
R E S E A R C H Open Access

© The Author(s) 2026. Open Access  This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you 
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the 
licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​
v​e​c​​o​m​m​​o​n​s​.​​o​r​​g​/​l​​i​c​e​​n​s​e​s​​/​b​​y​-​n​c​-​n​d​/​4​.​0​/.

Mansel et al. BMC Medical Genomics           (2026) 19:84 
https://doi.org/10.1186/s12920-026-02362-1

BMC Medical Genomics

*Correspondence:
Clayton O. Mansel
cmansel@kumc.edu

Full list of author information is available at the end of the article

Abstract
Background  Recent genome-wide association studies for Alzheimer’s Disease and related dementias (ADRD) have 
increased statistical power via larger analysis datasets from biobanks by (1) including non-age-matched controls and 
prevalent cases, and/or (2) including individuals who report a family history of ADRD as proxy cases. However, these 
methods have the potential to increase noise and distort genetic associations which are important for genomic-
informed prevention and treatment of ADRD. Here, we sought to understand how the effect sizes of genetic 
associations in ADRD could be sensitive to these methodological choices, using APOE genotypes as an example.

Methods  Participants in the All of Us Research Program over the age of 49 at enrollment (n = 229,722) were 
assigned one of four categories: incident ADRD (developed after enrollment in All of Us), prevalent ADRD (present on 
enrollment), proxy ADRD (participant noted a family history of ADRD), and control (no history or diagnosis of ADRD). 
ADRD diagnoses were determined using available electronic health records and APOE genotype was determined 
using whole-genome sequencing. Effect sizes for the associations between APOE risk alleles and ADRD diagnoses 
were compared using polychotomous logistic regression and presented as adjusted generalized ratios (AGR).

Results  The mean age of the cohort was 64 ± 9 years, and it was 57% female; 65% clustered predominantly with 
European genetic reference populations. Among the participants, 733 (0.3%) had prevalent ADRD, 684 (0.3%) 
had incident ADRD, and 19,186 (8.4%) reported a family history of ADRD (proxy ADRD). The effect size for APOE 
ε4 heterozygote was similar for proxy ADRD (AGR [95% CI]: 2.10 [1.96–2.24]) but attenuated for prevalent ADRD 
(1.38 [1.17–1.63]) compared to incident ADRD (2.13 [1.81–2.50]). For APOE ε4 homozygotes, the effect sizes were 
significantly attenuated in both proxy (3.53 [2.93–4.26]) and prevalent (3.12 [2.20–4.45]) ADRD. Furthermore, APOE and 
ADRD association effect sizes increased when restricting the control (no ADRD) group to older age brackets.
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Background
Alzheimer’s Disease and related dementias (ADRD) are 
a devastating class of progressive neurodegenerative 
diseases of which over 7 million are affected in the U.S. 
alone and there is no cure [1, 2]. AD in particular has a 
long prodromal preclinical phase in which biomark-
ers such as glucose hypometabolism and amyloid-beta 
plaques appear in the brain years before noticeable cogni-
tive decline [3]. This has led to efforts for early detection 
and prevention, including genomic-informed risk assess-
ments given that ADRD is highly heritable [4]. These 
genomic-informed risk assessments rely on inferences 
drawn largely from case-control and observational study 
designs and are thus subject to well-documented selec-
tion and survival bias [5–7]. In an effort to increase sam-
ple size and thus statistical power, recent genome-wide 
association studies (GWAS) for ADRD have incorpo-
rated observational data from large biobanks such as the 
UK Biobank and All of Us Research Program [8, 9]. This 
has led to controversies including the use of so-called 
“proxy cases” in which an individual with a self-reported 
family history of ADRD in a first degree relative, but no 
evidence of cognitive decline, is included as a proxy case 
[10]. For example, in a recent GWAS for ADRD, 49,275 
out of 111,326 total cases were proxy cases from the UK 
Biobank [8].

The proportion of individuals in modern ADRD GWAS 
that come from biobanks is quickly dwarfing ADRD-
specific cohorts, despite their potential biases [5, 11, 
12] and challenges with identifying clinical ADRD cases 
using electronic healthcare records (EHR) [13]. When 
an individual enrolls in a biobank such as the UK Bio-
bank, he or she often consents to adding years of pre-
vious EHR records [14], including potential diagnoses 
of ADRD. Because individuals cannot have cognitive 
impairment when they give informed consent, this can 
lead to a cohort of “prevalent cases” (i.e., cases diagnosed 
prior to enrollment in a biobank) that are healthier or 
decline slower than the general population. In addition 
to clinical cases, biobank proxy cases can be plagued by 
non-participation bias in optional family health history 
questionnaires—which have been shown to have genetic 
predictors of participation, including variants associated 
with ADRD [15]. Previous studies have shown downward 
bias in the effect size estimates for ADRD risk alleles 
when using proxy cases in the UK Biobank [16, 17]. We 
note that the UK Biobank has been shown to be healthier 
than the general UK population [18] while participants in 

the All of Us Research Program have higher disease prev-
alence compared to the general U.S. population [19]. It is 
currently unknown if this alleviates the downward bias of 
prevalent and by-proxy disease sampling shown in previ-
ous studies in the UK Biobank.

Among the most consistently replicated GWAS loci for 
ADRD is the APOE genotype which is a strong predic-
tor of disease liability, currently explaining more pheno-
typic variability than polygenic scores constructed from 
hundreds of small-effect loci derived from GWAS [4, 
20, 21]. Individuals with one copy of the APOE ε4 allele 
have a 3–4 fold increases risk for AD while two copies of 
ε4 carries a 12–15 fold increased risk [22, 23]. As such, 
APOE genotyping is currently recommended as a part 
of evidence-based ADRD prevention [24] and is likely 
to be a part of genomic-informed ADRD care prior to 
polygenic scores which require much more optimiza-
tion [21, 25, 26]. Given these previous studies, we sought 
to understand how genetic associations in ADRD could 
change depending on the definition of disease, using 
APOE as an example for an effect likely present in many 
genes. We leverage the All of Us Research Program, a 
multisite, U.S.-based biobank, including many individu-
als from backgrounds whose health outcomes have not 
been extensively studied in biomedical research [27]. Our 
study provides early insight into whether the biases of 
proxy cases and incident vs. prevalent disease sampling 
is present in one of the most populous and diverse bio-
banks in the world.

Methods
All of Us and inclusion criteria
The All of Us Research Program is a longitudinal, multi-
site biorepository of participants’ health data including 
surveys, EHR, and other data linked to genomic data 
including whole-genome sequencing (WGS) [27, 28]. 
It began enrollment nationally in 2018. EHR data from 
dozens of healthcare providers across the U.S. are har-
monized using the Observational Medical Outcomes 
Partnership (OMOP) Common Data Model [29]. The 
data were acquired under the Data Use and Registration 
Agreement between the University of Kansas Medical 
Center and All of Us. As of March 2025, 633,540 par-
ticipants had completed initial consent and enrollment 
for the Curated Data Repository v8. Participants were 
included in the present study if they (1) had available 
EHR data (2) had WGS data for APOE genotyping (3) 
were assigned male or female at birth and (4) were over 

Conclusions  Our study highlights how genetic associations with ADRD can be sensitive to how cases are defined 
in biobanks like All of Us, with effect sizes downwardly biased when using prevalent or by-proxy cases compared to 
incident cases.
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the age of 49 at enrollment (enrollment date ranges from 
05-31-2017 to 09-14-2023). The total sample size meeting 
these criteria was 258,693 participants.

Definition of phenotypes
To label ADRD cases, a previously validated computable 
phenotype was used which specified an individual as a 
case if they had five or more visits with matching ICD-9/
ICD-10 codes or one visit with a matching drug prescrip-
tion in their EHR record [30, 31]. Exploratory data analy-
sis revealed that 1,321 ADRD cases had a matching drug 
prescription but no visit with a matching ICD-9/ICD-10 
code—including many with drug prescriptions greater 
than 10 years prior to enrollment in All of Us (Supple-
mentary Fig. 1). We therefore excluded these individu-
als from our analyses. This means, for our study, ADRD 
cases could have either 5 or more visits with matching 
ICD-9/ICD-10 codes or a matching drug prescription 
and at least 1 visit with a matching ICD-9/ICD-10 code.

To determine incident versus prevalent ADRD, we used 
the earliest date that the individual fully met criteria (e.g., 
the fifth visit with matching codes). If that date occurred 
prior to enrolling in All of Us, the individual was labelled 
as prevalent ADRD. If it occurred after, they were 
labelled as incident ADRD. All individuals with an ADRD 
diagnosis within 1 year of enrollment were excluded 
because we could not be confident in their incident vs. 
prevalent status given the gradual onset of ADRD and 
lag between symptom onset and confident diagnosis. For 
proxy ADRD, the Personal and Family Health History 
survey was used which was filled out by (26.5%) of the 
participants included in this study and was designed for 
use in All of Us (see supplementary file). If the individual 
answered “mother”, “father” or “sibling” to the question 
“Including yourself, who in your family has had dementia 
(includes Alzheimer’s, vascular, etc.)?” they were labelled 
as proxy ADRD. All remaining individuals who did not 
meet criteria for incident, prevalent, or proxy ADRD 
were labelled control.

Participants’ age was defined as age at ADRD diagno-
sis. Sex assigned at birth was self-reported. For paren-
tal sex, father was assumed to by male and mother was 
assumed to be female. Global genetic ancestry reference 
population similarity was provided by All of Us for each 
participant and was inferred using a random forest classi-
fier trained on samples from 1,000 Genomes and Human 
Genome Diversity Project samples [28]. We assign indi-
viduals to genetically defined ancestry groups based on 
their similarity to global reference populations, with the 
understanding that these categories are imperfect proxies 
for the continuous and admixed nature of human genetic 
variation. These groupings are used solely to enable anal-
yses of genetic variation across diverse populations and 
are not intended to represent social or racial identities. 

EHR length was determined by the difference between 
the earliest and latest visit date across multiple OMOP 
Common Data Model tables.

APOE genotyping
 All of Us provides qualified researchers access to WGS 
data that has undergone quality control procedures 
outlined extensively elsewhere [28]. This study specifi-
cally used the Allele Count/Allele Frequency (ACAF) 
unphased callset comprised of single nucleotide poly-
morphisms (SNPs) meeting a population-specific allele 
frequency threshold of > 0.01 or allele count > 100. APOE 
SNPs were extracted using PLINK 1.9 and APOE geno-
types were determined based on the combined geno-
types at rs429358 and rs7412 [32] and imputed using R 
as previously described [33]. Because multiple phenotype 
groups (e.g., incident ADRD) contained APOE geno-
type counts < 20, we binned APOE genotypes into three 
groups: APOE ε4 absent (ε2/ ε2, ε2/ ε3, ε3/ ε3), APOE ε4 
heterozygote (ε2/ ε4, ε3/ ε4), and APOE ε4 homozygote 
(ε4/ ε4).

Statistical analysis
Summary statistics compared the mean (standard devia-
tion) for continuous variables and n (%) for categorical 
variables. Group level comparisons were performed via 
Pearson chi-square tests for categorical variables and 
one-way analyses of variance for continuous variables. To 
determine the association between APOE genotype and 
ADRD status, we modeled the nominal response vari-
able ADRD status using polychotomous logistic regres-
sion with a generalized logit function [34]. We included 
age at diagnosis, sex assigned at birth (or parental sex in 
the proxy cases), and global genetic ancestry as covariates 
considering extensive evidence of these variables inter-
acting with the APOE genotype to influence risk for AD 
[22, 35–37] For proxy cases, parental age was unavailable 
in All of Us. The results are presented as adjusted gen-
eralized ratios (AGRs) which can be interpreted as ratio 
of the likelihoods of each definition of ADRD compared 
to control which was the referent group. Notably, this 
approach allows for non-equal sample sizes in different 
components of these ratios (e.g., incident cases vs. con-
trols). The AGRs for APOE genotype and proxy ADRD 
were adjusted by a factor of 2 to account for the genetic 
relatedness between parent and child. This adjustment 
has been shown to be accurate for case/control odds 
ratios for alleles with small to medium effect sizes [10]. 
To ensure that this adjustment appropriate for our study, 
we compared adjusting the proxy AGR by a factor of 2 
with another method derived directly from the allele 
frequencies in the cases and controls as shown in Liu et 
al., 2017 [10] and found that the adjusted AGR is similar 
(Supplementary Table 1).
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Recent ADRD GWAS have stopped using age-matched 
controls. For example, the most recent large GWAS had 
controls with a mean age at assessment of 57.9 compared 
to 67.2 for the cases [8]. Given this, we also ran our analy-
ses using different age cut-offs in the control group (e.g., 
> 49yrs, > 59yrs, > 69yrs, > 79yrs). All analyses were per-
formed in R v4.4.0 and RStudio v2024.04.0.

Results
Of the 229,722 individuals included in the analysis data-
set, 685 (0.3%) had incident ADRD, 733 (0.3%) had preva-
lent ADRD and 19,186 (8.4%) had proxy ADRD (Table 1). 
The overall mean (standard deviation) EHR length was 
11.1 (9.7) years. Control, incident, and proxy ADRD 
majority (> 50%) assigned female at birth with the proxy 
ADRD subgroup at a notably higher proportion (64.7%) 
(Table  1). The mean age of the subgroups ranged from 
63.9 to 72.7 years. The subgroup with the highest mean 

age was incident ADRD (72.7 yrs) followed by prevalent 
ADRD (70.6 yrs), proxy ADRD (65.5 yrs) and then con-
trols (63.9 yrs) (Table 1). The proportion of participants 
carrying 1 APOE ε4 allele varied widely from 24.1% of the 
control group to 34.6% of the incident ADRD subgroup 
(Table  1). The incident ADRD subgroup also had the 
highest proportion of APOE ε4 homozygotes (7.5%) com-
pared to the other groups (Table 1). All subgroups were 
mostly comprised of individuals with European ancestry. 
The control group had the smallest proportion of Euro-
pean ancestry at 63.0% followed by prevalent ADRD at 
67.9%, incident ADRD at 68.3%, and proxy ADRD with 
85.9% of individuals (Table 1).

The relative ratio of the proportion belonging to each 
ADRD status group divided by the proportion of controls 
among APOE ε4 heterozygotes (relative to ε4 absent) and 
homozygotes (relative to ε4 absent) is shown in Fig. 1 and 
Supplementary Tables 2 and is presented as adjusted gen-
eralized ratios (AGRs) (see Methods). For the APOE ε4 
heterozygotes, the adjusted generalized ratio (AGR) (95% 
CI) was highest for incident ADRD at 2.13 (1.81–2.50) 
and was similar to proxy ADRD which had an AGR of 
2.10 (1.96–2.24). In comparison, prevalent ADRD had 
a lower AGR of 1.38 (1.17–1.63) (Fig.  1; Supplementary 
Table 2). For APOE ε4 homozygotes, the AGR was high-
est for incident ADRD at 6.39 (4.74–8.62); for prevalent 
ADRD the AGR was 3.13 (2.20–4.45); for proxy ADRD 
the AGR was 3.53 (2.93–4.26) (Fig.  1; Supplementary 
Table 2). In summary, we note that in APOE ε4 heterozy-
gotes, the prevalent ADRD AGR was significantly lower 
than the incident ADRD AGR (95% confidence interval 
limits). In APOE ε4 homozygotes, both the prevalent 
and proxy AGR was significantly lower than the incident 
ADRD AGR (95% confidence interval limits).

To account for the fact that some control participants 
may be mislabeled because of a short history of EHR 
visits, we restricted our dataset to only individuals with 
greater than one year of EHR visits (n = 193,634) and 
found that this did not affect the association between 
APOE and ADRD status (Supplementary Fig.  2). We 
also restricted our dataset to just individuals who com-
pleted the Family Health History survey (n = 60,598) to 
prevent misattribution of control individuals who should 
be labelled as proxy ADRD (Supplementary Fig.  3). We 
found that, again, both proxy and prevalent ADRD AGRs 
were significantly smaller compared to incident ADRD. 
Because parental/sibling age was not available in All of 
Us, we performed an additional analysis not controlling 
for age and observed that the the AGRs were not signifi-
cantly different from our main analysis (Supplementary 
Fig. 4). We also included the 1,321 ADRD cases that had 
only a drug prescription but no matching ICD-9/10 codes 
in the prevalent ADRD group and found that this further 
depressed the APOE ε4 homozygote AGR compared to 

Table 1  Age, Sex, APOE genotype, and Genetic Ancestry for 
229,722 All of Us participants

Control Incident 
ADRD

Preva-
lent 
ADRD

Proxy 
ADRD

p 
value

n (%) 209,119 
(91.0)

684 (0.3) 733 
(0.3)

19,186 
(8.4)

Demographics

  Female Sex (%) 118,371 
(56.6)

370 
(54.1)

339 
(46.2)

12,333 
(64.3)

< 0.001

  Age (mean [sd]) 63.9 (9.0) 72.7 (8.9) 70.6 
(10.0)

65.5 (7.9) < 0.001

APOE Genotype

  APOE ε4 absent 154,446 
(73.9)

396 
(57.9)

498 
(67.9)

13,025 
(67.9)

< 0.001

  APOE ε4 
Heterozygote

50,331 
(24.1)

237 
(34.6)

201 
(27.4)

5616 
(29.3)

  APOE ε4 
Homozygote

4342 (2.1) 51 (7.5) 34 
(4.6)

545 (2.8)

Global Genetic Ancestry

  African 43,131 
(20.6)

113 
(16.5)

112 
(15.3)

1279 
(6.7)

< 0.001

  American 
Admixed/Latino

28,681 
(13.7)

87 (12.7) 104 
(14.2)

1082 
(5.6)

  East Asian 3480 (1.7) ** ** 240 (1.3)

  European 131,801 
(63.0)

467 
(68.3)

498 
(67.9)

16,478 
(85.9)

  Middle Eastern 533 (0.3) ** ** 38 (0.2)

  South Asian 1493 (0.7) ** ** 69 (0.4)
Total sample size is 229,722 participants in the All of Us Research Program who 
identified as male or female at birth and were over the age of 49 at enrollment. 
Incident and prevalent ADRD defined based on whether the participant met 
diagnostic criteria before or after they enrolled in All of Us (see methods). 
Proxy ADRD defined based on whether the participant reported a history of 
ADRD in a first-degree relative. Categorical variables are presented as n (%) 
and continuous variables presented as mean (standard deviation). p values are 
unadjusted and correspond to ᙭ 2 tests for categorical variables and one-way 
analyses of variance (ANOVA) for continuous variables

**Participant counts < 20 suppressed in accordance with All of Us’s Data and 
Statistics Dissemination Policy



Page 5 of 9Mansel et al. BMC Medical Genomics           (2026) 19:84 

incident ADRD and did not significantly change the ε4 
heterozygote prevalent AGR (Supplementary Fig. 5).

Because ADRD has a long prodromal period, it can 
be hard to delineate between true incident vs. prevalent 
diagnosis. To address this, we excluded all ADRD cases 
diagnosed within one year of All of Us enrollment (see 
methods) in our main analysis. In a sensitivity analysis, 
we included these individuals in a fourth “uncertain tim-
ing” category and note that for both the APOE ε4 het-
erozygote and homozygote, the AGR falls in between 
the incident and prevalent ADRD AGR (Supplementary 
Fig. 6). Even though we adjusted our analyses for global 
genetic ancestry, we also performed our analyses in the 
European subgroup (since it was the largest) and found 
that the difference between incident and prevalent AGRs 
were slightly attenuated (Supplementary Fig.  7). One of 
the purported benefits of using proxy disease sampling is 
to help alleviate misclassification bias from controls who 
are too young to receive a diagnosis of ADRD. To address 
this, we reanalyzed the association between APOE and 
ADRD status using different age cut-offs in the control 
group (e.g., > 49yrs, > 59yrs, > 69yrs, > 79yrs) and showed 
that, even for proxy cases, the older control groups 
numerically increased the AGRs (Fig. 2).

Discussion
Our study demonstrates that using proxy and prevalent 
case definitions of ADRD attenuates the observed asso-
ciation between APOE genotypes and disease risk when 
compared to incident cases. To our knowledge, this 
is the first time bias in genetic association studies has 
been studied in All of Us. With over 20,000 researchers 
using the All of Us researcher workbench, it is impor-
tant to understand how the definitions of cases and 
controls can affect downstream analyses. Proxy case 
definitions based on a family history of ADRD is a com-
mon approach in modern ADRD GWAS and other case/
control study designs [8, 38–40]. We showed that the 
association between being an APOE heterozygote and 
ADRD was similar between proxy and incident cases, 
indicating that this method may be appropriate for small 
to medium genetic effect sizes, as has been argued previ-
ously [10]. However, for APOE ε4 homozygotes, the AGR 
for proxy cases was attenuated even after multiple cor-
rection methods. We note that these correction methods 
[10] assume a log-additive (per-allele) model and thus are 
likely inappropriate for large effect-size genotypes like ε4/
ε4. Moreover, reporting/survival bias of parental history 
can further depress proxy effect sizes. It has been argued 

Fig. 1  Adjusted generalized ratios for the association between APOE ε4 genotype and ADRD status in All of Us. Total sample size is 229,722 participants in 
the All of Us Research Program who identified as male or female at birth and were over the age of 49 at enrollment. Incident and prevalent ADRD defined 
based on whether the participant met diagnostic criteria before or after they enrolled in All of Us (see Methods). Proxy ADRD defined based on whether 
the participant reported a history of ADRD in a first-degree relative. Adjusted generalized ratio’s plotted (log scale) and derived from a polychotomous 
logistic regression with ADRD status as the outcome (outcome referent = control) adjusted for age, sex, and global genetic ancestry. Proxy ADRD AGRs 
were adjusted by a factor of 2 to account for the genetic relatedness between the parent and child
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previously that proxy disease sampling underestimates 
genetic associations in ADRD in the UK Biobank, a find-
ing corroborated by our study [16, 17, 41].

Strikingly, for both APOE ε4 homozygotes and het-
erozygotes, the association between APOE and ADRD 
was significantly lower using prevalent cases compared 
to incident cases. This could be because the prevalent 
ADRD cases are healthier than the incident cases, a bias 
that our study shows is present in All of Us despite it 
being a sicker cohort than the UK Biobank and the U.S. 
general population [19]. While biobanks like All of Us 
can take advantage of decades of EHR data on enrolled 
participants, our study highlights how this can underesti-
mate the association of genetic risk factors like APOE in 
ADRD, especially when evaluating prevalent conditions 
whose presence may be negatively correlated with the 
probability of enrolling.

Adjusted generalized ratios (AGRs), odds ratios (ORs), 
and relative risk (RR) are not directly comparable. In 
the case of ORs and RR, heterogeneous cases and con-
trols are each collapsed into two binary groups. Our 
study highlights how heterogeneity in case definitions 
can change the effect size of genetic associations studies. 
Nonetheless, the effect size of our association between 

APOE and incident ADRD cases (AGR: 2.13 for ε4/- and 
6.39 for ε4/ε4) appears closest to epidemiologic evidence 
estimating 3–4 fold increased risk for APOE ε4 heterozy-
gotes and 12–15 fold increased risk for APOE ε4 homo-
zygotes [22, 23]. Attenuation of our AGR compared to 
previous reported ORs could also be explained by our 
use of EHR-defined ADRD which captures both AD and 
AD-related dementias, the latter of which has a weaker 
association with APOE genotype [42]. Furthermore, we 
showed that all effect sizes are greater when filtering the 
control group to older cohorts. This highlights a major 
challenge for ADRD case-control study designs in which 
controls can be incorrectly labelled given that the disease 
starts long before cognitive symptoms appear. Modern 
blood-based biomarkers could help remedy this issue by 
at least excluding controls who are positive for beta amy-
loid in the brain [43].

For the purposes of discovering novel biological path-
ways to prioritize for further functional validation, the 
use of biobanks and proxy cases in GWAS may be sen-
sible [10]. But for genomic-informed risk assessments, in 
which the magnitude of the association between geno-
type and phenotype affects the potential absolute risk 
reduction of costly interventions [44], we argue that more 

Fig. 2  Adjusted generalized ratios for the association between APOE ε4 genotype and ADRD status in All of Us. Total sample size is 229,722 participants in 
the All of Us Research Program who identified as male or female at birth and were over the age of 49 at enrollment. Incident and prevalent ADRD defined 
based on whether the participant met diagnostic criteria before or after they enrolled in All of Us (see methods). Proxy ADRD defined based on whether 
the participant reported a history of ADRD in a first-degree relative. Adjusted generalized ratio’s plotted (log scale) and derived from a polychotomous 
logistic regression with ADRD status as the outcome (outcome referent = control) adjusted for age, sex, and global genetic ancestry. Data are stratified to 
include only non-demented participants over the age of 49 yrs (n = 229,722), 59 yrs (n = 154,138), 69 yrs (n = 77,854), and 79 yrs (n = 31,519)
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precision is needed. Proponents of proxy case genetic 
association studies (GWAX) argue that the effect sizes 
are similar between GWAS and GWAX for large-effect 
loci [8, 10] and that there is not significant heterogene-
ity of individual single nucleotide polymorphism (SNP) 
effect sizes [17]. However, using mendelian randomiza-
tion, others have found significant genetic heterogeneity 
when using clinical ADRD vs. proxy ADRD [41]. A recent 
GWAS found that only 0.6% of loci identified using proxy 
cases from All of Us were present when using clinical AD 
cases—including many with the opposite direction of 
effect [9]. Our study demonstrated that prevalent cases 
in All of Us have a downward bias in genetic associations 
with ADRD to a similar magnitude as proxy cases. Thus, 
both sampling strategies may be inappropriate for build-
ing genomic-informed risk assessments.

Given the decreasing cost of genotyping and genome 
sequencing, genomic-informed medicine presents an 
enticing opportunity to improve risk stratification and 
tailor treatments for many diseases. For instance, previ-
ous work in atherosclerotic cardiovascular disease has 
proven the utility of genomic-informed risk assessments 
which have been shown to successfully motivate behav-
ior-change in almost half of a recent prospective cohort 
[45]. The same potential exists for ADRD prevention 
[46]. However, ADRD faces unique challenges in genetic 
association studies given that it is a disease of late life, has 
a long prodromal phase, and has no validated biomarker 
that is widely used for accurate diagnosis outside of spe-
cialist memory centers. GWAS including proxy cases 
and prevalent biobank cases may be distorting important 
genetic associations needed to build effective genomic-
informed prediction models and thus may be doing more 
harm than good. The inferences drawn from GWAS mat-
ter a lot to this effort as evidenced by a recent bench-
marking study which found that the choice of GWAS 
had the greatest effect of any methodological choice in 
genomic-informed ADRD prediction modelling [47].

There are potential remedies to the biases demon-
strated in this study. Future genetic association stud-
ies could incorporate survival data using time-matched 
sampling or weighting by the time observed between 
diagnosis and sampling [48, 49]. Second, if the probabil-
ity of being enrolled in the biobank could be estimated, 
then inverse probability weighting could be used to gen-
erate less biased estimates [50]. Third, each passing year 
provides more and more incident cases in biobanks, 
remedying this issue over time. However, any statisti-
cal correction of bias will pale in comparison to resolv-
ing the issue at the GWAS itself. Modern ADRD GWAS 
have larger and larger sample sizes but smaller and 
smaller single nucleotide polymorphism (SNP) herita-
bility estimates [51]. We argue that GWAS could be tai-
lored to the specific goal in mind. For genomic medicine 

inferences, GWAS should not use proxy cases, use age-
matched controls, use incident cases to minimize selec-
tion biases where possible, and, given the availability of 
accurate biomarkers now for ADRD [43], recommend 
use of biomarkers where possible to minimize misclas-
sification of case-control status. At the very least, the 
summary statistics for associations excluding proxy 
cases should be made available to the research commu-
nity, something that was lacking in the most recent large 
ADRD GWAS [8].

Our study was limited to the use of EHRs to infer 
ADRD case/control status, which is not as accurate as 
diagnoses at specialist memory centers and prevented 
us from distinguishing between AD and other closely 
related dementias which could lead to an underestima-
tion of APOE’s association with disease. We were also 
not able to evaluate APOE ε2 allele-specific effects due to 
small sample sizes. In addition, we did not have a large 
enough sample size to stratify by race/ethnicity and thus 
could not determine whether the prevalent and proxy 
bias differed in non-White or Hispanic individuals. Nota-
bly, we had a much higher proportion of individuals of 
European ancestry in the proxy case cohort. We hypoth-
esize that this could be because individuals identifying as 
White were more likely to fill out the Family Health His-
tory survey. Another limitation of our study was that All 
of Us did not have parental/sibling age available to miti-
gage survivial bias in the proxy ADRD cases as has been 
done in the UK Biobank [38]. Finally, it may be difficult 
to distinguish prevalent from incident ADRD cases given 
its long prodromal period. However, we still show a dif-
ference in effect size despite the overlap between groups 
potentially biasing the result toward the null. It remains 
possible that the effects observed in this work are unique 
to APOE given it’s relatively high prevalence in the popu-
lation. Future work should attempt to replicate our find-
ings using other genes associated with ADRD and other 
biobanks or datasets.

Conclusions
Despite these limitations, our study highlights a funda-
mental question in genomic-informed medicine: how 
do we infer an association between a gene and a disease 
for use in the clinic? Our study showed how these asso-
ciations are sensitive to changes in methodology. We 
showed that using proxy and prevalent case definitions 
of ADRD attenuates the observed association between 
APOE genotypes and disease risk when compared to 
incident cases. We also showed that using different age 
cut-offs in the controls affects the association between 
APOE genotypes and ADRD risk. Early personalized 
interventions for ADRD are likely to be expensive and 
laborious [24], thus there exists a need for greater preci-
sion to determine who is likely to benefit the most.
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