is now regularly measured as an
indicator of autonomic nervous system functioning (Boev et al.,
2005; Connelly et al., 2014). Advantages of using pupil dilation
compared to other biological measures is that it is noninvasive, can
be collected across settings via mobile technology, and is easily
administered and interpreted by practitioners without significant
expertise. The only meaningful difference in how pupil dilation is
measured in clinical versus research settings is the use of stimuli.
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As the most robust findings for pupil dilation is within the context
of viewing depressogenic stimuli (e.g., Silk et al., 2007, 2009), it
is important for future studies to test whether integrating this
component into clinical settings is problematic in any way.
Similar to pupillometry, advancements in the assessment literature
make the use of diagnostic interviews more feasible within a screening setting. The current study used an “unfiltered” version of the
CDRS-R as our multi-informant indicator. The focused nature of
these interviews, in which comorbid diagnoses and chronicity of
symptoms are not assessed, reduces the administration time and the
training burden (Fristad et al., 2016; Yee et al., 2015). Thus, while
future studies should replicate these findings in applied, clinical settings (Youngstrom et al., 2017), there is reason to believe that pupillomtery and diagnostic interviews can be used in cost-effective manners.
To illustrate how our study’s translational approach may be useful
with regard to clinical decision making, Table 5 includes four example screening profiles from our study. Below, we briefly guide the
reader on the stepped approach to creating and interpreting Table 5
(see Cohen, So, et al., 2018; Youngstrom et al., 2015 for further
guidance). The first step toward making evidence-based referrals is
calculating the probability of developing a first lifetime episode of
depression in the overall sample. Pretest probabilities (Table 5, column 2) in the present study were calculated separately based on age
and sex. Example profiles of scores at or approaching the cut-off (15)
for the CDI are presented in the next column, as these scores are
especially challenging from a referral perspective (Sheldrick et al.,
2015). Corresponding DLRs (Table 4) for both a traditional approach
(CDI alone) and our reclassification algorithm (CDI and SadPeak)
were then used to calculate the posterior prevalence for onset. Referral
decisions are ultimately based on the posttest prevalence for developing the target disorder within an EBM approach (Youngstrom,
2014).
Youngstrom and colleagues’ (2015) stoplight model was used to
provide a framework to interpret the posterior probabilities (Table 5).1
The value of multiple indicators is best exemplified when comparing
two adolescents in our study (Examples 3 and 4). Despite having the
same subthreshold CDI score (14), implementation of a brief intervention (red) is warranted for the girl as opposed to the boy where no
behavioral response from the provider is required (green). The girl’s
profile, subthreshold CDI and threshold pupil dilation, corresponds to
more than a twofold increase in likelihood for experiencing a first
lifetime episode. Meanwhile, the boy’s pupil dilation score was below
subthreshold, suggesting minimal risk for depression onset in the
context of a subthreshold CDI score. By merely examining CDI
scores, differentiating between these two cases and tailoring the
clinical response would not be possible. Thus, consistent with recent
calls for more research on pediatric depression onset (Siu et al., 2016),
our findings represent a step toward screening protocols that can
target vulnerability for depression onset in youth via a risk factor
approach. Continued focus on the incremental validity of novel index
tests for primary prevention mental health screening carries the promise of bringing personalized prevention solutions to primary care and
school settings.

1
The original “stoplight” model was designed for the assessment setting
with “red” conferring immediate intervention. However, it may not be
possible for some settings to implement an intervention immediately.
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Therefore, “red” may confer prioritizing for referrals to specialty care, in
settings that do not have the capacity for intervention.
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Appendix
Stepwise Summary of Translational Analytic Approach
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Narrative of Related Studies
There have been two previously published reports that involve
findings concerning pupil dilation in youth previously published
from the larger study from which we drew our sample. The first
study (Manuscript 1) examined only baseline data and showed
individual differences in pupil dilation of children of depressed
and anxious mothers. In the second study (Manuscript 2), the
authors found that in a subsample of youth with a depressed
mother, greater pupillary reactivity predicted prospective depressive symptoms and episodes. Approximately 16% of the current
study was also used in Manuscript 2. The current study is distinct

from these studies by examining pupil dilation (a) within a larger,
never-depressed subsample of youth; (b) examining first lifetime
episodes of depression as the criterion; and (c) examining the
incremental validity and subsequent clinical utility of pupil dilation within the context of other informant and risk factor screening
approaches.
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