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Summary

DNA methylation (DNAm) signatures are unique patterns of DNAm alterations defined for rare disorders caused by pathogenic variants
in epigenetic regulatory genes. The potential of DNAm signatures (also known as “episignatures”) is just beginning to emerge as there are
>300 known epigenetic regulatory genes, ~100 of which are linked to neurodevelopmental disorders. To date, approximately 50 signa-
tures have been identified, which have proven unexpectedly successful as predictive tools for classifying variants of uncertain signifi-
cance as pathogenic or benign. The molecular basis of these signatures is poorly understood. Furthermore, their relationships to primary
disease pathophysiology have yet to be adequately investigated, despite clear demonstrations of potential connections. There are
currently no published guidelines for signature development. As signatures are highly dependent on the samples and methods used
to derive them, we propose a framework for consideration in signature development including sample size, statistical parameters, cell
type of origin, and the value of detailed clinical and molecular information. We illustrate the relationship between signature output/ef-
ficacy and sample size by generating and testing 837 DNAm signatures of Kleefstra syndrome using downsampling analysis. Our findings
highlight that no single DNAm signature encompasses all DNAm alterations present in a rare disorder, and that a substandard study
design can generate a DNAm signature that misclassifies variants. Finally, we discuss the importance of further investigating DNAm sig-

natures to inform disease pathophysiology and broaden their scope as a functional assay.

Background

Currently, ~100 Mendelian syndromes have been identi-
fied which are caused by pathogenic variants in epigenetic
regulatory genes, often characterized by intellectual
disability (ID), growth dysregulation, and congenital
anomalies." '® These epigenetic regulatory genes include
chromatin remodelers, writers and erasers of epigenetic
marks."” In 2013, our group discovered genome-wide
DNA methylation (DNAm) alterations in blood associated
with pathogenic variants in the epigenetic regulator
KDMS5C (Lysine Demethylase 5C [MIM: 314690]).' In
2015, we identified genome-wide DNAm changes in blood
in Sotos syndrome (MIM: 117550), caused by pathogenic
variants in NSD1 (Nuclear Receptor Binding SET Domain
Protein 1 [MIM: 606681]). We termed these changes a
"DNAm signature," a set of DNAm alterations at certain
CpG ssites in individuals with pathogenic variants in a spe-
cific gene. In this paper, we also demonstrated that a signa-
ture can be used to successfully classify variants of uncer-
tain significance (VUSs) as pathogenic or benign. Since
then, DNAm signature development has expanded signif-
icantly and DNAm-based diagnostic testing has been
launched in the United States and Europe. Despite these
developments, there are no published guidelines for signa-
ture generation.

The use of the word signature in genomics is not confined
to DNAm in rare disorders. The word appears to have
gained prominence during the modern genomics era,
increasing exponentially in PubMed from 60 article titles
in 2000 to 1,898 in 2020. The use of signature in biomed-
ical science centers on being both multi-locus and specific
to a phenotype, for example, the mutational'’ and RNA?’
signatures of cancer. By definition, a signature overcomes
noise by capturing signals across multiple loci to accurately
categorize specific samples as cases or controls. Indeed,
DNAm signatures (also known as “episignatures”) meet
these established criteria.

Here, we examine the practices currently used to
generate DNAm signatures and their applications. Our
goal is to highlight the critical steps required to ensure
that signatures exhibit both stability and utility. To date,
DNAm signatures have been established for numerous
genes that function as epigenetic regulators. Their broadest
application is undoubtedly as a second-tier diagnostic tool
for classification of VUSs as pathogenic or benign, and
in some cases as hypomorphic, hypermorphic, or
mosaic.”*° DNAm signatures provide a unique means of
assessing missense variants that have emerged from the
recent increased use of DNA-sequence-based diagnos-
tics.”!  Most diagnostic laboratories use American
College Medical Genetics (ACMG) guidelines for VUS
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interpretation, which include in silico prediction tools with
sensitivity and specificity as low as 33%.*** Functional
tests at the protein level are ideal, but would require signif-
icant research investment. The implementation of signa-
tures into diagnostics can address this issue for potentially
hundreds of genes on a single platform.

Current practices in DNAm signature derivation

DNAm signatures might be perceived to represent all or
most of the DNAm changes associated with a disorder.
The reality is that the output of signature derivation is sub-
ject to a great deal of variability based on experimental
design and statistical parameters. Therefore, a signature is
not a static list of CpGs, but a reflection of the cases used
to generate it. There are several basic practices that have
become standard in DNAm signature derivation for neuro-
developmental disorders. These include data generation
using the Illumina BeadChip platform and using age-
and sex-matched neurotypical control subjects.”* Process-
ing DNA samples and running microarrays in a single
batch or multiple balanced batches and including appro-
priate covariates (e.g., age at sample collection) in the sta-
tistical models used to identify signature sites ensure
robust findings. These practices make signature generation
in many publications, in essence, an epigenome-wide asso-
ciation study (EWAS). The resulting differentially methyl-
ated sites can be interpreted independently or as a set, by
mapping these sites to genes or gene features. However,
this is not the only valid approach, as selecting sites using
machine learning algorithms based solely on their capacity
to distinguish cases from controls can be successful.
Whole-blood DNA is commonly used in signature studies.
It is frequently the specimen of choice for diagnostic pur-
poses and is the most common tissue in human DNAm
studies, supported by well-defined bioinformatic tools to
account for variation in underlying cell types.?>*°

Selection of discovery cohort

The efficacy of DNAm signatures as functional predictors
of variant pathogenicity is dependent on study design. Sig-
natures are identified by comparing the methylation pat-
terns of affected individuals in the “discovery” cohort to
typically developing, age- and sex-matched control sub-
jects. Therefore, the selection of these affected individuals
is critical. For signature discovery, individuals with a path-
ogenic variant, as defined by ACMG guidelines, and a clin-
ical diagnosis of the associated disorder should be required.
Rare genetic disorders can be difficult to diagnose clini-
cally, especially in early life when some phenotypes are
less discernible. We posit that without a clinical diagnosis
of the disorder by a trained clinician, the pathogenicity
of the variant with respect to a specific genetic disorder
cannot be established. Therefore, using variant informa-
tion as the sole criterion for selecting affected individuals
for the discovery category is inadvisable.

One should also consider genotype-phenotype correla-
tions in selecting affected individuals for the discovery
group because variants in different genomic regions within
a single gene can lead to different phenotypes. We recently
found that different truncating variant positions in SRCAP
(Snf2 Related CREBBP Activator Protein [MIM: 611421])
are associated with two overlapping but distinct DNAm
signatures, one associated with Floating-Harbor syndrome
(MIM: 136140) and the other with an undescribed neuro-
developmental disorder.”” A similar finding has been re-
ported for KMT2D exon 37-38.® Further, genomic loca-
tion-based DNAm differences may exist without apparent
clinical differences. Helsmoortel-Van der Aa syndrome
(MIM: 615873), caused by pathogenic variants in ADNP
(Activity-Dependent Neuroprotector Homeobox [MIM:
611386]), is associated with two different signatures de-
pending on the location of the variant.'” Interestingly,
there are no significant clinical differences reported for in-
dividuals in these two distinct signature-defined groups.>’

Sample size

The size of the discovery group can alter, directly or indi-
rectly, the sensitivity and specificity of the DNAm signa-
ture as a predictive tool of variant pathogenicity. This is
of utmost importance for clinical validation of such tests,
and remains a major challenge given the rarity of, and
the clinical overlap between, some neurodevelopmental
disorders caused by pathogenic variants in epigenetic reg-
ulatory genes.

To explore the relative effects of sample size on signature
sensitivity, we iteratively changed sample size of the dis-
covery group from a previously published cohort of indi-
viduals with pathogenic variants in EHMT1 (Euchromatic
Histone Methyltransferase 1 [MIM: 607001]) and a clinical
diagnosis of Kleefstra syndrome (KS [MIM: 610253];
n = 10) and age- and sex-matched control individuals
(n = 40).° We used ten affected individuals, each clinically
diagnosed with KS with confirmed pathogenic variants,
i.e., either point mutations in EHMT1 or microdeletions
overlapping EHMTI1. We generated signatures for all
possible combinations of affected individuals, ranging
from two to ten samples, compared to the 40 control sub-
jects. KS has a relatively strong DNAm signal, reflected in
the number of CpGs and effect size of its signature.
Although the results we report below apply to signature
derivation in general, the specific statistical thresholds
and sample sizes needed will differ across disorders.

A total of 837 signatures were generated, each composed
of all CpGs that met an FDR-corrected p value < 0.05 and
mean group difference > 10%. There was decreasing vari-
ability in the number of CpGs as sample size increased (Ta-
ble 1; Figure 1A), illustrating that signature stability (i.e.,
number of CpGs identified) is dependent on sample size,
among many other features. It follows that the greater
the number of affected individuals included in signature
derivation, the less any one sample will sway the output,
and thus the results become more generalizable. We
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Table 1.

Number of DNAm signatures generated from iterative resampling of n = 10 Kleefstra syndrome samples

Number in KS discovery cohort 2 3 4 5 6 7 8 9 10 Total
All possible combinations 45 120 210 252 210 120 45 10 1 1,013
All combinations containing both sexes and 10 65 160 225 202 119 45 10 1 837
batches

All combinations that generated signatures N/A® 65 155 128 111 94 45 10 1 609

larger than 2 CpGs"

Plotted in Figures 1A and 1B
PFDR-corrected p value < 0.05
“Excluded from analysis
9Plotted in Figures 1C and 1D

compared the CpG sites in each signature to the 239 signa-
ture sites identified when all 10 KS-affected individuals
were part of the discovery group and were included in
signature derivation; again, we found increased signature
stability with larger sample size which, in part, is related
to increased statistical power (Figure 1B). We then used
the signatures generated from three or more affected indi-
viduals in the discovery group, and which were composed
of 2 or more CpGs (609 signatures), to train predictive
models for KS using a support vector machine algorithm
(a supervised machine learning approach; supplemental
material and methods); this predictive model was applied
to 10 KS-affected individuals as a test group and 175 con-
trol subjects. We observed that sensitivity greatly increased
with sample size in the discovery cohort (Figure 1C). The
discovery group needed to include six affected individuals
for all signature iterations to achieve sensitivity above
50%, i.e., better than random chance, when predicting in-
dividuals in the KS validation group. This illustrates the
relationship between increased sample size and the
model’s ability to generate accurate predictions for new
samples. As all signatures were generated using the same
40 control subjects, specificity as tested on 175 control sub-
jects was high across all signatures (Figure S1A).

Finally, testing prediction efficacy in individuals with
other rare neurodevelopmental disorders, especially those
in the differential diagnosis, is critical for establishing signa-
ture specificity.”>'*'*?” We applied the signatures to 31
additional samples with neurodevelopmental disorders in
epigenetic regulatory genes. These samples contained path-
ogenic variants in the following genes (with associated dis-
orders and sample sizes): DYRKIA®® (IMIM: 600855]
DYRK1A-related ID; n = 14), SMARCA2® ([MIM: 600014]
Nicolaides-Baraitser syndrome; n = 8), SRCAP*" ([MIM:
611421] Floating-Harbour syndrome [FLHS]; n = 4, non-
FLHS SRCAP-related NDD; n = 5). These disorders share
common clinical features with KS, namely intellectual
disability; KS, NCBRS, and DYRK1A-related ID are also asso-
ciated with autistic-like features. Again, we found that sig-
natures generated with more individuals in the discovery
cohort tended to perform better (Figure S2). We also
observed a clear trade-off between specificity and sensitivity
in signatures generated from 3-4 individuals in the discov-
ery group, i.e., signatures with high specificity were more

likely to have low sensitivity (Figure S2). Given that NDDs
can share common sites of differential methylation,'” false
positives may arise. Identifying common CpGs shared be-
tween signatures may provide utility both clinically and
in research; to date this has been an underexplored area of
investigation. As the field progresses and more signatures
are identified, comparisons of signatures across NDDs will
need to be incorporated into signature development/bio-
informatic pipelines. One method that has been success-
fully applied to address this issue is to run multiple signa-
tures as a panel and interpret results together.*'-**

When sample sizes are low, potentially resulting in a
dearth of CpGs meeting statistical thresholds for signifi-
cance, exploratory analyses may be performed by relaxing
the statistical threshold. This can answer the question of
whether true differential methylation patterns likely exist
but are being obscured by poor statistical power. We
observed that relaxing the FDR threshold for would indeed
capture a greater proportion of signature CpGs identified
when using ten affected individuals as the discovery cohort,
but this had a greater effect with a smaller discovery group,
4-6 affected individuals, were used (Figure S3). To directly
test how relaxing the FDR would alter the resulting signa-
tures, we regenerated the 837 signatures using a relaxed
threshold of FDR corrected p value < 0.1 (referred to as the
FDR10 signatures) and re-ran the analyses described above;
signatures from the previous analysis are subsequently
referred to as FDRS signatures. Sensitivity and specificity of
the FDRI10 signatures are plotted (Figures S1B and S1C).
The resulting signatures were 688-25,773 CpGs in size (me-
dian = 1,797 CpGs); by comparison the largest FDRS signa-
ture was 855 CpGs (median = 9 CpGs). As such, we ranked
the CpGs in each signature by their DNAm variance and
then selected only the top 2,000 most-varying CpGs as input
for the predictive analysis (supplemental material and
methods). The FDR10 signatures were more sensitive than
the corresponding FDRS signatures when fewer than eight
affected individuals were used for the discovery cohort
(Figure 1D). However, the FDR10 signatures generated
from fewer than six samples in the discovery group remained
inconsistent in their predictive efficacy; only 21.5%, 42.5%,
and 62.2% of all FDR10 signatures produced from a discov-
ery cohort of three, four, and five affected individuals,
respectively, predicted all 10 KS test cases correctly. In sum,
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Figure 1. DNAm signatures generated for
Kleefstra syndrome by iteratively resam-
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we show that for the relatively large EHMT1 DNAm signa-
ture, relaxing the FDR threshold can be a valid option for
exploratory analyses but it cannot overcome the need for
an appropriately sized discovery cohort. Further work is
needed to confirm the validity of this approach. That is,
our findings may be specific to a strong signature (as
EHMT1 is) and therefore may not be generalizable. In fact,
in order to better understand the impact of many potential
variable approaches to signature development, it would be
valuable for primary research to more thoroughly investi-
gate the influence of sample size, FDR thresholds, and even
different platforms on signature output for different NDDs.

Effect size

The size of a signature (number of CpGs and effect sizes at
these sites) for any given disorder cannot be predicted a pri-
ori based on gene function. For example, the effect sizes
and CpG number are relatively small in the disorders
caused by pathogenic variants in CHD7 (10% absolute
mean difference, q < 0.01, 163 Cst),2 CHDS (5%, q <
0.05, 422 CpG sites),* and KMT2D (10%, q < 0.01, 221
CpGs),” while NSD1 variants are associated with a much
stronger and larger signature (20%, q < 0.05, ~7,000
CpG sites).! The molecular basis for this variability is not
yet understood but likely reflects some of the variation in
normal downstream targets of each gene, as captured in
the methylome of peripheral blood cells.

0 10 20 30 40 50 60 70 80 90 100
% correct predictions FDR p<0.05

Signature interpretation

It is important to understand what can

be inferred about a disorder from its
DNAm signature, so as not to overinterpret this relation-
ship. As all epigenetic patterns are defined by the group of
cell types in which they reside, we expect signatures to be
cell type or tissue specific. However, to date nearly all have
been generated in blood. Second, the output of signature
generation will change with statistical power, tools, and pa-
rameters used. DNAm signature development has diverged
into two overlapping applications: diagnostics and patho-
physiology. The former focuses heavily on statistical tools
to define a minimal signature with fewer CpG sites incorpo-
rated into the predictive model; fewer sites correspond to
less “noise,” such as stochastic DNAm changes or variance
attributed to other biological factors. What has yet to be
tested is how these minimal signatures perform in classi-
fying “atypical” variants—for example a hypermorphic
variant on a signature derived from loss-of-function vari-
ants—which often require more follow-up analysis.

Functionality of DNAm signatures

DNAm signatures can also be used, beyond VUS classifica-
tion, to functionally characterize sequence variants that
are either associated with atypical phenotypes or map to
specific subregions or domains of genes. Recently, we
found that the signature for EZH2 (MIM: 601573), associ-
ated with Weaver syndrome (MIM: 277590), could identify
a gain-of-function (GoF) variant and somatic mosaicism.>
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The GoF variant was associated with an opposite pheno-
type (undergrowth), as well as an opposite DNAm profile
to EZHZ2-affected individuals when compared to control
subjects. In contrast, mosaicism was demonstrated in a
phenotypically mild case by finding intermediate DNAm
values, between affected and unaffected individuals for
all signature CpGs. Both of these interpretations of the
DNAm data were confirmed using additional independent
tests.” We also reported an individual with a Nicolaides-
Baraitser syndrome (NCBRS [MIM: 601358]) diagnosis
that presented with unusually mild neurodevelopment
features and a SMARCA2 (MIM: 60014) variant just distal
to the protein domain to which NCBRS-associated variants
map. This individual’s DNAm profile at the SMARCA2
signature was “intermediate,” overlapping that of affected
individuals at some CpGs and that of control subjects at
others. The CpGs with control-like DNAm mapped to neu-
rodevelopmental genes, suggesting that these genes may
be functionally related to the mild neurodevelopmental
phenotype. Both the atypical SMARCAZ2 individual and
the EZH2 mosaic individual appeared as intermediate. An
evaluation of individual signature CpGs was required to
resolve the underlying causes. Machine learning alone
could not recognize this distinction. As such, a detailed
analysis of DNAm at the CpG level can be a valuable tool
for characterizing atypical variants.

DNAm signatures can also inform our understanding of
the phenotypic similarities and differences in related condi-
tions. NCBRS and Coffin-Siris syndrome 3 (CSS3 [MIM:
614608]) are related disorders caused by the BAF complex en-
coding genes SMARCAZ2 and SMARCB1 (MIM: 601607),
respectively. The SMARCAZ2 signature and the SMARCBI
signature share only 17 sites (<5% of the SMARCAZ signa-
ture).'? However, individuals with SMARCB1 variants clas-
sify positively using the SMARCAZ signature, i.e., this signa-
ture cannot distinguish individuals with CSS3 from NCBRS.
This finding has several implications. The idea that any
given signature is “disorder specific” may be incorrect; it is
premature to predict a specific clinical diagnosis using a
signature alone. A signature may encompass multiple related
disorders, such as those caused by subunits of a protein com-
plex (e.g., overgrowth syndromes related to the polycomb
repressive complex 2 genes EZH2, EED, and SUZ12).> As
described above, multiple, unique signatures can also be
derived for a single gene. Taken together, signatures act as a
functional readout of the molecular and clinical similarities
of interrelated disorders. Although DNAm signatures have
also demonstrated some utility as a first-tier diagnostic,>'"
3 these complex signature-disorder relationships impact
their current diagnostic utility. That is, first-tier DNAm diag-
noses must be confirmed by genetic sequencing.

Role of DNAm signatures in elucidating
pathophysiology

While there are many other approaches to interrogate a dis-
order’s pathophysiology, we posit that signature research

can contribute to this effort. Most NDDs are caused by path-
ogenic sequence variants present in all tissues from early
development, leading to clinical features that impact multi-
ple organ systems. Moreover, most epigenetic regulators are
ubiquitously expressed, functioning in all tissues. DNAm
patterns are established early and can be maintained across
a lifetime, meaning DNAm signatures may provide a win-
dow into pathophysiology. By maintaining regions of co-
methylated or correlated CpGs in the signature—often
filtered out to develop efficient predictive tools—informa-
tion relevant to disease pathophysiology can be gleaned.
For example, clusters of correlated CpGs sites, commonly
referred to as differentially methylated regions (DMRs),
may represent biologically meaningful DNAm alterations
within a signature.”*”

There is accumulating evidence supporting a relation-
ship between DNAm signatures and pathophysiology. As
described above, we found that the DNAm profile of an in-
dividual with a unique SMARCA2 variant had DNAm alter-
ations at genes reflecting the atypical phenotype. There are
also indications that some blood DNAm signature patterns
occur across tissues, suggesting that some DNAm marks
reflect early embryonic establishment and maintenance
across cell types. Specifically, we found that the NSDI
signature derived from blood correctly classified both con-
trol and Sotos fibroblast samples." We also reported that
the genes in the blood-derived signature for CHDS (Chro-
modomain Helicase DNA Binding Protein 8 [MIM:
610528])* significantly overlapped with differentially ex-
pressed genes from human CHD8"~ iPSC-derived neu-
rons.>*35 It is clear that more work in this area is needed,
and we suggest this is an area worth exploring. For
example, generating DNAm from more tissues will provide
knowledge of cell-type-specific versus shared DNAm alter-
ations. In addition, model organisms can be used to under-
stand when these DNAm marks are established and
directly assess their natural history over time.

Limitations

DNAm signatures are powerful functional tools with great
promise; however, it is critical to understand their current
limitations. As the analysis we present shows, signatures
are only as good as the samples used to generate them.
Ongoing collaboration between clinicians and research
laboratories is key for signature development and use. For
each step from sample selection to variant classification,
consideration must be given to the complex relationships
between the genetic variant and the clinical phenotype.
Addressing these considerations in the study design allows
powerful and specific conclusions to be made; otherwise,
the results may be unreliable or uninterpretable. A limita-
tion of most signatures is their restriction to autosomal
CpG sites, which is commonly done to ease analyses run
on both sexes. A recent study defined an X chromosome-
specific signature in females carrying truncating SPEN
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(MIM: 613484) variants, suggesting sex chromosomes can
have strong DNAm effects that warrant further consider-
ation.”® These authors note that batch effects, specifically
a low number of controls run in the same technical batch
as cases, prevented them from detecting robust changes
on autosomes. This highlights a major limitation of signa-
tures: microarray batch effects are strong and can over-
whelm disorder-related DNAm signals. Therefore, well-de-
signed experiments are crucial. Finally, unexplained
phenomena for specific signatures will continue to arise,
notably two signatures associated with the same pheno-
type in ADNP. Such findings highlight our limited under-
standing of many of the processes at play. We expect future
work will change how we interpret and contextualize
DNAm signature data.

In order to optimize transparency and reproducibility,
researchers and clinicians should endeavor to support
data sharing. Public sharing of DNAm data may be limited
by the REB/consents used to recruit individuals into epige-
netic studies; therefore, consideration should be given to
updating consents accordingly. In addition, granting
agencies could require open access of data generated by
funded projects parallel to the requirement for open access
publication. For some researchers, the information used to
generate signatures is channeled into proprietary diag-
nostic testing, which does not facilitate open data sharing
in the field. While DNA methylation signatures have
demonstrated great potential in the diagnostic realm, we
should aim to strike a balance between progress made
through establishing intellectual property/commercializa-
tion and progress made through open science. Notably,
our group and others have made efforts to publish DNA
methylation signatures in full, i.e., all CpG sites used in
the predictive models, to allow any reader to validate the
signature for themselves on their own samples. We believe
this to be of great value to the community, allowing for
reproducibility of findings and for more scientists to partic-
ipate in the advancement of this important area of
research.

Conclusions

DNAm signatures are powerful functional tools in both
clinical and research settings. These signatures can help
to classify VUSs, support the delineation of distinct clinical
disorders, and potentially elucidate disorder pathophysi-
ology. We recommend cohorts to be used for signature
development be representative of the genotypic and
phenotypic breadth of the disorder. Ongoing clinical phe-
notyping is important for existing signatures, as previously
unknown relationships can emerge. Future work may
focus on identifying when and how DNAm signatures
emerge in various tissues, best undertaken in model sys-
tems, such as mice. More detailed work may find that var-
iable clinical expression is reflected at the epigenetic level
for some disorders/genes, supporting the use of signatures

as prognostic biomarkers. Finally, DNAm signatures may
become useful in therapeutics as markers of drug efficacy.
In summary, DNAm signatures provide a unique tool to
enhance clinical diagnostics, and we expect that future
epigenetic research will expand translational opportunities
for neurodevelopmental disorders.
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Supplemental Methods

We used 10 cases each clinically diagnosed with Kleefstra syndrome (KS) and had pathogenic
variants, i.e. either point mutation in EHMT1 or microdeletions overlapping with EHMT1. We
generated signatures for all possible combinations of cases ranging from 2-10 KS samples,
compared to the 40 controls. The downsampling was performed using “combn” function in the
CRAN package “utils”. Groups of cases were limited to those that 1) contain both males and
females, and 2) had both array batches represented®. This study design has a class imbalance
between cases and controls, reflecting the current reality of sample acquisition and study design
for signature derivation in rare disorders!#. To generate the EMHT signatures, we used R
statistical software and the same methods as previously published®. Briefly, linear regression was
performed on each CpGs, using all combinations of cases vs 40 controls, while covarying for sex
and technical batch. Note, that this differs from the published DNAm signature, as blood cell
composition and age were not included here as covariates to simplify the data analysis. This
analysis was performed using the Bioconductor package “limma” and effect size was calculated
as a difference between group means using base R functions. For each iteration of
downsampling, an FDR-corrected p-value<0.05 and an absolute mean sample group difference
of >10% was applied to generate the DNAm signature.

We then filtered the 837 signatures for those generated using less than three discovery cases and
those which were composed of less than 2 CpGs. The remaining 609 unique signatures were
used to train predictive models for KS using a support vector machine (SVM) algorithm.
Typically, prior to SVM a feature selection step is performed which removes highly correlated
CpGs; due to often small sizes of the signatures and the variable effect this step would have, this
was not performed. For each signature, only discovery samples (KS cases and controls) from
which the signature had been derived were used to train the corresponding predictive model. The
analysis was performed using the Bioconductor package “caret”. Each of the 609 models was
then tested on a separate validation cohort of 10 KS cases to measure signature sensitivity and
175 controls to measure specificity. As all signatures were generated from the same number of
control sample numbers, the resulting specificity of the DNAm signatures did not vary strongly.

We further tested specificity by running SVM on an additional 31 samples from individuals with
NDDs. These samples were generated on the EPIC array and previously published as “discovery
cases” used to derive signatures for pathogenic variants in the following epigenetic genes
(disorder and sample sizes), DYRKI1A (MIM: 600855; DYRKIA-related ID; n=14), SMARCA?2
(MIM: 600014; Nicolaides-Baraitser; n=8), SRCAP (MIM: 611421; Floating Harbour syndrome
[FLHS]; n=4, non-FLHS SRCAP-related NDD; n=5). Of 837 signatures, 610 signatures
contained enough CpGs (2 or more) and discovery cases (3 or more) to generate SVM
classifications.

We then regenerated the 837 signatures using an FDR-corrected p-value<0.1 and an absolute
mean sample group difference of 10%, using the same regression model. SVM was then applied
to all signatures generated using three or more discovery cases and those which were composed
of two or more CpGs (827 signatures). We imposed a maximum limit of 2000 CpGs on our
signatures before passing them into the machine learning models, in order to make the
computations more efficient. For signatures that exceeded this threshold, we ranked the CpGs by



their DNAm variance and then selected only the top 2000 most-varying CpGs, which should be
quite sufficient to represent the most salient differences in DNAm in the data for the purpose of
prediction. Similarly, to the previous set of signatures, each model was tested on a validation
cohort of 10 KS cases and 175 controls. Datasets are not publicly available due to institutional
ethics restrictions.
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Figure S1. DNAm signature specificity and sensitivity. Predictive models from signatures
generated for Kleefstra syndrome by iteratively resampling 3-9 discovery cases (n=10 total) vs. n=40
age- and sex-matched controls. A) Specificity of each signature meeting an FDR-corrected p-
value<0.05, tested on controls (n=175; 609 signatures). Corresponding sensitivity plotted in Fig. 1C.
B) Sensitivity of each signature meeting an FDR-corrected p-value<0.1, tested on the validation set
of KS cases (n=10; 827 signature). C) Specificity of each signature meeting an FDR-corrected p-
value<0.1, tested on controls (n=175; 827 signature).
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Figure S2. Specificity of DNAm signatures, as tested on 31 samples from individuals with

NDDs. Signatures were generated for Kleefstra syndrome by iteratively resampling 3-9

discovery cases (n=10 total) vs. n=40 age- and sex-matched controls. Test samples include
individuals with the pathogenic variants in the following genes: DYRK1A (DYRK1A-related ID;
n=14), SMARCAZ2 (Nicolaides-Baraitser; n=8), SRCAP (Floating Harbour syndrome [FLHS];
n=4, non-FLHS SRCAP-related NDD; n=5). A total of 610 of 837 signatures were tested and

plotted in each facet, represented by crosses.
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Figure S3. Uncorrected p-value (A) and FDR-corrected p-value (B) distributions of the 239
signature CpGs identified using 10 Kleefstra syndrome cases. Each line represents the
results from all combined iterations of down-sampling, grouped based on the number of discovery
cases used. Red dashed line represents FDR-corrected p-value=0.05.
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