medRxiv preprint doi: https://doi.org/10.1101/2023.09.05.23295061; this version posted September 5, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC 4.0 International license .

Algorithms for the identification of prevalent diabetes in the All of Us Research
Program validated using polygenic scores — a new resource for diabetes
precision medicine
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Article Highlights:

a. Why did we undertake this study?

This study was conducted to develop and validate algorithms for identifying type 1 and
type 2 diabetes cases in the All of Us Research Program (AoU).

b. What is the specific question(s) we wanted to answer?

Can accurate algorithms for type 1 and type 2 diabetes identification be developed and
validated using AoU cohort Electronic Health Record (EHR) and survey data? Do the
identified diabetes cases show association with polygenic scores in diverse populations?
c. What did we find?

We developed a new validated type 1 diabetes definition and expanded upon the existing
type 2 diabetes definition.

d. What are the implications of our findings?

The developed algorithms can be universally implemented in AoU for identifying study
participants for well-defined case-control diabetes studies.
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ABSTRACT:

OBJECTIVE

The study aimed to develop and validate algorithms for identifying people with type 1 and
type 2 diabetes in the All of Us Research Program (AoU) cohort, using electronic health
record (EHR) and survey data.

RESEARCH DESIGN AND METHODS

Two sets of algorithms were developed, one using only EHR data (EHR), and the other
using a combination of EHR and survey data (EHR+). Their performance was evaluated
by testing their association with polygenic scores for both type 1 and type 2 diabetes.

RESULTS

For type 1 diabetes, the EHR-only algorithm showed a stronger association with T1D
polygenic score (p=3x107°) than the EHR+. For type 2 diabetes, the EHR+ algorithm
outperformed both the EHR-only and the existing AoU definition, identifying additional
cases (25.79% and 22.57% more, respectively) and showing stronger association with
T2D polygenic score (DeLong p=0.03 and 1x10*, respectively).

CONCLUSIONS

We provide new validated definitions of type 1 and type 2 diabetes in AoU, and make
them available for researchers. These algorithms, by ensuring consistent diabetes
definitions, pave the way for high-quality diabetes research and future clinical discoveries.

GRAPHICAL ABSTRACT:
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1. Introduction

The All of Us Research Program (AoU) aims to collect data from at least one million
individuals across the United States, creating a diverse health database for
epidemiological and genomic studies (1). However, the lack of a readily available type 1
diabetes algorithm and the underutilization of all data sources in the existing type 2
diabetes algorithm limit the potential for AoU to contribute to diabetes research. This study
addresses these gaps by developing and validating the first type 1 diabetes algorithm and
an optimized type 2 diabetes algorithm in AoU, using both electronic health record and
survey data. We validated these algorithms using polygenic scores (PSs) (2), assessing
their performance across diverse ancestries within the AoU cohort. This work enhances
the utility of AoU for high-quality diabetes research and future clinical discoveries.

2. Materials and methods

We analyzed data from 372,397 AoU participants enrolled by January 1, 2022,
with EHR data available for 309,974 participants and whole genome sequencing (WGS)
data for 98,590 participants (extracted from the AoU v6 dataset on November 3, 2022).
Genetic ancestry classifications were defined by the AoU Research Program, resulting in
subgroups labeled as African/African American (AFR), American Admixed/Latino (AMR),
East Asian (EAS); European (EUR) and South Asian (SAS). For the development of
diabetes algorithms, we incorporated multiple data points available in AoU, including
EHR-based diagnosis, diabetes medications, laboratory data, and self-reported diabetes
diagnosis from survey data. More details on the cohort description and data extraction
and processing can be found in the Supplementary Methods.

We developed algorithms to identify individuals diagnosed with type 1 and 2
diabetes, along with individuals without a diabetes diagnosis, for use as "cases" and
"controls" in diabetes studies. Two algorithm versions were created: EHR and EHR+. The
EHR algorithms utilized EHR-driven diagnosis, medications, and laboratory
measurement values and were developed based on previously reported algorithms (3,4).
Modifications were made to ensure relevance to American Diabetes Association's
diagnostic criteria (5) and to exclude certain patient categories to avoid misclassification.
The EHR+ algorithms also included self-reported diagnosis obtained from survey data.
For the type 1 diabetes case identification algorithm, we modified the algorithm proposed
by the eMERGE Phase-IV Program (3) (Figure 1A). For the type 2 diabetes case
identification algorithm, we modified the Northwestern University algorithm (4) (Figure
1B). Moreover, we applied the algorithm for type 2 diabetes case identification available
in the “Phenotype Library” of the AoU Researcher Workbench “Featured Workspaces”
(labeled ‘AoU-T2D’), to compare the performance of our developed algorithms. Finally,
we developed a universal algorithm for the identification of control individuals without
diabetes (Figure 1C), based on the Northwestern University type 2 diabetes control
algorithm (4). Detailed descriptions of the algorithms used in our study are provided in the
Supplementary Methods.

We implemented two published type 1 diabetes polygenic scores: 'T1D-PS EUR'
from Sharp et al. (6), which consisted of 67 single nucleotide polymorphisms (SNPs),
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derived from European ancestry cohorts; and 'T1D-PS AA' from Onengut-Gumuscu et al.
(7) with 12 variants derived from genetic associations in African-American cohorts. We
also created a global extended type 2 diabetes score 'T2D-PS EUR', using PRS-CS
software, based on a meta-analysis of summary statistics from the European ancestry
cohorts (8,9). All scores underwent ancestry adjustment as per methods described by
Khera et al. (10), using AoU genetic ancestry probabilities. We performed logistic
regression analyses to evaluate the accuracy of our diabetes definitions using disease-
specific polygenic scores. The analysis included an assessment of the area under the
receiver operating characteristic curve (AUC), incremental AUC, which is the difference
between the AUC of the full model including the PS and the model only including the
covariates, and an evaluation using the DelLong test (11) to compare AUC curves. We
also studied the impact of the polygenic scores in the top 10%, 5%, and 2.5% of the
distribution compared to the interquartile range. Further details on calculations and
statistical analyses are in the Supplementary Methods.

3. Results

Demographics of the individuals with diabetes identified using the T2D-EHR, T2D-
EHR+, T1D-EHR and T1D-EHR+ algorithms are summarized in Table 1. Corresponding
information for cases identified by the existing AoU-T2D definition and for controls without
diabetes identified by our algorithm are presented in Supplementary Tables S2 and S3,
respectively. To determine the best-performing algorithm for type 1 diabetes and type 2
diabetes, we calculated the associations between diabetes case-control definitions and
relevant polygenic scores, and compared odds ratios (ORs), AUCs and incremental
AUCs (Table 2, Figures 2A and 2B).

For type 1 diabetes, the T1D-EHR consistently out-performed the T1D-EHR+
algorithm across the full dataset as well as in all analyzed ancestry subgroups, as
indicated by larger AUCs (DelLong p-value = 3x10-°, AUC for entire AoU cohort, Figure
2A) and incremental AUC values (Table 2), particularly in the European ancestry
subgroup. Due to insufficient sample size, we could not evaluate the performance of the
T1D-PS EUR in East Asian and South Asian ancestry subgroups.

To evaluate the possible reasons for the superior performance of the T1D-EHR
algorithm, we analyzed the clinical characteristics of individuals identified as having type
1 diabetes based on survey data but not EHR data. We observed that across all
ancestries, individuals identified as T1D based on survey alone compared to EHR alone
had higher BMI (p-value = 4.7x10%%), were older (p-value = 4.8x10?°) (Supplementary
Table S4), which suggest that participants in this group are more likely to have T2D
despite self-reporting having T1D.

For type 2 diabetes, the predictive power of the T2D-PS EUR was significantly
better when using the T2D-EHR+ algorithm compared to the T2D-EHR or AoU-T2D
algorithm in the entire sample (DeLong p-values = 0.03 and 1x10, respectively Figure
2B, Supplementary Table S5) and in each of the genetic ancestry subgroups, and was
able to identify more cases (Table 2).

We were also interested to see to what extent polygenic scores could classify
individuals of diverse ancestries as high risk, using the best-performing type 1 diabetes
and type 2 diabetes algorithms, as determined above (T1D-EHR and T2D-EHR+). We
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looked at risk of diabetes using progressively more extreme cutoffs of the PSs distribution.
For type 1 diabetes, in the overall AoU population, individuals within the top 10t", 5t, 2.5t
percentile of the T1D-PS EUR are 11.16, 16.09, and 25.02 times more likely to have
disease, compared to the individuals with T1D-PS EUR within the 25"-75" percentile
(Figure 2C, Table S6). For type 2 diabetes, all individuals within the top 10", 5", and
2.5 percentile of the T2D-PS EUR distribution were 3.28, 3.68, and 4.16 times more
likely to have type 2 diabetes compared to the individuals with T2D-PS EUR within the
25M-75M percentile (Figure 2D, Table S7).

4. Discussion

To improve the utility of the AoU Research Program in advancing research in
diabetes, we have constructed and validated algorithms for diabetes definition, and
compared the performance of algorithms that included or excluded participant survey data
(EHR vs EHR+). For type 1 diabetes, where no definition was previously available in AoU,
we propose that the T1D-EHR algorithm is best performing, identifying more than 250
cases in the AoU cohorts. For type 2 diabetes, the EHR+ definition was best performing,
showing increased accuracy and identifying 6,661 (22.57%) more cases than the existing
AoU-T2D algorithm.

The generation of accurate phenotype definitions from EHR data is a challenging
but crucial step for any type of disease-related research that utilizes large scale biobank
data, including the research performed with AoU. Integrating both EHR and self-reported
survey data may offer a more complete picture of the individual than either alone,
particularly addressing missing information in EHR data. In this study, we use a genetic
tool, polygenic scores (12), to validate the accuracy of our newly developed algorithms
and to compare across algorithms. Notably, the validity of our diabetes algorithms was
confirmed by comparable performance of PSs with established research, both for type 1
(6) and type 2 diabetes (13), supporting the integrity of our case definitions, and
underscoring the value of AoU for diabetes research in a diverse population.

While we observed that including survey data increased both the accuracy (as
validated by associations with polygenic scores) and the number of cases for type 2
diabetes, we found that for type 1 diabetes, inclusion of survey data resulted in poorer
performance. The higher BMI and older age of individuals identified as type 1 diabetes
cases based on the survey, but not EHR data, compared to those identified by the EHR
algorithm, raises the possibility that some of these individuals could, in fact have type 2
diabetes, suggesting that the inclusion of survey data may inadvertently introduce noise
into type 1 diabetes case identification. Thus, for type 1 diabetes, we concluded that the
EHR algorithm should be preferentially applied for research in AoU. Whereas for type 2
diabetes, we recommend the preferential use of the EHR+ algorithm, as it substantially
increases the number of individuals without introducing contamination of false positives
cases.

This study has several strengths, including the development and validation of
algorithms that incorporate multiple data sources. We also note that the prediction
accuracy of our algorithms showed variations across different populations, highlighting
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an ongoing Eurocentric bias in genomic studies (14,15). By focusing on diverse groups,
the AoU Research Program intends to address this bias.

In conclusion, we provide, for the first time, a validated type 1 diabetes definition
for AoU and expand upon existing type 2 diabetes definitions to incorporate both EHR
and survey data. We offer access to these harmonized algorithms to help facilitate and
standardize diabetes research. Our algorithms, methods, and relevant analytical code will
be readily available in the Research Workbench to be shared and implemented by other
researchers working within the AoU Research Program.
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7. Tables

Table 1. Demographics of diabetes status in AoU, from the diabetes phenotyping
algorithms, stratified by self-reported race.

Type 1 Diabetes

T1D-EHR T1D-EHR+

Al NHB HIS ASIAN |NHW | Other |All NHB HIS ASIAN |NHW | Other
Number 835 100 129 N<20 |[538 50 2457 483 322 43 1431 178
Age, mean |49.66 |51.02 |4225 |NA 5127 |52.38 |53.73 |5447 |47.83 |44.14 |5497 |548
(SD) (167) |@17.00 |(@15.0) (166) |(16.0) |(163) [(17.00 [(155) [(136) |(16.0) |(16.6)
BMI kg/m?, | 28.06 |26.73 |2767 [NA 2855 |27.23 |3028 2053 |30.39 |2594 3054 |31.04
mean (SD) | (6.9) (5.2) (7.1) (7.3) (5.2) (8.1) (7.4) (8.0) (5.3) (8.3) (8.8)
Female, N | 470 55 78 NA 309 16 1382 257 209 26 835 55
(%) (56.3%) | (55.0%) |(60.5%) (57.4%) | (32.0%) |(56.3%) |(53.2%) |(65.0%) |(60.5%) |(58.4%) |(30.9%)
HbA1c %, | 7.92 7.62 7.73 NA 8.19 7.55 7.72 7.44 7.72 7.21 7.9 7.41
mean (sD) | 2.11) | (1.89) | (1.95) @27y | ¢e8) |@o3) |7 |9 |18 |@21) | (167)
[mmol/mol, | 6311 | [59.74 | [60.95 66.03 | (58.99 | [60.82 | [57.78 | [60.91 | [55.27 | [62.82 | [57.48
mean (SD)] | (23.04)] | (20.68)] | (21.32)] (24.78)] | (18.34) | (22.19)1 | (19.31)] | (21.47) | (12.92)] | (24.14)] | (18.2)]

Type 2 Diabetes

T2D-EHR T2D-EHR+

Al NHB HIS ASIAN |NHW | Other |All NHB HIS ASIAN |NHW | Other
Number 28753 | 4059 6292 603 15966 | 1833 36172 | 5824 7220 774 19843 | 2511
Age, mean |63.05 |6555 |5894 |62.61 64.04 |[63.08 |63.11 65.64 |58.75 |6227 |63.99 |63.09
(SD) (128) |(125) |¢28) [(133) [¢22) [@31) |@d26) |(123) |26 |(132) |21 |(13.2)
BMI kg/m?, | 34.06  |34.11 33.21 2035 [3462 [3343 |34.09 |34068 [3332 |2944 |3462 |3362
mean (SD) | (8.2) (8.2) (7.7) (6.8) (8.4) (8.0) (8.2) (8.1) (7.6) (7.0) (8.3) (8.0)
Female, N | 16235 |[1949 3952 317 9267 750 20187 | 2855 4547 397 11462 | 926
(%) (56.5%) |(48.0%) |(62.8%) |(52.6%) |(58.0%) |(40.9%) |(55.9%) |(49.0%) |(63.0%) |(51.3%) |(57.8%) |(36.9%)
HbA1c %, | 7.35 7.13 7.28 7.47 7.43 7.25 7.34 7.12 7.27 7.43 7.43 7.25
mean (SD) | (1.9) (162) | (85 |@on |@e9 |8 | (1.9 (162) | (1.83) | (1.88) | (1.99) | (1.85)
[mmol/mol, | [56.8 54.41 | [56.1 58.19 | (57.76 | (55.73 | (56.75 | [54.37 | [55.96 | [57.76 | [57.75 | [55.74

mean (SD)] | (20.82)] | (17.75)] | (20.24) | (20.86)] | (21.79)] | (20.29)] | (20.72)1 | (17.72)] | (20.01)] | (20.6)] | (21.73)] | (20.22)]
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Table 2. Predictive accuracy of generated PSs using EHR and EHR+ algorithms for
cases and universal control algorithm for controls without diabetes identification,
in All of Us population, stratified by genetic ancestry subgroups. \We exclude genetic
ancestry subgroup results for subgroups with insufficient sample size according to the All

of Us Data and Statistics Dissemination Policy (16).

Ancestry | Polygenic PSs OR per SD | PSs P-
Algorithm | Subgroup| Score |Cases| Controls (95% CI) value |Auct (95% CI) | AUC Incr.
Type 1 Diabetes
ALL T1D-PS 0.78 (0.77, 0.189**
EUR 259 31,583 3.22(2.82, 3.68) |< 1x107320 0.79)
T1D-PS 0.66 (0.64, 0.135**
EUR 1.61(1.27,2.04) | 3x10* 0.68)
AFR 56 5,006
T1D-EHR T1D-PS AA 0.69 (0.67, 0.157**
1.71(1.38,2.12) | 4%10° 0.70)
AMR T1D-PS 0.72 (0.69, 0.142**
EUR 35 4,057 2.28 (1.62,3.20) | 7x10® 0.75)
EUR T1D-PS 0.86 (0.84, 0.245**
EUR 148 18,660 5.04 (4.13, 6.16) |< 1x107320 0.87)
ALL T1D-PS 0.73 (0.72, 0.171**
EUR 671 31,583 | 2.57 (2.37,2.79) |< 1%x10320 0.74)
T1D-PS 0.64 (0.61, 0.033*
EUR 1.38 (1.16, 1.64) | 5%103 0.67)
AFR 122 5,006
T1D-EHR+ T1D-PS AA 0.66 (0.64, 0.041*
1.44 (1.23, 1.68) 1%10 0.68)
AMR T1D-PS 0.69 (0.65, 0.084*
EUR 71 4,057 1.91 (1.50, 2.43) | 6%10° 0.72)
EUR T1D-PS 0.79 (0.77, 0.202**
EUR 423 18,660 3.39 (3.03, 3.79) | < 1%x107320 0.80)
Type 2 Diabetes
ALL T2D-PS 0.75 (0.74, 0.062**
EUR 7,816 | 31,583 1.93 (1.87, 1.99) |< 1x10320 0.75)
AFR T2D-PS 0.76 (0.74, 0.014*
EUR 2,004 5,006 1.43(1.35,1.52) | 1x10™ 0.77)
AMR T2D-PS 0.84 (0.82, 0.036*
EUR 1,325 4,057 2.09(1.92,2.27) | 3x10% 0.86)
T2D-EHR
EAS T2D-PS 0.84 (0.79, 0.017*
EUR 100 563 1.80 (1.40,2.32) | 4x10* 0.90)
EUR T2D-PS 0.77 (0.76, 0.096**
EUR 3,646 18,660 | 2.33 (2.23,2.43) | < 1%103%0 0.78)
SAS T2D-PS 0.88 (0.81, 0.043*
EUR 88 235 2.28 (1.64,3.16) | 5%10° 0.95)
ALL T2D-PS 0.75 (0.74, 0.063**
EUR 9,433 | 31,583 1.95 (1.90, 2.00) | < 1%1073%0 0.75)
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AR | T2DPS 0.76 (0.75, | 0.014*
EUR |2300| 5006 | 1.44(1.36, 152) | 8x10° 0.77)
R | T2D-PS 0.84(0.82, | 0.035%
EUR | 1520 | 4057 |205(1.90,2.22) | 7x10% 0.85)
T2D-PS 0.83(0.79, | 0.016%
T2D-EHR+|  EAS EUR | 130 | 563 | 1.76(1.41,2.20) | 1x10% 0.88)
fUrR | T2D-PS 0.78 (0.77, | 0.101™
EUR | 4,600 | 18660 | 2.37(2.28,2.46) |<1x10°°|  078)
sas | T2DPS 0.89(0.82, | 0.044"
EUR | 105 | 235 |242(1.75,3.34) | 3%107 0.95)

AFR, African; AMR, Admixed American; EAS, East Asian; EUR, European; SAS, South
Asian; ALL, entire case-control cohort; OR, odds ratio; SD, standard deviation.

Table includes the number of diabetes cases and controls in different genetic
ancestries, for which the sufficient sample size, according to the AoU Data and Statistics
Dissemination Policy (16), was available to evaluate the performance of PSs.

TThe AUCs were calculated using the model formed by the PS, along with age,
survey-reported sex assigned at birth, and 10 genetic principal components.

AUC incremental values that represent a significant increase in AUC with the
model including the PS compared to the above AUC model without PS

*p < 0.05 and **p < 1e-3 for the Delong test comparing AUC of the model including
the PS versus the baseline model.
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8. Fiqures

Figure 1. Algorithms for the identification of: A. type 1 diabetes cases; B. type 2
diabetes cases; C. controls without diabetes.

Type 1 diabetes case algorithms

Is there a type 1 diabetes Dx in EHR?

(ICD9 codes: 250.(0-9)1* or 250.(0-9)3; ICD-10 codes: E10)

Self-reported type 1 diabetes in survey?

|

Was patient prescribed insulin?

outpatient setting

YES ‘|’

Was patient prescribed any other diabetes
mediciation besides insulin? YES

NO

No diagnosis of malignant cancer, cystic fibrosis or drug

induced diabetes diagnosis
(ICD9 codes 140.* - 209*, 277.0%, 249*;
ICD10 codes C*, E84*, E09* respectively)

Type 1 diabetes YES Type 1 diabetes
case g case
[T1D-EHR] [T1D-EHR+]

Type 2 diabetes case algorithms

Is there a type 1 diabetes
Dx in EHR? Self-reported type 2
diabetes in survey
(ICD9 codes: 250.(0-9)1* or 250.(0-9)3;
ICD-10 codes: E10)

NO
Is there a type 2 diabetes Is there a record of abnormal
Dx‘ﬁg“m NO | Was patient prescribed | YES glycemic labs?
: any other diabetes >
1CD9 codes: 250.x0, 250.x2 (excl, 250,10, mediciation besides Fasting glucose = 126 mg/dl;
O o Ko coen ety 19 insulin? Hemoglobin Ac 2 6.5%
YES
Was patient prescribed NO | was patient prescribed YES
insulin? R any other diabetes
o - mediciation besides
outpatient setting insulin?
YES
Was patient prescribed YES Was insulin prescribed
any other the i
mediciation besides diabetes medication YES
insulin? was prescribed?
No | \
Is there a type 2 diabetes Dx in P Type 2 diabetes
EHR, appearing at least TWICE? Type 2 diabetes YES yp
S — case — case

e s SR [T2D-EHR] [T2D-EHR+]
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UNIVERSAL diabetes
controls algorithm

INCLUDE
participants with at least 1 in-person
visits

INCLUDE
participants with at least 1 glucose
measurement

Is there a record of abnormal glycemic
labs?
Fasting glucose = 100 mg/dl;
Hemoglobin A1c 25.7%
random glucose >200 mg/d|

Nol

EXCLUDE
participants with diagnosis OR SURVEY RESPONSE of any
type of diabetes or related conditions (prediabetes, GDM,
glycosuria)

1

EXCLUDE participants that have been prescribed]

any diabetes medications

l

Control participant
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Figure 2. Predictive accuracy of generated PS and diabetes risk discrimination at
various percentage cutoffs (2.5%, 5%, or 10%) in AoU population, using developed
algorithms. A) Receiver operating characteristic (ROC) curves for T1D-EHR (red) and
T1D-EHR+ (blue) definitions, with the p-value of the DelLong test. B) ROC curves for T2D-
EHR (red), T2D-EHR+ (blue), and AoU-T2D (green) definitions, with the p-value of the
DelLong test, in the entire sample and in genetic-ancestry subgroups with sufficiently large
case counts. C) Forest plot for high-risk T1D-PS EUR groups for the T1D-EHR definition
(due to the limited number of individuals with genetic data in the AoU cohort (16), we were
able to compare the risk of type 1 diabetes defined by developed algorithms only in the
European ancestry subgroup). D) Forest plot for high-risk T2D-PS EUR groups for the
T2D-EHR+ definition in the entire sample and in genetic-ancestry subgroups with
sufficiently large case counts (we did not perform the analysis of extreme T2D-PS EUR
thresholds in the East Asian and South Asian ancestry subgroups due to insufficient
sample size (16)).
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