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1. DETAILED MATERIALS AND METHODS

Description of post-mortem brain samples

Frozen brain tissue from the prefrontal cortex (PFC, Brodmann areas 9 and 46) was obtained
from two brain banks, as detailed below. This cohort includes 170 SCZ, BD, and control subjects
(n=153, 40, and 77, respectively), selected based on strict inclusion/exclusion criteria. All subjects
met the relevant DSM-IV diagnostic criteria, determined through consensus conferences involving
a review of medical records, direct clinical assessments, and interviews with family members or
caregivers. Tissue donors were sourced from the Icahn School of Medicine at Mount Sinai
(MSSM) and the NIMH Human Brain Collection Core (HBCC). Supp. Table S1 provides sample-
level demographic information, including sex, age at death, post-mortem interval (PMI), and

stratification by institution and diagnosis. All included subjects are of Caucasian ancestry.

RNA isolation, library preparation, and sequencing

We isolated RNA using miRNeasy kits (Qiagen) according to the manufacturer’s instructions. RNA
integrity number (RIN) was as sessed using a 2200 TapeStation (Agilent Technologies). All
samples had RIN = 6 (Supp. Table S1). We prepared sequencing libraries using NEBNext Small
RNA Prep Set for lllumina (NEB #E7330) at the Jefferson Genomics Core Facility according to
the standard kit protocols, which size-selected for sncRNAs. The NEBNext 3 -adapter used is
AGATCGGAAGAGCACACGTCT. We sequenced all samples on the same lllumina NextSeq 500
sequencing platform at 75 cycles. We used cutadapt v4.6" to remove adapters and low-quality
bases from the 3" ends of sequenced reads, discarding reads that contained no adapter or were
shorter than 16 nucleotides with (cutadapt --match-read-wildcards -9 15 -e 0.12 -a
AGATCGGAAGAGCACACGTCT -m 16 --discard-untrimmed).

SncRNA-seq read mapping

We used IsoMiRmap? and MINTmap® to profile isomiRs and tRFs. We used the previously
described exhaustive, brute-force search* to profile rRFs, yRFs, and other repetitive fragments
(rpFs) by mapping the reads to the reference rRNAs® 6, Y RNAs*, and other repetitive elements
annotated by RepeatMasker ’, respectively. In all these steps, we required exact matching of
reads to the universe of known isomiRs, tRFs, rRFs, yRFs, and rpFs, while providing for the post-
transcriptional addition of non-templated nucleotides to isomiRs (e.g., 3" uridylation or
adenylation) and tRFs (3" addition of CCA to mature tRNAs).



Next, for each sample, we identified unique reads that could not be mapped with the above
process and identified those with Levenshtein distance (LD) < 2 from at least one of the sample’s
10,000 most abundant annotated sncRNAs (i.e., isomiRs, tRFs, rRFs, yRFs, and rpFs). The
matching reads received the prefix “unk-" (unknown), and the links between these sequences and
corresponding annotated sncRNAs with LD < 2 were stored in a separate field. We sought LD

matches using the polyleven Python package (https://github.com/fujimotos/polyleven). Finally, we

used bowtie v1.3.1% to place any remaining unmapped reads to the reference GRCh38.p14
genome, allowing up to 1 replacement but no insertions or deletions (bowtie -v 1 -a --best --strata
-S). We prefixed reads from this last group that matched with “bwt-" and annotated them by

intersecting their coordinates with GENCODE v42’s basic annotation file using bedtools v2.30°.

We converted raw read counts to reads-per-million (RPM) units for filtering purposes. The
analyses described below used only sncRNAs whose abundance was at least 10 RPM in at least

25% of all (case and control) samples.

Labeling of shcRNAs
To uniformly label sncRNAs across these diverse molecule types, we used the “license plates”

9.1 and have since expanded to rRFs® 8, isomiRs?,

scheme that we originally introduced for tRFs
yRFs, and repetitive elements®. In a nutshell, the license plate of an sncRNA is a base-32
encoding of the sncRNA’s sequence prefixed by a three-letter abbreviation of the class to which
the sncRNA belongs (e.g., “iso-,” “tRF-,” rRF-,” yRF-," or “rpF-"). License plates have several
desirable properties: (1) they are invertible (each sncRNA has a unique license plate and vice
versa); (2) they obviate the need for a centralized broker group or organization that issues labels
— indeed, the codes for creating license plates and converting license plates to nucleotide
sequences are publicly available; and (3) they are independent of genome/transcriptome

assemblies, meaning the labels persist over time.

mRNA-seq data

We obtained transcript-level read count data for the same samples from the CommonMind
Consortium'?. We discarded samples whose RIN was less than 6, leaving us with 161 samples
for mRNA analysis. We summarized transcript-level counts at the gene level using GENCODE
v30 annotation. We converted raw read counts to transcripts-per-million (TPM) units for filtering
purposes. The analyses described below used only mRNAs whose abundance was at least

1 TPM in at least 25% of all (case and control) samples.



Differential abundance analysis

We used DESeq2 v1.44 to identify sncRNAs and mRNAs that are differentially abundant (DA)
between cases and controls’®. We conducted separate analyses for the HBCC and MSSM brain
banks because of the acute differences in the ages of the respective donors: age at death ranges
from 13 to 83 years old in the HBCC (i.e., both younger and older individuals) and from 47 to 96
in the MSSM (i.e., only older individuals). We separately normalized the counts from the HBCC
and MSSM samples using standard DESeq2’s median of ratios algorithm. Then, we winsorized
the normalized counts to the 5th and 95th percentiles of each molecule to avoid cases of outlier-

driven DA results.

Before covariate selection, we assessed correlations between clinical and demographic factors
(Supp. Figure S1A-B). There are statistically significant, brain bank-specific correlations primarily
associated with disease status, age at death, PMI, and RIN. This indicated the need to adjust for
confounders in the DA analysis. RIN is negatively correlated with PMI in both brain banks, as
expected. However, multivariable regression analysis showed a negative association of RIN with
SCZ/BD independent of PMI (Supp. Figure S1C-D). This mirrors a similar dependence that was

previously reported for post-mortem brain samples from Alzheimer’s cases™.

We first fit univariate models testing for associations of sncRNAs and mRNAs with different known
variables: disease status, age, sex, and RIN. We selected an age cutoff of 45 years to maximize
the balance between cases and controls and formed two age groups based on that cutoff. We
also binarized samples based on their RIN using a standard threshold of 7.5'% ¢, These two
binarizations helped avoid assuming a linear relationship between gene expression and age or
RIN. Based on the results of univariate analysis, we included disease status, age, and RIN in the
multivariable model for sncRNA-seq. In addition to these variables, we added sex in the mRNA-
seq model as we found DA of ~50 genes between males and females (predominantly encoded in

X and Y chromosomes).

For the HBCC brain bank, we also fit a model with age-group-specific effects of SCZ by
introducing a variable generated by concatenating the labels of the disease and age groups. To
ensure comparability of disease vs. control comparisons in younger and older age groups, we
randomly down-sampled the younger age group to match the sample size of the older group (we

used 100 down-samplings with different random seed values). Similarly, to ensure comparability



of older vs. younger age group comparisons between cases and controls, we conducted separate

down-samplings of the control group to match the sample size of the disease group.

We controlled for potential hidden confounding factors by estimating surrogate variables using
the SVA v3.52 package'” and adding them to the multivariable model. Using the default Wald's
test, we generated DA results from standard contrasts (e.g., SCZ vs. control, BD vs. control).
Using the likelihood-ratio test, we also generated the DA results on the combined effect of disease
(SCZ or BD) and the combined effect of disease and age (concatenated disease and age group

labels). We controlled for a false discovery rate (FDR) using the Benjamini-Hochberg procedure.

Enrichment analysis

Unlike overrepresentation analysis, gene set enrichment analysis (GSEA) does not require setting
fold change (FC) or statistical significance thresholds on the DA analysis results'®. We ran GSEA
on the DESeq2-ranked lists of sncRNAs and mRNAs using the fgsea v1.30 package

(https://bioconductor.org/packages/release/bioc/html/fgsea.html). We downloaded reference

gene sets associated with Gene Ontology (GO) terms from MSigDB v2023.2'°. We also used the
overrepresentation analysis in the GSEApy v1.1.3 package® to characterize GO terms enriched

in gene co-expression clusters and miRNA target gene sets.

Statistical analysis and data visualization
We used the SciPy v1.122" Python module for routine statistical tests and procedures (Fisher’s
exact test, Mann-Whitney’s U-test, correlation analysis, and linear regression analysis). We used

the scikit-learn v1.4 (https://scikit-learn.org) Python module for PCA. We used the Seaborn v0.13

(https://seaborn.pydata.org) and Matplotlib v3.8 (https://matplotlib.org) Python modules for data

visualization.

Co-expression analysis in the face of confounding variables

Computing correlations between the abundances of two molecules (e.g., mMRNA-mRNA or
sncRNA-mRNA) can provide valuable insights into co-expression patterns and help form modules
of co-expressed transcripts. While not commonly discussed, confounding variables can
dramatically influence the correlation between pairs of transcripts?®: that correlation may
disappear or even change signs after confounding variables are accounted for. Supp. Figure S2
shows one example using two genes, KDM5D and RPS4Y1, located on the Y chromosome. When

we consider all samples of the HBCC brain bank, independently of their sex, the correlation



between these two genes equals 0.99. On the other hand, computing the correlation using only
the male samples results in a dramatically different value of -0.65. Here, sex acts as a third

variable, leading to an incorrect computation and a false positive call.

To reduce the effect of confounding, we implemented a two-step procedure. In the first step, we
started with log2-transformed normalized and winsorized counts and used multivariable linear
regression to residualize the effects of known factors: disease status, age, sex, and RIN. In the

t23

second step, we applied the recently developed CorrAdjust® tool to remove hidden confounders.

The codes for CorrAdjust are available at htips:/tju-cmc-org.github.io/CorrAdjust/. CorrAdjust

iteratively regresses out a minimal subset of principal components (PCs) from the sncRNA and
MRNA expression data in a way that maximizes the hypergeometric enrichment of known
pathways among the highly ranked molecule pairs, defined as the top 5% of mMRNA-mRNA pairs
with the highest absolute Pearson correlations and the top 5% of isomiR-mRNA pairs with the
most negative correlations. In an extensive comparative analysis of 25,063 public RNA-seq

datasets, CorrAdjust outperformed the current state-of-the-art methods?.

In the mMRNA-mRNA case, we labeled a pair as “reference” if the corresponding two genes are
jointly present in at least one “Canonical Pathway” or “GO term” from MSigDB v2023.2. In the
isomiR-mRNA case, “reference” indicated that the mRNA is an experimentally validated or
computationally predicted target of the corresponding canonical miRNA. We restricted the
analysis to isomiRs with a canonical 5°-end, as the 5’-end sequence is the primary determinant
of isomiR targets®*. We obtained a list of experimentally validated miRNA-mRNA pairs from
TarBase v9.0% (the main portion of the data comes from CLIP experiments). We used RNA22
v2.0% to predict miRNA binding sites across the whole span of target mRNAs. The selected
residualized PCs were PC3, PC4, PC9, PC11, and PC13.

Processing rat sncRNA-seq data

The raw small RNA-seq data from nuclear and cytoplasmic fractions of rat neurons®” were kindly
provided by Dr. Gerhard Schratt and included two replicates per condition. We derived a subset
of rat isomiRs for the analysis in two steps. First, we identified a set of 55 human miRNAs that
have at least one isomiR with non-templated guanylation surviving the aforementioned 10 RPM
cutoff. Next, we used miRBase 22.1? to identify orthologs of the 55 human miRNAs in rats and
subselected 35 of them with identical sequences of the mature miRNA and two flanking 3"-end

nucleotides. Since the 35 miRNAs produce identical isomiRs in humans and rats, we profiled the



rat small RNA-seq datasets using IsoMiRmap? with a human mapping bundle. We compared the
abundances of non-templated isomiRs relative to their parental miRNA arms between the nuclear

and cytoplasmic fractions using the paired-sample Student’s t-test.



2. SUPPLEMENTAL FIGURE CAPTIONS

Supp. Figure S1. The relationships between clinical and demographic variables. (A-
B) Correlation matrices for key variables in the HBCC and MSSM brain banks. * p-value < 0.05,

*k*k

** p-value < 0.01, p-value < 0.001. For binary variables (BD, SCZ, sex), p-values were
computed using Fisher’'s exact test. For continuous variables (age, PMI, RIN sncRNA, RIN
mRNA), p-values were computed using Spearman’s correlation test. For a binary and a
continuous variable, p-values were computed using Mann-Whitney’s U-test. A positive correlation
with sex means higher values among males. (C-D) Multivariable linear regression coefficients and

95% confidence intervals with RIN as a dependent variable in the HBCC and MSSM brain banks.

Supp. Figure S2. An illustration of how a confounder variable can lead to a false positive
correlation. The plot shows the joint distribution of expression levels of two genes on the Y
chromosome (all samples from the HBCC brain bank). The sex variable creates a spurious
positive correlation between expression levels, while the actual correlation across male samples

is negative.

Supp. Figure S3. Abundances of different isomiR types. (A-D) The percentage of canonical and
non-canonical isomiRs is shown separately for the four cleavage positions of precursor miRNA
hairpins by DROSHA and DICER. The percentages are computed over all isomiRs originating
from 5p miRNA arms for panels (A, C), and from 3p miRNAs for panels (B, D). (E-F) The
percentage of different non-templated nucleotides at 3’-ends of isomiRs. The p-values are
computed from a multivariable linear regression model adjusting for sex, age, RIN, and brain

bank. The miRNA hairpin was created at BioRender.com.

Supp. Figure S4. Abundances of tRFs with mismatches. (A) The percentage of different non-
templated nucleotides attached to the 3’-ends of the known tRFs. The shown p-value is computed
from a multivariable linear regression model adjusting for sex, age, RIN, and brain bank. (B) Highly
abundant tRFs produced from tRNASUCTC and tRNASYCCC/GYECC with internal mismatches at
position 6. The bold nucleotides show the sequences of wild-type tRNAs. We show the three most

abundant fragments and their mean RPMs for each type of mismatch.

Supp. Figure S5. Differential abundance of sncRNAs between BD cases and controls in the

HBCC brain bank. (A-E) Volcano plots for different sncRNA types. Significantly differentially



abundant sncRNAs (FDR < 0.05) are highlighted with color and are filled if |log2 FC| 2 0.4. The
manually annotated points include a subset of molecules annotated in Figure 2A-E that are
associated with SCZ or BD (likelihood-ratio test FDR < 0.05; see also Figure 2F). IsomiRs, tRFs,
rRFs, and yRFs include wild-type and LD < 2 molecules. “Other” molecules include rpFs (see

above).

Supp. Figure S6. Distributions of selected DA isomiRs (A) and tRFs (B) in SCZ cases and
controls in the HBCC brain bank. All molecules with FDR < 0.05 and median abundance above

1,000 RPM in either cases or controls are shown.

Supp. Figure S7. Differential abundance of mRNAs between SCZ cases and controls in the
HBCC brain bank. (A) Volcano plot. Significantly differentially abundant sncRNAs (FDR < 0.05)
are highlighted in green and are filled if |log2 FC| = 0.4. (B) Mutual distribution of FCs from SCZ
vs. control and BD vs. control comparisons. The diagonal dotted line corresponds to equal FCs
(Y=X). Only mRNAs associated with SCZ or BD (likelihood-ratio test FDR < 0.05) are shown.
Markers are colored and/or filled if the same FDR and FC thresholding criteria are met in either
of the two comparisons. (C-E) GSEA with (C) the reference PsychENCODE set of differentially
abundant mRNAs; (D-E) the Gene Ontology biological process (BP) and cellular component (CC)
gene sets. NES stands for normalized enrichment score. Only non-redundant pathways selected

by the “collapsePathways” function from fgsea are shown.

Supp. Figure S8. Replication of the HBCC-derived findings in the MSSM brain bank. All abundant
sncRNAs (A-B) or mRNAs (C-D) are ranked according to the logio p-value multiplied by the fold
change sign of the SCZ vs. control comparison in the MSSM. The following sets were used as
references: (A, C) sncRNAs/mRNAs significantly differentially abundant in SCZ (FDR < 0.05) in
the HBCC; (B) different non-templated isomiRs; (D) the PsychENCODE set of differentially
abundant mRNAs in SCZ.

Supp. Figure S9. Age-dependent differential MRNA and sncRNA abundance between BD cases
and controls (HBCC brain bank). (A, D) The number of significantly differentially abundant
MRNAs/sncRNAs (FDR < 0.05) between age-restricted BD vs. control comparisons (horizontal
dimension) and condition-restricted age = 45 vs. age < 45 comparisons (vertical dimension). To
remove the effect of sample size on the reported numbers, we show median numbers of

differentially abundant molecules derived from 100 random down-samplings (see Methods). (B,



E-I) Mutual distribution of FCs from BD vs. control and age = 45 vs. age < 45 comparisons. The
diagonal dotted line corresponds to equal FCs (Y=X). Only molecules associated with disease
status or age group (likelihood-ratio test FDR < 0.05) are shown. Significantly differentially
abundant mRNAs/sncRNAs are highlighted with color if FDR < 0.05 in either of the two
comparisons. Highlighted markers are filled if |log. FC| = 0.4 in either of the two comparisons.
IsomiRs, tRFs, rRFs, and yRFs include wild-type and LD < 2 molecules. “Other” molecules include
rpFs and additional genomic mappings (see Methods). (C) GSEA of differentially abundant
mRNAs in BD in the HBCC brain bank with the GTEx aging signature as a reference gene set.

Supp. Figure $10. Pearson correlations between different isomiRs of miR-99a-5p and miR-26a-
5p. Guanylated isomiRs originating from different miRNAs located on different chromosomes (top
row) show higher correlation with each other than with their most abundant sibling isomiRs from

the same miRNA (bottom row).
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