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SUMMARY

The genome-wide burdens of deletions, loss-of-function mutations, and duplications correlate with many
traits. Curiously, for most of these traits, variants that decrease expression have the same genome-wide
average direction of effect as variants that increase expression. This seemingly contradicts the intuition
that for individual genes, reducing expression should have the opposite effect on a phenotype as increasing
expression. To understand this paradox, we use the gene dosage response curve (GDRC), which relates
changes in gene expression to expected changes in phenotype. We show that, for many traits, GDRCs are
systematically biased in one trait direction relative to the other, a phenomenon we call trait buffering.
Because of trait buffering, traits are more easily modified in one direction than the other by genetic variation.
We develop a simple theoretical model that explains this bias in trait direction. Our results have broad impli-
cations for complex traits, drug discovery, and statistical genetics.

INTRODUCTION

Genome-wide association studies (GWASs) have identified
thousands of variants associated with complex traits,” most
of which are in non-coding regions of the genome.® This sug-
gests that a substantial proportion of phenotypic variance is
likely explained by variation in gene expression.®™®

One source of variation in gene expression is the gain or loss of
functional copies of a gene.® Such gene dosage changes can
have phenotypic consequences, with aneuploidies being an
extreme example.'®"® Copy-number variants (CNVs), which
typically perturb the dosage of several genes, are another source
of expression variation.'* CNVs segregate in humans'®~'® and
have measurable effects on various traits and disorders,'®2"
presumably by varying the expression of one or more of the
genes with atypical copy numbers.®

There has been substantial work associating the total
genome-wide CNV burden with traits,'922:24:252730 An individ-
ual’s genome-wide burden is estimated by counting the total
number of CNVs they carry, regardless of which genes are
affected. Associating this burden with a trait can be thought of
as roughly estimating how much deleting or duplicating a
random gene affects the trait. The large number of traits signifi-
cantly associated with genome-wide deletion burden suggests
that the effect of reducing the expression of a randomly chosen
gene is often biased in a particular trait direction. Interestingly,
genome-wide duplication burden and genome-wide deletion

)

burden often have the same direction of effect (Methods S1, ap-
pendix A.2).°°? That is, increasing expression often has the
same effect as decreasing expression on average. This seems
to contradict the intuition that, for a given gene, increasing
expression should have the opposite effect to decreasing
expression.

To make sense of these genome-wide CNV burden test results
from the perspective of what is happening at individual
genes, we estimated the gene-level effects of loss-of-function
(LoF) variants, deletions, and duplications using whole-exome
sequencing (WES) and whole-genome sequencing (WGS) data
from the UK Biobank (UKB) for 94 continuous traits.®'"?

Our analysis revealed that across traits, the average effects of
gene deletions and duplications are often non-zero and usually
affect the trait in the same direction. The data also confirm the
intuition that, for genes with large effects on traits, deletions
generally have effects opposite to those of duplications. To
explain these counterintuitive observations, we use the concept
of gene dosage response curves (GDRCs), study their proper-
ties, and develop a simple model of their evolution.

RESULTS

Gene-level burden tests for LoF variants and
duplications

To better understand how variants with different effects on
dosage impact traits, we performed burden tests using LoF
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variants, deletions, and duplications in the UKB. Our primary an-
alyses focus on LoF variant burden tests because they are better
powered than tests based on deletions, but deletion-based tests
showed broadly similar patterns of effect (Methods S1, appendix
I.5). We took care to keep the analysis of the different variant
types as similar as possible so that the burden effect sizes could
be interpreted jointly. We used the gene burden test imple-
mented in REGENIE®® and included covariates to correct for
sex, age, batch effects, and other sources of confounding
(STAR Methods). We also performed numerous quality control
checks (Methods S1, appendices H.1 and H.4). We selected
410 continuous traits from various blood biochemistry, blood
count, blood metabolite, and anthropometric measurements
available in the UKB (data and code availability). We filtered
these to a subset of 94 continuous traits with sufficient data
and burden signal and used these for most of our analyses
(STAR Methods). The summary statistics from these burden
tests are provided as a resource to the community (data and
code availability).

Connecting gene-level curves with genome-wide

burden effects

Estimating the effect of genes on complex traits is central to un-
derstanding the mechanisms underlying trait biology. Changes
in gene expression, which we refer to as “gene dosage,” are
often implicitly assumed to have a linear effect on a trait
(Figure 1A). For example, transcriptome-wide association
studies (TWASSs) use a linear model for the relationship between
predicted expression and trait value.>® Under such a linear
model, LoF and duplication burden estimates are expected to
have opposite effects for any given gene (Figure 1A) because
LoF variants and duplications likely affect traits by modulating
gene dosage in cis (Methods S1, appendix 1.5), which we
observe empirically with protein levels (Methods S1, appendix
A.5). The genome-wide burden effects for LoF variants and du-
plications, which can be thought of as averaging across these
linear models for all genes, would be expected to have opposite
signs. Thus, a linear model is incompatible with the genome-
wide burden effects observed for various complex traits
(Methods S1, appendix A.2) and suggests that these relation-
ships must be, at a minimum, non-linear.

However, the interpretation of each genome-wide burden ef-
fect estimator at the gene level is complicated by the strategy
used to define an individual’s burden value. Previous studies
have calculated various measures of genome-wide burden—
counting the number of variants,'®?>?® the total length of
CNVs,'9:21:22:242527 and the number of genes affected by
CNVs.??%27 \We can approximately interpret these as the effect
of perturbing a randomly chosen gene, assuming that the effect
of CNVs occurs via perturbing individual genes, but this depends
on other factors such as the local mutation rate of CNVs and the
additivity of dosage effects across genes.

To estimate the actual effect of perturbing a randomly chosen
gene, we estimated the effect of each individual gene on a trait
by using burden tests and then averaged those estimates across
all genes, which we call the average burden effect. This is in
contrast to estimates of the genome-wide burden effect, which
aggregate all CNV perturbations in the genome of an individual
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before testing their effect on a trait. We found that the estimated
average burden effect for LoF variants was almost always in the
same direction as that of duplications (Figure 1B), consistent
with the genome-wide burden effects reported previously. Curi-
ously, however, when we look at top hits from GWASSs, we find
no evidence for such an effect (Figure 1C; Methods S1, appendix
1.1), consistent with previous analyses.®’

Taken together, these observations provide contradictory in-
formation about how dosage is associated with traits. To explain
these findings, we need to consider the gene-level heterogeneity
present in dosage-response relationships. We envision the rela-
tionship between gene expression and trait as a GDRC: a contin-
uous curve describing how changes in gene expression affect
the average trait value. The core idea is that if a gene is involved
in the biology of a trait, then different baseline expression values
for the gene will, on average, result in different trait values. A
given point on the GDRC is the hypothetical mean trait value of
individuals whose gene expression is set to a particular level.
In other words, the GDRC characterizes the relationship be-
tween expression and trait value for all possible dosage pertur-
bations. The GDRC extends prior work exploring the quantitative
relationship between gene dosage and trait value (e.g., allelic se-
ries®® or experimental modulation®*~*?). Here, we propose that
the GDRC acts as a conceptual framework to unify estimates
of gene effects from LoF variants, duplications, and expression
quantitative trait loci (€QTLs), allowing us to understand the
source of non-linearity in the data.

Averaging over genetic backgrounds, a particular variant will
have a specific effect on expression and thus correspond to a
specific point on the GDRC. We define the origin to be the
mean trait and expression value in the population (Methods
S1, appendix A.4). A burden estimate of the LoF effect, 7, is
an estimate of a point on the left tail of the curve, while a burden
estimate of the duplication effect, 7p,,, is an estimate of a point
on the right tail of the curve (Figure 1A). The effect estimated by
TWAS, 71was, is the slope of a linear approximation to the GDRC
in the region of expression levels spanned by common eQTLs.
While we visualize LoF variants and duplications as having spe-
cific dosage effects on expression (50% and 150%, respec-
tively), most of our analyses require only that they generally
decrease or increase expression, respectively (Methods S1, ap-
pendix A.5).

Intuition suggests that GDRCs should be monotone, meaning
that reducing and increasing expression should have opposite
phenotypic effects (Figure 1D).?*?274344 The average burden
effects that we computed (Figure 1B) can be interpreted as
points on the average GDRC (aGDRC) obtained by averaging
the GDRC of each gene for a given trait. If average LoF and dupli-
cation effects are in the same direction, as we observe for many
traits, it would imply a non-monotone aGDRC. It therefore seems
surprising that aggregating presumably monotone GDRCs
would result in a non-monotone aGDRC.

We suggest two models that could contribute to non-mono-
tone aGDRCs. In the monotone model, monotone gene-level
GDRCs that are systematically buffered against one trait direc-
tion could average to a non-monotone aGDRC (Figure 1E). In
the non-monotone model, some GDRCs are non-monotone,
and among the non-monotone GDRCs, it is more common to



Cell Genomics ¢ CellPress

OPEN ACCESS

A : : B The average burden effect is non-monotone C GWAS data show no bias in average effect
The gene effect is often assumed to be linear across traits (e.g., height)
Y Cystatin C—©
ExpreEssvon TrYan G 00107 }MI 0.10
£ o ® 3
(=)
L c S o 3
G A o 0.0051 ° " o 5 0051
Genotype IDup 2 ° &% £
5 AL W o
—  FE & 0000 o 2 < 0.00
© o 00 P~
\ c L e =
ommon - .
Variant Effects % Height ° i D
S g00s{ N © > -0.05
X ° =
) ° @
oo ° a
g o
> 5.0 -0.10 4
< 00107 o\
0° FVC
N : : : - :
YLoF r 0.00 025 0.50 0.75 1.00
-0.010

0005 0000 0005 0010

Derived Allele Frequency (DAF;
Average LoF Burden Effect q y (DAF)

m

The average GDRC may be non-monotone F

The average GDRC may be non-monotone
due to non-linear, monotone GDRCs

D Examples of monotone gene effects due to non-monotone GDRCs

0021 Monotone Model 0.02 Non-monotone Model
21 s 5
— %) )
a LDLR Effect 9 9
5 > 0.01 > 001
% 1 on LDL b v
‘® L L
= ] ke ke
c 0) i
S o ° 000 £ 0.00 ==
@ = c
= L g
w ¢ i e
= 3
g -1 SHOX Effect a o o
-g on Height & & 00t
@ e g
@ (3
2 2 2
0.024 0.02
1 0 log,(3/2) 1 0 log,(3/2) -1 0 log,(3/2)
LoF Duplication log, (Relative Gene Expression) log,(Relative Gene Expression)

log,(Relative Gene Expression)

Figure 1. Explaining the paradoxical observations in burden data

(A) The hypothetical relationship between gene dosage (E) and expected trait value (Y) is often assumed to be linear. LoF variants and duplications estimate the
gene effect at different dosage values (7 or and 7p,p)-

(B) The average burden effect from LoF variants and duplications across traits. Yellow points represent significant effects from both variant classes (o < 0.05), and
the regression line was estimated using total least squares (p = 0.87, z = 20.42).

(C) Conditionally independent GWAS top hits for height. The locally estimated scatterplot smoothing (LOESS) curve shows no bias across the frequency
spectrum. For variants with a derived allele frequency less than 0.5, the proportion of trait-increasing alleles is 51% (95% confidence interval [CI]: [0.48, 0.55]). For
further discussion, refer to Methods S1 (appendix 1.2).

(D) Burden estimates and 95% confidence intervals for two illustrative gene-trait pairs, with hypothetical GDRCs as dashed lines. LDLR encodes the low density
lipoprotein (LDL) receptor, a known negative regulator of LDL levels in blood, and acts by sequestering LDL out of the bloodstream.***> SHOX haploinsufficiency
is associated with short stature, while increased dosage is associated with tall stature.*®

(E) The first model explains the non-monotone average GDRC of forced vital capacity (FVC) (with 95% Cls) using monotone gene curves.

(F) The second model explains the non-monotone average GDRC of FVC (with 95% Cls) using non-monotone gene curves.

BMI, body mass index.

be non-monotone in a particular direction, driving the aGDRC to
be non-monotone (Figure 1F). These models are not mutually
exclusive and may both contribute to the non-monotone aGDRC
observed for a trait.

Top hits are consistent with monotone GDRCs

To understand the relative contribution of these models to
aGDRCs, we started by looking at the results from the burden
tests. Using a Bayesian analysis of the p value distribution,*
we conservatively estimate that 5% of the gene-trait pairs have
a true association (Methods S1, appendix A.6). This suggests
that even at current sample sizes, burden tests of LoF variants

and duplications are relatively underpowered and that it will be
challenging to explain the non-monotone aGDRCs using only as-
certained GDRCs.

We confirmed this intuition by performing an exome-wide
analysis. We performed a stringent multiple testing correction
on our burden tests, accounting for the number of genes, num-
ber of traits, and both types of tests conducted (Bonferroni p
value threshold of p < 2.87 x 1078, equivalent to |z| > 5.55). At
this threshold, we detected 443 LoF hits and 677 duplication
hits. However, these hits were mostly non-overlapping. Only
two hits overlapped, both of which indicated monotone
GDRCs (Figure 2).
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Figure 2. Top hits from burden tests

The Z scores from regression-based burden tests using LoF and duplication
variants across various continuous traits. Only two genes had exome-wide
significant LoF and duplication burden hits. To reduce the multiple-testing
burden, we performed exome-wide ascertainment of LoF burden tests and
ascertained the duplications for the subset at a 5% false discovery rate (FDR).
We performed the reciprocal test using the duplications. The green arrow
represents a Z score smaller than —20. Non-monotone relationships are
highlighted in gray.

SHBG, sex hormone binding globulin; IGF-1, insulin-like growth factor 1; MCH,
mean corpuscular hemoglobin; HDL, high density lipoprotein; FVC, forced vital
capacity.

To reduce the multiple testing burden, we used the 443 LoF
hits as a discovery set and ascertained genes with significant
duplication burden tests at a 5% false discovery rate (FDR).
We also performed the reciprocal analysis using the duplication
burden tests as a discovery set. Consistent with intuition, most
top genes have monotone effects on traits (Figure 2), although
we do observe two non-monotone GDRCs. At a 5% FDR, we
expect 0.5 of the 20 discoveries to be a non-monotone false dis-
covery, providing some evidence for their existence. However, it
is difficult to know their relative proportions, let alone how much
they contribute to the non-monotone aGDRCs, so we next devel-
oped quantitative methods to study monotonicity.

Burden signal for traits is largely monotone
Due to the sparsity of the burden signal, we focused on quanti-
tative measures that average signals across genes to explain
the non-monotone aGDRCs (Figures 1E and 1F). First, we
wanted to develop a notion of whether GDRCs generally tend
to be monotone or not, beyond just considering the handful of
significant hits.

We started with the observation that monotone GDRCs imply
that LoF variants and duplications should have effects in oppo-
site directions (Figure 3A), which we visualized by plotting the
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LoF burden effect against the duplication burden effect. If a
duplication and an LoF variant have a large effect in the same di-
rection, the GDRC must be non-monotone, and the product of
their effects would be positive. If the GDRC is monotone, then
LoF variants and duplications will have opposite effects, and
their product will be negative. We define ¢ to be a normalized
version of the negative product of the effect sizes (STAR
Methods; Methods S1, appendix B.2). ¢ is positive if genes
with large effects on a trait tend to have monotone effects on
average. Note that ¢ does not directly measure the proportion
of monotone GDRCs, and its interpretation requires some care
(Methods S1, appendix F).

We used a maximum likelihood approach to estimate ¢. We
performed extensive simulations from the individual-level geno-
type data to validate that our estimator, $ is relatively unbiased
and well calibrated (Methods S1, appendix G.1.5). Across traits,
we found that the estimated values of ¢ were generally positive
(Figure 3B), suggesting that the burden signal is explained pre-
dominantly by monotone GDRCs. The same trend toward mono-
tone signal was observed using a method-of-moments estimator
for ¢ that makes fewer distributional assumptions (Methods S1,
appendix 1.4). This agrees with our biological expectations of
monotone gene-level effects and is potentially consistent with
the monotone model.

A model for how non-monotone GDRCs arise

Our estimates of ¢ suggested that monotone GDRCs play a sig-
nificant role in complex traits, but even among the small number
of significant hits for individual gene-trait pairs, we detected two
non-monotone associations (Figure 2). While averaging across
all genes indicates that the predominant signal is generally
monotone (Figure 3), this does not preclude the possibility that
non-monotone GDRCs, in aggregate, contribute to the non-
monotone aGDRCs. It is simultaneously possible to have posi-
tive values of ¢ and significant contributions from non-monotone
GDRCs to the aGDRC (Methods S1, appendix F).

Indeed, prior evidence suggests that non-monotone GDRCs
play some role in complex traits. One line of evidence comes
from the analysis of genomic disorders caused by reciprocal
CNVs, which are loci where both deletions and duplications
are observed. Many reciprocal CNVs are known to induce the
same phenotype,“®*” suggesting that the effect of increasing
or decreasing the dosage of the disorder-associated gene has
the same direction of effect on the trait. Another line of evidence
comes from careful analysis of CNVs in the UKB, where multiple
loci show evidence of non-monotone associations with various
complex traits.?”*® This suggests that, although challenging to
detect at an exome-wide level, non-monotone GDRCs may still
contribute to the non-monotone aGDRCs.

Before investigating genome-wide signals for non-monotone
GDRCs, we wanted to develop an intuition for how they might
arise. Consider a gene that affects a trait via a single biological
pathway (Figure 4A). Intuition about biological mechanisms
suggests that each step along this pathway should be mono-
tone but possibly non-linear. For instance, protein levels are
often buffered against large changes in gene expression,’
which results in a non-linear but monotone response of protein
levels to gene expression. Similarly, perturbations of the
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B GDRCs for complex traits are monotone on average
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(A) Monotone curves (red) and non-monotone curves (gray) fall in different quadrants on a plot of the duplication burden effect versus the LoF burden effect. A
natural estimate to compare points in these quadrants is the negative product of the effect sizes, which is positive when the curve is in the red quadrants and
negative when it is in the gray quadrants. We define ¢ as the normalized version of this product, averaged across all curves.

(B) The bars represent 95% confidence intervals for ¢ for the traits in our analysis. The black bars are significantly non-zero (p < 0.05). The bars are ordered by $
BMI, body mass index; ALT, alanine transaminase; MCH, mean corpuscular hemoglobin.

expression levels of transcription factors can result in non-
linear but mostly monotone changes in the expression of their
targets.’>*" As the dosage effect percolates through a pathway
toward the focal trait, these curves compose with one another
to form the relationship between gene dosage and trait. If each
curve along the pathway is monotone, then the overall relation-
ship between gene expression and trait is mathematically guar-
anteed to also be monotone (Figure 4A; Methods S1, appen-
dix A.7).

One example of a monotone association in our data is that of
SLC2A9 expression and urate levels (Figure 2). SLC2A9 encodes
a transporter expressed in the kidneys that is responsible for re-
absorbing urate into the blood by transporting urate from the kid-
ney into the bloodstream.*®*° A simple model of the observed
monotone GDRC is that SLC2A9 expression has a monotone ef-
fect on urate reabsorption, which in turn has a monotone effect
on urate levels in blood (Figure 4A).°" The composition of these
two monotone steps can explain the monotone GDRC we
observe in the data.

However, non-monotone GDRCs can arise if a gene’s effects
flow through two or more pathways (Figure 4B).°> We propose a
simple, hypothetical model for the non-monotone relationship
between UPBT1 expression and gamma-glutamyl transferase
(GGT) levels in blood (Figure 2). Both LoF variants and duplica-
tions in UPB1 are associated with an increase in GGT levels
(Figure 4B). GGT is an enzyme found in the membrane of epithe-
lial cells in various tissues, particularly in the hepatobiliary sys-
tem, and acts as a readout of oxidative stress.*>>° UPB1 en-
codes an enzyme involved in the breakdown of pyrimidines in
the liver to downstream byproducts such as beta-alanine. Both
excess pyrimidine metabolites and excess beta-alanine can
result in toxicity and increased oxidative stress.®°® Thus, we
propose that increased UPB1 expression has two monotone ef-

fects: it decreases the concentration of pyrimidines and in-
creases the concentration of beta-alanine, both of which can
contribute to increased GGT levels by increasing oxidative
stress. The total effect of these two pathways could explain
the non-monotone GDRC observed between UPB71 and GGT
levels (Figure 4B). Generalizing these biological principles, non-
monotone GDRCs can arise whenever the effect of a gene prop-
agates through multiple pathways to affect the trait (Figure 4B).

Genes are buffered against one trait direction

One interpretation of the GDRCs in the monotone and non-
monotone models (Figures 1E and 1F) is that traits are more likely
to be perturbed in one direction than the other, regardless of the
direction of expression perturbation. Therefore, this is a form of
buffering that occurs at the trait level, which we refer to as trait
buffering. We endeavored to quantify how much monotone
and non-monotone GDRCs contributed to trait buffering and
non-monotone aGDRCs.

When plotting duplication burden effects against LoF burden
effects, genes experiencing trait buffering preferentially map to
a region that is away from a diagonal line (Figure 5A). The diag-
onal line represents perfectly linear GDRCs (Methods S1, appen-
dix D.1). Points above the diagonal line correspond to GDRCs
that are buffered against negative trait values, and points below
the diagonal line correspond to GDRCs buffered against positive
trait values.

To develop some preliminary intuition about the trait buffering
model, we estimated y, . and yp,p, for each gene. Since burden
effect estimates are noisy for individual genes, we performed
Bayesian inference using a flexible multivariate adaptive
shrinkage (MASH) prior,>® which models the joint distribution of
7LoF @nd ypyp @s a mixture of bivariate normal distributions that
is learned from the data. We used posterior samples of y o
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and ypyp for each gene to better understand how genes might
contribute to trait buffering. As an example, the posterior means
of yior and yp,,, for height are displayed in Figure 5B, and further
examples are provided in Methods S1 (appendix |.7). Both
monotone and non-monotone GDRCs are predominantly below
the diagonal, concordant with the direction of the aGDRC for
height.

To test this more formally, we developed a statistic, &, to mea-
sure trait buffering. £ aggregates the signed strength of deviation
from the diagonal line across all GDRCs (Methods S1, appendix
D). We calculate the statistic using posterior samples of y, o
and ypyp.

The sign of ¢ indicates which trait direction is being buffered
against. For example, based on their aGDRCs, we would predict
that height should have a negative & value and cystatin C should
have a positive £ value. If GDRCs are not preferentially buffered
against either direction of a trait, our statistic should be close to
zero. Indeed, this measure of trait buffering showed strong
concordance with the direction of the non-monotone aGDRCs
(Methods S1, appendix 1.8).

To understand the extent to which our proposed models
(Figures 1E and 1F) contributed to trait buffering, we decom-
posed £ into the contribution from non-monotone and mono-
tone GDRCs (STAR Methods; Methods S1, appendix D) and
estimated these components from genes for which we were
relatively confident in the sign of effect using a local false sign
rate filter. Note that this decomposition does not quantify the
proportion of monotone and non-monotone GDRCs but rather
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Burden Effect on
Urate (S.D.)

Burden Effect on GGT

Cell Genomics

Figure 4. Model for non-monotone GDRCs
(A) A simple model on the left, composed of
monotone curves at each step, can explain the
monotone GDRC observed for SLC2A9 and urate
levels. SLC2A9 encodes a kidney transporter
responsible for reabsorbing urate back into the
blood. Thus, increased SLC2A9 expression may
contribute to increased urate reabsorption, which
in turn can increase the levels of urate in blood.
(B) In our model, the effect of UPB1 propagates
through two separate paths to affect gamma-
glutamyl transferase (GGT) levels, which may
explain the non-monotone GDRC. The first path,
similar to our monotone example, consists of two
increasing steps (denoted by + symbols above
the arrows). The second path consists of one
increasing and one decreasing step (denoted by
the — symbol below the arrow). The outcomes of
the paths are summed in our conceptual model,
resulting in a non-monotonicity that might explain
the observed data.

SLC2A9

log,(3/2) Expression

UPBI

Expression .
08,312 the extent to which these curves

contribute to the observed aGDRCs
(Methods S1, appendix F). These mea-
sures revealed that both monotone and
non-monotone curves contribute to trait
buffering (Figure 5C). These patterns
persist as we increase the confidence
in the sign of the gene’s effect
(Figure 5C). We performed extensive
simulations to demonstrate how these component estimates
behave under various extreme scenarios (Methods S1, appen-
dix G.2). Juxtaposed with these simulations, our results for
certain traits (e.g., forced vital capacity [FVC], peak expiratory
flow [PEF], forced expiratory volume in 1 second [FEV1], body
mass index [BMI], and height) show a clear signature of non-
monotone genes having a substantial contribution to trait buff-
ering. Ultimately, genes with both monotone and non-mono-
tone GDRCs (Figures 1E and 1F) likely contribute to observed
non-monotone aGDRCs.

GDRC

A dysregulation phenotype may be upstream of many
complex traits

To recapitulate, we found evidence for two models contributing
to the observed average burden effects. These models imply that
GDRCs for complex traits are organized in a manner that results
in trait buffering.

Two observations initially seem to imply that the complex traits
with non-monotone aGDRCs are under directional selection.
First, the GDRCs for these traits are buffered against a particular
trait direction. Second, non-monotone aGDRCs suggest that
any variant should, on average, have a non-zero effect in the
same direction, regardless of whether the variant increases or
decreases expression.

To see why these observations are signatures of directional
selection, we consider how the average expression of a given
gene will evolve over time in response to directional selection.
Suppose a gene affects a trait where higher trait values are
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A Trait buffering model prediction for height B
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Figure 5. Trait buffering as a model for
GDRC architecture

(A) After combining both models of GDRCs
contributing to the non-monotone aGDRC, the
GDRCs fall below a diagonal line for traits with
negative average burden effects, such as height.
The average LoF and duplication burden effects
will be in the direction of trait buffering. £ measures
the average signed deviation from the diagonal
line, represented by the lines orthogonal to the
diagonal line.

(B) Estimates of the latent burden effects show,
visually, that height is consistent with trait buff-
ering. Each point represents a gene. The large
circles represent genes for which the local false
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(C) (Left) The posterior estimates of trait buffering,
&, decomposed into contributions from non-
monotone and monotone GDRCs. These esti-
mates are derived from genes with a local false
sign rate of less than 10% for LoF and duplication
burden effects. (Right) The estimates of the com-
ponents remain non-zero with increasing confi-
dence in the signs of the gene-level effects.
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mum trait value is not restricted to
minima. In this case, we do not expect
any particular GDRC shape to dominate,
nor do we expect LoF variants or dupli-
cations to be biased in a particular
direction.
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selected against (Figure 6A). Then, selection will tune the expres-
sion of the gene until the trait is minimized, resulting in a non-
monotone GDRC where both deletions and duplications
increase the trait. Thus, the non-monotone aGDRC and trait buff-
ering in the direction of the average burden effects suggest that
the GDRCs of these complex traits may be shaped by directional
selection.

However, prior analyses using GWAS data for many of these
traits suggest that they are under stabilizing selection, not direc-
tional selection.®°-%* Additionally, we do not observe a non-zero
average effect in GWAS data (Figure 1C; Methods S1, appendix
1.2), inconsistent with directional selection.

Stabilizing selection affects GDRCs differently from direc-
tional selection. Suppose a gene affects a trait under stabilizing
selection (Figure 6B). Stabilizing selection acts to maintain an
optimum trait value and will tune the expression of the gene
to reach the optimum trait value. Unlike in the case of direc-
tional selection, the local shape of the GDRC around the opti-

Max Local False Sign Rate

To explain the incongruous non-
zero average burden effects and zero
average GWAS effect, we propose
that traits with non-monotone aGDRCs
are downstream of an unobserved trait under directional se-
lection that we refer to as “dysregulation” (Figure 6C). If the
focal trait is downstream of dysregulation, the GDRC of the
gene for the focal trait may be shaped by both forms of selec-
tion, depending on whether the gene is a direct or indirect
regulator of the focal trait (Figure 6D). For genes that act pri-
marily on the trait via dysregulation, the GDRCs will be non-
monotone and in the direction of increasing dysregulation.
For genes that directly modulate the focal trait, we expect
no particular preference for monotone or non-monotone
GDRCs. Genes that act on the focal trait both directly and
through dysregulation explain the monotone curves that expe-
rience trait buffering.

Overall, this model explains the non-monotone average ef-
fects that we observe in the data. Depending on the balance be-
tween direct and indirect regulation via dysregulation, we can
still have predominantly monotone GDRCs but a consistent
bias toward one direction of the focal trait.

0.3 0.2 0.1
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A GDRCs of traits under directional selection willbe C
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An upstream dysregulation phenotype model

Cell Genomics

Figure 6. Atheoretical model to explain trait
buffering
(A) GDRCs of traits under directional selection will

@ Exp. > Trait > Fitness ) .
become non-monotone over evolutionary time.
Trait Trait (B) GDRCs of traits under stabilizing selection will
Traits with have no preference for GDRC shape.
Exp. Exp. Zero Average (C) In our model, traits with non-monotone aGDRCs

Effect of
Directional
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B  GDRCs of traits under stabilizing selection can be
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have an upstream dysregulation phenotype, which
we hypothesize is under directional selection.

(D) Example GDRCs of genes that follow specific
paths to affect the focal trait (for example, height)

monotone or non-monotone
l under our theoretical model.
@ Exp. > Trait > Fitness ) ) Exp., expression; Dys., dysregulation.
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C-reactive protein, which all have posi-
tive average LoF and duplication ef-
fects. Put another way, both deletion
and duplication of a random gene tend
to increase disease risk and measures
of organ dysfunction. Similarly, mea-
sures of lung capacity and muscle
strength have negative average LoF
and duplication effects. Overall, the
average effect is often in the direction
of dysregulation across the continuous
traits we studied.

Dys. — Fitness

Height
Height

) Exp. Exp.

Direct Regulators
Only

Indirect Regulators
Only

Our model also explains why the non-zero average effect
is apparent in LoF variants and duplications across various
traits but is not discernible in GWAS effect sizes. Consider
two variants that have the exact same effect on the focal
trait. One variant affects the trait directly, while the other
affects the trait via dysregulation. Under our model, the
second variant, which acts via dysregulation, can affect
the focal trait in only one direction because it has a non-
monotone GDRC, whereas the first variant has no such re-
striction. Both variants will experience the exact same
fitness consequences from stabilizing selection on the trait.
However, the variant acting via dysregulation will experience
additional fitness consequences. Thus, holding all other fac-
tors equal, the variant acting via dysregulation will have a
lower allele frequency and be more challenging to detect in
a GWAS, thus making it less likely to contribute to a non-
zero average effect.

We call this hypothetical latent phenotype “dysregulation”
because the downstream traits with large non-monotone
average burden effects are readouts of general dysfunction.
The traits with significant non-monotone average effects
(Methods S1, appendix I.1) include measures of organ
dysfunction such as alkaline phosphatase, cystatin C, and
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Direct and Indirect
Regulators

Exp. Recent analyses of predicted biolog-
o ical age in the UKB also support the pres-
ence of a dysregulation phenotype. Age
is associated with general dysregulation
and disease.®® Strong predictors of
biological age in published predictive
models include FEV1, cystatin C,
HbA1c, alkaline phosphatase, and hand
grip strength,®®%” suggesting that these
continuous traits with large non-monotone average effects
may act as readouts of dysregulation.

DISCUSSION

In this study, we interpreted dosage-perturbing rare variants
through the lens of the GDRC. Since we currently lack the power
to analyze these data at the gene level, we designed quantitative
measures to understand the average behavior of GDRCs across
genes. Although we did not quantify the proportion of monotone
or non-monotone GDRCs, our analysis suggests that both
monotone and non-monotone GDRCs contribute to the concor-
dant average burden effects of LoF and duplication variants. This
results in GDRCs that are buffered against one trait direction. We
hypothesized that this may be explained by the effect of genes
on an upstream dysregulation phenotype, resulting in directional
selection shaping GDRCs.

Limitations of the study

While we can estimate genome-wide patterns (i.e., average
burden effect, monotonicity, and trait buffering) with high confi-
dence, we are underpowered to estimate the properties of indi-
vidual genes. In particular, while we can estimate that most of the
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burden signal for traits is monotone, we are unable to get a pre-
cise estimate for the proportion of genes that are non-monotone.
In addition, we can estimate only three points on GDRCs using
the data generated in this paper, limiting the types of character-
istics that we can infer about these curves.

Implications of the observed characteristics of GDRCs

In a “linear world” where dosage has a linear relationship with a
trait, ascertaining any point on the GDRC along the dosage spec-
trum would carry all the information about the gene’s effect on
the trait. However, biology is inherently non-linear, and our anal-
ysis shows that these assumptions break down for variants with
large effects. This has significant implications for drug design. If
the GDRC of the target gene is non-monotone, perturbation in
either direction may only increase disease risk. This occasional
lack of concordance between LoF and duplication burden ef-
fects motivates the use of assays that test both ends of the
dosage spectrum.®® The shape of the GDRC implied by the
burden estimates can also be a useful prior for fine-mapping
causal variants®® and linking variants to genes.”®"*

The assumption of linearity in TWAS®®"® and Mendelian
randomization’® approaches may cause estimated effect sizes
to be attenuated toward zero for non-monotone genes. The abil-
ity of TWAS to recover trait-associated genes with non-linear
GDRCs needs to be explored further. Yet TWAS-type methods
would be invaluable for understanding the behavior of the
GDRC in the physiological range of expression, thus motivating
the continued development of such methods.

Toward the inference of gene-level curves across
tissues and contexts

Moving from genetic associations toward mechanistic insights
for complex traits remains challenging. The GDRC captures a
large fraction of the biological insights that we want to extract
from association studies. Although inference of the GDRC may
be challenging, it is worth considering which aspects of the
GDRC we can estimate using population-level and experimental
approaches.

In principle, each tissue or cell type has its own specific GDRC
for a gene-trait pair. In our approach, we focused on the global
GDRC—which we could interpret as a weighted sum of tissue-
specific GDRCs—by using variants that affect all tissues and
contexts to understand the aggregate effect of dosage perturba-
tion on traits. Modern approaches that estimate the effect of
genes in specific tissues or cell types, such as TWASSs, can be
thought of as estimating or approximating aspects of tissue-spe-
cific GDRCs.

Even with methodological advances, it is unlikely that we will
be able to infer all points of the GDRC of a gene with popula-
tion-level data alone. The effects of selection make it challenging
to detect variants in genes with large effects on traits.””""® This
suggests that the ability to effectively infer the GDRC will vary
across the genome and likely be most challenging for genes
that are particularly important to the biology of traits.

These limitations of population-level data suggest that
sequence-to-expression models’°®? and experimental ap-
proaches®*®° will play a critical role in fleshing out the GDRC
for key genes. Missense variants, which in aggregate have a

¢? CellPress

OPEN ACCESS

measurable effect on complex traits,®' are challenging to inte-
grate into the GDRC framework. Accurate computational effect
prediction®® or experimental approaches such as deep muta-
tional scanning®” are critical for translating the effect of missense
variants into an “effective dosage,” which would allow them to
be placed on the GDRC. Similarly, for common variants, we
are restricted to using dosage effect estimates from eQTL
studies in tissues that have been assayed, which are often post-
mortem and from adult donors.®® However, we cannot feasibly
assay all tissues and cell types in all contexts. Thus, predicting
common variant effects from sequence and multi-omic context
or using experimental approaches such as massively parallel re-
porter assays®® will be necessary to estimate full GDRCs. New
techniques are also being developed to modulate dosage
directly to measure molecular or cellular phenotypes,'-68:89-92
which can provide in vitro measurements of GDRCs.

In summary, we have explored the nature of the relationship
between gene dosage and trait for various complex traits. Our
final model explains the initial observation of non-monotone
average effects and provides intuition for how these relation-
ships may be shaped by natural selection. The insights about
GDRCs underlying complex traits will be informative for various
downstream applications, including therapeutics and methods
development.
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application 30418. These data are available upon application to the
UKB. All summary statistics generated from genetic association ana-
lyses and other processed data files are deposited in Zenodo: https://
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dnanexus.com/) or on the Sherlock High-Performance Computing Clus-
ter managed by the Stanford Research Computing Center (https:/
www.sherlock.stanford.edu/).
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STARxMETHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER
Deposited data

Gene-level burden tests This study https://zenodo.org/records/19140003
Trait-level summary statistics This study https://zenodo.org/records/19140003
Trait measurements UK Biobank https://www.ukbiobank.ac.uk/
Protein quantification UK Biobank https://www.ukbiobank.ac.uk/
NMR metabolite quantification UK Biobank https://www.ukbiobank.ac.uk/
Whole-exome sequencing and whole- UK Biobank https://www.ukbiobank.ac.uk/

genome sequencing

GWAS summary statistics Neale lab https://www.nealelab.is/uk-biobank

GENCODE v39 GENCODE https://www.gencodegenes.org/human/
release_39.html

Estimates of gene-level constraint and Zeng et al.”® https://zenodo.org/records/10403680

misannotation probability

Software and algorithms

Data processing This study https://zenodo.org/records/19140111
Monotonicity inference This study https://zenodo.org/records/19140111
Trait buffering inference This study https://zenodo.org/records/19140111

PLINK 2.0

FlashPCA2

Ensembl Variant Effect Predictor (VEP)
LOFTEE

REGENIE

Python

R

Chang et al.”
Abraham et al.’*

McLaren et al.®®

Karczewski et al.”®
Mbatchou et al.*®
Python Software Foundation

R Foundation

https://www.cog-genomics.org/plink/2.0/
https://github.com/gabraham/flashpca
https://github.com/Ensembl/ensembl-vep
https://github.com/konradjk/loftee
https://github.com/rgcgithub/regenie
https://www.python.org/
https://www.r-project.org/

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Inclusion and ethics

This study relied on data provided by participants in the United Kingdom to the UKB. The UKB is a large biomedical database that
provides non-exclusive access to individual-level data. Primary administration of the UKB is handled by groups within the United
Kingdom, and a local ethics board provides oversight over the collection of data. The UKB has approval from the North West
Multi-centre Research Ethics Committee as a Research Tissue Bank (RTB) approval. This approval means that researchers do
not require separate ethical clearance and can operate under the RTB approval.

The main burden tests performed in this paper do not subset individuals based on measures of genetic similarity. However, to
compare the effects of confounding and stratification between our study and previous studies, we subset individuals based on
self-identification as “White British” or “non-British White’” and genetic principal components (PCs) for a small set of burden tests
presented in Methods S1, appendix H.1.1. Results and summary statistics from all analyses presented here are provided as a
resource to the scientific community (data and code availability).

Sex was used as a covariate in genome-wide burden tests. The UK Biobank consists of samples from approximately half a million
individuals. Traits that were used to perform burden tests have variable sample sizes, which are reported in their summary statistics.
No methods were used to pre-determine the sample size. We only analyzed individuals with whole-exome sequencing available in
the UK Biobank. In addition, we excluded individuals that did not pass quality control filters for copy-number variant genotyping,
which is described in our Methods S1. When aggregating variants into burden tests, we only included potential loss-of-function var-
iants that passed certain quality measures as described in our STAR Methods and Methods S1.
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METHOD DETAILS

The goal of our data analysis approach was to estimate burden summary statistics for LoF variants, whole-gene deletions, whole-
gene duplications, and partial deletions using a consistent set of decisions and tools. This consistency between the different burden
tests allowed us to compare effect sizes across the variant classes. We additionally performed burden tests using synonymous var-
iants as a negative control to estimate any residual confounding (Methods S1, appendix H.1). We improved upon previous LoF
burden approaches by using variable frequency filters based on gene constraint (Methods S1, appendix H.1.3). We also improved
upon prior duplication burden tests in the UKB?*"22” by using copy number calls from WGS data rather than microarray data. CNV
calls from WGS are more accurate, have higher resolution of breakpoints, and can better detect rare CNVs.%”

To make our approach amenable to researchers without access to individual level data, we modeled the summary statistics rather
than the underlying genotype data. We used the regression with summary statistics (RSS) likelihood,”® which provides a likelihood
model for association test summary statistics. To our knowledge, this is the first use of the RSS likelihood for burden regression. To
demonstrate its applicability and correctness, we performed extensive simulations, which are cataloged in Methods S1, appendix G.

Phenotypes

We curated 410 continuous phenotypes in the UKB on which to perform burden tests. We filtered the phenotypes used for the main
analysis in the paper as follows. We required phenotypes to have measurements in at least 40K individuals. We excluded any traits
where more than 50% of the instances match the mode of the trait to remove quasi-categorical traits, which is more relaxed
compared to Backman et al.,*' who excluded traits with a cutoff of 20%. To perform inference, we chose traits where at least
7,500 genes had gene-level burden test estimates for both LoF variants and duplications. Finally, we required that either the
mean squared effect size of the LoF burden tests or the duplications was nominally significant at the a = 0.05 level for each trait.
This removes traits where there is not enough signal to perform inference. After filtering, 94 traits remained and were used throughout
the main analysis of the paper.

For phenotypes that were collected more than once in returning visits, we used the first instance of the observation for each indi-
vidual. Backman et al.>' took the mean across such instances, but we believe that this would reduce the noise for some individuals
more than others in a not-completely-at-random fashion. It would also make it challenging to interpret the relationship between mean
phenotype and covariates that are observed at specific instances, such as age. Some of our traits had arrayed measurements, but
they were all taken in the same visit so we decided to use the mean value across the arrayed items.

Separately, we acquired access to the full 500K baseline metabolomics data from the nuclear magnetic resonance (NMR) metab-
olomics dataset generated by Nightingale Health PLC.*°

Genotypes

We included 15 genotyping PCs, estimated previously in the UKB.'°° Backman et al.®’ performed ancestry-specific analyses and
included 10 genotyping PCs for each ancestry. Since we used all 460K WES samples, we included an additional 5 PCs to address
potential stratification. Our analysis of synonymous variants (Methods S1, appendix H.1.1) supported this choice.

Following the lead of Backman et al.,®" we included 20 rare variant PCs, by which we mean PCs derived from rare WES variants. We
subsampled 300K variants uniformly at random from the rare fraction, which we defined as variants with minor allele count (MAC)
greater than 20 and minor allele frequency (MAF) less than 1%. We used an approximate principal components analysis (PCA) algo-
rithm implemented in FlashPCA2.%*

We restricted our burden analysis to LoF sites with MAF less than 1%. High-confidence LoF sites were annotated using Ensembl’s
Variant Effect Predictor® with the LOFTEE plugin.”® LOFTEE filters remove annotated LoF sites that might escape nonsense-medi-
ated decay (NMD). Instead of using progressively stricter MAF cutoffs as in Backman et al.,®' we used all LoF sites with MAF less than
1% but required that the misannotation probability be less than 10%. The misannotation probability’® takes into account both the
frequency of the site and the constraint experienced by the gene to determine a posterior probability of being misannotated as a
LoF. These probabilities were previously reported for LoF-introducing single nucleotide polymorphisms (SNPs) for genes with esti-
mated spet values.”® A small number of genes do not have sy estimates, and not all variants in the WES data were SNPs. For genes
with missing sphet Values, spet Was imputed using the mean sy value. Then, for all LoF variants missing a misannotation probability,
misannotation probabilities were imputed using k-nearest neighbors (KNN) regression with 10 nearest neighbors as determined by
allele frequency and syet. A 10% cutoff on this probability retains 96.46% of variants. We demonstrated that relative to standard fre-
quency cutoffs, using a misannotation probability cutoff increases the signal in the burden tests without increasing the size of stan-
dard errors (Methods S1, appendix H.1.3).

CNVs were previously called in the UKB using lllumina’s DRAGEN software.®*'%" A deletion was defined as any loss that affected
the entire gene body with an additional 1 Kbp flanking region. A duplication was defined as any gain that affected the entire gene body
with an additional 1 Kbp flanking region. Any deletions that affected only part of the gene body were categorized as potential loss-of-
function (pLoF) alleles. For deletions and pLoF variants, the alternative allele coded the number of copy loss events. For duplications,
a copy number of two was coded as the reference homozygote and a copy number greater than two was coded as a heterozygote.
While it is theoretically possible that individuals could carry arbitrarily many copies of a gene, in practice we found that individuals
coded as heterozygous in this scheme almost always carried three copies (Methods S1, appendix H.3). We observed that some
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samples had a large amount of genome-wide copy gain or loss, which is likely a genotyping error (Methods S1, appendix H.4). To
account for this, we removed any sample with greater than 10 Mbp of deleted or duplicated genome sequence.

We used GENCODE version 39 to define gene intervals.'® We excluded genes on the Y chromosome and the mitochondrial
genome.

Burden tests

Burden genotypes are composite genotypes consisting of multiple distinct variants that have the same putative downstream dosage
effect. For LoF burden tests, we combined different LoF variants in the same gene into one composite genotype (Methods S1, ap-
pendix H.2). Similarly, for CNVs, we combined different variants affecting the same gene with the same expected dosage effect (e.qg.,
duplications) into one composite genotype.

We used REGENIE to perform gene-level burden tests.*® For the whole-genome regression, which is the first step in REGENIE,
SNPs from the genotyping array were pruned with a 1000 variant sliding window with 100 variant shifts and an R? threshold of
0.9. SNPs were then filtered to have MAF >1%, genotype missingness <10%, and Hardy-Weinberg equilibrium (HWE) test p-value
>107"5.

For LoF burden tests, we used the following covariates: age, sex, age-by-sex, age squared, 15 genotyping PCs, 20 rare
variant PCs, and WES batch. For the duplication, deletion, or pLoF burden tests, we used the following covariates: age, sex,
age-by-sex, age squared, 15 genotyping PCs, 20 rare variant PCs, and WGS batch. When analyzing NMR metabolites, we addi-
tionally included the spectrometer and processing batch as covariates. We used the default ‘max’ mask to create burden
genotypes.

After whole-genome regression, we used the second step of REGENIE to perform burden tests. Phenotypes were rank-inverse-
normal transformed in both the first and second step. The same covariates were used in both steps.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistics and reproducibility
Genome-wide burden tests performed in this study follow quality control standards set by prior analyses, with additional quality con-
trol measures discussed in Methods S1 Appendix H. Results from parameter inference are paired with appropriate measures of un-
certainty. Inclusion and exclusion criteria during analysis are discussed wherever appropriate. We provide code to replicate our anal-
ysis (data and code availability).

Monotonicity model

We modeled the standardized trait of interest Y in N individuals as Y = Xy1+Zy» + €, where X and Z are the burden genotypes from LoF
variants and duplications respectively. The error e was assumed to be drawn from a normal distribution. Polygenic signal, population
stratification, and other sources of confounding were accounted for when performing the burden tests by including covariates. We
built a hierarchical model by specifying a distribution on the latent effect sizes of the jth gene:

{7’1/} -~ N({}ﬁ } [0%1 512:|> .

€] 72 12 632

This allowed us to model the quantities of interest. The average effects of deletions and duplications are represented by 7,1 and 7,1
respectively. We defined the monotonicity, ¢<[-1,1], to be a quantity that is proportional to the negative uncentered second moment
of the latent effect sizes, ¢pox — E [y1 /yzj] . Thus, if genes with large effects tend to have opposite signs on average, ¢ will be closerto 1.
Similarly, if genes with large effects tend to have the same sign on average, ¢ will be closer to —1. The exact definition of the param-
eter is provided in Methods S1, appendix B.2.

The observed burden effect sizes for the jth gene, 7;; and 7,;, are noisy estimators of the underlying latent effect size. Furthermore,
due to correlation between duplication burden genotypes, 7,; is not an unbiased estimator of y,; because the observed effect size is
inflated by the effect of nearby genes. To account for these concerns, we used the RSS likelihood,”® which formalizes an approxi-
mation for regression-based summary statistics that is commonly used in statistical genetics.'%*%* An extensive description of the
model is provided in Methods S1, appendix B.

We developed unbiased estimators of 7, and 7,. Because ¢ is a complex function of the parameters of the prior, it was challenging
to derive unbiased estimators. Instead, we opted to use maximum likelihood estimation for ¢, which guarantees consistency. Infer-
ence and simulations under this model are described in Methods S1, appendices C and G.1 respectively.

Trait buffering model

Since the monotonicity, ¢, is a function of first and second moments of the latent effect sizes, we used a normal distribution as the
prior. However, our buffering model proposed a more complex hypothesis about the distribution of the latent effect sizes, which
required a more flexible prior over the latent effect sizes.
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To address this, we modified our monotonicity model to use the MASH model prior,>® which is a flexible multivariate prior. MASH
uses a mixture of K multivariate normal distributions to model the latent space:

[7‘/'] ~ ki N (O, V) .

€] =
Since the true latent distribution is unknown, MASH uses a grid of fixed covariance matrices and learns the mixture weights & using
empirical Bayes. In its original implementation, MASH assumes independence between observed samples, allowing for efficient opti-
mization. Because the RSS likelihood necessarily induces dependencies between the observations via correlation between the
burden genotypes, we implemented a stochastic approximation expectation maximization (SAEM) algorithm to optimize 7."%%1°
Alternative approaches to this model that use variational inference have been proposed.'®”~'%°
As we defined it, the amount of trait buffering can be estimated by taking the dot product of the latent effect size with the normal

vector of the hyperplane separating the two types of buffering, which we explain further in Methods S1, appendix D.2. We define the
measure of trait buffering as

I3 ! zleog (3) +
=77 5 |71 T V2
M/.:1 2\2)" /

where M is the number of genes. We perform inference using the posterior distribution for £ given the observed summary statistics.
To determine how much is contributed to £ by monotone or non-monotone genes, we defined

1 3
$m = Vi Z [|092 (5)71,‘ + }’2,}
Jirajrei <0
1 3
Som = M Z [|092 (E) 7yt J’zj}

Jiv4jrey>0

The intuition here is that &,, sums up contributions from monotone genes (where yjy; < 0), and &, sums up contributions from non-
monotone gene (where y4;y5; > 0). Note that, by construction, & = £ +&nm. £ is zero under the nullmodel where GDRCs are equally likely
to be buffered against increasing or decreasing the trait. The details of the model and inference can be found in Appendices D and E
respectively.

Data analysis
Throughout, we used unbiased maximum likelihood estimates (MLEs) for the duplication burden estimates when they are displayed
in the main text, which account for correlations with neighboring genes.

In Figure 1B, we used total least squares to fit a regression line with no intercept. Weights in the regression corresponded to the
inverse variance of the estimates. To provide a better fit, we used multiple initial parameter values. We retrieved GWAS summary
statistics from the UKB to generate trumpet plots (Figure 1C and Methods S1, appendix I1). The collection and analysis of these
data is described in Methods S1, appendix 1.2. We fit a LOESS curve to visualize the conditional mean of the derived allele effect
given the derived allele frequency.

For the analysis presented in Figure 5, we use the local false sign rate (LFSR)."'° For a given burden test effect size estimate for a
gene, a rate of less than 10% implies that more than 90% of the posterior density is on one side of zero, indicating confidence in the
sign of the effect.
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