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ADHD is a Common and Complex Disorder with
Numerous ldentified Risk Factors and Correlates

e ADHD is very common, affecting roughly 5-10% of school-aged children (Scahill & Schwab-
Stone, 2000)

e Many factors associated with or predictive of ADHD have been identified:

= Genetic: heritability has been estimated to be as high as 88% (Larsson et al., 2014)
= Environmental: parental substance abuse history (Clark et al., 1997; Knopik et al., 2005), socioeconomic
status (Russell et al., 2016)
e Many differences have been identified in the brains of individuals with ADHD relative to
controls, both structurally (Hoogman et al., 2017) and functionally, including at task (Cubillo
et al.,2012) and at rest (Posner et al., 2014)

= Many rs-fMRI studies have focused on changes in functional connectivity, the correlated activity among
different regions of the brain (e.g., Mills et al. (2018))



Despite Large Number of Findings, There Has
Been Limited Success in Neuroimaging
Predictive Models

e Early success in small studies (e.g., Zhu et al. (2008)) has not replicated

= Sample size and accuracy are actually negatively correlated (Pulini et al., 2019)

e Many studies have focused on classification of known diagnoses

= Average classification accuracy in ADHD-200 study was 56% (The ADHD-200 Consortium, 2012), average
sensitivity much lower

e Lack of consistent findings in recent meta-analyses using case-control approach (Cortese et
al., 2021; Gao et al., 2019; Hoogman et al., 2019; Sutcubasi et al., 2020) raises the question of
whether this approach obscures significant heterogeneity in individuals (Cortese et al., 2021)



Studies Using Large, Representative Samples
and Dimensional Measures in Exploratory
Models May Improve Results

e Approaches that focus more on assessing ADHD along a continuum may be more fruitful and
generalizable

e Likewise, a large, representative sample - ideally non-clinical in recruitment - may give us a
more realistic indication of what brain changes are related to ADHD in overall population

e Analyzing many potential brain-related variables in this setting may be more informative

e The Adolescent Brain Cognitive Development (ABCD) Study provides us a unique opportunity
to address all of these concerns

= 11,878 subjects at baseline (when participants are ~9-10 years old), aim is to continue data collection until
age ~20

= Population-based and demographically diverse sample, intentionally sampled to be reflective of US children
= Non-binary (i.e., dimensional) measures of ADHD are collected

= Many measures of brain-related activity (and FC in particular) are collected



Present Study Aims to Leverage ABCD to Identify
What Features are Most Predictive of ADHD

Symptomatology

There are a number of factors to take into consideration for modeling:

e Large number of predictors (87 total: 78 within- and between-network resting state
functional connectivity predictors and a number of demographic and family history

variables)
e A Poisson response (a count of symptoms on the Attention Problems subscale of the CBCL)

e Potentially nonlinear effects

We can address all of these using a (groupwise) penalized nonparametric
Poisson regression model, implemented inthe grpnet (Helwig, 2023) package

in R



Penalized Regression Can Produce More Stable

and Sparse Coefficient Estimates
Most common penalty is the LASSO penalty (Tibshirani, 1996)

e Either used alone orin combination with the ridge penalty (Hoerl & Kennard, 1970) as part of
an elastic net penalty (Zou & Hastie, 2005)

e LASSO pushes some coefficients completely to zero, helping to identify which predictors are
most relevant

LASSO penalty takes the form
p
Pi(BIN) =) 18l
j=1

added to the OLS function

PLS,(Bo, B) = OLS(Bo, B) + A P1(B|)\)



Despite its Popularity, LASSO Penalty has Well-
Documented Drawbacks

e LASSO has been shown to be variable-selection consistent under particular sets of
assumptions (Zhang & Huang, 2008)
= But this set of necessary assumptions is quite strict, and in general LASSO is not variable-selection consistent
(Zhao & Yu, 2006)
e |LASSO also has non-ignorable bias in the parameter estimates of the non-zero coefficients,

particularly for larger effects (Xiao & Xu, 2015; Zhao & Yu, 2006) and a large number of false
positive effects (Xiao & Xu, 2015)

e LASSO has particularly poor performance, due to a violation of many key assumptions, in
variable selection in the presence of correlated variables (Zhao & Yu, 2006)

e But alternative penalties can be used in place of the lasso that may mitigate some of these
issues and improve variable selection



SCAD and MCP Are Two Alternative Penalties

SCAD penalty (Fan & Li, 2001) takes the form

p

Py(BINy) =D pr(IBili M)

J=1

(1851A if |B] < A
29N|B5| =552,
p1(1B51; M) = § —30-1) if A< |8 <A
A g =

MCP penalty (Zhang, 2010) takes the form

ABjl = 585 3 |85 < ¥A
3N if |8;] > yA

p1(1Bi; Ay) = {
Both have been shown to have less biased estimates than the LASSO and better
consistency

e Both can be added to an elastic net (as the L, penalty) and extended to a groupwise form
(needed for grpnet)



Present Work Aims to Compare Performance of
Different Penalties in Predicting ADHD

Data from N = 7979 subjects in ABCD study used

e OQutcome: sum scores from Attention Problem subscale of Child Behavior Checklist (CBCL)

e Predictors: 78 within- and between-network rs-FC variables, demographic (HHI, parental
education, race/ethnicity, age, sex assigned at birth, study site) and parental history (of
problematic drug and alcohol use) covariates

Modelsfitingrpnet

e Response modeled as Poisson with log link function
e Each feature expanded using a spectral smoothing spline basis to capture nonlinear effects

e Compared three L, penalties in the elastic net: LASSO, SCAD, and MCP

= Tuning for each done using cv.grpnet () using 10-fold CV to tune hyperparameters (a, A, and ~ for
SCAD/MCP)

Relative contribution of predictors assessed using variable importance indices



SCAD and MCP Penalties Produced Much Sparser
Solutions Than LASSO
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Single Network Selected by SCAD/MCP Identified
in Past Work as Best Predictor
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Conclusions

These results highlight the utility of using penalized regression in high-
dimensional, exploratory settings to simplify interpretations

e |n particular, results emphasize the benefit of alternative penalties like SCAD or MCP

e These results support past findings that LASSO tends to include many false positive effects
(Xiao & Xu, 2015) and bias estimates of non-zero coefficients, particularly for larger effects
(Zhao & Yu, 2006)

Selection of DT-DLA as single most important predictor suggests converging
findings in a research area marred by inconsistency

e Emphasizes the benefit of using large, representative cohorts and consortia, as well as a
potential benefit of using dimensional (rather than dichotomous) outcomes
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Variable Importance Indices

To determine which predictors were most influential in each model, the variable

importance indices were calculated for each predictor, given for the j-th variable
as

Tj = (Uan*)/(nIn*)

where 5, is the predicted effect for variable j evaluated at {z:}7 ,, . = 1 + na+... +n,
,and Y7 r; =1 (Helwig et al., 2020)

Note that variable importance indices give the approximate percentage of the
overall R? that is accounted for by each term

Variable importance indices sum to 100, so a value closer to 100 indicates
greaeter importance
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