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Abstract

Exome sequencing on tens of thousands of parent-proband trios has identified numerous
deleterious de novo mutations (DNMs) and implicated risk genes for many disorders. Recent
studies have suggested shared genes and pathways are enriched for DNMs across multiple
disorders. However, existing analytic strategies only focus on genes that reach statistical
significance for multiple disorders and require large trio samples in each study. As a result, these
methods are not able to characterize the full landscape of genetic sharing due to polygenicity and
incomplete penetrance. In this work, we introduce EncoreDNM, a novel statistical framework to
quantify shared genetic effects between two disorders characterized by concordant enrichment
of DNMs in the exome. EncoreDNM makes use of exome-wide, summary-level DNM data,
including genes that do not reach statistical significance in single-disorder analysis, to evaluate
the overall and annotation-partitioned genetic sharing between two disorders. Applying
EncoreDNM to DNM data of nine disorders, we identified abundant pairwise enrichment
correlations, especially in genes intolerant to pathogenic mutations and genes highly expressed
in fetal tissues. These results suggest that EncoreDNM improves current analytic approaches and
may have broad applications in DNM studies.
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Introduction

De novo mutations (DNMs) can be highly deleterious and provide important insights into the
genetic cause for disease'. As the cost of sequencing continues to drop, whole-exome
sequencing (WES) studies conducted on tens of thousands of family trios have pinpointed
numerous risk genes for a variety of disorders®*. In addition, accumulating evidence suggests
that risk genes enriched for pathogenic DNMs may be shared by multiple disorders®®. These
shared genes could reveal biological pathways that play prominent roles in disease etiology and
shed light on clinically heterogeneous yet genetically related diseases’™.

Most efforts to identify shared risk genes directly compare genes that are significantly associated
with each disorder'®'. There have been some successes with this approach in identifying shared
genes and pathways (e.g., chromatin modifiers) underlying developmental disorder (DD), autism
spectrum disorder (ASD), and congenital heart disease (CHD), thanks to the large trio samples
in these studies®*'?, whereas findings in smaller studies remain suggestive'*'. Even in the
largest studies to date, statistical power remains moderate for risk genes with weaker effects®°.
It is estimated that more than 1,000 genes associated with DD remain undetected®. Therefore,
analytic approaches that only account for top significant genes cannot capture the full landscape
of genetic sharing in multiple disorders. Recently, a Bayesian framework was proposed to jointly
analyze DNM data of two diseases and improve risk gene mapping®. Although some parameters
in this framework can quantify shared genetics between diseases, the statistical property of these
parameter estimates have not been studied. There is a pressing need for powerful, robust, and
interpretable methods that quantify concordant DNM association patterns for multiple disorders
using exome-wide DNM counts.

Recent advances in estimating genetic correlations using summary data from genome-wide
association studies (GWAS) may provide a blueprint for approaching this problem in DNM
research'. Modeling “omnigenic” associations as independent random effects, linear mixed-
effects models leverage genome-wide association profiles to quantify the correlation between
additive genetic components of multiple complex traits'’?°. These methods have identified
ubiquitous genetic correlations across many human traits and revealed significant and robust
genetic correlations that could not be inferred from significant GWAS associations alone?'-*,

Here, we introduce EncoreDNM (Enrichment correlation estimator for De Novo Mutations), a
novel statistical framework that leverages exome-wide DNM counts, including genes that do not
reach exome-wide statistical significance in single-disorder analysis, to estimate concordant DNM
associations between disorders. EncoreDNM uses a generalized linear mixed-effects model to
quantify the occurrence of DNMs while accounting for de novo mutability of each gene and
technical inconsistencies between studies. We demonstrate the performance of EncoreDNM
through extensive simulations and analyses of DNM data of nine disorders.
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90 Results

91

92 Method overview
93

94  DNM counts in the exome deviate from the null (i.e., expected counts based on de novo mutability)
95  when mutations play a role in disease etiology. Disease risk genes will show enrichment for
96  deleterious DNMs in probands and non-risk genes may be slightly depleted for DNM counts. Our
97  goal is to estimate the correlation of such deviation between two disorders, which we refer to as
98 the DNM enrichment correlation. More specifically, we use a pair of mixed-effects Poisson
99  regression models to quantify the occurrence of DNMs in two studies.

Yin - Aix

100 [Yi ] ~ Pmsson([/.liz]),

Ai B1 2Nym; dir
g ([5]) = [5z] + 108 (onami]) + [

8 Aiz B 8 2N,m; biz

] 2

102 d’ll:l ~ MVN [O] , 0-1 po—lzo-z .
biz 0" |poyo, o

103  Here, Y;4,Y;; arethe DNM counts for the i-th gene and N;, N, are the number of parent-proband
104  trios in two studies, respectively. The log Poisson rates of DNM occurrence are decomposed into
105 three components: the elevation component, the background component, and the deviation
106  component. The elevation component B, (k = 1,2) is a fixed effect term adjusting for systematic,
107  exome-wide bias in DNM counts. One example of such bias is the batch effect caused by different
108  sequencing and variant calling pipelines in two studies. The elevation parameter S, tends to be
109 larger when DNMs are over-called with higher sensitivity and smaller when DNMs are under-
110  called with higher specificity?>. The background component log(2N,m;) is a gene-specific fixed
111 effect that reflects the expected mutation counts determined by the genomic sequence context
112 under the null?®®’. m; is the de novo mutability for the i-th gene, and 2N,m; and 2N,m; are the
113 expected DNM counts in the i-th gene under the null in two studies. The deviation component
114 ¢y is a gene-specific random effect that quantifies the deviation of DNM profile from what is
115  expected under the null. ¢;; and ¢;, follow a multivariate normal distribution with dispersion
116  parameters o; and o, and a correlation p. DNM enrichment correlation is denoted by p and is
117  our main parameter of interest. It quantifies the concordance of DNM burden in two disorders.
118

119  Parameters in this model can be estimated using a Monte Carlo maximum likelihood estimation
120  (MLE) procedure. Standard errors of the estimates are obtained through inversion of the observed
121 Fisher information matrix. In practice, we use annotated DNM data as input and fit mixed-effects
122 Poisson models for each variant class separately: loss of function (LoF), deleterious missense
123  (Dmis, defined as MetaSVM-deleterious), tolerable missense (Tmis, defined as MetaSVM-
124  tolerable), and synonymous (Figure 1). More details about model setup and parameter estimation
125  are discussed in Methods.

126
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Figure 1. EncoreDNM workflow. The inputs of EncoreDNM are de novo mutability of each gene and exome-wide,
annotated DNM counts from two studies. We fit a mixed-effects Poisson model to estimate the DNM enrichment
correlation between two disorders for each variant class.

Simulation results

We conducted simulations to assess the parameter estimation performance of EncoreDNM in
various settings. We focused on two variant classes, i.e., Tmis and LoF variants, since they have
the highest and lowest median mutabilities in the exome. We used EncoreDNM to estimate the
elevation parameter g, dispersion parameter o, and enrichment correlation p (Methods).
Under various parameter settings, EncoreDNM always provided unbiased estimation of the
parameters (Figure 2 and Supplementary Figures 1-2). Furthermore, the 95% Wald confidence
intervals achieved coverage rates close to 95% under all simulation settings, demonstrating the
effectiveness of EncoreDNM to provide accurate statistical inference.
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Figure 2. Parameter estimation results of EncoreDNM. (a) Boxplot of g estimates in single-trait analysis with o
fixed at 0.75. (b) Boxplot of o estimates in single-trait analysis with f fixed at -0.25. (c) Boxplot of p estimates in
cross-trait analysis with  and o fixed at -0.25 and 0.75. True parameter values are marked by dashed lines. The
number above each box represents the coverage rate of 95% Wald confidence intervals. Each simulation setting was
repeated 100 times.

Next, we compared the performance of EncoreDNM with mTADA?®, a Bayesian framework that
could estimate the proportion of shared risk genes for two disorders. First, we simulated DNM

data under the mixed-effects Poisson model. We evaluated two methods across a range of
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combinations of elevation parameter, dispersion parameter, and sample size for two disorders.
The type-l error rates for our method were well-calibrated in all parameter settings, but mTADA
produced false positive findings when the observed DNM counts were relatively small (e.g., due
to reduced elevation or dispersion parameters or a lower sample size; Figure 3a). We also
assessed the statistical power of two approaches under a baseline setting where type-I errors for
both methods were controlled. As enrichment correlation increased, EncoreDNM achieved
universally greater statistical power compared to mTADA (Figure 3b).
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Figure 3. Comparison of EncoreDNM and mTADA. (a) Type-l error rates under a mixed-effects Poisson regression
model. (8, g, N) were fixed at (-0.25, 0.75, 5000) under the baseline setting, (-1, 0.75, 5000) under a setting with small
B, (-0.25, 0.5, 5000) under a setting with small ¢, and (-0.25, 0.75, 1000) under a setting with small N for two disorders.
(b) Statistical power of two methods under a mixed-effects Poisson regression model as the enrichment correlation
increases. Parameters (B,0, N) were fixed at (-0.25, 0.75, 5000) for both disorders. (c) Type-| error rates under a
multinomial model. (u,p, N, m5) were fixed at (0.95, 0.25, 5000, 0.1) under the baseline setting, (0.75, 0.25, 5000, 0.1)
under a setting with small u (i.e., reduced total DNM counts), (0.95, 0.15, 5000, 0.1) under a setting with small p (i.e.,
fewer probands explained by DNMs), and (0.95, 0.25, 1000, 0.1) under a setting with lower sample size. (d) Statistical
power under a multinomial model with varying proportion of shared causal genes. Parameters (u,p, N, w¥) were fixed
at (0.95, 0.25, 5000, 0.1) for both disorders. Each simulation setting was repeated 100 times.

6/23


https://doi.org/10.1101/2021.06.13.448234
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.06.13.448234; this version posted November 13, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

173  To ensure a fair comparison, we also considered a mis-specified model setting where we
174  randomly distributed the total DNM counts for each disorder into all genes with an enrichment in
175  causal genes (Methods). EncoreDNM showed well-controlled type-| error across all simulation
176  settings, whereas severe type-| error inflation arose for mTADA when the total mutation count, the
177  proportion of probands that can be explained by DNMs, or the sample size were small (Figure
178  3c). Furthermore, we compared the statistical power of two methods under this model in a
179  baseline setting where type-l error was controlled. EncoreDNM showed higher statistical power
180  compared to mTADA as the fraction of shared causal genes increased (Figure 3d).

181

182  Pervasive enrichment correlation of damaging DNMs among developmental disorders

183

184  We applied EncoreDNM to DNM data of nine disorders (Supplementary Table 1; Methods): DD
185  (n=31,058; number of trios)?, ASD (n=6,430)*, schizophrenia (SCZ; n=2,772)'°, CHD (n=2,645)"2,
186 intellectual disability (ID; n=820)?, Tourette disorder (TD; n=484)%, epileptic encephalopathies (EP;
187  n=264)", cerebral palsy (CP; n=250)", and congenital hydrocephalus (CH; n=232)28, In addition,
188  we also included 1,789 trios comprising healthy parents and unaffected siblings of ASD probands
189  as controls®.
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192 Figure 4. Model fitting results for nine disorders. (a, b) Estimation results of § and ¢ for nine disorders and four
193 variant classes. Error bars represent 1.96*standard errors. (c-f) Distribution of DNM events per gene in four variant
194 classes for DD. Red and green bars represent the expected frequency of genes under the fixed-effects and mixed-
195 effects Poisson regression models, respectively. Blue bars represent the observed frequency of genes.

196

197  Wefirst performed single-trait analysis for each disorder. The estimated elevation parameters (i.e.,
198 ) were negative for almost all disorders and variant classes (Figure 4a), with LoF variants
199  showing particularly lower parameter estimates. This may be explained by more stringent quality
200  control in LoF variant calling’ and potential survival bias®. It is also consistent with a depletion
201  of LoF DNMs in healthy control trios’. The dispersion parameter estimates (i.e., o) were higher

7/23


https://doi.org/10.1101/2021.06.13.448234
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.06.13.448234; this version posted November 13, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

202  for LoF variants than other variant classes (Figure 4b), which is consistent with our expectation
203 that LoF variants have stronger effects on disease risk and should show a larger deviation from
204  the null mutation rate in disease probands. We compared the goodness of fit of our proposed
205  mixed-effects Poisson model to a simpler fixed-effects model without the deviation component
206  (Methods). The expected distribution of recurrent DNM counts showed substantial and
207  statistically significant improvement under the mixed-effects Poisson model (Figures 4c-f and
208  Supplementary Figure 3).

209

210  Next, we estimated pairwise DNM enrichment correlations for 9 disorders. In total, we identified
211 25 pairs of disorders with significant correlations at a false discovery rate (FDR) cutoff of 0.05
212  (Figure 5 and Supplementary Figure 4), including 12 significant correlations for LoF variants, 7
213  for Dmis variants, 5 for Tmis variants, and only 1 significant correlation for synonymous variants.
214  Notably, all significant correlations are positive (Supplementary Table 2). No significant
215  correlation was identified between any disorder and healthy controls (Supplementary Figure 5).
216 The number of identified significant correlations for each disorder was proportional to the sample
217  size in each study (Spearman correlation = 0.70) with controls being a notable outlier
218  (Supplementary Figure 6).

219
a b LoF C synonymous
DD ASD SCZCHD ID TD EP CP CH DD ASD SCZCHD ID TD EP CP CH
« IHHNENER" -EEEEEEEN
220 SOOOOSar?;?F())Pe SiZGéOO 100

221 Figure 5. EncoreDNM identifies pervasive enrichment correlations of damaging DNMs among nine disorders.
222 (a) shows sample size (i.e., number of trios) for each disease. X-axis denotes sample size on the log scale. (b, c)
223 Heatmap of enrichment correlations for LoF and synonymous DNMs among nine disorders. Significant correlations
224 (FDR<0.05) are marked by asterisks. Results with —log,, P > 13 are truncated to 13 for visualization purpose.

225

226 We identified highly concordant and significant LoF DNM enrichment among DD, ASD, ID, and
227  CHD, which is consistent with previous reports®'%3'. SCZ shows highly significant LoF
228  correlations with DD and ID (p=2.0e-3 and 3.7e-5), hints at a correlation with ASD (p=0.012), but
229  does not correlate strongly with CHD. The positive enrichment correlation between ASD and CP
230 in LoF variants (p=0.81, p=3.3e-3) is consistent with their co-occurrence®. The high enrichment
231  correlation between ID and CP in LoF variants (p=0.68, p=1.0e-4) is consistent with the
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232  associations between ID and motor or non-motor abnormalities caused by CP33. A previous study
233  also suggested significant genetic sharing of ID and CP by overlapping genes harboring rare
234  damaging variants™. Here, we obtained consistent results after accounting for de novo
235  mutabilities and potential confounding bias.

236

237  Some significant correlations identified in our analysis are consistent with phenotypic associations
238 in epidemiological studies, but have not been reported using genetic data to the extent of our
239  knowledge. For example, the LoF enrichment correlation between CHD and CP (p=0.88, p=1.7e-
240  3)is consistent with findings that reduced supply of oxygenated blood in fetal brain due to cardiac
241  malformations may be a risk factor for CP3. The enrichment correlation between ID and CH in
242  LoF variants (p=0.63, p=2.4e-3) is consistent with lower intellectual performance in a proportion
243 of children with CH%®.

244

245  Genes showing pathogenic DNMs in multiple disorders may shed light on the mechanisms
246 underlying enrichment correlations (Supplementary Table 3). We identified five genes (i.e.
247  CTNNB1, NBEA, POGZ, SPRED2, and KMT2C) with LoF DNMs in five different disorders and
248 21 genes had LoF DNMs in four disorders (Supplementary Table 4). These 26 genes with LoF
249  variants in at least four disorders were significantly enriched for 63 gene ontology (GO) terms with
250 FDR<0.05 (Supplementary Table 5). Chromatin organization (p=7.8e-11), nucleoplasm (p=2.8e-
251  10), chromosome organization (p=6.8e-10), histone methyltransferase complex (p=1.4e-9), and
252  positive regulation of gene expression (p=2.2e-9) were the most significantly enriched GO terms.
253  One notable example consistently included in these gene sets is CTNNB71 (Supplementary
254  Figure 7). It encodes f-catenin, is one of the only two genes reaching genome-wide significance
255  in arecent WES study for CP', and also harbors multiple LoF variants in DD, ID, ASD, and CHD.
256 Itis a fundamental component of the canonical Wnt signaling pathway which is known to confer
257 genetic risk for ASD*. We also identified 157 recurrent LoF mutations in 45 genes
258  (Supplementary Table 6). Most of these recurrent mutations were identified in DD due to its large
259  sample size, but one mutation was identified in joint comparison of other disorders. FBXO11,
260  encoding the F-box only protein 31, shows two recurrent p.Ser831fs LoF variants in ASD and CH
261  (Supplementary Figure 8; p=1.9e-3; Methods). The F-box protein constitutes a substrate-
262  recognition component of the SCF (SKP1-cullin-F-box) complex, an E3-ubiquitin ligase complex
263  responsible for ubiquitination and proteasomal degradation®. DNMs in FBXO11 have been
264  previously implicated in severe ID individuals with autistic behavior problem® and
265  neurodevelopmental disorder®.

266

267  For comparison, we also applied mTADA to the same nine disorders and control trios. In total,
268  mTADA identified 117 disorder pairs with significant genetic sharings at an FDR cutoff of 0.05
269  (Supplementary Table 7 and Supplementary Figure 9). Notably, we identified significant
270  synonymous DNM correlations for all 36 disorder pairs and between all disorders and healthy
271  controls (Supplementary Figure 10). These results are consistent with the simulation results and
272  suggest a substantially inflated false positive rate in mTADA.
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273

274  Further, we applied cross-trait linkage disequilibrium (LD) score regression'® to five of the nine
275  disorders with publicly available GWAS summary statistics (Supplementary Table 8): ASD
276  (n=46,350)*, SCZ (n=161,405)*', cognitive performance (used as a proxy for ID; n=257,841)*,
277  TD (n=14,307)*, and epilepsy (n=44,889)*. In total, we identified 6 trait pairs with significant
278  genetic correlations at an FDR cutoff of 0.05 (Supplementary Table 9), suggesting consistent
279  findings made from GWAS and DNM data (Spearman correlation = 0.70; Supplementary Figure
280 11).

281
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283 Figure 6. DNM enrichment correlations in disease-relevant gene sets. (a) Enrichment correlations in High-pLlI
284 genes (upper triangle) and Low-pLI genes (lower triangle) for LoF variants. (b) Enrichment correlations in HBE genes
285 (upper triangle) and LBE genes (lower triangle) for LoF variants. (c) Enrichment correlations in HHE genes (upper
286 triangle) and LHE genes (lower triangle) for LoF variants. (d) Enrichment correlations in CHD-related pathways for LoF
287 and synonymous variants. Significant correlations (FDR<0.05) are marked by asterisks. Results with —log,o P > 13
288  are truncated to 13 for visualization purpose.

289
290
291
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292  Partitioning DNM enrichment correlation by gene set

293

294  To gain biological insights into the shared genetic architecture of nine disorders, we repeated
295  EncoreDNM correlation analysis in several gene sets. First, we defined genes with high/low
296  probability of intolerance to LoF variants using pLI scores*, and identified genes with high/low
297  brain expression (HBE/LBE)*® (Methods; Supplementary Table 10). We identified 11 and 12
298  disorder pairs showing significant enrichment correlations for LoF DNMs in high-pLI genes and
299  HBE genes, respectively (Figure 6a-b). We observed fewer significant correlations for Dmis and
300 Tmis variants in these gene sets (Supplementary Figures 12-13). All identified significant
301 correlations were positive (Supplementary Tables 11-12). No significant correlations were
302 identified for synonymous variants (Supplementary Figures 12-13) or between disorders and
303  controls (Supplementary Figures 14-15).

304

305 We observed a clear enrichment of significant correlations in disease-relevant gene sets. Overall,
306  high-pLl genes showed substantially stronger correlations across disorders than genes with low
307  pLl (one-sided Kolmogorov-Smirnov test; p=2.3e-6). Similarly, enrichment correlations were
308 stronger in HBE genes than in LBE genes (p=8.8e-7). Among the 11 disorder pairs showing
309  significant enrichment correlations in high-pLI genes, two pairs, i.e., ASD-SCZ (p=0.68, p=2.4e-
310 3) and DD-CH (p=0.43, p=1.5e-3), were not identified in the exome-wide analysis. We also
311 identified four novel disorder pairs with significant correlations in HBE genes, including DD-CP
312  (p=0.80, p=9.5e-5), DD-CH (p=0.67, p=1.4e-3), ASD-CH (p=0.82, p=4.7e-4), and SCZ-EP
313  (p=0.66, p=2.0e-3). These novel enrichment correlations are consistent with known comorbidities
314  between these disorders*’® and findings based on significant risk genes?®2849%0,

315

316  Furthermore, we estimated DNM enrichment correlations in genes with high/low expression in
317 mouse developing heart (HHE/LHE)” (Methods; Supplementary Table 10). We identified 9
318  significant enrichment correlations for LoF variants in HHE genes (Figure 6c¢). Strength of
319 enrichment correlations did not show a significant difference between HHE and LHE genes
320 (p=0.846), possibly due to a lack of cardiac disorders in our analysis. Finally, we estimated
321  enrichment correlations between CHD and other disorders in known pathways for CHD®'
322  (Methods; Supplementary Table 10). We identified 5 significant correlations for LoF variants
323  (Figure 6d), including a novel correlation between CHD and TD (p=0.93, p=3.3e-9). Of note,
324  arrhythmia caused by CHD is a known risk factor for TD%2. In these analyses, all significant
325  enrichment correlations were positive (Supplementary Tables 13-14) and other variant classes
326  showed generally weaker correlations than LoF variants (Supplementary Figures 16-17). We
327 did not observe significant correlations in these gene sets between disorders and controls
328  (Supplementary Figures 18-19).

329

330

331
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332 Discussion

333

334 Inthis paper, we introduced EncoreDNM, a novel statistical framework to quantify correlated DNM
335 enrichment between two disorders. Through extensive simulations and analyses of DNM data for
336  nine disorders, we demonstrated that our proposed mixed-effects Poisson regression model
337 provides unbiased parameter estimates, shows well-controlled type-l error, and is robust to
338  exome-wide technical biases. Leveraging exome-wide DNM counts and genomic context-based
339  mutability data, EncoreDNM achieves superior fit for real DNM datasets compared to simpler
340 models and provides statistically powerful and computationally efficient estimation of DNM
341  enrichment correlation. Further, EncoreDNM can quantify concordant genetic effects for user-
342  defined variant classes within pre-specified gene sets, thus is suitable for exploring diverse types
343  of hypotheses and can provide crucial biological insights into the shared genetic etiology in
344  multiple disorders.

345

346  Multi-trait analyses of GWAS data have revealed shared genetic architecture among many
347  neuropsychiatric traits?>°3°*, These findings have led to the identification of pleiotropic variants,
348 genes, and hub genomic regions underlying many traits and have revealed multiple
349  psychopathological factors jointly affecting human neurological phenotypes®-. Although
350 emerging evidence suggests that causal DNMs underlying several disorders with well-powered
351  studies (e.g., CHD and neurodevelopmental disorders’) may be shared, our understanding of the
352  extent and the mechanism underlying such sharing remains incomplete. Applied to DNM data for
353 nine disorders, EncoreDNM identified pervasive enrichment correlations of DNMs. We observed
354  particularly strong correlations in pathogenic variant classes (e.g., LoF and Dmis variants) and
355  disease-relevant genes (e.g., genes with high pLI and genes highly expressed in relevant tissues).
356  Genes underlying these correlations were significantly enriched in pathways involved in chromatin
357  organization and modification and gene expression regulation. The DNM correlations were
358  substantially attenuated in genes with lower expression and genes with frequent occurrences of
359 LoF variants in the population. A similar attenuation was observed in less pathogenic variant
360 classes (e.g., synonymous variants). Further, no significant correlations were identified between
361 any disorder and healthy controls. These results lay the groundwork for future investigations of
362  pleiotropic mechanisms of DNMs.

363

364  Our study has some limitations. First, a main goal in DNM research is to identify disease risk
365 genes. EncoreDNM leverages exome-wide DNM counts to quantify shared genetic basis in
366  multiple disorders but does not improve the analysis of gene-disease associations. Second,
367 EncoreDNM assumes probands from different input studies to be independent. In rare cases
368  when two studies have overlapping proband samples, enrichment correlation estimates may be
369 inflated and must be interpreted with caution. Finally, genetic correlation methods based on
370  GWAS summary data provided key motivations for the mixed-effects Poisson regression model
371  in our study. Built upon genetic correlations, a plethora of methods have been developed in the
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372  GWAS literature to jointly model more than two GWAS?®’, identify and quantify common factors
373  underlying multiple traits®®°°, estimate causal effects among different traits®®, and identify
374  pleiotropic genomic regions through hypothesis-free scans?®. Future directions of EncoreDNM
375 include using enrichment correlation to improve gene discovery, learning the directional effects
376  and the causal structure underlying multiple disorders, and dynamically searching for gene sets
377  and annotation classes with shared genetic effects without pre-specifying the hypothesis.

378

379  Taken together, we provide a new analytic approach to an important problem in DNM studies. We
380  believe EncoreDNM improves the statistical rigor in multi-disorder DNM modeling and opens up
381  many interesting future directions in both method development and follow-up analyses in WES
382  studies. As trio sample size in WES studies continues to grow, EncoreDNM will have broad
383  applications and can greatly benefit DNM research.

384

385

386 Methods

387

388  Statistical Model

389

390 For a single study, we assume that DNM counts in a given variant class (e.g., synonymous
391 variants) follow a mixed-effects Poisson model:

392 Y; ~ Poisson(4;),
394 ¢; ~N(0,02), for i=1,..,G,

395 where Y; is the DNM count in the i-th gene, N is the number of trios, m; is the de novo
396  mutabilityfor the i-th gene (i.e., mutation rate per chromosome per generation) which is known a
397  prior?® (Supplementary Table 15), and G is the total number of genes in the study. The elevation
398 parameter B quantifies the global elevation of mutation rate compared to mutability estimates
399  based on genomic sequence alone. Gene-specific deviation from expected DNM rate is quantified
400 by random effect ¢; with a dispersion parameter o. Here, the ¢; are assumed to be
401 independent across different genes, in which case the observed DNM counts of different genes
402  are independent.

403

404  Next, we describe how we expand this model to quantify the shared genetics of two disorders.
405  We assume DNM counts in a given variant class for two diseases follow:

Yi1 - Aix

406 [Yi ] ~ Pmsson([/.liz]),

A B 2N, m; bi1
o8 ([32]) = [52] + 108 (lonme ) * [

5 Aiz B 8 2N,m; biz

] 2

408 d’ll:l ~ MVN [O] , 0-1 po—lzo-z ,
biz 0" |poyo, o
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409  where Y;4,Y;, are the DNM counts for the i-th gene and N;, N, are the trio sizes in two studies,
410  respectively. Similar to the single-trait model, m; is the mutability for the i-th gene. S;,8, are
411  the elevation parameters, and ¢;,¢;» are the gene-specific random effects with dispersion
412  parameters o4, 0,, for two disorders respectively. p is the enrichment correlation which quantifies
413  the concordance of the gene-specific DNM burden between two disorders. Here, £, ,,01,0,,p
414  are unknown parameters. The gene specific effects for two disorders are assumed to be
415  independent for different genes. We also assume that there is no shared sample for two disorders,

416  in which case Y;; is independent with Y;, given [iil].
i2

417

418  Parameter estimation

419

420  We implement an MLE procedure to estimate unknown parameters. For single-trait analysis, the
421  log-likelihood function can be expressed as follows:

G
422 18, 019) = ) tog] [ exp(-20 4+ f@dg] + .
i=1

423  where Y =1[Y;,..,Y%]T , A =2Nmjexp(B+¢;)) , C=-Y%,logV;')) , and f(¢;) =

1 o7
Vzro XP (_ 202
425  Therefore, we use Monte Carlo integration to evaluate the log-likelihood function. Let ¢;; = d¢;;,
426  wherethe ¢;; are independently and identically distributed random variables following a standard

427 normal distribution. We have

424

). Note that there is no closed form for the integral in the log-likelihood function.

M

G
428 I(B,alY) = U'(B,0|Y) = Zlog z exp(—Aij) AZ‘ + C,

=1 j=1
429  where 1;; = 2Nm; exp(B + 0¢§;;), and M is the Monte Carlo sample size which is set to be 1000.
430 Then, we could obtain the MLE of B,o through maximization of I'(8,c|Y). We obtain the
431  standard error of the MLE through inversion of the observed Fisher information matrix.
432
433  The estimation procedure can be generalized to multi-trait analysis. Log-likelihood function can
434  be expressed as follows:

G
435 1By, Bor 02,01V, ¥2) = 108 [ ex0(— iy = 2i) AL f(Bua, )b ] + €,
i=1

436 where Yy = [Yiq, .., Y51]", Y2 = [Yi2, ., Ye2l", Ay = 2Nym; exp(By + di1), Az = 2N,m; exp(B, +

2 2
437 $i), € ==X [log(uh) + 1ot and f(udia) = st exp |~ A= (L + Le -

2
01 03

438 2ppi1 iz

0102

)] We use Monte Carlo integration to evaluate the log-likelihood function. Let ¢;;; =
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439 Glfilj and d)iZj =0-2(p€i1j+‘,1_p2€i2j)’ where the filj and €i2j are independently and

440 identically distributed random variables following a standard normal distribution. We have
M

G
441 L(B1, B2, 01,02, pY1,Y2) = U'(B1, B2y 01,02, pI¥1,¥5) = z log z exp(—Ai1j — dizj) Az]ﬁllei +C,

i=1 j=1

442 where Ailj = 2N1mi exp(,Bl + Glfilj) and /‘liZj = 2N2mi exp [32 + 0-2(p€i1j +.41 - pZSLZ_])] Then,

443  we obtain the MLE of B;,B,,0y,0,,p through maximization of I'(B;, B2, 04,02, p|Y1,Y,). Standard
444 error of MLE can be obtained through inversion of the observed Fisher information matrix.

445

446  DNM data and variant annotation

447

448  We obtained DNM data from published studies (Supplementary Table 1). DNM data for EP from
449  the original release™ were not in an editable format and were instead collected from denovo-db®’.
450  We used ANNOVAR®? to annotate all DNMs. Synonymous variants were determined based on
451  the ‘synonymous SNV’ annotation in ANNOVAR; Variants with ‘startloss’, ‘stopgain’, ‘stoploss’,
452  ‘splicing’, ‘frameshift insertion’, ‘frameshift deletion’, or ‘frameshift substitution’ annotations were
453  classified as LoF; Dmis variants were defined as nonsynonymous SNVs predicted to be
454  deleterious by MetaSVM®3; nonsynonymous SNVs predicted to be tolerable by MetaSVM were
455  classified as Tmis. Other DNMs which did not fall into these categories were removed from the
456  analysis. For each variant class, we estimated the mutability of each gene using a sequence-
457  based mutation model®® while adjusting for the sequencing coverage factor based on control trios
458  as previously described'? (Supplementary Table 15). We included 18,454 autosomal protein-
459  coding genes in our analysis. TTN was removed due to its substantially larger size.

460

461  Implementation of mTADA

462

463  The software mTADA requires the following parameters as inputs: proportion of risk genes (3, 5),
464  mean relative risks (77,75 ), and dispersion parameters (35,35 ) for both disorders. We used
465  extTADA'™ to estimate these parameters as suggested by the mTADA paper®. mTADA reported
466  the estimated proportion of shared risk genes m; (posterior mode of m3) and its corresponding
467  95% credible interval [LB, UB]. We considered n * w5 as the expected proportion of shared risk
468  genes, and there is significant genetic sharing between two disorders when LB > n$ * 5. P-
469  value for m; was calculated by comparing ©7 * 5 to the posterior distribution of 5. Number of
470  MCMC chain was set as 2 and number of iterations was set as 10,000.

471

472  Simulation settings

473

474  We assessed the performance of EncoreDNM under the mixed-effects Poisson model. We
475  performed simulations for two variant classes: Tmis and LoF variants, which have the largest and
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476  the smallest median mutability values across all genes. First, we performed single-trait
477  simulations to assess estimation precision of elevation parameter § and dispersion parameter
478 0. We set the true values of £ to be -0.5, -0.25, and 0, and the true values of ¢ to be 0.5, 0.75,
479  and 1. These values were chosen based on the estimated parameters in real DNM data analyses
480 and ensured simulation settings to be realistic. Next, we performed simulations for cross-trait
481  analysis to assess estimation precision of enrichment correlation p, whose true values were set
482 tobe0,0.2,0.4, 0.6, and 0.8. Sample size for each disorder was set to be 5,000. Coverage rate
483  was calculated as the percentage of simulations that the 95% Wald confidence interval covered
484  the true parameter value. Each parameter setting was repeated 100 times.

485

486  We also carried out simulations to compare the performance of EncoreDNM and mTADA. Type |
487  error and statistical power for EncoreDNM were calculated as the proportion of simulation repeats
488  that p-value for enrichment correlation p was smaller than 0.05. and the proportion of simulation
489  repeats that p-value for estimated proportion of shared risk genes m; was smaller than 0.05 was
490 used for mTADA. We aggregated all variant classes together, so mutability for each gene was
491  determined as the sum of mutabilities across four variant classes (i.e. LoF, Dmis, Tmis, and
492  synonymous).

493

494  First, we simulated DNM data under the mixed-effects Poisson model. To see whether two
495 methods would produce false positive findings, we performed simulations under the null
496  hypothesis that the enrichment correlation p is zero. We compared two methods under a range
497  of parameter combinations of (B, 0, N) for both disorders: (-0.25, 0.75, 5000) for the baseline
498  setting, (-1, 0.75, 5000) for a setting with small g, (-0.25, 0.5, 5000) for a setting with small o,
499  and (-0.25, 0.75, 1000) for a setting with small sample size. We also assessed the statistical
500 power of two methods under the alternative hypothesis. True value of enrichment correlation p
501 was setto be 0.05, 0.1, 0.15, and 0.2. In the power analysis, parameters (3, o, N) were fixed at (-
502  0.25, 0.75, 5000) as in the baseline setting when both methods had well-controlled type-I error.
503

504  To ensure a fair comparison, we also compared EncoreDNM and mTADA under a multinomial
505 model, which is different from the data generation processes for the two approaches. For each
506  disorder (k = 1,2), we randomly selected causal genes of proportion ;. A proportion (i.e., m3) of
507 causal genes overlap between two disorders. We assumed that the total DNM count to follow a
508  Poisson distribution: Cj,~Poisson(uy * 2N, ¥, m;), where u, represents an elevation factor to
509 represent systematic bias in the data. Let Y, denote the vector of DNMs counts in the exome,
510 m denote the vector of mutability values for all genes, and m g4, denote the vector of
511  mutability with values set to be 0 for non-causal genes of disorder k. We assumed that a
512  proportion p, of the probands could be attributed to DNMs burden in causal genes, and 1 — py,
513  of the probands obtained DNMs by chance:

514 Yy = Ycausal,k + Ybackground,k:
515 Ycausal,k ~ Multinomial(kak, mcausal’k),
516 Ybackgroundk ~ Multinomial((1 — py)Cy, m).
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517  To check whether false positive findings could arise, we performed simulations under the null
518  hypothesis that m; = 7 * m5 across a range of parameter combinations of (u,p, N, 5) for both
519  disorders: (0.95, 0.25, 5000, 0.1) for the baseline setting, (0.75, 0.25, 5000, 0.1) for a setting with
520 small u (i.e., reduced total mutation count), (0.95, 0.15, 5000, 0.1) for a setting with small p
521  (fewer probands explained by DNMs), and (0.95, 0.25, 1000, 0.1) for a setting with smaller sample
522  size. We also assessed the statistical power of two methods under the alternative hypothesis that
523 w3 > mi * m;. In power analysis, (u, p, N, m5) were fixed at (0.95, 0.25, 5000, 0.1) as in the baseline

524  setting when type-I error for both methods were well-calibrated.

525

526  Comparison to the fixed-effects Poisson model

527

528  For single-trait analysis, the fixed-effects Poisson model assumes that
529 Y; ~ Poisson(4;),

530 log(4;)) = B +log(2Nm;), fori=1,..,G.

531  Note that the fixed-effects Poisson model is a special case of our proposed mixed-effects Poisson
532 model when o = 0. We compared the two models using likelihood ratio test. Under the null

533  hypothesis that 0 =0, 2({5; — L) ~ %)(12 asymptotically, where [,;; and [,,; represent the

534 log likelihood of the fitted mixed-effects and fixed-effects Poisson models respectively.

535

536  Recurrent genes and DNMs

537

538  We used FUMA® to perform GO enrichment analysis for genes harboring LoF DNMs in multiple
539  disorders. Due to potential sample overlap between the studies of DD? and 1D?, we excluded ID
540  from the analysis of recurrent DNMs. We calculated the probability of observing two identical
541 DNMs in two disorders using a Monte Carlo simulation method. For each disorder, we simulated
542  exome-wide DNMs profile from a multinomial distribution, where the size was fixed at the
543  observed DNM count and the per-base mutation probability was determined by the tri-nucleotide
544  base context. We repeated the simulation procedure 100,000 times to evaluate the significance
545  of recurrent DNMs. Lollipop plots for recurrent mutations were generated using MutationMapper
546  on the cBio Cancer Genomics Portal®®.

547

548 Implementation of cross-trait LD score regression

549

550  We used cross-trait LDSC'® to estimate genetic correlations between disorders. LD scores were
551  computed using European samples from the 1000 Genomes Project Phase 3 data®®. Only
552  HapMap 3 SNPs were used as observations in the explanatory variable with the --merge-alleles
553 flag. Intercepts were not constrained in the analyses.

554

555  Estimating enrichment correlation in gene sets

556
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557  Genes with a high/low probability of intolerance to LoF variants (high-pLI/low-pLI) were defined
558 as the 4,614 genes in the upper/lower quartiles of pLI scores**. Genes with high/low brain
559  expression (HBE/LBE) were defined as the 4,614 genes in the upper/lower quartiles of expression
560 in the human fetal brain*®. Genes with high/low heart expression (HHE/LHE) were defined as the
561 4,614 genes in the upper/lower quartiles of expression in the developing heart of embryonic
562 mouse®. Five biological pathways have been reported to be involved in CHD: chromatin
563  remodeling, Notch signaling, cilia function, sarcomere structure and function, and RAS signaling®’.
564  We extracted 1730 unique genes that belong to these five pathways from the gene ontology
565 database® and referred to the union set as CHD-related genes. We repeated EncoreDNM
566  enrichment correlation analysis in these gene sets. One-sided Kolmogorov-Smirnov test was
567  used to assess the statistical difference between enrichment correlation signal strength in different
568  gene sets.

569

570 URLs

571

572  GWAS summary statistics data of ASD, SCZ, and TD were downloaded on the PGC website,
573  https://www.med.unc.edu/pgc/download-results/; Summary statistics of cognitive performance
574  were downloaded on the SSGAC website, hitps://www.thessgac.org/data; Summary statistics of
575  epilepsy were downloaded on the epiGAD website, http://www.epigad.org/; pLl scores were
576 downloaded from gnomAD v3.1 repository https://gnomad.broadinstitute.org/downloads; mTADA,
577  https://github.com/hoangtn/mTADA; denovo-db, https://denovo-db.gs.washington.edu/denovo-
578 db/; MutationMapper on cBioPortal, https://www.cbioportal.org/mutation _mapper; LDSC,
579  https://github.com/bulik/Idsc.

580

581

582  Code availability

583

584  EncoreDNM software is available at https://github.com/ghm17/EncoreDNM.

585
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