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Abstract

Complex diseases are a major challenge, and genetics underlie a large fraction of
the risk for these diseases. Observational data are helpful for this research due to
large scale, cost-effectiveness, information on many different conditions, and future
scalability, but they reflect factors such as healthcare processes, access to care, and
broader societal effects like systemic biases. Here, we introduce MaxGCP, a pheno-
typing method designed to purify the genetic signal in observational data. MaxGCP
optimizes a phenotype definition to maximize its coheritability—the genetic covari-

ance between two traits normalized by their phenotypic standard deviations—with the
complex trait of interest. Unlike previous phenotype-combination methods, MaxGCP
is phenotype-specific, has linear computational complexity in the number of features,
and does not require manual feature selection. In an analysis of stroke, we found that
MaxGCP boosts study power by more than 13 percent compared to conventional,
single-code phenotype definitions. MaxGCP is a powerful tool for genetic discovery in
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observational data, and we anticipate that it will be broadly useful for studying com-
plex diseases using observational data.

Author summary

Genome-wide association studies (GWAS) seek to identify genetic variants as-
sociated with disease risk. However, phenotype definitions derived from electron-
ic health records contain substantial environmental noise that reduces statistical
power. We developed MaxGCP, a method that constructs optimized phenotype
definitions by combining multiple observed phenotypes (e.g., diagnosis codes)
into a single index that maximizes the shared genetic signal with a target dis-
ease. MaxGCP requires only summary-level genetic covariance estimates and

a phenotypic covariance matrix, and it has an exact, closed-form solution that
scales linearly with the number of input phenotypes. In simulations and real-data
analyses of stroke and Alzheimer’s disease using the UK Biobank, MaxGCP
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consistently improved GWAS sensitivity compared to conventional single-code
phenotype definitions, with the strongest gains observed when high-quality
genetic covariance estimates were available. MaxGCP is freely available as a
Python package and can be applied broadly to improve genetic discovery in
observational data.

1. Introduction

The genetic basis of complex disease remains imperfectly characterized despite
decades of theoretical and experimental advances and thousands of studies into the
genetics of various complex diseases [1]. Piecing apart this causality will involve—
among many other things—characterizing the associations between individual genetic
variants and disease risk for millions of genetic variants and thousands of phenotypes.
Observational data provide a practical source of information about complex diseases
due to their abundance, representativeness, low cost to use, and the fact that they
have already been collected. However, observational data bring additional challenges
such as incompleteness, noise, and bias [2], which reduce study power [3,4].

By prioritizing genetic over environmental causes, careful phenotype definitions are
one way to strengthen the genetic signal available in observational data [5—7]. Com-
plex phenotypes are often correlated, leading researchers to analyze multiple pheno-
types at once in the hopes of increasing study power [8]. However, combining related
phenotypes in an optimal way is challenging, and previous work has dealt primarily
with combining phenotypes that are known a priori to be related to the phenotype of
interest [6,7,9]. Such approaches are inapplicable to phenome-wide analyses of bio-
bank datasets, in which thousands of phenotypes are available. Moreover, by requiring
features to be pre-selected, such methods are not able to incorporate weak genetic
signals across large numbers of seemingly unrelated phenotypes. A method that can
be applied to thousands of phenotypes without manual feature selection could increase
power for phenome-wide studies. Existing multi-trait methods such as MTAG [10] are
phenotype-specific but require pairwise LD score regressions among all features, result-
ing in quadratic computational complexity that limits scalability to large feature sets.

Here we present MaxGCP, a new statistical method for defining phenotypes in
GWAS. MaxGCP fits a linear combination of phenotypes to maximize coherita-
bility—the genetic covariance between two traits normalized by their phenotypic
standard deviations—with the phenotype of interest. Because MaxGCP optimizes
for genetic signal relevant to a specific target trait, irrelevant features receive
near-zero weight automatically, eliminating the need for manual feature pre-
selection. As an example, a MaxGCP phenotype (y) for stroke could be defined
as the linear combination of heart disease, hypertension, and other risk factors
(e.g., y = 1.2 x heart disease — 0.1 x hypertension + ...) that maximizes the coheri-
tability between stroke and y. By boosting the genetic signal using information from
other phenotypes, this method is able to reduce environmental noise and improve
GWAS power.
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2. Results

The goal of MaxGCP is to fit a phenotype y to maximize the coheritability between y and z, the target phenotype. In the
previous example, y = 1.2 x heart disease — 0.1 x hypertension + . . ., the features are heart disease, hypertension, etc.,
and the coefficients (i.e., 1.2, —0.1) are optimized by MaxGCP. A general overview of MaxGCP follows.

We chose coheritability as the optimization objective because it directly captures the quantity we seek to maximize
in GWAS: the genetic signal relative to total phenotypic noise. Coheritability is proportional to genetic covariance and
inversely proportional to phenotypic standard deviation, so maximizing it simultaneously amplifies shared genetic signal
and suppresses environmental variance. By contrast, maximizing heritability alone (as in MaxH) would not ensure rel-
evance to the target phenotype, and maximizing genetic correlation would not account for the overall noise level of the
index.

Suppose any phenotype, A, can be written as a sum of genetic and environmental components (i.e., A=ga + ea). The
coheritability between two phenotypes, A and B is

H2(A, B) = Cov(ga. gs)
Var(AVar(B)

Define an index y as a linear combination of feature phenotypes x,, ..., Xn, (i.e., y = xT3). MaxGCP finds the B that maxi-

mizes coheritability between index y and target z. Because the index is linear, MaxGCP has an exact solution. Let v be a

vector of genetic covariances between the features and the target (i.e., v; = Cov(gy,, 9;)). Let P be the covariance matrix

of the features (i.e., P;; = Cov(x;, X;)). The optimal coefficient vector can be obtained by solving a linear system and is the

following:

_Pv

e

A derivation is provided in the methods.

2.1. Evaluation using simulated data

We first evaluated MaxGCP using simulated data. In simulation, effect sizes can be known exactly, making it easy to
evaluate whether MaxGCP achieves its aims. We simulated 5000 realistic phenotypes (see Methods; S1 Fig) and com-
puted an optimal index for each phenotype using our method, MaxGCP. MaxGCP phenotypes were more heritable and
coheritable than naively defined phenotypes (i.e., presence or absence of a single diagnosis code; Fig 1). This indicates
that MaxGCP is able to prioritize specific genetic signals. When used in GWAS, MaxGCP phenotypes increased power
compared to naive phenotypes (Fig 2, S1 Table). MaxGCP’s performance depended on the quality of inputs used to fit
the model. Excellent inputs (i.e., noiseless genetic covariance estimates) result in nearly optimal performance, while poor
inputs (i.e., noisy estimates) result in worse performance.

As a sensitivity analysis, we repeated this analysis using a variety of different simulation parameters (Fig 3). The results
of this analysis are intuitive. Increasing the heritability of phenotypes increased GWAS power for all methods. Increas-
ing the genetic correlation between phenotypes had a strong positive effect on MaxGCP GWAS but little effect on naive
GWAS. Missingness (fraction of cases randomly switched to controls) reduced performance for all methods. Increasing
variance in estimates of genetic covariance decreased MaxGCP performance and had no effect on naive phenotype
GWASSs, which do not take genetic covariance into account. Overall, the results of this sensitivity analysis were consistent
with the previous results: (1) MaxGCP outperformed the naive phenotype (in sensitivity and F1, not in specificity), and (2)
noise in the genetic covariance matrix degraded performance (for all metrics).
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Fig 1. MaxGCP amplifies the genetic signal in simulated data. Shown is a comparison across phenotype definitions for 5000 simulated phenotypes.
Naive definitions are single-code binary phenotypes with missingness. MaxGCP definitions are fit using either a noisy or noiseless (“optimal”) genetic
covariance matrix. Genetic correlation and coheritability are computed relative to the naive definitions.

https://doi.org/10.1371/journal.pcbi.1014431.g001
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Fig 2. MaxGCP improves GWAS performance in simulated data. Shown are GWAS performance metrics for seven methods to define phenotypes in
simulated data. Only naive and MaxGCP can be used in real data. These are indicated by the white strip through the middle of the plot. MaxGCP noisy
and optimal provide bounds of reasonable performance, with the difference being the quality of genetic covariance estimates. Performance metrics are
computed using a p-value cutoff of 0.05 to declare variants as positive or negative, and associations are compared to those correctly identified by the
genetic component GWAS.

https://doi.org/10.1371/journal.pcbi.1014431.g002

We used a nominal p-value threshold of 0.05 for the simulation evaluation because the simulation scale (10,000 individ-
uals, 100,000 variants, 1% heritability) yields very few genome-wide significant hits for any method, making comparative
evaluation at stringent thresholds unstable. This threshold is applied uniformly across all methods and does not favor any
particular approach. We note that MaxGCP operates on the phenotype definition rather than on individual variant associ-
ations; consequently, it does not selectively target variants of any particular effect size but uniformly amplifies the genetic
signal component of the phenotype.

2.2. Real data

Next, we evaluated MaxGCP using real phenotypes from the UK Biobank. This is a more challenging comparison
because the true genetic architecture is not known. Our solution to this problem was to compare our GWAS results to
external validation data, in the form of large, high-quality GWAS that do not include samples from the UK Biobank. We
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Fig 3. Sensitivity of GWAS performance to simulation parameters. Shown are marginal variations of parameters while all others are held constant
at the realistic values. Each simulation parameter setting was simulated across 50 phenotypes and 100 replicates. GWAS performance was evaluated
as before: relative to variants correctly identified by the genetic component GWAS.

https://doi.org/10.137 1/journal.pcbi.1014431.9003

used two GWAS datasets for this task: MEGASTROKE (of which we used the “any stroke”, “ischemic stroke”, “cardio-
embolic stroke”, and “small vessel stroke” phenotypes) [11] and IGAP (Alzheimer’s disease) [12]. These studies used
clinician-adjudicated phenotypes, which are more reliable than naive observational definitions (e.g., single instances of
diagnosis codes from medical records) and, therefore, provide a high-quality reference for GWAS associations. As fea-
tures for MaxGCP, we used the 50 most common ICD-10 codes in our cohort (see Methods). We ran GWAS using Plink 2
[13] and estimated genetic covariances using SumHer [14] (see Methods for further details).

Because there is an inherent trade-off between sensitivity and specificity, we first compared methods at fixed thresh-
olds. We evaluated sensitivity at 90% specificity and specificity at 10% sensitivity. MaxGCP performed well in this evalua-
tion, with the full-cohort version performing best among all the methods for Alzheimer’s and three of the four stroke types
(Fig 4A, Table 1). At a single p-value threshold (p<0.05), MaxGCP improved sensitivity at the expense of specificity for all
five phenotypes (Fig 4B, Table 1).

Overall, we draw the same conclusions as in the simulation. First, MaxGCP can improve GWAS sensitivity. Second,
the quality of input data affects MaxGCP’s performance. MaxGCP showed excellent performance in the full cohort, but
it underperformed in the subsampled cohort, where estimates of genetic covariance are less accurate. Third, MaxGCP
improves sensitivity at the expense of specificity. Fourth, MaxGCP improves sensitivity more than it lowers specificity,
meaning overall performance is generally superior (e.g., when comparing methods at equal specificity). We note that
absolute sensitivity values are low for all methods (e.g., ~12% for MaxGCP vs ~6.5% for naive at p<0.05 for any stroke),
reflecting the inherent difficulty of cross-cohort variant replication due to differences in genotyping platforms, imputation
strategies, and cohort sizes between the UK Biobank and the reference GWAS. The relevant comparison is therefore the
relative improvement, which consistently favors MaxGCP.
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Fig 4. GWAS performance for real data. Phenotype definitions are compared in their ability to match variant associations with the MEGASTROKE and
IGAP GWASSs. Each analysis was performed in both the full and subsampled cohorts (N=350k and N =15k, respectively). A Sensitivity and specificity
are evaluated at 90% specificity and 10% sensitivity, respectively, providing a fair comparison across methods. B Sensitivity and specificity are evaluated
using a single p-value threshold (p < 0.05).

https://doi.org/10.1371/journal.pcbi.1014431.g004

MaxGCP prioritizes relevant features, including known risk factors like heart disease for stroke and type 2 diabetes for
Alzheimer’s (Fig 5 and S2 Table). The top features for stroke phenotypes were cerebral infarction itself (ICD-10 code 163),
acute ischemic heart disease (code 124), and pulmonary heart diseases (127). For Alzheimer’s disease, the top MaxGCP
features were Alzheimer’s disease (G30), pulmonary heart diseases (127), and type 1 diabetes (E10), with the latter two
having negative coefficients.

MaxGCP coefficients are driven by both genetic and phenotypic covariance. Genetic covariance estimates were
strongly, though imperfectly, correlated to MaxGCP coefficients (Pearson correlations between 0.54 and 0.94; Fig 6). In
other words, the MaxGCP coefficient for a feature (e.g., hypertension) is predicted by the strength of genetic covariance
between the feature and the target (e.g. Alzheimer’s disease). The fact that this correlation is not perfect suggests that
MaxGCP correctly includes information about phenotypic covariances, which in effect minimizes phenotypic variance
while maximizing genetic covariance.
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Table 1. GWAS performance in real data. “P-value” results were computed by applying a p-value threshold of 0.05. “Fixed” results were com-
puted by applying a fixed threshold to one metric (either 90% specificity or 10% sensitivity) and evaluating performance in the other. In both
cases, predicted associations were compared to those made in the corresponding target GWAS (MEGASTROKE or IGAP). These values are
the same as shown in Fig 4.

P-value Fixed

Target Cohort Phenotype Sens. Spec. Sens. Spec.
Any stroke N =350k MaxGCP 0.120 0.910 0.130 0.929
Naive 0.065 0.947 0.114 0.913

N=15k MaxGCP 0.055 0.947 0.101 0.901

Naive 0.057 0.948 0.105 0.906

Ischemic stroke N =350k MaxGCP 0.120 0.911 0.132 0.931
Naive 0.065 0.947 0.113 0.913

N=15k MaxGCP 0.054 0.948 0.104 0.904

Naive 0.057 0.948 0.105 0.905

Cardioembolic stroke N =350k MaxGCP 0.075 0.931 0.108 0.909
Naive 0.059 0.947 0.107 0.906

N=15k MaxGCP 0.052 0.947 0.098 0.898

Naive 0.055 0.948 0.102 0.902

Small vessel stroke N =350k MaxGCP 0.083 0.924 0.109 0.909
Naive 0.062 0.947 0.110 0.909

N=15k MaxGCP 0.061 0.944 0.104 0.904

Naive 0.060 0.948 0.108 0.908

Alzheimer’s N =350k MaxGCP 0.065 0.948 0.117 0.915
Naive 0.059 0.950 0.115 0.914

N=15k MaxGCP 0.050 0.950 0.102 0.902

Naive 0.053 0.950 0.104 0.904

https://doi.org/10.1371/journal.pcbi.1014431.t001

MaxGCP GWAS identified target peaks that are not present in the naive GWAS but are in the target (S2 Fig and
S3 Fig). If MaxGCP functions as expected, then a Manhattan plot of its GWAS results should look more similar to the
target (e.g., MEGASTROKE) than the naive phenotype itself (e.g., ICD-10: 163). Moreover, MaxGCP results should
not resemble the results for a top feature more than they resemble the target, as this would suggest that MaxGCP
increases the number of hits by including false positives. Comparisons of Manhattan plots from this analysis confirm
that MaxGCP is performing correctly, providing additional evidence that MaxGCP correctly identifies phenotype-specific
information.

2.3. Comparison to MTAG

We compared MaxGCP’s performance in real data to MTAG [10]. We were not able to perform a full comparison for two
reasons. First, MTAG requires pairwise LD score regressions among all feature phenotypes. As a consequence, the num-
ber of LD score regressions required for MTAG grows quadratically in the number of features used. MaxGCP, on the other
hand, requires only a linear number. Because of this, the MTAG comparison was not computationally feasible for us using
large numbers of features (e.g., 2 50). Second, because the IGAP Alzheimer’s disease GWAS summary statistics do not
include allele frequencies, we excluded Alzheimer’s from this comparison.

For this comparison, we used four different phenotype methods: the naive phenotype (a single ICD code), MTAG
(with 10 features), MaxGCP (with 10 features), and MaxGCP (unrestricted features). The unrestricted MaxGCP was the
model used previously, where features are selected for each phenotype using quality control only. For the fixed feature
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the target phenotype (i.e., stroke on the left, Alzheimer’s on the right) and the feature phenotype. Shown are the same features as in Fig 5 and S2 Table.

https://doi.org/10.1371/journal.pcbi.1014431.9006

comparisons, we selected the 10 features in decreasing order of their absolute genetic correlation to the target pheno-
type, as this is the most natural and method-agnostic selection criterion given the available information. These features
substantially overlap with, but are not identical to, the features receiving the highest weights in the unrestricted MaxGCP
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model, because MaxGCP coefficients are correlated with but not identical to genetic correlations (Fig 6). Because the
p-value cutoff plays such a large role in performance in this comparison, we evaluated across a range of p-value cutoffs.

We found that MaxGCP performs similarly to or better than the naive phenotype throughout this comparison. Without
restricting the number of features used, MaxGCP outperformed MTAG throughout this comparison. With only 10 features,
MaxGCP performed similarly or slightly better than MTAG in all comparisons. For example, with a p-value cutoff of 0.05,
MTAG outperformed MaxGCP-10 for the All stroke phenotype (MTAG sensitivity at 95% specificity was 0.089, MaxGCP
was 0.085) when using 10 features for both methods. However, with a p-value cutoff of 0.005, MaxGCP-10 performed
better in the same metric (MTAG: 0.137, MaxGCP 0.144).

Fig 7 shows the results of this comparison. Overall, MaxGCP was the best performing method, particularly when unre-
stricted in the features it could use. MTAG performed well for all stroke and acute ischemic stroke, but underperformed for
cardioembolic stroke. Compared to MTAG, MaxGCP has the advantages of significantly better computational complexity
and no dependence on allele frequency information. This allowed us to use far more features for MaxGCP than for MTAG,
leading to improved performance and reduced computation time.

3. Discussion

Here we described MaxGCP, a method for defining phenotypes in observational data. MaxGCP takes two inputs—a
phenotypic covariance matrix (feature phenotypes x feature phenotypes) and a vector of genetic covariance estimates
(feature phenotypes x the target phenotype)—and it fits a linear combination to maximize coheritability with a target
phenotype. Our analysis used both real and simulated data and provided two takeaways. First, MaxGCP improves the
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Fig 7. Comparison between MTAG and MaxGCP. Shown are the sensitivities and specificities of MaxGCP and MTAG across three stroke pheno-
types and a range of p-value cutoffs (0.05 to 5 x 1078). The top row shows sensitivity (at 95% specificity) and the bottom row shows specificity (at 10%
sensitivity). Four phenotype methods are compared: MaxGCP (unrestricted, using all available features), MaxGCP* (restricted to 10 features), MTAG*
(using the same 10 features), and Naive (a single ICD-10 code). The key result is that MaxGCP (red) performs comparably to or better than MTAG*
(teal) across all phenotypes and thresholds.

https://doi.org/10.137 1/journal.pcbi.1014431.g007
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performance of GWAS. It increased power throughout our comparisons. While it reduces specificity, it increases sensi-
tivity more than it reduces specificity, meaning that, overall, it performs better. Second, MaxGCP’s performance depends
on the quality of inputs used. In real data, MaxGCP approximately doubled GWAS sensitivity relative to naive phenotype
definitions (e.g., from 6.5% to 12.0% for any stroke at p<0.05; Fig 4). While both absolute values are low—reflecting the
inherent difficulty of cross-cohort variant replication—the relative improvement demonstrates that MaxGCP successfully
amplifies genetic signal. However, MaxGCP can reduce power given poor estimates, meaning that quality control is critical
when applying MaxGCP.

Phenotype-specificity is the key feature that distinguishes MaxGCP from most previous methods. Large, multi-
phenotype datasets like the UK Biobank include many phenotypes that are not obviously related to one another (e.g.,
motor vehicle collisions and hair color). Previous methods like MaxH also optimize a linear phenotype definition for genetic
signal, but they do not restrict to a specific genetic signal. A nonspecific method like MaxH cannot be naively applied to
data like the UK Biobank, because a maximally heritable phenotype definition may not have any relation to the specific
phenotype under consideration. For example, it may be the case that a combination of eye color and height produces the
most heritable phenotype definition in a dataset, but this is not helpful for a researcher interested in the genetics of stroke.
Unlike previous methods such as MaxH, MaxGCP can be applied without pre-selecting features based on relevance.

MaxGCP can be applied broadly, but its application merits some consideration. First, the quality of inputs is very
important to MaxGCP performance. In particular, this means that only high-quality genetic covariance estimates should be
used. Estimates that imply out-of-bounds values (e.g., heritability less than zero) or have large standard errors (e.g.,>2),
should be excluded. In our analysis of real data, we used the most common ICD codes and large cohorts to give reliable
genetic covariance estimates, and we excluded features according to the above criteria. However, applying MaxGCP
to thousands of features without additional or more stringent quality control may lead to poor fits due to the combined
effects of many noisy estimates. There are likely additional filters, adjustments, and quality control steps that could be
used to further improve performance in such cases. Overall, researchers applying MaxGCP should pay careful attention
to the quality of genetic covariance estimates used as inputs to the model and should remove features that do not have
high-quality estimates.

MaxGCP may not be appropriate in all settings. Specifically, we caution against using MaxGCP when (1) genetic cova-
riance estimates are unreliable, such as when cohort sizes are small (we recommend N>50,000 based on our subsam-
pling analysis) or when feature phenotypes are rare, yielding noisy estimates; (2) the target phenotype has low genetic
correlation with available feature phenotypes, in which case MaxGCP has little information to exploit; or (3) the goal is
confirmatory analysis where specificity is prioritized over sensitivity, as MaxGCP trades specificity for sensitivity gains. In
such cases, conventional single-code phenotype definitions may be preferable. MaxGCP is also inherently robust to the
number of input features: irrelevant features receive near-zero weight because they have low genetic covariance with the
target trait (Fig 6), and quality control on genetic covariance estimates naturally limits the effective feature set. This is con-
sistent with recent work showing that adding genetically uninformative traits to multi-trait GWAS does not monotonically
increase power [15]. We recommend including all features with reliable genetic covariance estimates rather than attempt-
ing to optimize the feature count.

We compared MaxGCP to MTAG, a previous method that is phenotype-specific. This comparison was not straightfor-
ward due to differences in the methods. For one, the MTAG software does not separate features and targets in the same
way MaxGCP does. When running MTAG, one specifies a set of GWAS summary statistic files, and MTAG generates
MTAG summary statistics corresponding to every input file. This means that MTAG must compute pairwise LD score
regressions among all phenotypes. Conversely, MaxGCP only requires genetic correlation estimates between the features
and target, so the number of LD score regressions needed grows linearly, not quadratically, in the number of features.

Due to high computational costs, MTAG could not be run for large numbers (= 50) of phenotypes in this study. This
particularly complicated the analysis because we needed to select which features should be included. For example, when
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the target phenotype was acute ischemic stroke, the features were the 10 phenotypes with the largest absolute genetic
correlation to the target (i.e., acute ischemic stroke). While MaxGCP coefficients are correlated with genetic covariance
estimates, this is not necessarily an optimal feature selection mechanism. Overall, we found that MaxGCP performed
similarly to or better than MTAG. In addition, MaxGCP is faster, with its main computational cost growing linearly in the
number of features, while MTAG grows quadratically due to pairwise LD score regressions.

MaxGCP’s performance varied across phenotypes in the real data analysis, with the strongest improvements observed
for any stroke and ischemic stroke, and more modest gains for Alzheimer’s disease. Several factors likely contribute
to this variation. First, the stroke phenotypes have higher genetic correlations with available feature phenotypes (e.g.,
cerebral infarction, ischemic heart disease, hypertension), providing MaxGCP with more informative signal to combine.
Second, the genetic architecture of stroke subtypes involves substantial pleiotropy with cardiovascular risk factors that
are well-represented among common ICD-10 codes, whereas Alzheimer’s disease has a more distinct genetic basis
dominated by the APOE locus, with fewer genetically correlated features in the available feature set. Third, stroke-related
codes are more prevalent in the UK Biobank than Alzheimer’s-related codes, leading to more reliable genetic covariance
estimates for stroke features.

MaxGCP relies on estimated genetic covariances, which may be biased by indirect genetic effects. For example,
consider the relationship between type 2 diabetes and the ZIP code that one inhabits. ZIP code does not have a genetic
basis, but neighborhood segregation along ancestry lines creates an association between genetics and ZIP code. As a
consequence, a study which does not fully adjust for the effects of ancestry could find a genetic correlation between ZIP
code and type 2 diabetes, even though the relationship is not causally genetic. MaxGCP coefficients are correlated with
genetic covariance estimates, so biases like this will bias MaxGCP. To mitigate such biases, we recommend several prac-
tical steps: (1) using LD score regression intercepts as a diagnostic, where large intercepts suggest confounding and the
corresponding genetic covariance estimates should be down-weighted or excluded; (2) restricting to genetically homoge-
neous cohorts or including sufficient principal components as covariates in the upstream GWAS; (3) examining MaxGCP
coefficients for biologically implausible features that may indicate confounding (e.g., socioeconomic proxies receiving
large weights); and (4) comparing MaxGCP results across ancestry-stratified subgroups when possible. Future work could
address this more directly, for example by devising a method in which MaxGCP penalizes genetic covariance estimates
that are likely biased by population stratification.

As is a common approach in GWAS, we primarily considered binarized variant associations using p-value cutoffs. Here,
we were interested in validating the method, so our choice of p-value cutoff was arbitrary. We used a larger (i.e., more
lenient) p-value cutoff (0.05) to ensure that enough hits were present to evaluate the method. Accordingly, the sensitivity
and specificity values reported here may not reflect performance under typical GWAS cutoffs (i.e., 5 x 1078). However, as
shown in various studies over the last 15 years, the majority of SNP heritability is not captured by genome-wide significant
variants but by many variants with small effects that do not reach statistical significance in current cohorts [16,17]. Thus,
while we use more lenient p-value cutoffs, our results may still be informative about the variants/effects underlying the true
genetic architecture of the phenotypes.

In terms of computational requirements, MaxGCP’s optimization step is negligible: solving a linear system of dimen-
sion m (number of features) completes in under one second for m=50 on a standard laptop. The dominant cost is the
upstream estimation of genetic covariances, which requires one LD score regression per feature for MaxGCP (O(m))
versus one per feature pair for MTAG (O(m?)). For m=50 features, this translates to 50 regressions for MaxGCP versus
1,275 for MTAG. Each LD score regression takes approximately 5—10 minutes on a single CPU core, so the wall-clock
time difference is substantial: 4-8 hours for MaxGCP versus 100-200 hours for MTAG (before parallelization). This (O(m))
vs (O(m?)) scaling is the primary reason we were unable to run MTAG with 50 or more features in this study.

The sensitivity-specificity tradeoff observed with MaxGCP warrants discussion in terms of practical GWAS applications.
In genetic discovery settings—where the goal is to identify novel loci for downstream validation—sensitivity is typically
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prioritized over specificity, as false positives can be filtered through replication and fine-mapping. MaxGCP is therefore
best suited for discovery-oriented analyses. For confirmatory analyses where specificity is paramount, users may prefer
conventional phenotype definitions or apply more stringent p-value cutoffs.

Although we evaluated MaxGCP using binary ICD-10 code features, the method is formulated for any phenotypes with
estimable genetic and phenotypic covariances. The mathematical framework applies equally to continuous phenotypes
such as biomarker levels and quantitative traits. We used binary features because they are the most common phenotype
representation in biobank EHR data, but continuous trait applications are a natural extension. Furthermore, MaxGCP
produces a single optimized phenotype definition per target, so a MaxGCP-enhanced phenome-wide association study
(PheWAS) would involve the same number of hypothesis tests as a conventional PheWAS, and standard multiple testing
corrections (e.g., Bonferroni, FDR) can be applied in the usual way.

We used ICD-10 diagnosis codes as features because they are universally available in biobank-scale EHR data, mak-
ing our results broadly reproducible. However, MaxGCP can accept any phenotype with estimable genetic covariance as a
feature, including laboratory values, medication records, NLP-derived phenotypes, or curated phenotype algorithms, and
richer feature sets may further improve performance. Our analysis was restricted to White British participants from the UK
Biobank to reduce population stratification in genetic covariance estimates. Extending MaxGCP to multi-ancestry cohorts
is an important future direction that would require ancestry-stratified analyses or cross-ancestry genetic covariance esti-
mation methods.

A major limitation of the current analysis is that the reference GWAS are not well-captured by either naive or MaxGCP
phenotypes (i.e., the overall sensitivity was low). We directly compared associated variants, but this is far from a perfect
method of evaluation. In particular, differences in sequencing technology and imputation can lead to differences in GWAS
results. As a potential future direction, we could consider whether GWAS associations are colocated with one another,
as this would provide a more robust evaluation of the method and reduce the effects of unrelated technical choices in the
production of reference GWAS. In future work, we also plan to evaluate MaxGCP using a more diverse set of phenotypes,
as the current evaluation was limited to stroke and Alzheimer’s disease.

4. Methods

MaxGCP seeks to boost the power of GWAS by prioritizing the genetic component of a phenotype definition. To simplify
this work, we focus on linear combinations of feature phenotypes, which we refer to here as indices. The heritability,
coheritability, and genetic correlation of an index can be written in terms of the feature phenotypes. This fact allows us to
optimize coheritability efficiently. Define an index (y) as a linear combination of (feature) phenotypes (x4, ..., Xm), where
is an arbitrary coefficient vector.

y=x78

Denote the genetic and phenotypic covariance matrices of the feature phenotypes as G and P, respectively (i.e.,

Gij = Cov(gx;, 9x) and P;; = Cov(x;, X;)). Denote the vector of genetic covariances between z and each feature phenotype
as v (i.e., v; = Cov(gy, g-)). Using this notation, the definitions of heritability, genetic correlation, and coheritability are as
follows:

h2 T - BTGﬁ
(x7B) BTPS (1)
rg(z,xTB) = BTV

Vv Var(g;) BTG (2)
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__Bv
v/Var(z) BTPB (3)

hi(z.x7B) =

4.1. Coheritability optimization

To boost the genetic signal of an index, we seek to amplify genetic covariance while minimizing phenotypic variance.
Conheritability is the appropriate objective for this task, as it is proportional to genetic covariance and inversely
proportional to phenotypic variance. We seek to find coefficients that maximize the coheritability between y and z

(e, B= argmaxg h2(xTB, z)). Note that the coheritability does not change based on a scaling of 3. Accordingly, we can
require that 3 be scaled so that the resulting index has unit variance. This allows us to simplify the problem to the follow-
ing: maximize (w.r.t. ) BTv subject to BTPS = 1. This can be solved using a Lagrange multiplier approach.

L=RTV=ABTP5-1)

VgLl =v-=2\Pj
VAL=BTPS -1
We set the gradient equal to zero and solve.
.V
Pp = 2
Applying the constraint, we can find A:
AT AT
—aTpp=P YV _ =PV
1=BPB \ = A >
This allows us to rewrite the gradient equation:
. v
PR = -
B'v

The phenotypic covariance matrix P is positive semi-definite by construction and is typically positive definite in practice
unless features are perfectly collinear. In our analysis, the ICD-10 code features are correlated but not perfectly collinear,
ensuring invertibility. If near-singularity were encountered (e.g., with very large or redundant feature sets), standard reg-
ularization approaches such as ridge-type shrinkage (P + Al) could be applied. Our Python implementation uses numpy .
linalg.solve, which raises an error for singular matrices, alerting the user. We scale the result to ensure the index has
unit variance, and obtain the solution as follows:

_Pv
VTPV (4)

>

To summarize, a set of coefficients [3 that maximize the coheritability between x73 and an arbitrary phenotype z can be
determined by solving the linear system P = v and scaling the resulting coefficients by /BTPf.

4.2. Implementation

As shown above, MaxGCP is a straightforward operation that can be computed by libraries in nearly every programming
language. We implemented this in a Python package [18] in order to pair the method with related functionality. Specifically,
we added summarization functions that compute the heritability, genetic correlation, coheritability, and genetic loss given
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fitted coefficients, using Equations 1, 2, and 3, as well as methods to optimize heritability or genetic correlation instead of
coheritability.

4.3. Simulation analysis

Real genotypes from the UK Biobank—10,000 (White British, QC-passing) individuals and 100,000 (imputed, Hap-
Map3, QC-passing) variants—were used as the foundation for the simulation. We simulated 100 sets of 50 pheno-
types, each with 5000 cases and controls, with a 1% mean heritability, 50% of variants having shared effects, zero
mean phenotypic covariance, and 10% missingness using PhenotypeSimulator [19]. These parameters were cali-
brated against real data: we estimated the heritability, genetic correlation, and phenotypic correlation of the 20 most
common ICD-10 codes in the UK Biobank and set simulation parameters to produce distributions matching or more
conservative than the observed values (see S1 Text; S1 Fig). For comparisons, positives were defined as variants
simulated to be causal that were associated with nominal statistical significance (p<0.05) in the genetic compo-

nent GWAS. Negatives were defined as the opposite: non-causal variants with no statistically significant association
detected in the genetic component GWAS. We qualified on the genetic component GWAS because this is the optimal
GWAS phenotype and allows us to isolate the relevant performance of different methods from undesired randomness
in the simulation.

We compared seven phenotype definitions in the simulation. The first two represent the simulation—the simulated
continuous phenotypic liability (“liability”), and the binarized liability (“binary”)—and are not observable in real data. The
binarized liability with missingness (“naive”) represents our best attempt at a realistic phenotype. MaxGCP models were
fit using both noisy and noiseless genetic covariance matrices (“MaxGCP noisy” and “MaxGCP optimal”). Finally, we
included two phenotypes that can only be observed in simulation. The optimal linear combination of phenotypes (“optimal
linear”) was determined by directly regressing genetic components against phenotypes, and it represents the upper bound
for the performance of a linear phenotype definition. The genetic component of each phenotype (“genetic component”) is
included as it defines perfect performance.

4.4. Real data analysis

We used real data from the UK Biobank. Because we used the data to estimate genetic covariances, we applied

the following QC filters: only White British individuals, excluded mismatched sex, outliers for heterozygosity or miss-
ingness, sex chromosome aneuploidy, relatedness to other participants, or those not included in the computation of
genetic principal components. We used only imputed HapMap3 variants and excluded variants with high missing-
ness. For feature phenotypes, we used ICD-10 diagnoses. We used SumHer [14] to estimate the genetic covariance
between phenotypes. The GWAS inputs to SumHer were computed using Plink 2 with age, sex, and 10 genetic princi-
pal components as covariates. For each MaxGCP phenotype, we included the 50 most common ICD-10 codes in our
cohort as features. This threshold balances informativeness against estimation noise: genetic covariance estimation
via LD score regression becomes unreliable for low-prevalence binary phenotypes [20,21], and recent work on trait
selection in multi-trait GWAS has shown that including genetically uninformative traits does not monotonically increase
power [15]. After estimating genetic covariances between each feature and each target, we excluded features that
had invalid estimates for a given target. We verified that neither the MEGASTROKE consortium nor the IGAP study
included UK Biobank participants, ensuring no sample overlap between the discovery and validation datasets. The
SumHer tagging files used for genetic covariance estimation were computed from European-ancestry samples, con-
sistent with our White British cohort. The simulation code and all analysis scripts are available in the GitHub reposi-
tory, and the MaxGCP optimization is fully deterministic given fixed inputs. Extensive details about data collection and
preparation are available in the supplement.
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Supporting information

S1 Text. Supplementary methods. Details of UK Biobank data processing and simulation parameters.
(DOCX)

S$1 Fig. Distributions of heritability and correlation in real and simulated data. Shown is a comparison between
simulation and the 20 most common ICD-10 codes in the UK Biobank, in terms of heritability, genetic correlation, and
phenotypic correlation. The simulated phenotypes were generated using PhenotypeSimulator with expected heritability
0.01, genetic correlation 0.5, and phenotypic correlation 0. These simulation parameters were chosen so that the resulting
simulation is similar or more conservative than the real data shown.

(TIF)

S2 Fig. Comparison of GWAS results for stroke. Shown are GWAS summary statistics for the target, MaxGCP phe-
notype, naive phenotype, and top feature for the MEGASTROKE “Any stroke” phenotype. MEGASTROKE shows the
MEGASTROKE “Any stroke” GWAS summary statistics. MaxGCP shows the corresponding MaxGCP phenotype. Stroke
shows the naive equivalent phenotype, defined as a single occurrence of any ICD-10 code starting with 163. The final
facet shows GWAS summary statistics for pulmonary heart disease, the top feature in MaxGCP besides stroke itself.
(TIF)

S3 Fig. Comparison of GWAS results for Alzheimer’s disease. Shown are GWAS summary statistics for the target,
MaxGCP phenotype, naive phenotype, and top feature for the IGAP Alzheimer’s disease phenotype. IGAP shows the
IGAP GWAS summary statistics directly. MaxGCP shows the corresponding MaxGCP phenotype. Alzheimer’s shows the
naive equivalent phenotype, defined as a single occurrence of any ICD-10 code starting with G30. The final facet shows
GWAS summary statistics for type 2 diabetes mellitus, the top feature in MaxGCP besides Alzheimer’s disease itself (ICD-
10 code G30).

(TIF)

S1 Table. GWAS performance of each phenotype definition in simulation. Each reported metric is the median of
per-phenotype values. A p-value cutoff of 0.05 was used to declare variants as predicted positives or negatives, and
associations were compared to those correctly identified by the genetic component GWAS, making it perform perfectly by
construction. Methods marked by an asterisk (*) are unobservable in real data.

(DOCX)

S2 Table. MaxGCP coefficients for each target phenotype. Shown are selected features for each target phenotype.
Each MaxGCP phenotype had a slightly different set of input features due to the QC process, in which noisy genetic cova-
riance estimates were removed. Genetic correlations and standard errors were estimated using SumHer and the LDAK-
Thin model.

(DOCX)
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