Cerebellar and Subcortical Interplay in Cognitive Dysmetria: Functional Network Signatures Associate with Symptom and Trait Assessments across Schizophrenia, Bipolar II, and ADHD Patients
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Supplementary Section

Detailed Preprocessing Pipeline and Analysis Methods
Results included in this manuscript come from analyses performed using CONN (Whitfield-Gabrieli & Nieto-Castanon, 2012) (RRID:SCR_009550) release 21.a and SPM (Penny, 2011) (RRID:SCR_007037) release 12.7771. 
Preprocessing: Functional and anatomical data were preprocessed using a flexible preprocessing pipeline (Whitfield-Gabrieli & Nieto-Castanon, 2012) including realignment with correction of susceptibility distortion interactions, slice timing correction, outlier detection, direct segmentation and MNI-space normalization,  and smoothing. Functional data were realigned using SPM realign & unwarp procedure (Andersson et al., 2001), where all scans were coregistered to a reference image (first scan of the first session) using a least squares approach and a 6 parameter (rigid body) transformation (Friston et al., 2004), and resampled using b-spline interpolation to correct for motion and magnetic susceptibility interactions. Temporal misalignment between different slices of the functional data was corrected following SPM slice-timing correction (STC) procedure (Sladky et al., 2011), using sinc temporal interpolation to resample each slice BOLD timeseries to a common mid-acquisition time. Potential outlier scans were identified using ART (Morfini et al., 2023) as acquisitions with framewise displacement above 0.5 mm or global BOLD signal changes above 3 standard deviations (Morfini et al., 2023; Power et al., 2014), and a reference BOLD image was computed for each subject by averaging all scans excluding outliers. Functional and anatomical data were normalized into standard MNI space, segmented into grey matter, white matter, and CSF tissue classes, and resampled to 2 mm isotropic voxels following a direct normalization procedure (Calhoun et al., 2017; Morfini et al., 2023) using SPM unified segmentation and normalization algorithm (Ashburner, 2007; Ashburner & Friston, 2005) with the default IXI-549 tissue probability map template.  Last, functional data were smoothed using spatial convolution with a Gaussian kernel of 6 mm full width half maximum (FWHM).
Denoising: In addition, functional data were denoised using a standard denoising pipeline (Whitfield-Gabrieli & Nieto-Castanon, 2012) including the regression of potential confounding effects characterized by white matter timeseries (5 CompCor noise components), CSF timeseries (5 CompCor noise components), motion parameters and their first order derivatives (12 factors) (Friston et al., 1996), outlier scans (below 59 factors) (Power et al., 2014), session effects and their first order derivatives (2 factors), and linear trends (2 factors) within each functional run, followed by bandpass frequency filtering of the BOLD timeseries (Hallquist et al., 2013) between 0.008 Hz and 0.09 Hz. CompCor (Behzadi et al., 2007; Chai et al., 2012) noise components within white matter and CSF were estimated by computing the average BOLD signal as well as the largest principal components orthogonal to the BOLD average, motion parameters, and outlier scans within each subject's eroded segmentation masks. From the number of noise terms included in this denoising strategy, the effective degrees of freedom of the BOLD signal after denoising were estimated to range from 60 to 79.4 (average 76) across all subjects (Morfini et al., 2023).
First-level seed-based analysis: Seed-based connectivity maps (SBC) and ROI-to-ROI connectivity matrices (RRC) were estimated characterizing the patterns of functional connectivity with 115 ROIs. Functional connectivity strength was represented by Fisher-transformed bivariate correlation coefficients from a weighted general linear model (weighted-GLM (Whitfield-Gabrieli & Nieto-Castanon, 2012)), defined separately for each pair of seed and target areas, modeling the association between their BOLD signal timeseries. Individual scans were weighted by a boxcar signal characterizing each individual task or experimental condition convolved with an SPM canonical hemodynamic response function and rectified.
First-level gPPI analysis: Psychophysiological interaction analyses were used to study the changes in functional connectivity across Control, PEncode, PCorrect and PIncorrect conditions. Seed regions included 115 ROIs. Separately for each pair of seed and target areas, a generalized psychophysiological interaction model (gPPI (Friston et al., 1997; McLaren et al., 2012)) was defined with seed BOLD signals as physiological factors, boxcar signals characterizing each individual task condition convolved with an SPM canonical hemodynamic response function as psychological factors, and the product of the two as psychophysiological interaction terms. Functional connectivity changes across conditions were characterized by the multivariate regression coefficient of the psychophysiological interaction terms in each model.
Group-level analyses were performed using a General Linear Model (GLM (Whitfield-Gabrieli & Nieto-Castanon, 2012)). For each individual voxel a separate GLM was estimated, with first-level connectivity measures at this voxel as dependent variables (one independent sample per subject and one measurement per task or experimental condition, if applicable), and groups or other subject-level identifiers as independent variables. Voxel-level hypotheses were evaluated using multivariate parametric statistics with random-effects across subjects and sample covariance estimation across multiple measurements. Inferences were performed at the level of individual clusters (groups of contiguous voxels). Cluster-level inferences were based on parametric statistics from Gaussian Random Field theory (Worsley et al., 1996). Results were thresholded using a combination of a cluster-forming p < 0.001 voxel-level threshold, and a familywise corrected p-FDR < 0.05 cluster-size threshold (Chumbley et al., 2010).
Clinical symptom and trait assessments
In this study, we used a retrospectively acquired neuroimaging dataset. The authors of the CNP cohort provided details in support of the lifetime primary diagnosis described in our study, whereby 81% of the patients had at least one comorbidity. Table 1 summarizes the demographic and clinical assessment group descriptive statistics for the participants included in this study from the CNP dataset. The authors designate diagnoses according to the DSM-IV TR criteria (American Psychiatric Association, 2000) through the Structured Clinical Interview for DSM-IV and SCID-I (American Psychiatric Association, 2000) and complemented by the Adult ADHD Interview to better characterize a lifetime history of ADHD in adults (Kaufman et al., 2000). In this study, 5 different behavioral assessments were compiled for symptoms and traits for each subject—the Adult ADHD Self-Report Scale v1.1 (ASRS) score; the Hopkins Symptom Checklist (HSCL with 6 subscales) for interpersonal sensitivity, somatization, anxiety, obsessive-compulsion, depression, and a global severity score; Dickman functional and dysfunctional impulsivity scales (total, positive, and negative for combined 6 subscales); Chapman Scales for Anhedonia (physical and social subscales); and the Scale for Traits that Increase Risk for Bipolar II Disorder.
While the authors provided data for several other assessments taken from the same patients, we chose these available assessments for several reasons. We wanted to obtain assessments that included healthy control subjects. Second, we wanted to determine whether these measures were associated with significant ROI pairs in both the task and task-free conditions. These clinical assessments were either conducted by a clinician or self-assessed by the subject. Additionally, we chose assessments that may also be more sensitive in declarative encoding and retrieval memory tasks.
The ASRS is a self-report screening tool used to evaluate whether a subject has symptoms of ADHD and was developed in conjunction with the World Health Organization (WHO), where the questions are consistent with DSM-IV criteria and address manifestations of ADHD symptoms in adults. The content of the questionnaire also reflects the importance that the DSM-IV places on symptoms, impairments, and history for a correct diagnosis (American Psychiatric Association, 2000).
The HSCL is a self-reported inventory of 58 items representative of symptom configurations commonly observed in outpatients (Derogatis et al., 1974). After consulting 58 items, the HSCL is scored on five underlying symptom dimensions—somatization, obsessive-compulsion, interpersonal sensitivity, anxiety, and depression.
The Dickman functional and dysfunctional impulsivity scales are 63-item self-reports used to assess separable components of impulsivity (Dickman, 1990). Impulsivity is significantly correlated with individuals at greater risk of substance abuse and furthered with individuals with greater dysfunctional impulsivity. Dysfunctional impulsivity is associated with both disruptive behaviors and a tendency to ignore hard facts before deciding. However, functional impulsivity is the tendency to make quick decisions when such decisions are appropriate for the situation at hand. Overall, functional impulsivity has been associated with improved executive functioning. We anticipated that during paired-association memory tasks, there was a greater association with impulsivity scores.
The Chapman scale comprises 40 items for physical anhedonia and 48 items for social anhedonia to assess the decreased ability to experience pleasure (Chapman et al., 1976). Physical anhedonia is a measure of the inability to experience pleasure from physical stimuli. Social anhedonia is a measure of social anxiety or avoidant behavior. Originally, this assessment was developed to classify certain groups of schizophrenic patients experiencing physical and/or social anhedonia.
The Scale for Traits that Increases Risk for Bipolar II Disorder used in the original study included subscales associated with social anxiety, energy level, and mood liability. While these traits are associated with bipolar II disorder, there are likely other traits that may be included in the other assessment tools, such as impulsivity (Swann et al., 2009).
Functional-based atlases
In this study, we sought to demonstrate that shared functional connectivity patterns are present across these three disorders, both in cognitive tasks and task-free conditions. Our study incorporates three functional-based parcellation schemes to define our regions of interest within the cerebellum (Ren et al., 2019), cerebral cortex (Schaefer et al., 2018), and subcortex (Tian et al., 2020). These atlases leverage functional connectivity gradients to determine the probabilistic organizational topography of anatomical parcels that go beyond typical histological atlases; in particular, task-evoked fMRI reveals a subtle organizational change in response to changing cognitive demands (Tian et al., 2020). These features in our a priori atlas choices resemble our experimental system and should strengthen our explanatory predictions.
With the drastic increase in available functional neuroimaging methods and quantitative approaches for analyzing dynamic functional network organization within the human brain, choosing the appropriate regional brain atlases from which functional dynamics are inferred is crucial. The parcellation scale, shape, anatomical topology, network topology, and structural function correlation may change the hypothesis testing power as a result of atlas choice and atlas features (Revell et al., 2022). This poses a challenge for the reproducibility and interpretation of underlying disease pathophysiology compared to healthy subjects. The choice of underlying brain atlas should follow good descriptive, explanatory, and predictive validity in the context of the experiment and hypothesis being tested (Revell et al., 2022).
Functional Network Connectivity (FNC)
In this study, we used a cluster-level statistical inference based on multivariate statistics in ROI-to-ROI analysis using a second-level between-group general linear model. This procedure produced a single statistical matrix of F values, characterizing the effect of interest among all possible pairs in a network of 115 ROIs from 354 available ROIs. Three functional-based parcellation schemes were used to define 45 ROIs (out of 100, bilaterally comprising overlapping regions of Lobule VIIb, Vermis, Crus I, and Crus II) within the cerebellum (Ren et al., 2019), 16 ROIs within the cerebral cortex (Schaefer et al., 2018) (bilaterally comprising cortical regions of the default and salience networks), and all 54 bilateral ROIs within the subcortex (Tian et al., 2020). FNC (Jafri et al., 2008) uses a hierarchical clustering procedure based on region of interest (ROI)-to-region of interest (ROI) anatomical proximity and functional similarity metrics (Step 1, Supplemental Figure 1). Once these networks of ROIs are defined, FNC analyzes the entire set of connections between all pairs of ROIs in terms of the within- and between-network connectivity sets (Step 2, Supplemental Figure 1). The final step was to perform a multivariate parametric GLM analysis for all connections included in each of these sets/clusters of connections. In our study, we report the F-statistic for each pair found within the cluster of derived subnetworks and the associated p value as the false detection rate. This was defined as the expected portion of false discoveries among all pairs of networks with similar or larger effects across the entire set of FNC pairs.
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Supplemental Figure 1: Functional network connectivity (FNC) cluster-level analysis method.
Hierarchical clustering based upon ROI-to-ROI anatomical proximity and functional similarity metrics (all ROI pairs examined for within- and between-intrinsic network connectivity) was utilized to yield functional network connectivity (FNC) sets that survived multivariate parametric general linear model testing and familywise error control with the connection threshold set at p < 0.05 FDR-corrected and the cluster threshold set at p < 0.05 false discovery rate (FDR). Example: task-free SCHZ > HV [n=66, T(64)] (Jafri et al., 2008).
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