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Abstract

The exclusion of high-motion participants can reduce the impact of motion in functional Magnetic 

Resonance Imaging (fMRI) data. However, the exclusion of high-motion participants may change 

the distribution of clinically relevant variables in the study sample, and the resulting sample 

may not be representative of the population. Our goals are two-fold: 1) to document the biases 

introduced by common motion exclusion practices in functional connectivity research and 2) 

to introduce a framework to address these biases by treating excluded scans as a missing data 

problem. We use a study of autism spectrum disorder in children without an intellectual disability 

to illustrate the problem and the potential solution. We aggregated data from 545 children (8–13 

years old) who participated in resting-state fMRI studies at Kennedy Krieger Institute (173 autistic 
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and 372 typically developing) between 2007 and 2020. We found that autistic children were 

more likely to be excluded than typically developing children, with 28.5% and 16.1% of autistic 

and typically developing children excluded, respectively, using a lenient criterion and 81.0% and 

60.1% with a stricter criterion. The resulting sample of autistic children with usable data tended 

to be older, have milder social deficits, better motor control, and higher intellectual ability than 

the original sample. These measures were also related to functional connectivity strength among 

children with usable data. This suggests that the generalizability of previous studies reporting 

naïve analyses (i.e., based only on participants with usable data) may be limited by the selection 

of older children with less severe clinical profiles because these children are better able to remain 

still during an rs-fMRI scan. We adapt doubly robust targeted minimum loss based estimation with 

an ensemble of machine learning algorithms to address these data losses and the resulting biases. 

The proposed approach selects more edges that differ in functional connectivity between autistic 

and typically developing children than the naïve approach, supporting this as a promising solution 

to improve the study of heterogeneous populations in which motion is common.

Keywords

Causal inference; Confounding; Functional connectivity; Missing data; Sampling bias; Super 
learner; Targeted minimum loss based estimation; Motion quality control; Autism spectrum 
disorder

1. Introduction

Resting-state functional magnetic resonance imaging (rs-fMRI) relies on spontaneous, 

interregional correlations in blood-oxygen-level-dependent signal fluctuations, termed 

functional connectivity, to characterize brain organization (Biswal et al., 1995). A 

fundamental challenge in rs-fMRI-based research is to separate the signal reflecting neural 

activity from a combination of unstructured thermal noise and spatiotemporally structured 

signals of non-interest. Participant head motion is problematic because even sub-millimeter 

movements can introduce spatially variable artifacts that are challenging to correct during 

postprocessing (Power et al., 2012; Satterthwaite et al., 2012; van Dijk et al., 2012). Post-

acquisition motion quality control (QC) procedures involve two stages: 1) elimination of 

scans with gross motion (scan exclusion); and 2) minimization of artifacts due to subtle 

motion (de-noising). Guidelines for removing motion-corrupted rs-fMRI data have been 

proposed (Parkes et al., 2018; Power, 2017; Satterthwaite et al., 2013), and many post-

acquisition cleaning procedures have been developed (Mejia et al., 2017; Muschelli et al., 

2014; Power et al., 2020; 2014; Pruim et al., 2015; Satterthwaite et al., 2013). However, this 

work has focused on maximizing rs-fMRI data quality. The impact of scan exclusion on the 

study sample composition and selection bias has been largely unexamined.

Motion is particularly common in pediatric and clinical populations (Fassbender et al., 2017; 

Greene et al., 2018). The focus on maximizing rs-fMRI data quality has been driven by a 

concern that if motion artifacts are not rigorously cleaned from the data, they may introduce 

spurious functional connectivity differences between groups of interest. For example, autism 

spectrum disorder (ASD) is a neurodevelopmental condition affecting approximately 1 
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in 44 children in the United States that is characterized by impairments in social and 

communicative abilities as well as restricted interests and repetitive behaviors (American 

Psychiatric Association, 2013; Maenner et al., 2021). The ‘connectivity hypothesis’ of 

autism claims that short-range connections are increased at the expense of long-range 

connections within the brain (for a review, see Vasa et al. (2016)). However, sub-millimeter 

motion-related artifacts often mimic this pattern. High-motion participants show stronger 

correlations between nearby brain locations and weaker correlations between distant 

brain regions compared to low-motion participants, even after controlling for motion in 

multiple modeling steps (Power et al., 2012; Satterthwaite et al., 2012; van Dijk et al., 

2012). ASD functional connectivity studies have found conflicting patterns of widespread 

hypoconnectivity, hyperconnectivity, and mixtures of the two (Dajani and Uddin, 2016; Di 

Martino et al., 2011; Keown et al., 2013; Lombardo et al., 2019; Rudie et al., 2013; Supekar 

et al., 2013). Moreover, studies using stricter motion QC have reported largely typical 

patterns of functional connectivity (Tyszka et al., 2014), suggesting that motion artifacts may 

have contributed to discrepancies in the literature (Deen and Pelphrey, 2012).

Exclusion of high-motion participants may help alleviate motion artifacts in functional 

connectivity estimates but may also introduce a new problem by systematically altering 

the study population. Implementation of scan exclusion guidelines can lead to drastic 

reductions in sample size. For instance, in a study examining the impact of motion artifact 

denoising procedures on predictions of brain maturity from rs-fMRI data, Nielsen et al. 

(2019) excluded 365 of 487 participants between 6 and 35 years of age due to excessive 

head motion. Applying similarly stringent scan exclusion criteria to rs-fMRI data from the 

Adolescent Brain Cognitive Development (ABCD) study, Marek et al. (2019) excluded 40% 

of participants despite efforts to track head motion in real-time at the majority of ABCD 

sites (15/21) to ensure a sufficient amount of motion-free data would be collected from each 

participant (Casey et al., 2018). One strategy for balancing the need to rigorously clean the 

data with the cost of excluding participants has been to use less stringent scan exclusion 

criteria and then examine the effect of diagnosis in a linear model controlling for age and 

summary measures of between-frame head motion (e.g., Di Martino et al. 2014). However, 

the possibility of introducing selection bias following scan exclusion remains.

In studies in which the outcome is missing for some participants, the difference in the 

mean between two groups calculated from observed outcomes may be biased if data are 

not randomly missing (Hernan and Robins, 2020). In rs-fMRI studies, naïve estimators of 

group-level functional connectivity based only on participants with usable rs-fMRI data may 

be biased if scan exclusion changes the distribution of participant characteristics related 

to functional connectivity. In the case of ASD, studies excluding high-motion participants 

have reported functional connectivity differences between autistic and typically developing 

children, as well as associations between functional connectivity strength and the severity 

of motor and social skill deficits (D’Souza et al., 2021; Lake et al., 2019; Uddin et al., 

2013; Wymbs et al., 2021), but these studies did not examine the impact of scan exclusion 

on the composition of the study sample with usable data. The graph in Fig. 1 illustrates 

how excluding high-motion participants (Δ = 0) could obscure the relationship between a 

diagnosis of ASD (A) and functional connectivity (Y) by changing the joint distribution of 

diagnosis and a covariate related to symptom severity (W). Bias can arise from a lack of 
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exchangeability, as children with usable data differ from those with unusable data. The term 

“‘confounding bias” is sometimes used to describe bias that arises when a predictor and 

outcome share a common cause (e.g., Δ → W and Δ → Y). The term “selection bias” or 

“Berksonian bias” may be used to describe bias from conditioning on common effects (e.g., 

W → Δ and Y → Δ). These concepts often overlap (Lash et al., 2021). In both cases, the 

key source of bias is a violation of exchangeability (Hernan and Robins, 2020). In Fig. 1, 

we describe the bias as selection bias, since it can be viewed as originating from a study 

that selects children that pass motion QC. If autistic children with usable rs-fMRI data are 

phenotypically more similar to typically developing children than those that were excluded, 

observed group differences may be reduced relative to group differences if we were able to 

collect usable rs-fMRI data from all participants.

In this study, we first describe our motivating dataset, an aggregation of phenotypic and 

rs-fMRI data from 173 autistic children without an intellectual disability and 372 typically 

developing children who participated in one of several neuroimaging studies at Kennedy 

Krieger Institute (KKI) between 2007 and 2020. We then explore the impact of commonly 

used head motion exclusion criteria on the composition of the sample of participants with 

usable rs-fMRI data, so that we can better understand what part of the spectrum we are 

characterizing after accounting for motion. Next we introduce a method for estimating 

functional connectivity adjusting for the observed sampling bias following participant 

exclusion due to motion QC, which we call the deconfounded group difference (Fig. 1, grey 

panel). We propose to treat the excluded rs-fMRI scans as a missing data problem. We use 

an ensemble of machine learning algorithms to estimate the relationship between behavioral 

phenotypes and rs-fMRI data usability, which is called the propensity model, and between 

behavioral phenotypes and functional connectivity, which is called the outcome model. The 

propensity and outcome models are then used in the doubly robust targeted minimum loss 

based estimation (DRTMLE) of the deconfounded group difference (Benkeser et al., 2017; 

van der Laan et al., 2007; van der Laan and Rose, 2011). We apply this approach to estimate 

the deconfounded group difference between autistic children without intellectual disabilities 

and typically developing children in the KKI dataset and compare our findings to the naïve 

approach. Finally, we discuss the costs and benefits of motion quality control and our 

proposed solution.

2. Methods

2.1. Dataset

2.1.1. Study population—Our initial cohort is an aggregate of 545 children between 

8- and 13-years old who participated in one of several neuroimaging studies at Kennedy 

Krieger Institute (KKI) between 2007 and 2020. Participants included 173 autistic children 

without an intellectual disability (148 boys) and 372 typically developing children (258 

boys); rs-fMRI scans and a limited set of phenotypic data from 266 of these children 

(78 with ASD) were previously shared with the Autism Brain Imaging Data Exchange 

(ABIDE) (Di Martino et al., 2017; 2014). Participants were recruited through local 

schools, community-wide advertisement, volunteer organizations, medical institutions, and 

word of mouth. The data collecting studies were all approved by the Johns Hopkins 
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University School of Medicine Institutional Review Board. After providing a complete study 

description, informed consent was obtained from a parent/guardian prior to the initial phone 

screening; written informed consent and assent were obtained from the parent/guardian and 

the child, respectively, upon arrival at the initial laboratory visit.

The following exclusion criteria were defined by the data-collecting studies. Children were 

ineligible to participate if their full scale intelligence quotient (FSIQ) from the Wechsler 

Intelligence Scale for Children, Fourth or Fifth Edition (WISC-IV or WISC-V, Wechsler, 

2003) was less than 80 and they scored below 65 on 1) the Verbal Comprehension Index 

and 2) the Perceptual Reasoning Index (WISC-IV) or the Visual Spatial Index and the Fluid 

Reasoning Index (WISC-V), depending on which version of the WISC was administered. 

Children were also excluded if they had a) a history of a definitive neurological disorder, 

including seizures (except for uncomplicated brief febrile seizures), tumor, lesion, severe 

head injury, or stroke, based on parent responses during an initial phone screening; b) a 

major visual impairment; or c) conditions that contraindicate or make it challenging to 

obtain MRI data (e.g., cardiac pacemaker, surgical clips in the brain or blood vessels, or 

dental braces).

A diagnosis of ASD was determined using the Autism Diagnostic Observation Schedule-

Generic (Lord et al., 2000) or the Autism Diagnostic Observation Schedule, Second Edition 

(ADOS-2, Lord and Jones, 2012), depending on the date of enrollment. Diagnosis was 

verified by a board-certified child neurologist (SHM) with more than 30 years of experience 

in the clinical assessment of autistic children. Autistic children were excluded if they had 

identifiable causes of autism (e.g., fragile X syndrome, Tuberous Sclerosis, phenylketonuria, 

congenital rubella), documented history of prenatal/perinatal insult, or showed evidence 

of meeting criteria for major depression, bipolar disorder, conduct disorder, or adjustment 

disorder based on parent responses during an initial phone screening. Within the ASD group, 

a secondary diagnosis of attention deficit hyperactivity disorder (ADHD) was determined 

using the DSM-IV or DSM5 (American Psychiatric Association, 2000, 2013) criteria and 

confirmed using a structured parent interview, either the Diagnostic Interview for Children 

and Adolescents-IV (DICA-IV, Reich, 2000) or the Kiddie Schedule for Affective Disorders 

and Schizophrenia for School-Age Children (K-SADS, Kaufman et al., 2013), as well as 

parent and teachers versions of the Conners-Revised (Conners, 1999) or the Conners-3 

Rating Scale (Conners, 2008), and parent and teacher versions of the DuPaul ADHD 

Rating Scale (DuPaul et al., 1998). To be classified as having comorbid ASD and ADHD 

(ASD+ADHD), a child with ASD had to receive one of the following: 1) a t-score of 60 or 

higher on the inattentive or hyperactive subscales of the Conners Parent or Teacher Rating 

Scale, or 2) a score of 2 or 3 on at least 6 of 9 items on the Inattentive or Hyperactivity/

Impulsivity scales of the ADHD Rating Scale-IV (DuPaul et al., 1998). Diagnosis was 

verified by a board-certified child neurologist (SHM) or clinical psychologist with extensive 

experience in the clinical assessment of children with ADHD. Children taking stimulant 

medications were asked to withhold their medications the day prior to and the day of their 

study visit to avoid the effects of stimulants on cognitive, behavioral, and motor measures.

Children were excluded from the typically developing group if they had a first-degree 

relative with ASD, if parent responses to either the DICA-IV or for more recent participants, 

Nebel et al. Page 5

Neuroimage. Author manuscript; available in PMC 2022 August 15.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



the K-SADS, revealed a history of a developmental or psychiatric disorder, except for simple 

phobias, or if they scored above clinical cut-offs on the parent and teacher versions of the 

Conners and ADHD Rating Scales.

The Hollingshead Four-Factor Index was used to generate a composite score of family 

socioeconomic status (SES) for each participant based on each parent’s education, 

occupation, and marital status (Hollingshead, 1975). Higher scores reflect higher SES.

2.1.2. Phenotypic assessment—The severity of core ASD symptoms was quantified 

within the ASD group using scores from the ADOS or the ADOS-2 calibrated to be 

comparable across instrument versions (Hus et al., 2014). We focus on the ADOS/ADOS-2 

Comparable Total Score, hereafter refered to as ADOS; higher total scores indicate more 

severe ASD symptoms. These semi-structured ASD observation schedules are rarely 

administered to control participants; they were not designed to characterize meaningful 

variability in unaffected individuals, and scores are usually equal or close to zero in typically 

developing children. However, ASD-like traits vary among non-clinical individuals, with 

those meeting criteria for a diagnosis of ASD falling at one extreme of a spectrum 

encompassing the population at large. To supplement ADOS information, parent and teacher 

responses to the Social Responsiveness Scale (SRS) questionnaire (Constantino and Todd, 

2003) or the SRS-2 (Constantino and Gruber, 2012) were also used. The SRS asks a 

respondent to rate a child’s motivation to engage in social interactions and their ability to 

recognize, interpret, and respond appropriately to emotional and interpersonal cues. The 

SRS yields a total score ranging between 0 and 195, with a higher total score indicating 

more severe social deficits. Total raw scores were averaged across respondents.

We also quantified the severity of ADHD symptoms using parent responses to the DuPaul 

ADHD Rating Scale (DuPaul et al., 1998) due to the high comorbidity of ASD and ADHD 

(Simonoff et al., 2008) and previous reports associating in-scanner movement with ADHD-

like traits (Kong et al., 2014). The DuPaul ADHD Rating Scale asks a caregiver to rate 

the severity of inattention and hyperactivity/impulsivity symptoms over the last six months 

and yields a total raw score as well as two domain scores: inattention and hyperactivity/

impulsivity. Our analyses focus on the two domain scores; higher DuPaul scores indicate 

more severe symptoms.

In addition to ASD and ADHD trait severity, basic motor control was examined using 

the Physical and Neurological Exam for Subtle Signs (PANESS), as the children were, 

in effect, asked to complete a motor task by remaining as still as possible during the 

scan. The PANESS assesses basic motor control through a detailed examination of subtle 

motor deficits, including overflow movements, involuntary movements, and dysrhythmia 

(Denckla, 1985), which also allows for the observation of handedness. We focused on 

total motor overflow as our primary measure of motor control derived from the PANESS. 

Motor overflow is a developmental phenomenon defined as unintentional movements 

that mimic the execution of intentional movements. Motor overflow is common in early 

childhood and typically decreases as children age into adolescence. Excessive degree and 

abnormal persistence of motor overflow is thought to reflect an impaired capacity to inhibit 

unintentional movements and has been associated with a number of developmental and 
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clinical conditions, in particular ADHD (Crasta et al., 2021; Mostofsky et al., 2003). Higher 

total motor overflow scores indicate poorer basic motor control.

Intellectual ability was quantified using the General Ability Index (GAI) derived from the 

WISC-IV or WISC-V (Wechsler, 2003). We used GAI because we wanted a measure of 

intellectual ability that was independent of motor control. GAI discounts the impact of tasks 

involving working memory and processing speed, the latter of which is abnormal in ASD 

and associated with poor motor control (Mayes and Calhoun, 2008). Higher GAI scores 

indicated greater intellectual ability.

2.1.3. Study sample—The study sample for our application of the deconfounded group 

difference is defined as the subset of participants with a complete set of demographic 

information (sex, socioeconomic status, and race) and the selected predictors as described 

in Section 2.3.3. The missingness of the data is depicted in the Web Supplement Fig. S1. 

This subset contains 137 autistic and 348 typically developing children from the original 173 

autistic and 373 typically developing children, and we refer to these 485 participants as the 

complete predictor cases. The sociodemographic characteristics of the complete predictor 

cases are summarized in Table 1. The impacts of motion exclusion criteria on this subset are 

discussed in Section 3.1.1.

2.1.4. rs-fMRI acquisition and preprocessing—All participants completed at least 

one mock scan training session to habituate to the MRI environment during a study visit 

prior to their MRI session. Rs-fMRI scans were acquired on a Phillips 3T scanner using an 

8-channel or a 32-channel head coil and a single-shot, partially parallel, gradient-recalled 

echo planar sequence with sensitivity encoding (repetition time [TR]/echo time = 2500/30 

ms, flip angle = 70°, sensitivity encoding acceleration factor of 2, 3-mm axial slices with no 

slice gap, in-plane resolution of 3.05 × 3.15 mm [84 × 81 acquisition matrix]). An ascending 

slice order was used, and the first 10 s were discarded at the time of acquisition to allow for 

magnetization stabilization. The duration of rs-fMRI scans varied between 5 min 20 s (128 

timepoints) and 6.75 min (162 timepoints), depending on the date of enrollment.

Rs-fMRI scans were either aborted or not attempted for seven participants after two 

unsuccessful mock scan training sessions in the complete predictor case set (3 ASD) 

due to noncompliance. Rs-fMRI scans for the remaining 478 participants in the complete 

predictor case set were visually inspected for artifacts and preprocessed using SPM12 

(Wellcome Trust Centre for Neuroimaging, London, United Kingdom) and custom code 

written in MATLAB (The Mathworks, Inc., Natick Massahusetts), which is publicly 

available (https://github.com/KKI-CNIR/CNIR-fmri_preproc_toolbox). Rs-fMRI scans were 

slice-time adjusted using the slice acquired at the middle of the TR as a reference, and head 

motion was estimated using rigid body realignment. Framewise displacement was calculated 

from these realignment parameters (Power et al., 2012). The volume collected in the middle 

of the scan was spatially normalized using the Montreal Neurological Institute (MNI) EPI 

template with 2-mm isotropic resolution (Calhoun et al., 2017). The estimated rigid body 

and nonlinear spatial transformations were applied to the functional data in one step. Each 

rs-fMRI scan was linearly detrended on a voxel-wise basis to remove gradual trends in the 

data. Rs-fMRI data were spatially smoothed using a 6-mm FWHM Gaussian kernel.
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2.1.5. Motion QC—We considered two levels of gross motion exclusion:

1. In the lenient case, scans were excluded/deemed unusable if the participant had 

less than 5 min of continuous data after removing frames in which the participant 

moved more than the nominal size of a voxel between any two frames (3 mm) 

or their head rotated 3°, where a 3° rotation corresponds to an arc length equal 

to 2.6 mm assuming a brain radius of 50 mm (Power et al., 2012) or 4.2 mm 

assuming 80 mm (Jenkinson et al., 2002; Yan et al., 2013). This procedure was 

modeled after common head motion exclusion criteria for task fMRI data, which 

rely on voxel size to determine thresholds for unacceptable motion (Fassbender 

et al., 2017; Johnstone et al., 2006).

2. In the strict case, scans were excluded if mean FD exceeded .2 mm or they 

included less than five minutes of data free from frames with FD exceeding .25 

mm (Ciric et al., 2017).

Eighty-three participants in the complete predictor case set (17 ASD) completed more than 

one rs-fMRI scan. For these participants, if more than one scan passed the lenient level of 

motion QC, we selected the scan with the lowest mean FD to include in our analyses.

2.1.6. Group ICA and partial correlations—Thirty components were estimated using 

group independent component analysis (Group ICA) with 85 principal components retained 

in the initial subject-level dimension reduction step from the scans that passed lenient 

motion QC (GIFT v3.0b: https://trendscenter.org/software/gift/; Medical Image Analysis 

Lab, Albuquerque, New Mexico; Calhoun et al., 2001; Erhardt et al., 2011). Detailed 

methods for Group ICA can be found in Allen et al. (2011). We used the back-reconstructed 

subject-level timecourses for each independent component to construct subject-specific 

partial correlation matrices (30 × 30) using ridge regression (ρ = 1) (Lombardo et al., 

2019; Mejia et al., 2018). After Fisher z-transforming the partial correlation matrices, we 

extracted the lower triangle for statistical analysis. Following the taxonomy for macro-scale 

functional brain networks in Uddin et al. (2019), we identified 18 signal components from 

the 30 group components. A partial correlation is equal to zero if the two components are 

conditionally independent given the other components. By using the partial correlations, 

we control for correlations due to the twelve non-signal components, which include some 

motion artifacts, as well as components mainly composed of white matter or cerebrospinal 

fluid, which capture other signals of non-interest that impact the brain globally (Bijsterbosch 

et al., 2020).

2.2. Impact of motion QC on the sample size and composition

2.2.1. Impact of motion QC on group sample size—For each level of motion 

exclusion, Pearsons chi-squared tests were used to assess whether the proportion of excluded 

children differed between the ASD and typically developing groups.

2.2.2. rs-fMRI exclusion probability as a function of phenotypes—We used 

univariate generalized additive models (GAMs) to examine the relationship between the 

log odds of exclusion and seven covariates: ADOS (ASD group), SRS, inattention, 

hyperactivity/impulsivity, motor overflow, age, and GAI. We used the subset of children 
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included in the final study sample (Section 2.1.3) for the strict and lenient motion exclusion 

criteria. We used automatic smoothing determined using random effects with restricted 

maximum likelihood estimation (REML) (Wood, 2017). We used univariate models rather 

than a model with all covariates simultaneously because some of the variables are correlated, 

such that the impact of each variable on rs-fMRI usability may be difficult to estimate. 

These models are related to the propensity models that will be used in the estimation of the 

deconfounded group difference (Section 2.3.1). We did not include SES, sex, or race in these 

models because these variables are not included in the propensity model in Section 2.3.3 

due to imbalance between diagnosis groups. Results when controlling for these variables 

were highly similar (not shown). While the propensity models use an ensemble of machine 

learning models to predict usability from multiple predictors, our focus for this analysis is 

on interpretable models. We controlled for multiple comparisons using the false discovery 

rate (FDR) for the seven univariate models, in which FDR is applied separately to the 

lenient and strict criteria models (Benjamini and Hochberg, 1995). Although FDR correction 

was popularized by high-throughput studies conducted in computational biology, Benjamini 

and Hochberg (1995) originally illustrated the utility of their approach for controlling the 

expected number of falsely rejected null hypotheses using a study in which a moderate 

number of tests (15) were performed, which is comparable to our analysis.

We also conducted a similar analysis using univariate GAMs assuming Gaussian errors to 

examine how the phenotypes are related to mean FD. We conducted separate analyses for 

the study sample (both usable and unusable cases), children passing the lenient criteria, and 

children passing the strict criteria, again using FDR correction for seven comparisons within 

each sample. We also examined whether mean FD differed by sex for these three samples 

using Mann-Whitney U-tests.

2.2.3. Impact of motion QC on distributions of phenotypes among children 
with usable data—We examined how the distribution of ADOS (ASD group), SRS, 

inattention, hyperactivity/impulsivity, motor overflow, age, and GAI differed between 

included and excluded participants. For additional insight into how scan exclusion may 

differentially affect autistic versus typically developing children, we stratified this analysis 

by diagnosis. We visualized the densities using kernel density estimation with default 

bandwidths in ggplot2 (Wickham, 2016). We then used one-sided Mann-Whitney U tests 

to test for differences between included and excluded participants for each measure stratified 

by diagnosis. We also calculated effect sizes as Z / N. We hypothesized that 1) included 

children would have less severe social, inattentive, hyperactive/impulsive, and motor deficits 

than excluded children, and 2) included children would be older and have higher GAI. We 

controlled for multiple comparisons by applying the FDR separately to the thirteen tests (7 

for the ASD group and 6 for the typically developing group) performed for the lenient and 

strict motion QC cases.

2.2.4. Functional connectivity as a function of phenotypes—We also 

characterized the relationship between phenotypes and functional connectivity. For each 

level of motion exclusion, we used univariate GAMs to examine the relationship between 

each phenotypic measure and the adjusted residuals for each edge of signal-to-signal 
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components in the partial correlation matrix. The adjusted residuals are the same data 

inputted to the deconfounded group difference and are calculated from the residuals of a 

linear model with mean FD, max FD, the number of frames with FD < 0.25 mm, sex, race, 

socioeconomic status, and diagnosis with the effect of diagnosis added back in as described 

in Section 2.3.3. Smoothing was determined using the random effects formulation of spline 

coefficients with restricted maximum likelihood estimation (REML) (Wood, 2017).

2.3. Addressing data loss and reducing sampling bias using the deconfounded group 
difference

2.3.1. Theory: Deconfounded group difference—Our goal is to estimate the 

difference in average functional connectivity between autistic children without an 

intellectual disability and typically developing children. We will use a causally informed 

approach to correct this associational estimand for potential selection bias following 

exclusion due to failed motion QC. Let Y be a random variable denoting the functional 

connectivity between two locations (or nodes defined using independent component 

analysis) in the brain. In practice, these will be indexed by v and v′, but we suppress 

this notation for conciseness. Let A denote the diagnosis indicator variable equal to one 

if the participant has ASD and zero otherwise. We first consider the hypothetical case in 

which all participants have usable rs-fMRI data. We use the potential outcomes notation and 

let Y(1) denote the functional connectivity in this hypothetical world (Hernan and Robins, 

2020). Our counterfactual Y(1) is not functional connectivity if assigned a diagnosis of 

autism, but rather functional connectivity under an intervention that reduces motion to an 

acceptable level in all children. Let W denote the covariates, which include measures that 

may be related to functional connectivity and ASD severity. Our parameter of interest is the 

difference in functional connectivity between autistic and typically developing children: ψ* 

= E*(Y(1) | A = 1) − E*(Y(1) | A = 0), where E*() denotes an expectation with respect to the 

probability measure of {Y(1), A, W}. It is important to observe that W is not independent of 

A, as the distribution of some behavioral variables differ by diagnosis group. We rewrite ψ* 

using the law of iterated expectations to gain insight into our parameter of interest:

ψ* = E* Y 1 |A = 1 − E* Y 1 |A = 0
= E* E* Y 1 |A = 1, W |A = 1 −

E* E* Y 1 |A = 0, W |A = 0 .

Here, the outer expectation integrates across the conditional distribution of the variables 

given diagnosis. This associational estimand differs from an average treatment effect (ATE) 

commonly considered in causal inference (Hernan and Robins, 2020), which integrates 

across the distribution of the covariates for the pooled population (autistic and typically 

developing children) to contrast the counterfactual of being assigned a diagnosis of autism 

with being assigned typically developing.

In contrast to the hypothetical world, many children in the observed world move too much 

during their rs-fMRI scan for their data to be usable, but we are still able to collect important 

behavioral and sociodemographic covariates from them. We regard data that fail motion 

quality control as “missing data.” Let Δ denote a binary random variable capturing the 

missing data mechanism that is equal to one if the data are usable and zero otherwise. Then 
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data are realizations of the random vector {Y, A, W, Δ}. Expectation with respect to their 

probability measure is denoted E() (no asterisk). Additionally, Y (Δ = 0) is missing. Then 

the naïve difference is ψnaive = E(Y | Δ = 1, A = 1) − E(Y | Δ = 1, A = 0). We define 

confounding as ψ* ≠ ψnaive (Greenland et al., 1999). Bias can occur when a covariate is 

related to data usability/missingness, W ↔ Δ, and also related to functional connectivity, 

W ↔ Y. Then if the covariate is related to diagnosis, i.e., W ↔ A, we have ψ* ≠ ψnaive. 

If there are interactions between W and A, then we can also have ψ* ≠ ψnaive. These 

relationships are summarized in the graph in Fig. 1. We now define our target parameter as a 

function of usable data. We call this quantity the deconfounded group difference:

ψ = E E Y A = 1, Δ = 1, W |A = 1 −
E E Y A = 0, Δ = 1, W |A = 0 . (1)

The mathematical distinction between this and the naïve estimator is that in the naïve 

estimator, mean functional connectivity in the ASD group is calculated as E(Y | Δ = 1, A 
= 1) = E{E(Y | Δ = 1, A = 1, W) | Δ = 1, A = 1}, which differs from E{E(Y | Δ = 1, A = 

0). In the deconfounded is a similar distinction for E(Y | Δ = 1, A = 0) group difference, we 

integrate across the conditional distribution of phenotypic variables given diagnosis versus 

the naïve approach that integrates across the conditional distribution of phenotypic variables 

given diagnosis and data usability. We will show in Section 3.1.3 that the distribution of 

phenotypic variables given diagnosis differs from the distribution given diagnosis and data 

usabilty.

Identifying the parameter of interest ψ* from the target parameter ψ requires three 

assumptions:

(A1.1) Mean exchangeability:for a = 0, 1, E*{Y(1) | A = a, W } = E*{Y(1) | Δ = 1, A 
= a, W }.

(A1.2) Positivity: for a = 0, 1 and all possible w, P(Δ = 1 | A = a, W = w) > 0.

(A1.3) Causal Consistency: for all i such that Δi = 1, Yi(1) = Yi.

Assumption (A1.1) implies that W is sufficiently rich as to contain all variables 

simultaneously associated with mean functional connectivity and exclusion due to failed 

motion QC. This assumption is also called ignorability or the assumption of no unmeasured 

confounders. In the missing data literature, this is closely related to the assumption that data 

are missing at random: P(Δ = 1 | Y, A = a, W) = P (Δ = 1 | A = a, W) (van der Laan and 

Robins, 2003). Assumption (A1.2) implies that there are no phenotypes in the population 

who uniformly fail motion QC. Assumption (A1.3) stipulates that Y from children with 

usable fMRI data is the same as the outcome that would have been observed under a 

hypothetical intervention that allows the child to pass motion control (VanderWeele, 2009). 

Under A1.1 and A1.3, we have E*{Y(1) | A = a, W} = E{Y | Δ = 1, A = a, W}, which allows 

us to identify the potential outcomes from the observable data.

We estimate our target using doubly robust targeted minimum loss based estimation 

(DRTMLE, Benkeser et al., 2017; van der Laan and Rose, 2011), which involves three 

steps enumerated below and illustrated in Fig. 1.
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1. Fit the propensity model: P (Δ | A, W). This model characterizes the probability 

that the rs-fMRI data pass motion quality control. It uses all data to fit the 

model. Then the usable functional connectivity will be weighted by their inverse 

probabilities of usability (propensities) during step three.

2. Fit the outcome model: E(Y | Δ = 1, A, W). This step estimates functional 

connectivity from the covariates for participants with usable rs-fMRI data. It then 

predicts functional connectivity for both usable and unusable participants.

3. Use DRTMLE to combine functional connectivity from the usable subjects 

weighted by the inverse probability of usability from step 1 with predictions of 

functional connectivity for all subjects (usable and unusable) from step 2. Here, 

DRTMLE is applied separately to each diagnosis group, which calculates mean 

functional connectivity by integrating across the diagnosis-specific distribution 

of the covariates from usable and non-usable participants.

Steps 1 and 2 use super learner, an ensemble machine learning technique. The super 

learner fits multiple pre-specified regression models and selects a weight for each model 

by minimizing cross-validated risk (Polley et al., 2019). Step 3 combines the propensity and 

outcome models using DRTMLE. An appealing property of DRTMLE is that the estimate of 

the deconfounded group difference and its variance are statistically consistent even if either 

the propensity model or the outcome model is inconsistently estimated. See Benkeser et al. 

(2017). By statistical consistency, we mean that our estimate converges to the true difference 

as the sample size goes to infinity, which is different from the causal consistency assumption 

in A1.3. Here, we know that the missingness mechanism is deterministic based on motion, 

but we are replacing it with a stochastic model that estimates missingness based on the 

behavioral phenotypes. Details of our implementation on the real data are in Section 2.3.3.

2.3.2. Toy example and tutorial—We simulate a dataset with bias and estimate 

the deconfounded group difference in a tutorial available at https://github.com/mbnebel/

DeconfoundedFMRI/blob/thebrisklab-main/DeconfoundGroupDifference_Tutorial.Rmd. We 

generate a sample in which approximately 25% of the participants have ASD, which 

is similar to the real data (approximately 30% ASD). Then we generate a covariate 

representing ASD severity, denoted Wc, equal to zero for the typically developing children 

and generated from a log normal distribution in the ASD group (log μ = 2, sd=0.4). We 

generate nine additional standard normal variables unrelated to diagnosis. Then for the 

propensity model, data usability is generated from a logistic regression model, logit(E[Δ = 

1 | Wc = wc]) = 2 − 0.2 * wc. At the mean Wc in the simulated ASD group, the effect is 

−0.2 * 7. 4 = −1.5. In the real data, there were non-linearities with steeper slopes at higher 

ADOS. The slope was approximately −0.077 at the mean ADOS=14.3, leading to −0.077 * 

14.3 = −1.1 (see Section 3.1.2). The simulation design resulted in approximately 88% and 

60% usable data in the typically developing and ASD groups, respectively, compared to 84% 

and 72% using the lenient criteria in the real data.

Next, we defined the outcome model using a linear model in which the slope is −0.2 

for Wc, 0 for the nine other covariates, and 0 and 1.4 for the typically developing and 

ASD intercepts, respectively. This simulation design resulted in the correlation between 
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Wc and Y equal to −0.56, and the “true” functional connectivity, i.e., E*[Y(1) | A = a], 

equal to approximately −0.20 in the ASD and 0 in typically developing groups leading 

to a between groups Cohen’s d = 0.51. In our dataset, ADOS is weakly correlated with 

the partial correlations (min=− 0.21, max=0.17 across 153 edges for children with usable 

data under lenient motion QC), and the largest naïve Cohen’s d = 0.50 (the challenges of 

calculating a Cohen’s d with DRTMLE are discussed in Section 4.3). We note that a study 

on sleeping autistic toddlers found correlations between functional connectivity and ADOS 

as great as −0.78 in certain subgroups and some large effect sizes (> 0.8) (Lombardo et al., 

2019). We generate a random sample equal to 550, then estimate the deconfounded group 

difference, as depicted in Fig. 2. We will see that in the real data analysis using lenient 

motion QC, the naïve difference and deconfounded group difference are more similar than 

this toy example. However, the toy example illustrates the impact of selection bias under a 

plausible experimental setup.

2.3.3. Application: Deconfounded group difference in the KKI dataset—Recall 

Step 1 involves fitting a propensity model and Step 2 involves fitting an outcome model 

(Section 2.3.1). We use the same predictors in the propensity and outcome models: age 

at scan, handedness (left, right, mixed), primary diagnosis, secondary diagnosis of ADHD, 

indicator variable for a current prescription for stimulants (all participants were asked to 

withhold the use of stimulants the day prior to and on the day of the scan), motor overflow, 

GAI, DuPaul inattention, DuPaul hyperactivity/impulsivity, and ADOS. The ADOS is only 

administered to children in the ASD group, since it is usually equal or close to zero in 

typically developing children. We set ADOS equal to zero for all typically developing 

children. Social responsiveness score was not included due to missing values in 19.5% of 

observations.

The study sample for our application of the deconfounded group difference is the subset 

of participants with a complete set of predictors (Section 2.1.3) as depicted in Web 

Supplement Fig. S1. We discuss the study sample and possible biases arising from patterns 

of missingness in the predictors in Section 4.2.

We focus on the lenient motion QC case because too few participants have usable 

data following strict motion QC to accurately estimate the outcome model. Functional 

connectivity metrics based on partial correlations are less sensitive to motion artifacts than 

those based on full correlations (Mahadevan et al., 2021), but to guard against lingering 

impacts of motion on functional connectivity and to account for possible confounding 

due to sampling design, we adjust the partial correlations as follows. For each edge, we 

fit a linear model with mean FD, max FD, number of frames with FD < 0.25 mm, sex 

(reference: female), race (reference: African American), socioeconomic status, and primary 

diagnosis (reference: Autism) as predictors. We include sex, race, and socioeconomic status 

in this model because they differed between autistic and typically developing children 

(see Section 3.1.1). We then extracted the residuals and added the estimated intercept and 

effect of primary diagnosis. This approach controls for mean effects that differ by group 

(ASD versus typically developing) that ideally would be equal, and adjusted residuals 

have been described in the context of site harmonization in Fortin et al. (2018). Then the 

“naïve” approach is comparable to the approach used in Di Martino et al. (2014), who 
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included diagnosis, sex, age, and mean FD in a linear model. See Section 4.5 for additional 

discussion.

Steps 1 and 2 (see Section 2.3.1):  We use the following learners and R packages 

when using super learner: multivariate adaptive regression splines in the R package earth 

(Milborrow, 2011), lasso in glmnet (Friedman et al., 2010), generalized additive models in 

gam (Hastie, 2020), generalized linear models in glm, random forests with ranger (Wright 

and Ziegler, 2017), step-wise regression in step, step-wise regression with interactions, 

xgboost (Chen and Guestrin, 2016), and the intercept only (mean) model; for the outcome 

model (continuous response), we additionally used ridge from MASS (Venables and Ripley, 

2002) and support vector machines in e1071 (Meyer et al., 2021). Parameters were set to 

their defaults except for the following: in the propensity model, the family was equal to 

binomial (logistic link) with method set to minimize the negative log likelihood; in the 

outcome models, the method was set to minimize the squared error loss. Note the outcome 

model is fit separately for each of the 153 edges, whereas the same propensities are used 

for all edges. The propensity model is fit using the complete predictor cases. The outcome 

model is fit using the complete usable cases.

Step 3:  DRTMLE is applied to ASD for each edge, then to TD. This step uses both the 

propensities and the predicted outcomes to result in an estimate of the deconfounded mean 

for the ASD group, the deconfounded mean for the typically developing group, and their 

variances. We use the non-parametric regression option for both the reduced-dimension 

propensity and reduced-dimension outcome regression. A z-statistic is formed from their 

difference under the assumption of independent groups, which is used to test the null 

hypothesis that functional connectivity is equal in autistic and typically developing children.

Since super learner uses cross validation, its results differ for different random seeds. We ran 

the entire procedure (propensity model and 153 outcome models) for two hundred different 

seeds, calculated the DRTMLE-based z-statistic for the difference in functional connectivity, 

and averaged the z-statistics at each edge from the two hundred seeds. We calculated 

adjusted p-values using FDR=0.2, which means that we expect 20% of the rejected null 

hypotheses to be falsely rejected. This threshold has been used in recent papers on FDR 

(Barber and Candès, 2015). We also report edges that survive the more stringent FDR=0.05. 

We repeated this entire procedure a second time with a different set of 200 seeds. The 

correlation between the average z-statistics across the 153 edges was greater than 0.99. The 

same edges were selected at false discovery rate FDR=0.20 in the first and second set of 

seeds. For the final input to the figures, we pooled both sets of seeds and averaged their 

z-statistics.

For the naïve approach, we calculated the z-statistic of the average group differences 

between autistic and typically developing children from the complete usable cases for each 

of the 153 edges. This test statistic is nearly equivalent to the t-statistic from the linear model 

with motion variables, sex, socioeconomic status, and diagnosis.
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2.4. Data and code availability

All data used for this study can be made available by written request through the study’s 

corresponding author under the guidance of a formal data-sharing agreement between 

institutions that includes the following: 1) using the data only for research purposes and 

not attempting to identify any participant; 2) limiting analyses to those described in both 

institutions IRB-approved protocols; and 3) no redistribution of any shared data without a 

data sharing agreement.

The code for recreating all analyses, tables, and figures in this study is available at https://

github.com/mbnebel/DeconfoundedFMRI.

3. Results

3.1. Impact of motion QC on the study sample and sample bias

3.1.1. The impact of motion QC on sample size can be dramatic and differs 
by diagnosis group—Figure 3 illustrates the inclusion criteria used for our analyses 

and the number of participants remaining after each exclusion step. Missing covariate data 

excluded 60 participants, or 11% of the total number of participants scanned. Lenient motion 

QC excluded 19.6% of complete predictor cases, while strict motion QC excluded 66.0% of 

complete predictor cases. In addition, we found the proportion of excluded children differed 

by diagnosis group using both levels of motion QC (Fig. 3b). Using lenient motion QC, 

16.1% of typically developing children were excluded, compared to 28.5% of children in 

the ASD group (χ2=8.8, df = 1, p = 0.003). Using strict motion QC, 60.1% of typically 

developing children were excluded, compared to 81.0% of children in the ASD group (p = 

0.003). Thus, commonly used motion QC procedures resulted in large data losses that more 

severely impacted the size of the ASD group.

3.1.2. rs-fMRI exclusion probability changes with phenotype and age—We 

observed that children with higher ADOS scores, SRS scores, inattentive symptoms, 

hyperactive/impulsive symptoms, or poorer motor control were more likely to be excluded, 

while older children and children with higher GAI were less likely to be excluded when 

the lenient motion QC was used (all FDR-adjusted p < 0.01) as well as the strict motion 

QC (all FDR-adjusted p < 0.03; Fig. 4). In particular, there is a sharp increase in exclusion 

probability using the lenient motion QC for children with higher ADOS scores (slate blue 

line, left-most panel). The bottom panel of Fig. 4 illustrates the covariate distribution for 

each diagnosis group (pooling included and excluded participants). Interestingly, using the 

lenient motion QC, the relationship between SRS and exclusion appears flatter over the 

range of values in the typically developing group and steeper over the range of values in the 

ASD group (slate blue line). In contrast, the relationship between hyperactivity/impulsivity 

and exclusion appears linear over the range of values present in the typically developing 

group but fairly flat over the range of values in the ASD group.

When we considered children with usable and unusable data, we observed similar patterns 

between mean FD and the covariates as we saw between the probability of exclusion and 

the covariates. Children with higher (more severe) ADOS scores, SRS scores, inattentive 
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symptoms, hyperactive/impulsive symptoms, or poorer motor control moved more, while 

older children and children with higher GAI moved less (Web Supplement Fig. S2, black 

lines, all FDR-adjusted p < .005). We saw similar patterns following lenient motion QC 

except that the tendency for children with higher GAI to move more was not significant 

(FDR-adjusted p = .496). The strict motion QC appears to eliminate the relationship between 

motion and behavioral phenotypes (FDR-adjusted p > 0.05). However, this may be due 

in part to restricting the distribution of phenotypes, as highlighted by the change in the 

distribution of ADOS. These biases are further examined in the next section. Before scan 

exclusion, there was a tendency for boys to move more than girls (p = 0.03, uncorrected, r = 

0.10), but there was not a significant difference between boys and girls with usable data in 

the lenient (p = 0.27) or strict samples (p = 0.17).

3.1.3. Phenotype representations differ between included and excluded 
children—Figure 5 illustrates distributions of the covariates for included and excluded 

participants stratified by diagnosis group and motion QC level. For the lenient motion QC, 

median values for included and excluded participants, effect sizes, and FDR-adjusted p 

values for each measure and diagnosis group are summarized in Web Supplement Table S1. 

Using the lenient motion QC, we observed biases in both the ASD and typically developing 

groups toward the selection of older children (FDR-adjusted p = 0.08, 0.05 for the ASD 

and typically developing groups, respectively) with higher GAI (FDR-adjusted p = 0.07 for 

both diagnosis groups). In the ASD group, we also observed biases toward the selection 

of children who had lower total ADOS, SRS, or motor overflow scores (FDR-adjusted 

p = 0.07, 0.05, and 0.01, respectively), but we did not observe differences in terms of 

inattentive or hyperactive/impulsive symptoms between included and excluded participants 

(FDR-adjusted p > 0.6 for both covariates). In the typically developing group, we did not 

observe a bias in terms of SRS or inattention (FDR-adjusted p = 0.5, 0.3), while there was 

some evidence of bias for motor overflow (p = 0.08). We did observe a bias towards the 

selection of typically developing children with lower hyperactive/impulsive scores (FDR-

adjusted p = 0.07). Significant p-values were associated with small effect sizes (r = 0.08 to 

0.27).

Differences between included and excluded children also tended to occur using the strict 

criteria, although in general significance was reduced, owing in part to the reduced sample 

size in the included group but also to some reduced effect sizes (i.e., motor overflow). 

Typically developing children who were included were less hyperactive/impulsive than 

typically developing children who were excluded (FDR-adjusted p = 0.02). Median values 

for included and excluded participants, effect sizes, and FDR-adjusted p values for each 

measure and diagnosis group are summarized in Web Supplement Table S2.

3.1.4. Phenotypes are also related to functional connectivity—The relationships 

we observed between rs-fMRI data usability and the covariates examined in the preceding 

analyses may impact our parameter of interest if those measures are also related to 

functional connectivity. Figure 6 illustrates histograms of p values for GAMs of the 

relationship between edgewise functional connectivity (adjusted for sex, SES, race, and 

motion, see Section 2.3.3) and ADOS, SRS, inattentive symptoms, hyperactive/impulsive 
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symptoms, total motor overflow, age, and GAI across participants with usable rs-fMRI 

data using the lenient motion QC (slate blue bins) and the strict motion QC (red bins). 

This analysis is related to the outcome model used in the deconfounded group difference, 

as it provides insight into whether the sampling bias will impact the mean difference in 

functional connectivity between groups. Here, we focus on a single phenotype in each GAM 

for interpretability. For a given phenotype, a clustering of p values near zero suggests that 

a covariate is associated with functional connectivity for a greater number of edges. If there 

is no association between the covariate and functional connectivity, we expect the p values 

to be more uniformly distributed. We see strong clustering of p values near zero for total 

ADOS across participants with usable rs-fMRI data under lenient and strict motion QC. 

For SRS, we see some clustering using participants who pass lenient and strict motion 

QC. For inattentive symptoms, we see a clustering of p values near zero using participants 

who pass lenient motion QC. For hyperactive/impulsive symptoms, we see a clustering of p 
values near zero following lenient and strict motion QC. For motor overflow, we see some 

clustering of p values near zero for both levels of motion QC. For age, we see a clustering of 

p values near zero using participants who pass the lenient motion QC but not strict. For GAI, 

we see a clustering of p values near zero using participants who pass the strict motion QC 

but not lenient.

3.2. Application: Deconfounded group difference in the KKI dataset

We examined the stability of the propensity scores across all random seeds. Propensities 

near zero can increase the bias and variance of causal effects (Petersen et al., 2010) and 

indicate a possible violation of the positivity assumption (A1.2). The smallest propensity 

ranged from 0.23–0.52. This indicates that there is a reasonable probability of data inclusion 

across the range of {W, A} and that Assumption (A1.2) is likely to be adequately satisfied. 

The AUCs for predicting usability across all seeds ranged from 0.67 to 0.99, and on average 

was 0.86, whereas the AUC was 0.68 using logistic regression and 0.69 using a logistic 

additive model, which indicates that the super learner often improves the accuracy of the 

propensity model.

The deconfounded group difference estimated using DRTMLE revealed more extensive 

differences between the ASD and typically developing groups than the naïve approach (Fig. 

7>, Web Supplement Table S3). At FDR=0.20, the naïve approach indicated four edges 

showing a negative difference in functional connectivity between the ASD and typically 

developing groups (ASD < TD; red lines) and four edges showing a positive difference 

(ASD > TD; blue lines). The DRTMLE approach also indicated these eight edges, with 

seven having smaller p values relative to those for the naïve approach. The DRTMLE 

approach also indicated an additional eight edges showing negative group differences and 

nine additional edges showing a positive group difference. Network nodes that gained 

edges from the DRTMLE versus the naïve method (FDR=0.2) included the executive 

control (+10), default mode (+5), somatomotor (+8), ventral attention (+5), pontomedullary/

cerebellar (+3), dorsal attention (+2), and visual (+1) networks. At FDR=0.05 (Web 

Supplement Fig. S3), the naïve approach only indicated one edge showing a negative 

difference in functional connectivity between the ASD and typically developing groups 

(primary visual IC-02 to bilateral executive control IC-27). The DRTMLE approach 
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indicated this edge with a smaller p value, while also indicating five additional edges with 

a total of three of the six edges showing a negative difference in functional connectivity 

(ASD < TD). Network nodes that gained edges from the DRTMLE versus the naïve 

method (FDR=0.05) included the default mode (+3), pontomedullary/cerebellar (+3), dorsal 

attention (+2), and executive control (+1) networks.

Functional connectivity scores further from zero reflect stronger functional connectivity 

regardless of sign; positive scores reflect stronger positive partial correlations, or more 

integrated intrinsic activity between nodes. Negative scores reflect negative partial 

correlations, or more segregated intrinsic activity between nodes. The sign of average group 

effects remained consistent, as did the direction of group differences (Web Supplement 

Table S2). Edges showing positive group differences in functional connectivity included 

edges for which positive correlations were strengthened in the ASD group compared to 

the typically developing group, as well as connections in which negative correlations were 

weaker in the ASD group compared to the typically developing group. Similarly, the edges 

showing negative group differences included connections for which negative correlations 

were strengthened in the ASD group compared to the typically developing group, as well as 

connections for which positive correlations were weaker in the ASD group compared to the 

typically developing group.

In this application, the deconfounded means were very similar to the naïve means (Web 

Supplement Fig. S4). Additionally, partial correlations were highly variable, with the range 

of partial correlations in the ASD and typically developing groups broadly overlapping. 

However, the small changes in the means also contributed to the more extensive ASD-TD 

differences in DRTMLE versus the naïve approach depicted in Fig. 7. Of the additional 17 

edges selected at FDR=0.20 by DRTMLE, eight of the 17 had a decrease in the standard 

error but all 17 had an increase in the absolute difference between the ASD and typically 

developing groups. Across all edges, the absolute difference between groups increased in 

106/153 edges and the standard error decreased in 81/153. We discuss effect sizes in Section 

4.3.

4. Discussion

We set out to understand what part of the autism spectrum we are characterizing in 

rs-fMRI analyses: Does excluding high-motion participants allow us to draw conclusions 

about average brain function/connectivity that are representative of 8-to-13-year-old children 

across the entire autism spectrum, or does it introduce bias? The primary message that 

emerges from our findings is that ignoring bias due to motion exclusion can be problematic 

scientifically. Using data from a large sample of autistic children without an intellectual 

disability and typically developing children, we demonstrated that motion exclusion changes 

the distribution of behavioral and sociodemographic traits in the study sample that are 

related to functional connectivity. This finding suggests that the generalizability of previous 

studies reporting naïve analyses may be limited by the selection of older children with 

less severe clinical profiles because these children are better able to remain still during an 

rs-fMRI scan. We further propose a statistical approach for addressing the data loss and 

possible bias following motion QC using DRTMLE. Our findings indicate more extensive 
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differences between autistic and typically developing children using DRTMLE as compared 

with conventional approaches.

In our study, the impact of motion QC on sample size was dramatic and differed by 

diagnosis group. Detailed reporting of the number of participants excluded for excessive 

head motion is far from standard practice, but we found that motion QC removed a 

larger proportion of autistic children compared to typically developing children, which 

is consistent with the patterns reported in Redcay et al. (2013) and Jones et al. (2010). 

Across diagnosis groups, children with more severe social deficits, more inattentive 

symptoms, more hyperactive/impulsive symptoms, or poorer motor control were more likely 

to have unusable rs-fMRI data and be excluded, while older children or children with 

higher intellectual ability were less likely to be excluded for both levels of motion QC. 

Similarly, Simhal et al. (2021) found that children with ASD and children with ADHD 

who failed a mock MRI training protocol were younger, had lower verbal and non-verbal 

intelligence scores, and more severe ADOS scores than children with ASD and children 

with ADHD who passed the training protocol. These findings suggest that the mechanisms 

driving missingess in rs-fMRI studies may be related to scientifically relevant participant 

characteristics.

The estimate of mean functional connectivity should be representative of all children 

enrolled in the study, assuming the enrolled participants are a representative sample 

from the target population. However, we observed that participants with usable rs-fMRI 

data differed from participants with rs-fMRI data that would have been excluded using 

conventional approaches. Autistic children excluded by lenient motion QC tended to be 

younger, displayed more severe social deficits (both observed by the experimenter using 

the ADOS and reported by parents/teachers using the SRS), more motor overflow, or lower 

intellectual ability than autistic children who were included. We observed similar differences 

between included and excluded autistic children following strict motion QC, although in 

general, power was reduced due to the reduced sample size. Moreover, these characteristics 

are exactly those that showed relationships with functional connectivity among children with 

usable data following one or both levels of motion QC. The strength of these relationships 

between clinically relevant measures and functional connectivity among children with usable 

data appeared to depend on the level of motion QC used. Given that the definition of 

usability varies widely among rs-fMRI studies, our findings suggest that differences in the 

representation of symptom severity among children with usable data following motion QC 

may have partially contributed to discrepancies in the literature regarding ASD-associated 

functional connectivity findings. To improve comparison across studies, it is critical for 

rs-fMRI researchers to transparently assess the amount of information lost following motion 

QC (Fig. 3), to consider whether participant characteristics related to usability are also 

related to the effect of interest, and to try to address the loss of power and potential bias if 

they are.

Here, we have advanced this issue using techniques from the missing data and causal 

inference literature combined with an ensemble of machine learning algorithms. Our 

framework explicitly treats missingness due to motion QC as a source of bias, and we 

define a target parameter called the deconfounded group difference, which utilizes the 
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distribution of diagnosis-specific behavioral variables across usable and unusable scans. The 

general concept of this framework is to recognize that children with usable data are not 

representative of all enrolled children within each diagnosis group. DRTMLE combines 

the results of inverse propensity weighting and G-computation, which improves robustness 

relative to either approach alone. Inverse propensity weighting gives more weight to children 

with more severe symptoms and usable functional connectivity data because a) they are 

more likely to be missing and b) functional connectivity is related to symptom severity so 

we need them to stand in for all children with more severe symptoms who are excluded 

due to data quality concerns. The outcome model estimates functional connectivity for all 

children, including those with greater symptom severity, and in this sense accounts for 

children with unusable data. We use an ensemble of machine learning methods to flexibly 

model possible non-linear relationships between phenotypic traits and data usability (the 

propensity model) and between phenotypic traits and functional connectivity (the outcome 

model). For both the propensity and outcome models, we include a rich collection of 

variables that we expect to be associated with rs-fMRI usability, functional connectivity, 

or both. Including variables that contribute to both rs-fMRI usability and functional 

connectivity represents an opportunity to decrease bias. Including variables that contribute to 

functional connectivity but not necessarily to rs-fMRI usability represents an opportunity 

to decrease the variance of our estimate without increasing bias. The propensity and 

outcome models are then combined using DRTMLE, which results in statistically consistent 

estimation of the deconfounded group difference and its variances under the assumptions in 

Section 2.3.1 and discussed in Section 4.4.

4.1. Possible scientific insights gained from DRTMLE

The pattern of group differences observed using DRTMLE is consistent with knowledge of 

DMN-DAN interactions, such that the DMN shows task-induced deactivation, whereas the 

DAN shows task-induced activation (Padmanabhan et al., 2017). Findings from task-based 

fMRI studies suggest that individuals with ASD show lower deactivation of the DMN during 

self-referential processing tasks as compared to typically developing controls (Kennedy et 

al., 2006; Padmanabhan et al., 2017). Recent findings also suggest a crucial role of the 

posterolateral cerebellum, a region functionally connected to the DMN (Buckner et al., 

2011), in both social mentalizing (Van Overwalle et al., 2020) and behaviors central to a 

diagnosis of ASD (Lidstone et al., 2021; Stoodley et al., 2017). The cerebellum is also 

believed to form and update internal models of the world for predictive control in both social 

and nonsocial contexts (Blakemore et al., 2001). Functional connectivity between the DMN, 

DAN, and cerebellum should be a focus of future research to better understand the neural 

mechanisms contributing to autism.

4.2. The target population, other possible biases, and methods to address them

Although DRTMLE can address issues of missing data due to motion QC, it does not 

address possible biases in the sample of children with behavioral data that appear in the 

study, which may differ from the target population. The target population in the original 

data-collecting studies was children without an intellectual disability. Within this target 

population, our study is a convenience sample in that participants meeting the eligibility 

criteria were recruited using flyers and patient records, rather than randomly sampled. In 
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fact, we had a five-to-one ratio of boys to girls in our ASD sample compared to the 

estimated four-to-one relative risk nationwide (Maenner et al., 2021). This convenience 

sampling approach is an important shortcoming in many fMRI studies. A recent study 

found a healthy volunteer bias in the UK Biobank sample (Fry et al., 2017). Bradley 

and Nichols (2022) used propensity score weighting methods to decrease this bias in a 

study of brain structure but noted that these approaches require access to external individual-

level population data, which is often unavailable. Extending the DRTMLE approach to 

accommodate situations in which the study sample deviates from the target population is an 

important area for future work.

A goal of the original data-collecting studies was to estimate the association between 

functional connectivity and a diagnosis of ASD separate from any association between 

functional connectivity and intellectual disability. A recent cohort-based study of heritability 

and familial risk indicated that ASD without a co-occurring intellectual disability may have 

a greater genetic basis than ASD with an intellectual disability (Xie et al., 2020), suggesting 

that these ASD phenotypes may be etiologically distinct. Approximately 35% of autistic 

children have an intellectual disability (Maenner et al., 2021), and our findings may not 

generalize to this segment of the autism population (Reiter et al., 2019). Unless we as a field 

make a concerted effort to correct for the over-representation of cognitively abled children 

in autism research, we will never be able to answer this question. In addition, an estimated 

70% of autistic children have at least one comorbid disorder (Simonoff et al., 2008). The 

original data-collecting studies allowed for two of the most common comorbid mental health 

disorders, namely ADHD and social anxiety disorder, but excluded all others. Because 

research informs the revision of diagnostic criteria and health and educational policy, we 

must improve recruitment and data collection from children we have historically excluded 

from rs-fMRI research of autism.

Scanning these underrepresented populations requires thoughtful experimental 

accommodations. Some approaches for improving the likelihood of collecting usable data 

from pediatric participants focus on scan preparation: having a caregiver model scan 

procedures, practicing in an MRI simulator (Horien et al., 2020; Nordahl et al., 2016; 

Simhal et al., 2021), or playing a virtual reality-based MRI game (Pua et al., 2020; Stunden 

et al., 2021). Others focus on modifications during the scan: passive movie-viewing to 

reduce boredom (Vanderwal et al., 2019), providing real-time feedback to participants using 

framewise integrated real-time MRI monitoring (FIRMM) software (Dosenbach et al., 2017; 

Greene et al., 2018), or using personalized incentive systems to reward compliance with 

MRI instructions (Pua et al., 2020). The efficacy of these strategies varies with age, and 

some strategies come at a cost. For instance, extensive MRI simulator practice has been 

used to scan small samples of autistic children with intellectual disabilities (Nordahl et 

al., 2016), but this places additional burdens on families by requiring multiple visits. In 

addition, some studies with autistic children have observed that head motion, while reduced 

after extensive training, is still associated with symptom severity (Gabrielsen et al., 2018; 

Simhal et al., 2021). Virtual reality-based games played at home may be as effective as 

MRI simulator training for typically developing children, (Stunden et al., 2021); however, 

it remains unclear if children with neurodevelopmental disorders would respond similarly. 

Investigating in-scanner strategies, Greene et al. (2018) found that passive movie-viewing 
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and real-time feedback both reduced head motion, but movie-viewing changed functional 

connectivity. Finn and Bandettini (2021) found that changes in functional connectivity 

elicited by movie-viewing in adults aided in the prediction of behavioral traits, but similar 

work has not yet been conducted in children. As we develop methods for increasing 

participant compliance, our tolerance for what constitutes acceptable levels of head motion 

will likely change (for instance, Marek et al., 2019 excluded 40% of the ABCD study 

sample, the majority of which was collected at Siemens sites using FIRMM, while Marek et 

al., 2022 excluded 60%). We hope our proposed approach will be used in combination with 

some of these experimental strategies to advance studies including important subgroups of 

autistic children.

While our method represents an important first step towards addressing bias associated 

with motion QC, its effectiveness is limited by the missingness of the predictors. Our 

application assumes that the predictors are missing completely at random. In the case of 

motor overflow and GAI, missingness may have occurred because some children were 

unable to complete the cognitive and behavioral tests. The current study focuses on the 

possible bias due to missingness in the outcome. Imputation to address possible bias due 

to missingness in the covariates in the context of our application to functional connectivity 

deserves its own treatment. Multiple imputation involves generating multiple datasets to 

incorporate uncertainty in the imputation process and involves a variance adjustment for 

the between-imputation variance (Little and Rubin, 2019). Ideally, all relationships that 

will be investigated in the analysis should be included in the imputation process, including 

relationships with the outcome (Azur et al., 2011), as Moons et al. (2006) found imputation 

that did not include the outcome resulted in large biases. However, our application includes 

153 outcomes (each edge) that contain a biased pattern of missingness (the bias we are 

correcting using DRTMLE), and it is unclear how to best handle this situation.

4.3. Similarities between naïve and deconfounded means, sample size limitations, 
inference, and effect size

When using the lenient criteria on the KKI dataset, the bias corrections using DRTMLE 

were small (Web Supplement Fig. S4). This may be due to weak relationships between 

the phenotypic variables and the partial correlations, which is consistent with recent 

ABCD study results suggesting that the largest, replicable associations between functional 

connectivity and behavioral phenotypes ranged from r = 0.14 − 0.34 (Marek et al., 2022). 

Additionally, our data processing and the use of partial correlations from group ICA may 

have decreased motion artifacts at the expense of attenuating associations. Our simulated 

example in Fig. 2 provides an example where the relationship with autism severity is 

stronger, and we see larger bias.

Studies using stricter criteria may induce larger biases, in which case there may be larger 

differences between the DRTMLE means and the naïve means. We were unable to apply 

DRTMLE following strict motion QC because only 26 autistic children had usable data. 

Visual inspection of the densities in Fig. 5 reveals that the sampling bias was larger in the 

strict versus lenient case for all phenotypes. We speculate that the stricter criteria would 

result in larger differences between DRTMLE and the naïve approach.
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DRTMLE can be used to address data loss by improving efficiency, which can result in 

smaller standard errors relative to the naïve approach. The TMLE framework leverages all 

available covariate data, and when the covariate data are predictive of the outcome, this can 

improve statistical power (Moore and van der Laan, 2009). One potential limitation is that 

DRTMLE underestimates the variance of group estimates for small sample sizes, resulting 

in anti-conservative p-values (Benkeser et al., 2017). We cannot disentangle the possible 

gains in efficiency from the possibly anti-conservative p-values (due to a finite sample). This 

limitation would be more of a concern following strict motion QC; in that case, only 26 

autistic children were labeled as having usable scans. However, using the lenient motion QC, 

98 autistic participants and 292 typically developing children had usable scans. In addition, 

the FDR corrected p-values we use are conservative in the sense that they do not leverage the 

positive correlations between some edges. An important avenue for future research is to use 

permutation tests for inference (Winkler et al., 2014) with DRTMLE. Permutation tests can 

result in finite sample inference while improving power using max statistics, but they create 

computational challenges.

As in many other rs-fMRI studies, we observed extensive variability among participants in 

the modified partial correlations used as input to DRTMLE (Web Supplement Fig. S4). This 

variability resulted in generally small effect sizes from the naïve approach. The maximum 

Cohen’s D across 153 edges was 0.50 at IC02-IC27, which is a medium effect size, and the 

average naïve effect size among the twenty-five edges selected by DRTMLE at FDR=0.20 

was 0.26. Unfortunately, calculating effect sizes in DRTMLE is an open problem. We would 

need to define a new parameter of interest, the population pooled standard deviation, under 

the counterfactual that all data are usable and then define an estimator of this parameter. 

When calculating Cohen’s d in a two sample t-test setting, the standard errors of each mean 

can be multiplied by n1 and n2 to recover each standard deviation, which can then be 

pooled. In DRTMLE, this would not result in an estimate of the standard deviations of each 

group under the counterfactual of all usable data, since the standard errors are derived from 

the influence function of ψ. This is an important avenue for future research.

Another limitation of the current study is that machine learning algorithms typically 

require a relatively large sample size compared to classic approaches. We use cross-

validation to guard against overfitting, which has been shown to be effective even 

without having an independent test dataset (Benkeser et al., 2019). One drawback of 

cross-validation approaches is that they can be sensitive to the random seed. We addressed 

this limitation by repeating the cross-validation hundreds of times. Each estimation routine 

takes approximately six hours on a single core (2.60 GHz), which includes fitting the 

propensity model and 153 edge outcome models. We used a high performance cluster and 

100 cores, and conducted two sets of 200 seeds, such that the full estimation routine took 

approximately 24 h. The average z-statistic from the two sets were nearly equivalent.

4.4. Model assumptions and possible violations

Estimating the difference in functional connectivity between autistic and typically 

developing children in the counterfactual world in which all data are usable from 

the observable data involves three assumptions: mean exchangeability, positivity, and 
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consistency of the counterfactual and the observed outcome (causal consistency) (Section 

2.3.1).

With respect to mean exchangeability or the assumption of no unmeasured confounders, 

we assume that functional connectivity is independent of the missingness mechanism given 

our variables {W, A}. As noted, the missingness mechanism is deterministic based on head 

motion, but we are replacing it with a stochastic model that estimates missingness from 

{W, A}. In our application, it is important that summary measures of head motion were not 
included in the propensity and outcome models. To understand the reason for this, consider 

that children who nearly fail motion QC may have some motion impacts in their functional 

connectivity signal. The deconfounded group difference assumes that Y reflects the signal of 

interest, i.e., neural sources of variation that are not corrupted by motion. We took several 

steps to account for potential motion impacts on functional connectivity in children who 

nearly fail; we used partial correlations from an ICA that includes some motion artifact 

components (which removes these sources of variance) and residuals from a linear model 

including motion, as described in Sections 2.1.6 and 2.3.3, which results in a Y that more 

closely captures neural sources of variation. However, if we then included summary motion 

measures in our propensity and outcome models, the propensity model would up-weight 

these children who nearly failed, and the outcome model, integrating over the full range of 

head motion, would potentially reintroduce the motion impacts we tried to carefully remove. 

Additionally, our statistical estimator has the double robustness property: if at least one of 

the propensity or outcome models is correctly specified, we obtain a statistically consistent 

estimator of the deconfounded group difference (Bang and Robins, 2005; Benkeser et al., 

2017). We include a rich set of predictors and an ensemble of machine learning algorithms, 

which helps to address the assumption of no unmeasured confounding.

Positivity assumes that there are no values of {W, A} such that the data will always be 

unusable. Violations of positivity assumptions lead to out-of-sample prediction of functional 

connectivity in the outcome model and instabilities in the propensity model, which can lead 

to greater variance and bias (Petersen et al., 2010). In Fig. 5, we see that for the lenient 

criteria, the range of the behavioral traits generally overlap between included and excluded 

participants, although the most severe ADOS score does not appear among the included 

children. The highest ADOS score among included children was 23; among all children, 26 

(A change in the range also occurs for SRS, but SRS was not included in the propensity 

and outcome models due to a large proportion of missing values.). As reported in Section 

3.2, the smallest propensity across all seeds was 0.23. The lack of propensities close to 

zero for children with usable or unusable data indicates that the assumption of positivity 

is reasonable in our application. Regarding the last assumption, causal consistency is a 

technical assumption that assumes that Y(1) is the same as Y when a child has usable data, 

which in general cannot be tested but seems reasonable.

4.5. Accounting for variables that should be balanced between diagnosis groups

A possible limitation of the current approach is that we account for covariate imbalance 

between the ASD and typically developing groups using linear regression prior to attempting 

to account for bias due to data usability, and it may be desirable to pursue a statistical 
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method that integrates covariate balancing into the deconfounded group difference. The 

deconfounded group difference estimates the marginal mean of each diagnosis group, where 

integration is across the distribution of the behavioral variables given diagnosis (defined 

in Section 2.3.1). However, our typically developing sample was aggregated from multiple 

rs-fMRI studies conducted at KKI, not all of which involved a comparison sample of autistic 

children. As a result, sex, race, and socioeconomic status significantly differed between 

diagnosis groups (Table 1) for this secondary analysis. In an ideal prospective experiment 

using a random sampling design, these socio-demographic variables would not differ. The 

naïve approach estimated the difference between autistic and typically developing children 

while controlling for mean FD, max FD, number of frames with FD < 0.25 mm, sex, race, 

and socioeconomic status in a linear model, which is similar to the approach in Di Martino 

et al. (2014). Controlling for variables in a linear model corresponds to estimating the 

conditional mean of functional connectivity given these variables. The residuals of the linear 

model plus the effect of diagnosis are used as input to estimate the deconfounded group 

mean for each diagnosis group. If there is no sampling bias due to motion exclusion, then 

the deconfounded group difference is approximately equivalent to the naïve approach, which 

is a nice aspect of the present study in that it presents a method for evaluating the extent 

to which estimates from the conventional approach are biased. Our approach accounts for 

possible confounding due to the demographic and remaining motion imbalances in the ASD 

and typically developing samples, although it does so using the traditional linear model.

We can define two sets of variables: 1) variables that we would like to be balanced in autistic 

and typically developing children in an ideal sample, and 2) variables whose distribution 

is specific to diagnosis. The target parameter used in estimating an average treatment 

effect in causal inference marginalizes with respect to the distribution of variables pooled 

across treatments, which would address biases introduced by the first set of variables. Our 

deconfounded group difference is associational and addresses the biases introduced by the 

second set of variables. Future work could define a target parameter that marginalizes with 

respect to the desired distribution of variables that should be balanced and the desired 

distribution of variables whose distribution depends on diagnosis.

4.6. Other methods to account for bias

We use DRTMLE to estimate the deconfounded group difference. However, a host of 

other statistical methods could be applied to the same end including covariate matching, 

propensity score matching (Bridgeford et al., 2021; Stuart, 2010), inverse propensity 

weighting (Lewinn et al., 2017), G-computation (Robins, 1986; Snowden et al., 2011), 

augmented inverse propensity weighting (Robins et al., 2012), and targeted maximum 

likelihood estimation (Schuler and Rose, 2017; van der Laan and Rubin, 2006). Comparing 

the performance of these approaches in the context of rs-fMRI studies is an important area 

for future work but is beyond the scope of this paper.

4.7. Significance to other neurological disorders and developmental studies

We used an rs-fMRI study of ASD to illustrate the unintended cost of motion QC on 

study generalizability, but the issue of data loss and selection bias due to motion QC 

is neither specific to ASD or to rs-fMRI. Head motion-induced artifacts are a notorious 
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problem for all magnetic resonance-based neuroimaging modalities, and the relationship 

between motion and participant characteristics is problematic in studies of developmental 

and aging trajectories, as well as other neurological disorders. For instance, we found that 

younger children were more likely to be excluded. Recent studies investigating associations 

between functional brain organization and measures of maturity during the transition from 

childhood to adolescence have removed large proportions of data (Dong et al., 2021; Marek 

et al., 2019). Selection bias could impact analyses of rs-fMRI data collected from such 

developmental samples if the sample of included children that are able to lay motionless 

tend to be more mature than the full sample. Diffusion MRI and quantitative susceptibility 

mapping are also susceptible to motion artifacts (He et al., 2015; Roalf et al., 2016), and 

as a result, studies using these modalities often exclude participants with gross motion. If 

quality control procedures in studies using these imaging methods result in a reduced sample 

in which a variable’s distribution differs from the original sample, and there is evidence that 

this variable is related to the outcome of interest, then we recommend adjusting means using 

DRTMLE.
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Citation diversity statement

Recent work in neuroscience (Dworkin et al., 2020) and other fields has identified a 

citation bias negatively impacting women and other historically underrepresented scholars 

(Bertolero et al., 2020; Caplar et al., 2017; Chatterjee and Werner, 2021; Dion et al., 

2018; Fulvio et al., 2021; Maliniak et al., 2013; Mitchell et al., 2013; Wang et al., 2021). 

Before writing this manuscript, we set an intention of selecting references that reflect 

the diversity of the neuroscience and statistics fields in the form of contribution, gender, 

race, and ethnicity. First, we obtained predicted gender of the first and last authors of 

each reference using databases that store the probability of a name being carried by a 

woman or a man (Dworkin et al., 2020; Zhou et al., 2020), with possible combinations 

including woman(first)/woman(last), man/woman, woman/man, man/man. Our references 

contain 14% woman/woman, 11% man/woman, 22% woman/man, and 53% man/man. 

Relative to the expected proportions in the field of neuroscience, we over- or under-cited 

these categories by the following ratios: 8%, 2%, − 4%, and − 6%, respectively. Second, we 

obtained the predicted racial/ethnic category of the first and last author of each reference by 
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databases that store the probability of a first and last name being carried by an author of 

color (Ambekar et al., 2009; Sood and Laohaprapanon, 2018). Our references contain 7% 

author of color (first)/author of color(last), 12% white author/author of color, 17% author 

of color/white author, and 63% white author/white author. Self citations for the first and 

last author of the current paper, as well as references for this diversity statement were 

excluded from these proportion calculations. These methods are limited by the databases and 

assumptions about gender identity and race they use for prediction, but we look forward to 

future work that could help us to better understand how to support equitable practices in 

science.
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Fig. 1. Scan exclusion may induce selection bias.
A indicates diagnosis, where A = 0 (lighter shading) represents the typically developing 

group and A = 1 (darker shading) represents the autism spectrum disorder (ASD) group. 

W represents a covariate that reflects symptom severity; Δ indicates resting-state fMRI 

usability, where Δ = 1 is usable and Δ = 0 is unusable. Y is the functional connectivity 

between two brain regions, and Y (1) is the possibly counter fact functional connectivity 

from a usable fMRI scan. E*() denotes an expectation with respect to the probability 

measure of {Y(1), A, W}. Additional details are in Section 2.3.1. (Left panel) Children 

with usable resting-state fMRI data (in purple) may systematically differ from all enrolled 

children (in green). The distribution of symptom severity W differs between children with 

usable and unusable fMRI data (W ↔ Δ). W is related to functional connectivity (W ↔ Y). 

Additionally, there are associational effects between ASD and functional connectivity (A ↔ 
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Y) and between ASD and the symptom severity covariate (A ↔ W). Under these conditions, 

naïve estimators of group-level functional connectivity based only on participants with 

usable data may be biased. (Right panel) We propose to address this bias using doubly 

robust targeted minimum loss based estimation (DRTMLE), which involves three steps. 1. 

Fit the propensity model. 2. Fit the outcome model, which predicts functional connectivity 

from the covariates for participants with usable rs-fMRI data. Then use this model to predict 

functional connectivity for both usable and unusable participants. 3. Apply the DRTMLE 

algorithm, which uses the inverse probability of usability from step 1 and predictions of 

functional connectivity for all subjects (usable and unusable) from step 2 to break the 

pathways A ↔ Δ, W ↔ Δ, and Δ → Y.
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Fig. 2. An illustration of the improvement in functional connectivity from DRTMLE compared to 
the naive approach from a single simulated dataset.
The true mean ASD-TD difference in functional connectivity is negative (green bar), with 

the true mean in the ASD group being negative and the true mean in the TD group 

being slightly positive. The estimate of the mean ASD-TD difference from the naïve 

approach (purple bar) is also negative but closer to zero. Additionally, the 95% confidence 

interval includes zero. Using DRTMLE, the deconfounded group difference (aqua bar) 

is closer to the truth and the 95% confidence interval does not include zero. Code to 

reproduce this example is available at https://github.com/mbnebel/DeconfoundedFMRI/blob/

thebrisklab-main/DeconfoundGroupDifference_Tutorial.Rmd.
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Fig. 3. Motion quality control leads to dramatic reductions in sample size.
a) Flow chart of inclusion criteria for this study showing the number of participants 

remaining after each exclusion step. Lenient motion quality control (QC) excluded 19.6% of 

complete predictor cases, while strict motion QC excluded 66% of complete predictor cases. 

b) The proportion of children in each diagnosis group whose scans were included (yellow) 

and excluded (slate blue) using the strict (left) and lenient (right panel) gross motion QC. 

A larger proportion of children in the autism spectrum disorder (ASD) group were excluded 

compared to typically developing (TD) children using lenient motion QC (χ2=8.8, df = 1, p 

= 0.003) and strict (p = 0.003).
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Fig. 4. rs-fMRI exclusion probability changes with phenotype and age.
Univariate analysis of rs-fMRI exclusion probability as a function of participant 

characteristics. From left to right: Autism Diagnostic Observation Schedule (ADOS) 

total scores, social responsiveness scale (SRS) scores, inattentive symptoms, hyperactive/

impulsive symptoms, total motor overflow, age, and general ability index (GAI) using 

the lenient (slate blue lines, all FDR-adjusted p < 0.01), and strict (red lines) motion 

quality control (all FDR-adjusted p < 0.03). Variable distributions for each diagnosis 

group (included and excluded scans) are displayed across the bottom panel (TD=typically 

developing, green; ASD=autism spectrum disorder, yellow).
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Fig. 5. Participants with usable rs-fMRI data differed from participants with unusable rs-fMRI 
data.
Comparison of Autism Diagnostic Observation Schedule (ADOS) scores, social 

responsiveness scale (SRS) scores, inattentive symptoms, hyperactive/impulsive symptoms, 

motor overflow, age, and general ability index (GAI) for included (yellow) and excluded 

(slate blue) participants stratified by diagnosis group and motion exclusion level. The 

deconfounded mean integrates across the diagnosis-specific distribution of usable and 

unusable covariates for the variables described in Section 2.3.3, which here is labeled as 

“None.” Mean values are indicated by a black dot; 95% bootstrap confidence intervals 

are indicated with black bars. We controlled for 13 comparisons performed for the lenient 

and strict motion QC cases using the false discovery rate (FDR). * * indicate differences 

between included and excluded participants with an FDR-adjusted p value < 0.05; * indicate 

FDR-adjusted p values < 0.1; ^indicate FDR-adjusted p values < 0.2. A larger number of 

significant differences are observed using the lenient motion QC than the strict motion QC, 

but very few participants pass strict motion QC. autism spectrum disorder (ASD), typically 

developing (TD). The R code to produce these split violin plots was adapted from DeBruine 

(2018).
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Fig. 6. Some covariates related to rs-fMRI exclusion probability are also related to functional 
connectivity.
Histograms of p values for generalized additive models of the relationship between 

edgewise functional connectivity in participants with usable rs-fMRI data and (from left to 

right) ADOS, social responsiveness scale (SRS) scores, inattentive symptoms, hyperactive/

impulsive symptoms, total motor overflow as assessed during the Physical and Neurological 

Exam for Subtle Signs, age, and general ability index (GAI). For a given covariate, a 

clustering of p values near zero suggests that covariate is associated with functional 

connectivity for a greater number of edges. Several covariates appear to be related to 

functional connectivity using both the lenient motion quality control (slate blue bins) and the 

strict motion quality control (red bins).
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Fig. 7. The DRTMLE deconfounded group difference revealed more extensive differences than 
the naïve approach.
Z-statistics for ASD versus TD using a) the naïve test and b) using DRTMLE. Connections 

are thresholded using a false discovery rate (FDR) of 0.20. Blue lines indicate ASD > TD 

(4 in naïve, 13 in DRTMLE). Red lines indicate ASD < TD (4 in naïve, 12 in DRTMLE). 

Brain regions contributing to each independent component are illustrated and components 

are grouped by functional assignment. Navy nodes: control. Blue violet: default mode. 

Purple: salience/ventral attention. Magenta: pontomedullary/cerebellar. Coral: somatomotor. 

Orange: visual. Yellow: dorsal attention. FDR=0.05 is plotted in Web Supplement Fig. S3. 

See Web Supplement Fig. S4 for a visualization of the naïve and deconfounded means and 
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individual-level partial correlations. These plots were generated using the circlize package in 

R (Gu et al., 2014) and the tutorial provided by Mowinckel (2018).
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Table 1
Socio-demographic characteristics of complete predictor cases.

For continuous variables, mean and standard deviation (SD) are indicated; Kruskal-Wallis rank-sum tests were 

used to assess diagnosis group differences. For binary and categorical variables, frequencies and percentages 

are summarized, and differences between diagnosis groups were assessed using either the Chi-square test or 

Fisher’s exact test. Despite aggregating data from several studies, age and handedness were balanced between 

diagnosis groups. In contrast, sex, race, and socioeconomic status were imbalanced.

TD (N=348) ASD (N=137) p value

Sex 0.002
a

Male 242 (69.5%) 114 (83.2%)

Female 106 (30.5%) 23 (16.8%)

Age 0.664
b

Mean (SD) 10.353 (1.249) 10.286 (1.344)

Range 8.020 – 12.980 8.010 – 12.990

Race 0.005
c

African American 36 (10.3%) 7 (5.1%)

Asian 27 (7.8%) 3 (2.2%)

Biracial 45 (12.9%) 12 (8.8%)

Caucasian 240 (69.0%) 115 (83.9%)

Socioeconomic Status 0.007
b

Mean (SD) 54.072 (9.408) 51.883 (9.356)

Range 18.500 – 66.000 27.000 – 66.000

Handedness 0.308
a

Right 312 (89.7%) 116 (84.7%)

Left 17 (4.9%) 10 (7.3%)

Mixed 19 (5.5%) 11 (8.0%)

Currently On Stimulants

No 348 (100.0%) 89 (65.0%)

Yes 0 (0.0%) 48 (35.0%)

ASD=autism spectrum disorder. TD=typically developing. SD=standard deviation

a
Pearson Chi-Square test.

b
Kruskal-Wallis rank sum test.

c
Fisher’s exact test.
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