Developmental MRI features associated with resilience in youth from the ABCD study: a protocol for analysis of ABCD Data Release 5.1


Interval of Interest

We will use data from the ABCD 2-year and 4-year timepoints, which although has fewer subjects with complete neuroimaging, feature a richer set of adversity variables which are not assessed in the baseline release.

Included participants:

We will include participants who have completed their full assessments (both imaging and non-imaging) and both 2-year and 4-year timepoints. Participants who are missing >25% of data for our included adversity variables will be excluded, as this causes instability in imputation estimates as described above. Where siblings are present, only one random sibling will be kept.

Identifying and pre-processing adversity scales for inclusion

We will manually look through and inspect the data structure of each of the assessments at the 2-year and 4-year timepoint in the ABCD Version 5.1 Data dictionary.

Assessments which clearly do not relate to biopsychosocial adversity will be excluded. Biospecimen and genetic assessments will be excluded. Measurements of protective/supportive biopsychosocial measurement will be included, but reverse coded (see below) 

In most data structures, individual questions were asked, and the scores then summed or averaged into one or more scales. These scale scores typically have already have undergone some form of internal validation (e.g. a minimum number of questions must have been answered, else the value had been coded as missing). These scale scores were sometimes summed/averaged into higher order superscales. Due to the high intercorrelations between the superscales and their component scales, including them both would confound the subsequently described Exploratory Factor Analysis (EFA) process.

As the subscales had more granularity to distinguish between types of adverse experiences, we will preferentially include these.

We will pre-process the data by:
- reverse coding scales by multiplying by -1 where appropriate
- replace numerical codes that indicated missing values (such as 777 or 999) with appropriate missing value codes harmonised across all the datasets.
- combining scales (e.g. male pubertal status and female pubertal status into a single pubertal status score).

Details of modifications, including the Python scripts that take in and modify the raw .csv files, will be provided in the final study.

Variables with high missing % may indicate a challenging and therefore unreliable instrument, and can also cause unstable imputation estimates in the subsequent stages. Therefore, variables that are missing >25% of data across our included sample will be dropped.

We will winsorise at 0.5% either side to supress outliers which could otherwise lead to instability in imputation estimates and subsequent analysis steps.


Imputation

Even participants who are very compliant are likely to have a few missing datapoints across the large number of adversity variables of interest. Therefore, dropping casewise would be inappropriate as would result in very low sample number. 

Imputation has been shown to provide more accurate estimates than simply replacing with the mean/median or zero values.

As variables were a mix of ordinal and continuous, we will use miceforest package in Python, which is based on a random forest algorithm.

We will use 100 rounds of imputations on the data matrix.

For the adversity scales, if one in the pair of timepoints need to be dropped due to high % missing values, but the other is not, the remaining ‘orphan’ variable will still kept for the imputation stage the maximise the information available for estimates of the remaining variables, but then will be dropped subsequently after this.

Mental health outcome and MRI variables will not be included in the imputation of these adversity variables, as this may bias our subsequent regression and moderation analyses (which looks for relationships between these variables and the adversity variables).

Standardisation of Variables and calculating correlation matrices for Factor Analysis

We will take the mean of each surviving adversity measure at their 2-year and 4-year timepoints, to calculate an average score for each participant for each variable. These average scores for each participant will then be standardised prior to EFA (to avoid different variances in the scales biasing estimates). The grand mean and standard deviation calculated at this stage will also be used to standardise variables at the 2-year and 4-year timepoint. This method ensures consistency in how the 2-year and 4-year versions of the variables are standardised and therefore aids their comparability when calculating change.

As adversity variables will be a mix of ordinal and continuous measures, we will use Spearman’s rank to calculate correlations between each pair of adversity variables and generate a correlation and partial-correlation matrices for the subsequent steps (With respect to ordinal variables, Spearman’s rank is more robust to violations of normality than polychorric correlations, as the latter assumes the ordinal variables are derived from underlying normally distributed continuous data).

Factor Analysis


KMO and Bartlett’s test of sphericity will be used to confirm data is suitable for factor analysis.

We will use the Factor-Analyzer Python library to perform EFA. We will use the minimal residual technique with Oblimin rotation to extract factors - which allows adversity factors to correlate with each other, which we feel is more theoretically likely. Further, if there indeed exists no correlation between factors, then the factor structure would be identical to the Orthogonal rotation techniques.

We will initially determine the number of significant factors in the data using a combination of the following statistical techniques:

(1) We will calculate Eigenvalues for a range of a different hypothetical number of factors (up to a maximum equalling the number of variables).

(2) Parallel eigenvalues - we will construct a matrix of the same shape but filled with normally distributed random numbers (noise) and calculate the eigenvalues for a range of different factors as above. This was done for 100 different randomly generated matrices, and the 95th percentile for each hypothetical factor number will be taken as the threshold above which an eigenvalue from the analysis of the original data needs to be for it to be considered significant.

(3) As many of our adversity variables may not be normally distributed, we will also permutation testing. This is similar to the parallel eigenvalues approach, but instead of randomly-generated normally-distributed noise, we will randomly permute our data 100 times, and calculate the eigenvalues for each of these permutations. The eigenvalue thresholds for significance will be determined as the value at the 95th percentile as above. Permutation breaks correlations among, but preserves the distribution of, the individual variables.

We will plot the results of the above on a Scree plot to help visually identify the maximum number of factors in the data which have eigenvalues greater than could be expected from random data alone.

We will also plot the RMSEA and RMSEA for each successive factor number. We will identify the number of factors that:
- Give an RMSEA < 0.05 (the threshold below which fit is considered acceptable)
- Give the lowest RMSEA whilst keeping the df > 0. 
- Give a RMSEA < 0.02 (the threshold below which including additional factors is not considered to improve model fit significantly).

We will not use the Kaiser criterion, which suggests including all factors that have an eigenvalue of >1. Whilst this simple technique was useful prior to availability of modern computational capacity, it tends to inflate the number of true underlying constructs present in the data.

Once we determine the number of factors, we will specify this for the EFA algorithm to inform determination of the factor structure and loadings.

A loading threshold of 0.35 will be used, which is standard across many EFA studies. For each factor, variables that load onto it below this threshold will be discarded.

The factor structure will be inspected to determine the underlying construct each factor represents, and to ensure the variables that significantly loaded onto the factor are theoretically consistent - any exceptions will be discarded but declared.


Calculating scores for each unique adversity construct

This factor structure will then be used to calculate factor scores for each participant at both the 2-year and 4-year timepoint. For each factor, this will be calculated by multiplying the loading of each variable by the value of the standardised variable, with the result then being divided by the sum of loadings to correct for the potentially different number of variables in each factor. 

Aggregating EFA-derived adversity scores into dimensional adversity scores

The theoretical dimensions of the DAMP/Integrated Model are Threat, Deprivation or Unpredictability. EFA is a data-driven approach that identifies underlying latent factors based on intercorrelations amongst input variables. It cannot group adversity factors into Threat, Deprivation and Unpredictability based on their effect on the brain if they are not correlated with each other (and there is no theoretical reason that they would so). Confirmatory Factor Analysis (CFA) is not appropriate here – we are not hypothesising that there exist these putative underlying higher-order dimensions that are causing each factor or variable, and nor does CFA yield weightings. 

We will calculate Threat, Deprivation and Unpredictability dimensional scores at each timepoint for each participant by mean-weighting factor scores which we feel belong under each group. The change along each of these dimensions between the 4-year and 2-year timepoint will be calculated.

Defining list of putative neurobiological features of interest that may underpin adaptive resilience


1) Volume in mm^3 of ASEG ROI left-amygdala
2) Volume in mm^3 of ASEG ROI right-amygdala

3) Beta weight for nBack all negative face versus neutral face contrast in ASEG ROI left-amygdala
4) Beta weight for nBack all negative face versus neutral face contrast in ASEG ROI right-amygdala

Rationale:

Structural MRI: Amygdala Volumes

Structural alterations of the amygdala have been consistently implicated in the neurodevelopmental consequences of early-life adversity and in processes of resilience. Several studies demonstrate that both the right and left amygdala volumes are sensitive to environmental stressors, including institutional rearing and childhood maltreatment. 

For example, Tottenham et al. [1] found that children with prolonged exposure to institutional care exhibited larger amygdala volumes, which were associated with higher anxiety and poorer emotion regulation. 

Similarly, Aghamohammadi-Sereshki et al. [2] reported that greater childhood maltreatment severity was linked to reduced amygdala volumes, particularly in the right hemisphere, suggesting that volumetric deviations in either direction may reflect aberrant neurodevelopment. 

Importantly, longitudinal work by Whittle et al. [3] demonstrated that positive maternal parenting predicted attenuated right amygdala growth over adolescence, a trajectory associated with reduced depressive symptoms. This work highlights the amygdala as a neural substrate of resilience, wherein developmental plasticity in volume may moderate the impact of psychosocial environments on later mental health. 

Taken together, these findings provide an a priori rationale to test whether amygdala volume moderates the relationship between adversity and psychopathology, as a marker of adaptive or maladaptive neurodevelopmental trajectories.

Task-based fMRI: Amygdala Reactivity to Negative/Threatening Stimuli

Task-based amygdala reactivity to negative or threatening stimuli has also been linked to childhood adversity and emotional outcomes. Several studies show that early adversity is associated with heightened amygdala activation to threat, and that this response may interact with prefrontal circuits in ways that confer risk or protection. 

For example, McCrory et al. [4] found that children with documented maltreatment showed elevated right amygdala responses to masked angry faces, interpreted by the authors as a latent vulnerability mechanism. However, some studies have also examined functional moderation effects. Herringa et al. [5] reported that greater childhood adversity was linked to increased amygdala reactivity to negative images, but that stronger amygdala–medial prefrontal connectivity attenuated internalising symptoms, suggesting a resilience-related mechanism. 

Similarly, Gee et al. [6] showed that previously-institutionalised youth exhibited more ‘mature’ negative coupling between the amygdala and mPFC, and this coupling was associated with reduced separation anxiety, even in the context of early adversity. These findings suggest that individual differences in amygdala reactivity (and its relationship within emotion-regulatory circuits) may moderate the impact of adversity on mental health.


Pre-processing tabulated MRI data:

For each participant, we will exclude scans where the ABCD Study team have used the QC flag ‘not recommended’ for inclusion.

Though the ABCD study harmonises the imaging acquisition protocol and equipment, variance from site and scanner still present in the data have been well-described in the literature.

We will therefore use NeuroCombat via the Python package NeuroHarmonize to remove residual scanner effects. Imaging variables will be grouped by modality, atlas they were derived from, contrasts (for any task-based fMRI variables) -  each group will be passed in together but separate from others in order to take advantage of empirical Bayes. 
4-year and 2-year MRI variables will be harmonized separately (as the longitudinal version of neuroCombat not available as part of neuroHarmonize). 

The co-variates to preserve will be:
-Age (specified as a non-linear term)
-Sex
-Pubertal status
-Head motion (mean framewise displacement)
- Handedness

For a given neuroimaging feature, values for individuals who did not have measurements at both timepoints will be marked for exclusion in the subsequent analysis. This exclusion will be done after the harmonization step to maximise the availability of data at each timepoint during harmonization. Group differences between included and excluded participants along demographic and adversity variables will be calculated to assess for bias at this stage (providing the number of excluded participants is large enough to reliably do this calculation). For continuous/ordinal variables, this will be via the non-parametric two-tailed Mann-Whitney U-Test (if >5 participants excluded). 

We will calculate the changes in each of these neuroimaging features as the difference between the 4-year and 2-year timepoints (final – initial). To allow for small differences in the interval between MRI and non-imaging (which includes the adversity and mental health) assessments, each participant’s MRI scores will be corrected by: (MRI measure/Interval between MRI) x Interval between non-imaging assessments.

Outcome variables

We will use Parent-reported CBCL scores between the two timepoints (noting that youth self-report scores have not been administered as of yet in the ABCD study, and teacher-reported BPM scores are available only for a small fraction of participants) as our outcome measures. We will use the t-score versions of each variable, which have been normalised for age and sex.

Our primary outcomes variables will be score changes between the 4-year and 2-year points for the following CBCL parent-reported scales:

-Internalising problems
-Externalising problems

Planned post-hoc supplementary analyses will be for the Total Problems CBCL subscale. (See Figure 1).

A previous meta-analysis revealed significant partial correlations between Threat and Deprivation dimensional adversities with Internalizing and Externalizing symptoms [7]. Relationships involving the other type of adversity (Unpredictability), and other subscales, were not analysed in this meta-analysis. Therefore, we will first verify an association between the adversity and mental health exists for each pair of Adversity x Mental Health by using Spearman’s rank partial correlations. Where such a relationship does not exist, we will exclude that pair from subsequent computation (as we feel there is no rationale to test the moderation between adversity and outcome if such a relationship does not exist in the first place).

Computational technique: 

We will test each MRI feature of interest in each pairwise combination of dimensional adversity and outcome of interest, for all pairs that show a significant relationship as above. Therefore, for the:

-y number of (changes in) mental health outcomes,

- x number of (changes in) dimensional adversities, and

- z number of (changes in) MRI features,

we operationalise the computations as a 3-dimensional matrix of size y*x*z, where each cell is assigned a unique:

MHy = the change in y-th mental health outcome score during interval of interest 

Advx = the severity of the x-th dimensional adversity experienced during the interval

MRIz = the change in the z-th neurobiological feature of interest. 
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	Internalizing T-Score
	Externalizing T-Score
	Total Problems T-Score

	Threat > 0
Deprivation <0
Unpredict_ <0

Estimated N ~ 100
	- Regression with MRI Feature 1

- Regression with MRI Feature 2

- Regression with MRI Feature 3…

	- Regression with MRI Feature 1

- Regression with MRI Feature 2

- Regression with MRI Feature 3…

	- Regression with MRI Feature 1

- Regression with MRI Feature 2

- Regression with MRI Feature 3…

	Deprivation > 0
Threat <0
Unpredict_ <0

Estimated N ~ 200
	- Regression with MRI Feature 1

- Regression with MRI Feature 2

- Regression with MRI Feature 3…
 
	- Regression with MRI Feature 1

- Regression with MRI Feature 2

- Regression with MRI Feature 3…

	- Regression with MRI Feature 1

- Regression with MRI Feature 2

- Regression with MRI Feature 3…
 

	Unpredictability >0
Threat <0
Deprivation <0

Estimated N ~ 120
	- Regression with MRI Feature 1

- Regression with MRI Feature 2

- Regression with MRI Feature 3…
	- Regression with MRI Feature 1

- Regression with MRI Feature 2

- Regression with MRI Feature 3…
	- Regression with MRI Feature 1

- Regression with MRI Feature 2

- Regression with MRI Feature 3…

	Threat > 0
+ Deprivation > 0
+ Unpredictability >0

	- Regression with MRI Feature 1

- Regression with MRI Feature 2

- Regression with MRI Feature 3…
	- Regression with MRI Feature 1

- Regression with MRI Feature 2

- Regression with MRI Feature 3…
	- Regression with MRI Feature 1

- Regression with MRI Feature 2

- Regression with MRI Feature 3…

	Threat < 0
+ Deprivation < 0
+ Unpredictability  < 0

	Co-Variates only
	Co-Variates only
	Co-Variates only



Figure 1
Planned Post-Hoc Analysis
Planned Post-Hoc Analysis
Core Analysis
Core Analysis


For each cell:

For our Core analysis, we will filter the sample to include only participants with standardised dimensional Advx scores > 0, AND standardised scores for all other dimensional adversities  < 0.

For our planned post-hoc analysis, we will also separately test groups with adversity changes > 0 in all three dimensions, and <0 in all three dimensions (See Figure 1).

- We will use linear regression to model the relationship between the adversity and change in outcome, with the following variables:

To ensure no great violations in the assumptions for linear regression, we will:

- Inspect Q-Q plots to ensure no large deviations from normality
- Variance Inflation Factors to ensure no problematic co-linearity
-Fitted vs residual plots to ensure no problems with heteroscedasticity
-Calculate the Maximum Cook’s distance to ensure no influential outliers

Outcome Variable:

MH

Key Predictor Variables:

Adv

MRI (standardised)

The interaction term: MRI x Adv


Co-Variates:


- Baseline Age (centred to 12 years of age)

-Interval between non-imaging assessment timepoints

- Mean pubertal status between the two timepoints (centred to 1 – the lowest possible value on the Tanner Scale).

-Sex

- Scores for the other two Dimensional Adversities not being considered (due to the way the sample was selected above, these will be <  0 for all individuals). 

-Neuroimaging feature as measured at the 2-year timepoint (standardised)

-Mean of the head motion estimates at the 4-year and 2-year timepoint

-Handedness

- A constant term (‘1’).


We will then compute the co-efficient of the beta-value of the interaction (moderator) term, its standard error (to derive the 95% CI) and its p-value. 

We will apply Type 1 error control via the False Discovery Rate (FDR) = 0.05, with the Benjamini-Hochberg procedure to all p-values across the cells.

Significant moderators will be highlighted.
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