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Abstract

Type 2 Diabetes Mellitus (T2DM) is influenced by both genetics and lifestyle factors, with
family history being a major risk factor. It has become a worldwide issue and 1 in 10 people cur-
rently affected in the US. Recent research has shown that T2DM can be grouped in 4 to 5 unique
clusters or subtypes using clinical parameters while other mathematical models have explored
the behavior of T2DM. This research uses a data driven approach to mathematically model the
influence of the subtypes in developing cardiovascular and kidney complications. The NIH All
of Us research database was leveraged to find four distinct subtypes using K-means clustering.
The model captures the dynamics between the Susceptible (S), Exposed/Prediabetic (EPD),
T2DM clusters (C1-5), diabetes with cardiovascular complications (DCV), diabetes with kid-
ney complications (DK ) and diabetes with cardiovascular kidney metabolic syndrome (DCKM
). Allele and genotype frequencies were evaluated for eleven single nucleotide polymorphisms
(SNPs) associated with T2DM and their interactions with different races and ethnicities. Our
preliminary results identify 4 T2DM clusters as well as differences in allele frequency and
genotype frequency between healthy and T2DM cohorts. Future work will look into undiag-
nosed prediabetic and T2DM patients which account for about 30% and 4.5% of the US adult
population, respectively.
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1 Introduction

In 2021, the Center for Disease Control and Prevention reported that 38.4 million Americans (11.6%
of the adult population) have been diagnosed with diabetes with another 97.6 million U.S. adults
with prediabetes (29.5% of the adult population). Diabetes Mellitus is characterized by a lack of
ability to produce and/or use insulin Davis et al. (2019). Despite available treatments, the CDC
reported it as the seventh leading cause of death in the U.S. Leading Causes of Death (2024). There
are two types of Diabetes Mellitus: Type 1 Diabetes Mellitus (T1DM) is a congenital autoimmune
disease that destroys pancreatic beta cells vital to insulin production while Type 2 Diabetes Mellitus
(T2DM) is the result of environmental factors that result in either insulin resistance or impaired
insulin production Centers for Disease Control and Prevention (2024). Diabetes Mellitus mainly
affects adults over 40 years old with approximately 90-95% of diabetics diagnosed with T2DM while
5-10% are diagnosed with T1DM.

Prediabetes represents a state in which blood sugar levels are raised but not to the same level
as diabetes Centers for Disease Control and Prevention (2024). According to American Diabetes
Association (ADA), prediabetes is defined as having at least one of the following: a fasting plasma
glucose between 100-125 mg/dL, Hemoglobin Alc (HbAlc) levels between 5.7%-6.4%, or a two hour
glucose value during an oral glucose tolerance test between 140-199 mg/mL American Diabetes
Association (2023). A 2.2 year longitudinal study on intervention treatment demonstrated that
more individuals were able to recover from prediabetes to healthy glucose levels (31.4%-68.9%) than
individuals that progressed from prediabetes to diabetes (5.5-28.8%), indicating the effectiveness
and necessity of early intervention Lazo-Porras et al. (2020).

Due to T2DM being considered a local and global public health emergency, several efforts have
been made to understand the different patterns in diagnostic criteria, recovery, and comorbidities
associated with the disease Khan et al. (2020). Ahlqvist et al. (2018) utilized k-means and hierar-
chical clustering with five northern European cohorts. In each, they identified similar results: five
distinct clusters based on age at onset, HbAlc levels, BMI, Homeostasis Model Assessment 2 for
Beta cell function (HOMA2-B), Homeostasis Model Assessment 2 for Insulin Resistance (HOMA-
IR) and GAD antibodies. These clusters were defined as: Severe Autoimmune Diabetes (SAID),
Severe Insulin-Deficient Diabetes (SIDD), Severe Insulin Resistant Diabetes (SIRD), Mild Obesity-
Related Diabetes (MOD), and Mild Age-Related Diabetes (MARD). Additionally, these subtypes
were related to varying risks for complications including retinopathy, nephropathy and cardiovas-
cular disease (CVD).

An updated classification was done by Xue et al. (2023) building upon Ahlqvist’s work and using
both the UK Biobank and All of Us datasets. While four of Ahlgvist’s clusters (MOD, MARD,
SIRD and SIDD) were repeated, a new unnamed fifth cluster with combined traits of both SIRD and
MARD appeared. Individuals in this cluster have significantly lower estimated glomerular filtration
rate (eGFR) —a measure of kidney function— and increased CVD and stroke risks. Participants in
clusters the SIDD and SIRD+MARD have significantly higher stroke risks than those in the MOD
cluster when stratifying Coronary Heart Disease (CHD) across all clusters. The addition of this
fifth cluster has raised the importance of including eGFR and cardiovascular measurements when
developing T2DM subtype clusters.

A similar study by Slieker et al. (2021) explored the T2DM subtype characteristics further and



replicated the MOD, SIRD and SIDD subtypes. They created the Mild Diabetes (MD) and Mild
Diabetes with high HDL (MDH) subclusters which differed from Ahlqvist and Xue’s results. In
using HDL and C-peptides instead of HOMA-IR and HOMA-B, their results supported the necessity
of data driven T2DM cluster subtyping.

T2DM has also been discovered to have strong association with macrovascular and microvas-
cular complications. According to Hinnen & Kruger (2019), individuals diagnosed with T2DM
face double the cardiovascular risk compared to those who are non diabetic. Furthermore CVD
is the leading cause of death for these individuals Leading Causes of Death (2024). Ahlqvist et
al. (2018) found that increased disease duration within the SIDD, SIRD, and MARD clusters led
to increased probability of an individual in those clusters experiencing a coronary event. Kidney
disease is another major concern especially displayed in Xue et al.’s fifth cluster: SIRD+MARD
(2023). Penno et al. (2018) studied the effects of Chronic Kidney Disease (KD) upon the mortality
of those diagnosed with T2DM. They measured KD as either an eGFR less than 60 mL/min/1.73m?2
or an Albumin to Creatinine Ratio greater or equal to 30 mg/g. KD was also determined to have
a significant impact of increasing mortality rates in patients diagnosed with T2DM. Knowing the
influence of declining eGFR and cardiovascular risks in T2DM highlights the importance of imple-
menting complications into modeling T2DM. Understanding the interactions of different diseases is
crucial in accurately representing the real life dynamics of T2DM.

An important aspect that must be considered when analyzing the T2DM prevalence and risk
in the United States is race and ethnicity. Due to T2DM being a disease caused by a system of
complex interactions with multiple genes, Lennon et al. (2024) implemented polygenic risk scoring
to determine the potential risk of developing T2DM with respect to race and ethnicity. The re-
sults showed the races/ethnicities from highest genetic risk to lowest were Hispanic/Latino, Asian,
European Ancestry and African/African American Lennon et al. (2024).
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Figure 1: Polygenic Risk Scoring Results for Asthma, Atrial Fibrillation (AFIB), Breast Cancer (BC),
Chronic Kidney Disease (CHD), Coronary Heart Disease (CHD), Hypercholesterolemia (HC), Obesity,
Prostate Cancer (PC), Type 2 Diabetes (T2DM), and Type 1 Diabetes (T1DM) based on the races and eth-
nicities Asian, Hispanic/Latino, African/African American and European ancestry. Image credit: Lennon
et al. (2024)

Golden et al. (2019) were able to show racial and ethnic differences in T2DM diagnoses in
the US, with minorities having higher incidence and prevalence rates. This indicates that non-
genetic factors are leading to higher rates of disease in groups with lower genetic risk leading to
disproportionate T2DM diagnoses in racial/ethnic minorities in the US population. The results
showed the races/ethnicities with the highest prevalence of T2DM from lowest were American
Indian/Alaska Native (AI/AN), Non-Hispanic Black (NHB), Hispanic, Asian, and Non-Hispanic
White (NHW) ( 2019).

Table 1: Crude prevalence of Type 2 Diabetes diagnoses among Hispanics compared to Non-
Hispanic Whites, stratified by country of origin. Image credit: Office of Minority Health (2024)

Crude Prevalence of di d diab adults age 18 and over, percentage, 2019-2021
. . . . Population / Non-
Population Non-Hispanic White . i . .
Hispanic White Ratio

Hispanic 10.3 85 1.2
Central American 73 85 09
Cuban 2.0 8.5 11
Mexican 11 85 13

Focusing on the Hispanic population, Vidal et al. (2022) found a variety of factors that have



contributed to the prevention and treatment of T2DM among the Hispanic population. These in-
clude, but are not limited to: socioeconomic status, healthcare literacy and trust, exercise frequency
and language barriers. These factors cumulatively contribute to the disproportionate T2DM in the
Hispanic population.

The O ce of Minority Health found that age adjusted prevalence of T2DM diagnoses strati ed
by gender that Hispanics were 1.7 times more likely to be diagnosed with T2DM compared to Non-
Hispanic Whites in the US. When accounting for gender, it was found that male Hispanics male
were 1.6 times more likely to be diagnosed with T2DM than Non-Hispanic Males while Hispanic
Females were 1.9 times more likely to be diagnosed with T2DM than Non-Hispanic White Females
O ce of Minority Health (2024).

There were also noticeable di erences when determining the crude prevalence of Type 2 Dia-
betes diagnoses among Hispanics compared to Non-Hispanic Whites, strati ed by country of origin.

It is important to note that the ratios are likely higher because these are crude measures, not ad-
justed by factors such as socioeconomic status or age.Hispanics of Central American origin were
0.9 times more likely to be diagnosed with T2DM compared to Non-Hispanic Whites, Hispanics of
Cuban Origin were 1.1 times more likely to be diagnosed with T2DM compared to Non-Hispanic
Whites and Hispanics of Mexican origin were 1.3 times more likely to be diagnosed with T2DM
compared to Non-Hispanic Whites in the US. O ce of Minority Health (2024). These di erences in
races/ethnicities indicate that there may be similar disproportionate e ects in our T2DM subtype
modeling in the All of Us Database.

To further analyze the varying risk among the United States population, the NIH All of Us
genomic data was used. In recent years, dierent studies have proven there is a strong genetic
component to T2DM, but not a single associated gene. There are over 400 associated genomic
regions, most of them outside of coding regions, which means they tend to act as gene enhancers or
repressors, altering the expression of a gene Sirdah & Reading (2020). We selected and analyzed a
total of 11 Single Nucleotide Polymorphisms (SNPs) among 6 genes that both have a higher proven
risk of developing T2DM for the carrier and have an allele frequency on di erent populations. Most
of these SNPs have been studied in European or Asian populations, with only a few being analyzed
in American populations and little emphasis on Hispanic/Latino populations.

2 Methodology

Based on these previous ndings, our research aims to predict the distribution of T2DM subtypes
in the US population using a compartmental model. Previous studies have developed models to
simulate diabetic populations. Tyagi et al. (2024) proposed a model with susceptible, prediabetic
and diabetic compartments where individuals can move back and forth from each compartment.
Another model developed by Kouidere et al. (2021) also incorporated complications due to diabetes
as a separate compartment. This study di ers from previous diabetic compartmental models as
it only considers T2DM. In the e ort of using a representative sample of the US population, the
NIH All of Us research database was used to separate diabetic participants into 4 di erent clusters.
The separation of participants needed distinct compartments in the model. In addition, separate
compartments for complications were considered Kouidere et al. (2021).

Our model considers all the subtypes as independent, and all of them can develop complications
at independent rates. We followed participants across time to see which compartment they would
pertain to each month from January 2016 to December 2022. This resulted in a count of the
population in each compartment as time progressed, allowing us to t the parameters the model



required. However, we also used data from January 2023 to September 2023 to see how well our
model can predict prevalence in the subtypes.

The All of Us dataset also gives us the opportunity to analyze the prevalence of these SNPs
in the United States and the di erent racial/ethnic groups within. This study aims to use the
model and genomic data to create a better understanding of T2DM subtypes and the risk factors
associated with it, leading to better prediction and prevention for people at risk, which is a hallmark
of personalized medicine.

2.1 Clustering of Type 2 Diabetes Mellitus Subtypes

Figure 2: Diagram depicting the Itering from the All of Us dataset until the nal clustering number of
25,568

When clustering, we used an n=25,568 after selecting a cohort with the conditions and measure-
ments we wanted to study. We initially selected all 64,699 participants with a T2DM diagnosis
or a Prediabetes diagnosis who had measurements for our clustering variables (HbAlc, BMI, HDL
Cholesterol, eGFR, and Creatinine in blood serum or plasma). From this group we excluded partic-
ipants who had T1DM, pregnancy related diabetes, and the rst mention of cardiovascular and/or
kidney complications before a T2DM or Prediabetes diagnosis. This resulted in 24,295 people being



excluded from the 64,699. To identify cardiovascular, kidney, or CKM complications, we used the
ICD-9 and ICD-10 codes from Table 1. The T2DM and Cardiovascular complication ICD codes
come from Xue et al. (2023)

In doing so, we used theAll of Us Registered Tier Dataset version 8, which comprises data
from all participants up to October 1, 2023. It is important to note that all participants gave
their consent for their data to be used by certi ed All of Us researchers. The results reported are
in compliance with the All of Us Data and Statistics Dissemination Policy, which prohibits the
disclosure of data or aggregate statistics corresponding to fewer than twenty participants.

We only clustering the diabetic population as our model assumes that prediabetics are one
compartment while the diabetic subtypes are distinct compartments. Because of this, we separated
the 40,404 participants into two main datasets: the diabetic dataset consisting of 26,957 participants
and the prediabetic dataset containing 14,103. It is important to note here that the total of these
two datasets is larger than our n=40,404. This is because there are 656 people in the dataset who
were diagnosed as prediabetic at one point in time and then were diagnosed as diabetic at another
point so they appear in both datasets. It is also possible they were diagnosed as diabetic and moved
backwards into prediabetic.

From the 26,957, we ltered out 343 participants who did not have a male/female measurement
for sex at birth (either had intersex or preferred not to answer). This was because male/female
measurements of sex at birth were a necessary part of the 2021 CKD-EPI Creatinine Equation.

To calculate eGFR, we used the 2021 CKD-EPI Creatinine Equation \National Institute of
Diabetes and Digestive and Kidney Diseases" (May 2025), which allows us to calculate eGFR with
only age, sex at birth, and creatinine level. Most notably, we did not need fasting glucose levels as
too few participants in the dataset had those measurements. The equation is as follows:

_sC sc 12 .
eGFR =142 min Tr;l max Tr;l 0:9938'9¢  1:02[if female]

Where:
" SCr is creatinine level in mg/DlI
" k=0:7 if female or Q9 if male

© = 0:241 if female or 0:302 if male

" Age = age in years

The four variables in addition to age (eGFR, HbAlc, BMI, and HDL) were Itered using box
plots and histograms were created to eliminate outliers. When choosing a cuto point for each
variable, the number of points between the 99 percentile and the maximum were considered. For
instance, the highest recorded HbA1c level was 64% so that was the initial cuto point, which was
then further lowered by seeing that many of the points in a boxplot were actually closer to 10%
rather than 64%. Overall, participants were excluded if they had both values and units that did
not match the available data and were not easily converted.

Since the All of Us data contains measurements from di erent dates, sometimes multiple per
participant, we took the mean value when multiple measurements were available. To calculate age
at onset, we subtracted the year of the earliest T2DM measurement in the "Conditions" dataframe
from the date of birth given in the "Person" dataframe.



Furthermore, the measurement dataset was given as one large dataframe with the value being
one column. Therefore, each variable was separated into its own dataframe and Itered for outliers
independently. Then we calculated means for each variable and all were merged together at the end.
This entire process resulted in 436 NA values for BMI, 949 NA values for HbAlc 461 NA values
for eGFR, and 590 NA values for HDL. However, some participants had multiple NA values for
multiple variables. In total, only 1,047 individuals had NA values. Since this was a relatively small
portion of the total dataset, these individuals were dropped. This resulted in n=25,556 participants
that were clustered using the sklearn and KMeans packages.

Table 2: ICD-9 and ICD-10 codes used for Type 2 Diabetes, CHD, Stroke, Kidney disease, and
Cardiovascular Kidney Metabolic Syndrome (CKM). (* Where X represents integers 0-9)

Diagnosis ICD-9- CM¢ ICD-10-CM
250.X0*, 250.X2*
Type 2 (excluding E11.X*, E11.XX*,
Diabetes 250.10, 250.12) E11.XXX*,
E11. XXXX*
Type 1 250.X1*, 250.X3* E10.X*, E10.XX*,
Diabetes E10.XXX*,
E10.XXXX*
120, 121, 122, 123,
124, 125
Coronary 410, 411, 412, 413, (including all child
Heart 414
: branches of each)
Disease
160, 161, 162, 163
Stroke 430, 431, 432, 434, (including all
436 child branches)
N18, Q61
Kidney 403, 585, 753.1 (including all
Disease child branches)
112, 113
CKM 404 (including all
child branches)




Table 3: Average Cluster Characteristics from Literature. The ranges represent the lowest and
highest averages found in literature. Several values do not have a range as they only came from
one source like MARD+SIRD comes only from Xue et al. 2023 Or HOMA-IR and HOMA-B only
coming from Henso et al, 2024

Characteristic | MOD | MARD | SIRD | SIDD | MARD + SIRD Units
HbAL, [48-54] | [40-50] | [45-65] | [59-81] 63.74 mmol
Age at onset [46-48] | [58.7-62.9]| [46.2-57.1]| [48.2-52.6] 58.73 years
BMI [26.3-38] | [23.5-29] | [28-40.52] | [26.0-32.3] 32.32 kg
HOMA-IR 0.99 0.84 1.92 1.25 NA NA
HOMA-B 64.4 70.4 123.7 32.5 NA NA
eGFR 102.38 | 93.67 95.3 98.54 59.41 m per 1.7

2.2 Mathematical Model Derivation

Let S(t) represent susceptible individuals,Epp (t) represent prediabetics,C;(t) for i =1;2;3;4;5
represent our ve clusters of T2DM subtypes (MOD, MARD, SIRD, SIDD, and MARD+SIRD),
Dcv represent diabetics with a cardiovascular complication K (t) represent diabetics with chronic
kidney disease, andDckm (t) represent diabetics with Cardiovascular-Kidney-Metabolic syndrome
at time t. Our model has the following assumptions

1. individuals cannot develop cardiovascular or kidney conditions before T2DM.

2. Individuals can recover and go back to susceptible once they enter a diabetes subtype but not
when they develop diabetes with either a kidney or heart complications or both.

3. Individuals can develop either a heart or kidney disease but not both at the same time.

4. Individuals cannot go straight from a diabetes subtype to cardiovasular-kidney metabolic
syndrome.

5. Individuals cannot go straight from prediabetic to diabetes with complications.
6. There are only disease-related mortality rates for diabetics with complications.

The susceptible ) compartment includes the population that falls outside the American Di-
abetes Association (2023) guidelines for T2DM. This population will increase at a constant birth
rate of and at a per capita rate  of regression fromEpp . The population will decrease at a per
capita rate  for progression toEpp and at a per capita global death rate .

The prediabetic (Epp ) compartment includes population that has been diagnosed with predi-
abetes or HBA1C and glucose values fall within the ADA guidelines for prediabetes. This com-
partment grows at a per capita rate for progression fromS and from a per capita regression rate

i from a diabetic compartment C; for i = 1;2;3;4. The population will decrease at a per capita
progression rate ; to each diabetic subtypeC; and from a per capita global death rate .



The 4 diabetic (C; for i = 1;2;3;4) compartments include population that has been diagnosed
with T2DM or HBA1C and glucose values fall within the ADA guidelines for TD2M and that have
not developed any cardiovascular and/or kidney complication. This compartment grows at a per
capita progression rate ; from Epp. The population will decrease from a per capita regression
rate ; to the prediabetic compartment Epp , at a per capita kidney complication rate ;, at a per
capita cardiovascular complication rate i, and at a per capita global death rate .

The diabetic with cardiovascular complications (D ¢y ) compartment includes population that is
considered as diabetic under the same guidelines as the previous compartments, including also the
presence of a cardiovascular complication but no kidney complication. This compartment grows
at the per capita rates ; for progression fromC; to D¢y . The population will decrease at a per
capita cardiovascular complication rate to D¢y and from a per capita global death rate and
an added per capita cardiovascular complication related death rate .

The diabetic with kidney complications (Dk ) compartment includes population that is also
considered as diabetic under the same guidelines as the previous compartments, with kidney com-
plications but no cardiovascular ones. This compartment grows at the per capita rates; for
progression fromC; to Dk . The population will decrease at a per capita kidney complication rate

to D«m and from a per capita global death rate and an added per capita kidney complication
related death rate .

Finally, the diabetic with cardiovascular kidney metabolic syndrome (D cm ) compartment in-
cludes diabetic people that have developed both cardiovascular and kidney complications. It grows
at a per capita kidney complication rate from D¢y and at a per capita cardiovascular compli-
cation rate  from Dy, including also the per capita global death rate and an added per capita
kidney complication related death rate m -

Based on the previous description and assumptions, the nal model is as follows:

ds
pr S+ Epp S (1a)
dEdZD = S+ 1Ci+ 2Co+ 3G+ 4Cs (24 2+ 3+ 4+ + )Epp;  (1b)
dcC
ditlz 1Bpp (4 1+ a1t )Gy e
dcC
(th: 2Erp (+ 2+ 2+ 2)Cy B
dc
deZ sEpp (+ 3+ 3+ 3)Cy tie)
dcC
dit“: 4Epp  ( + 4+ 4+ 4)Cy4 (1f)
dD
d(t:V = 1C1+ ,Co+ 3C3+ 4C4 ( + + o )Dcv; (19)
dD
dtK = 1C1+ 2Co+ 3C3+ 4C4 ( + + )Dk; (1h)
dD .
%: Dcy + Dk ( + ckm)DCKM: (1|)
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Figure 3: Model diagram of T2D within a population including di erent subtypes. It represents a sus-
ceptible population S moving back and forth to a prediabetic population Epp . The population can then
progress and regress from the 4 diabetic subtypesC; where i = 1;2;3;4. The diabetic population may
then develop either a cardiovascular or kidney complication, moving to Dcy and Dk respectively, nally
moving to Dum if the other complication.

In order to obtain approximations for the parameters in the model, initial guesses had to be
made for the parameter tting procedure to work. Table 4 shows the approximations based on
literature of said values. Another necessary component is the best t polynomials of each of the
compartments at each timestep (months) to generate “synthetic data’. We created 10,000 points
along the polynomial for each compartment for the ODE solver to analyze. From both the initial
guesses and the synthetic data, we can then use an algorithm to estimate the parameters. This
algorithm takes outputs from an ODE solver with the equations from our model and calculates the
error between the ODE output and the polynomials based on Euclidean distance. The algorithm
varies each parameter many times until the error stops changing. This is then done for each
parameter that we want to estimate. In this case, thatis all ofthem ( , , 1 4, 1 4, 1 4, 1 4

,and ).
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Table 4: Preliminary Parameter table for T2DM model

Parameter Description Value Units References
Recruitment rate of new 40+ year old Pending peoplemonth * | N/A
individuals
Transfer from susceptible to predia- 0.0014657 month ! CDC
betic
Recovery from prediabetic to suscepti- 0.018826 month ! NIH
ble
Natural death rate (40+ individuals) 0.01269 month ! CDC
i Recovery from clusters to prediabetic 0.00019643 month ! Karter et al. (2014)
i Transition from prediabetic to clusters [0.00023328{0.00064152] month ! CDC
i Transition to diabetes with cardiovas- [0.001138{0.00226103] month ! Xue et al. (2023)
cular complications
cv Death rate with cardiovascular compli- 0.0015072541 month ! Xue et al. (2023)
cations
K Death rate with kidney complications 0.0036783 month ! Zhao et al. (2025)
CKM Death rate with CKM complications 0.007815 month ! Zhao et al. (2025)
i Transition to diabetes with kidney dis- [0.001182{0.008753] month ! Pigeyre et al. (2022);
ease Hwang et al. (2023)
Progression from CV to CKM Pending month ! N/A
Progression from kidney to CKM Pending month ! N/A
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Table 5: Expansion of preliminary parameter table

Parameter Value Units References

1 0.0064152 | month ! CcDC

2 0.00486 | month ! CDC

3 0.002916 | month 1! CDC

4 0.002916 | month * CDC

5 0.0023328 | month * CDC

1 0.001138 | month 1! Xue et al. (2023)

2 0.0015507 | month * Xue et al. (2023)

3 0.0016487 | month 1 Xue et al. (2023)

4 0.00183095| month * Xue et al. (2023)

5 0.00226103| month * Xue et al. (2023)

1 0.00469 | month ! | Pigeyre et al. (2022); Hwang et al. (2023)
2 0.006425 | month ! | Pigeyre et al. (2022); Hwang et al. (2023)
3 0.008753 | month ' | Pigeyre et al. (2022); Hwang et al. (2023)
4 0.00596 | month ! | Pigeyre et al. (2022); Hwang et al. (2023)
5 0.00753 | month ! | Pigeyre et al. (2022); Hwang et al. (2023)

2.3 Parameter Fitting

After clustering, the prevalence at each time step was calculated using thell of Us Database.
This resulted in monthly data for a total of 6 years. In order to estimate all the parameters
described in the model, more data points would be required, so the best t polynomial for each
of the compartments was obtained. This way, as many points of synthetic data as necessary can
be generated following the same trend as the original data. After this, the initial guesses and said
synthetic data were used as an input with the model in MATLAB to estimate the parameters with
parameter tting. The resulting parameters are as follows.

13



Table 6: Parameter table for our compartmental model of T2DM subtypes and complications

Parameter Description Value ‘ Units References
Recruitment rate 987.015 peoplemonth * | Estimated
Transfer from susceptible to predia- 0.009802 month ! Estimated
betic
Recovery from prediabetic to suscepti- 0.003767 month ! Estimated
ble
Natural death rate 0.01271 month ! CcDC
i Recovery from clusters to prediabetic [Expanded in following table] month ? Estimated
i Transition from prediabetic to clusters [Expanded in following table] month ! Estimated
i Transition to diabetes with cardiovas- [Expanded in following table] month *? Estimated
cular complications
cv Death rate with cardiovascular compli- 0.0015072541 month *? Xue et al. (2023)
cations
K Death rate with kidney complications 0.0036783 month * Zhao et al. (2025)
CKM Death rate with CKM complications 0.007815 month ? Zhao et al. (2025)
i Transition to diabetes with kidney dis- [Expanded in following table] month ! Estimated
ease
Progression from CV to CKM 0.0003181 month ! Estimated
Progression from kidney to CKM 0.0003181 month ! Estimated
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Table 7: Expansion of Parameter Table for our T2DM Model

Parameter Value Units References
1 0.01935 | month ! | Estimated
2 0.01540 | month 1 | Estimated
3 0.00785 | month 1 | Estimated
4 0.01011 | month ! | Estimated
1 0.000013| month ! | Estimated
2 0.000017| month ' | Estimated
3 0.000017| month 1 | Estimated
4 0.00619 | month 1 | Estimated
1 0.000047| month ' | Estimated
2 0.000065| month 1 | Estimated
3 0.000088| month 1 | Estimated
4 0.01426 | month ! | Estimated
1 0.02103 | month 1 | Estimated
2 0.02179 | month ! | Estimated
3 0.00847 | month ! | Estimated
4 0.00372 | month 1 | Estimated

2.4 Genetic & Race/Ethnicity

In order to separate individuals within the All of Us dataset by race/ethnicity, we followed the All
of Us race and ethnicity data collection and transformation guidelines. For this, we had to include
their racial, ethnic, and self-reported information, and Itered into Hispanic/Latino, European,
Asian, and African/African American categories.

According to Sirdah & Reading (2020), we know that T2D has a strong genetic component.
Based on Sirdah's information, and Lennon et al. (2024), we selected a total of 6 genes that have
a high correlation with T2D while also being prevalent in the United States population with the
objective of analyzing the allele frequency of various SNPs (Single Nucleotide Polymorphism) per-
taining to these genes in di erent races and ethnicities. The genes selected were TCF7L2, IGF2BP2,
PPARG, SLC30A8, CAPN10, and HHEX/IDE. The allele frequency (AF) and odds ratio (OR) in
relation to T2D has been studied within di erent ethnic groups, however, there is not much infor-
mation pertaining to the Hispanic or Latino community, which is the one with the highest genetic
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predisposition towards type 2 diabetes Lennon et al. (2024).

As an example, TCF7L2 (Transcription factor-7-like-2) is a gene that plays in important role as
a T-cell and lymphoid enhancer factor. During embryonic development, TCF7L2 promotes organ
development. It has also been recorded that a lower expression of TCF7L2 leads to insu cient
insulin secretion and impaired adipogenic di erentiation Li et al. (2021). Alterations of this gene
lead to reduced beta cell mass and less insulin maturation, as well as reducing the number of insulin
receptors in several body tissues, a ecting glucose homeostasis.

Figure 4: TCF7L2 Rs7903146 mechanism leading to T2DM. A change in the gene leads to less TCF7L2
protein expression, leading to less active insulin and a lower insulin sensitivity in several body tissues.
Adapted from Li, J. et al (2021).

Another gene that has shown a high correlation with T2DM in the United States population is
IGF2BP2 (Insulin-like growth factor 2 mRNA-binding protein 2). According to Cao et al. (2021),
changes in this gene can damage the repair mechanisms of beta cells and impair pancreas develop-
ment. It also reduces thermogenin expression, a protein that uses fats to produce heat for thermal
regulation, leading to higher fat accumulation and increasing obesity risk, leading to higher insulin
resistance in the long term.

Using a non diabetic cohort in the All of Us database that excluded people with prediabetes,
T1DM and T2DM, the genomic information of 20,613 participants was extracted to analyze. Using
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Figure 5: TCF7L2 Rs7903146 mechanism leading to T2DM. A change in this gene might lead to damage
in pancreatic development and repair, as well as to higher obesity and insulin resistance risk, increasing the
chances of developing T2DM. Adapted from Cao, J. et al (2021).
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the Hail Query Python package, the dataset was Itered to analyze the genotype count for each of
the previously mentioned SNPs. The allele frequencies were calculated, and repeated the procedure
with each individual race and ethnicity. Independent Chi Squared tests were done to compare
the values for allele frequency in diabetic and nondiabetic cohorts in each of the races/ethnicities
selected.

3 Results

3.1 Clustering Results

We used the silhouette method to nd the number of clusters (K). It measures how closely related
each point in the cluster is to its own cluster and then to other clusters. These measurements are
then averaged for all points in the run. It was run 2-10 times to nd the optimal K value. A score
closer to one indicates that the K value is a better choice. In this study, the K with the highest
silhouette score was 2. However, several things point towards 4 being the best choice for this study
6. First, clustering with K=2 led to some issues in identifying the clusters as many variables that
were often associated with many di erent subtypes were condensed into just two. This is expanded
upon in Appendix B. Second, K=4 has the second highest silhouette score and previous literature
on the All of Us dataset suggests that 4-5 clusters is more representative of the T2DM subtypes
Xue et al. (2023).

Figure 6: Silhouette score for clustering data. The horizontal axis represents a "run" of the silhouette
test for a given number of clusters while the vertical axis represents the average silhouette score for that
run (0-1 range). Higher values represent more optimal choices for numbers of clusters. Despite 2 clusters
having the highest score ( 0.20), 4 clusters was chosen due to both domain knowledge and it having the
second highest score ( 0.179)

Using Python's sklearn, KMeans, and PCA packages, four clusters were identi ed. [9] They
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were plotted with the matplotlib and seaborn packages. Compared to other studies, our clusters
were closely related to those of Ahlgvist et al. (2018), Xue et al. (2023), and Slieker et al. (2021).

Figure 7: 2D visualization of K=4 means clustering based on Age at Onset, BMI, HBAlc, eGFR, and
HDL. Cluster 1 (red) is SIDD, cluster 2 (yellow) is SIRD+MARD, cluster 3 (blue) is MOD, and cluster

4 (green) is MDH. The horizontal axis represents the rst principal component while the vertical axis
represents the second. The variance explained in this graph is 56.84% of the total variance. However, the
k-means clustering accounts for all ve principal components. The variables that contribute the most to
the rst PC are age, BMI, and eGFR. The variables that contribute the most to the second PC are age,
HDL, and eGFR. Which might explain why they are so distinct.

Clustering tendency was validated using the Hopkins statistic, which compares the data distri-
bution to that of a uniform distribution to nd how random the spread of the data is. Values closer
to 1 indicate that our data is in fact separated into clusters Anjana et al. (2020). This study used
the Hopkins library in R to calculate it. The Hopkins statistic on the All of Us data was 0.9989.
This demonstrates that data points are distinct enough to be clustered meaningfully.

Cluster stability was validated using the Jaccard similarity in the fpc R package. This method
measures the similarity of points within the clusters compared to other clusters, the data is then
resampled in a bootstrap method and clusters each time to compare the similarity. Then the
mean Jaccard coe cient across all bootstraps is taken Hennig (2007). This study considered 2000
bootstrap runs to nd the Jaccard values for the four clusters. Previous literature suggests that a
value greater than 0.75 is considered a stable cluster Hennig (2007). Since the values of the four
clusters found from the All of Us data were above this threshold, it suggests that the points in
these clusters are not likely to change with di erent iterations of the k-means method 8.
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Table 8: Jaccard similarity means for each cluster considering 2000 bootstraps. Coe cients range
between 0 and 1. Typically, numbers above 0.75 are considered stable Anjana et al. (2020)

Cluster Jaccard Similarity Mean
1 (SIDD) 0.9123
2 (SIRD+MARD) 0.9310
3 (MOD) 0.9807
4 (MDH) 0.8869

Participant counts per month by cluster were counted for the time frame of 2016-2022. Partici-
pants were measured for their compartment by both HbAlc levels according to the ADA de nition
of diabetes and prediabetes as well as their condition times. The year 2016 was the lower cuto
point because there was a large discrepancy in measurement counts for participants across all clus-
ters before October of 2015, as such the rst full year with usable data was 2016. Despite having
data from 2023, the upper cuto point of December 2022 was chosen because there is no data after
September 2023 because the lagtll of Us dataset update is from October 1st, 2023.

In tracking the individuals each month, participants were rst evaluated as \susceptible", \pre-
diabetic", or \diabetic" based on their average HbAlc measurement for that month in the dataset.
Below 5.7% was considered susceptible, between 5.7% and 6.4% was considered prediabetic, and at
or above 6.4% was considered diabetic American Diabetes Association (2023). Participants were
then added to each cluster if they were diabetic and based on their cluster "tag" from the K-Means
process. This attempts to capture the movement to and from the di erent stages of T2DM without
complications.

Participants were moved out of the clusters if they developed a cardiovascular complication, a
kidney complication, a CKM complication, or if they died. These were evaluated based on condition
start times for each of the complications and/or death dates if applicable. Participants were further
moved from the cardiovascular and kidney compartments to the CKM compartment if/when they
developed both aforementioned complications. The goal of this process was to use tiAé¢l of Us
data to t all of the parameters in the model ( , 1 4, , 1 4, theta; 4, 1 4, , ). This was
done by creating best t polynomials for each compartment, which are then treated as \synthetic"
data that we can then compare to the model predictions.

20



Figure 8: Figures showing the counts of participants in the cluster compartments and the complication
compartments from the years 2016 to 2022. Clusters are separated by color and counts are measured on
a monthly basis where the year label starts on January of each year. It can be seen that all four graphs
increase over time and that the more mild forms increase less than the more severe forms, likely indicating
transitions back to prediabetes. The second graph has the same axes but depicts the di erent forms of
complications and their counts. It can be seen that cardiovascular and CKM complications occur more
often but this may be a result of kidney complications often ocurring in diabetics who already have heart
complications, making them jump straight into the CKM category instead of the kidney category.
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Figure 9: 3D visualizations of K=4 means clustering based on Age at Onset, BMI, HBAlc, eGFR, and
HDL. Cluster 1 (red) is SIDD, cluster 2 (yellow) is SIRD+MARD, cluster 3 (blue) is MOD, and cluster

4 (green) is MDH. The bottom two axes represent the rst and second principal components while the
upwards axis represents the third principal component. The variance explained by these visualizations is
74.83% of the total variance. There is a much stronger separation of the clusters here as it is possible to
see that cluster 1 actually lies below the other three in the third dimention while clusters 2, 3, and 4 have
points that strech upwards. This explains some of the wayward points seen in the 2D visualization.

3.2 Mathematical Results

We prove positive invariance, boundedness, and the existence and stability of a unique equilibrium of
Model 1 with Theorems 3.1 and 3.2. In addition to showing these properties, we conduct sensitivity
analysis on our model.

Theorem 3.1. Positive Invariance and Boundedness:

Let us de ne as the following closed set
= fS;Epp;Ci;DcviKiDckm 2 R:™:f0 S;Epp;Ci;DcviKiDckm N g

whereN = = . The closed set is positively-invariant and bounded byN for Model (1).
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Proof. We rst show positive invariance, Let S(0) > 0.
It follows from the rst equation in model 1 that

%S(t): + Ep() S S (2a)

s+ sm+ SM=+ Ep (2b)

(1) %S(t)+ S+ S() =( )(+ Ep) (2¢)
Z d Z,

GL(USEIdt="  (t)(+ Ep(t)dt® (2d)
0 ZOt

()S(t) (0) S(0) = . (O + E pa(t9adt° (2e)

(2f)

where (t)= el * )t
Starting with
d
aS(t): + Epa(t) S(t) S(t)

Using the integrating factor (t), we have
Z

t
(DS(t) (0) S(0)= . (t9(+ E pa(t9dt®

which can be expressed as,
z t
sM=(t* (t(+ Ep(t)dt+ S0) >0
0

We can perform the same analysis in similar fashion for the other compartments in model 1
using the integrating factor. Thus, The closed set

D = f(S;Epai C1;C2:C3;Cs; Cs;DeviKiDakm) 2 RI°:N N g

Here

is positively-invariant. Next we show that our model is bounded.
For N (t), we have,

N = =:
dN — dS dE pg dcy dc; dCs dCy dCs db dK_ dD dN_ —
Recall that d —  dt + dt + dt + dt + dt + dt + dt + dtCV + dt + dctm » SO0 T =
N chcv kK ckm Dckm .
From the assumption that .,, «, and m are minimized, then ‘L—T = N . Thus,

limsupN (t) = —
t1
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As the terms where ,, «,and «m are negative in the equation de ning the total population,
as these grow, then the upper limit of the total population will go down, showing that the population
does indeed have an upper bound= is the asymptotic value for the supersolution N.

O

Theorem 3.2. Interior Equilibrium and Stability:
Model 1 has one unique positive interior equilibrium(S ;Ep;C; ;D¢y ;K Dok ) that is stable.

Proof. Assuming compartmentsCj.,.3.4.5 are condensed into one compartmentC;, then our model
has one interior positive equilibrium point (S ;Epp;C; ;D ;K ;Cyxy ). By setting

dS _ dEpp _ dC _ dDey _ dK _ dDkm

dt ~  dt dt dt dt dt

:O,

we get the following equilibrium

+ + D+ )it it i)

DO+ )+ (i+ i+ + 0+ + )

S = i
- +

(i+ i+ + )
i(i+ + )+ )+ (i+ i+ + )+ +)

i+ + )+ )+ (Ii+ it + 0+ + )

+ )0+ )+ (it i+t )0+ N0+ + ocv)

AT

S T S E G e QS | Qe

i i+ )+ i+ D)+ (+ cv)

S ST T () G Tt ) F am)(f T o) F k)

This equilibrium always exists and is stable (by using Routh-Hurwitz criterion)

To analyze the stability of Model 1, we use the Jacobian matrix and analyze the behavior of
the eigenvalues. For the Jacobian matrix, we get

2 3
0 0 0 0
i i 0 0 0
0 i i i 0 0 0
J(S ;E ;C, ;D K ;C =

( PD i cv kv ) 0 0 : ov 0 0
0 0 i 0 K 0

0 0 0 CKM

(©)
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Since our model is linear and there are no interactions between the compartments, the Jacobian
matrix is solely dependent on the parameters. The behavior of the eigenvalues will tell us about
the stability of the unique positive interior equilibrium (since it's the only one that exists). For the
sub-matrix of the last three rows and last three columns, we know that this is a lower-triangular
matrix. This means our rst three eigenvalues are as follows

1= CV 2= k ; 3= CKM

which are all negative. To determine the sign of the remaining three eigenvalues, we can look at
the following 3 by 3 matrix

2 3
J =§ i i éi (4)
0 i T

Rather than solving for the eigenvalues explicitly, we can solve for the characteristic polynomial to
analyze behavior. For the characteristic polynomial, we get the following equation

a3+b2%+c +d (5)
wherea= 1,b= ( + ;+ + ;+3 + i+ ), c= (i(i+ )+ (i+ i+ )+ (i+
it i+ ) 2 ( + i+ + i+ i+ ) 324d= (it o+ )+ (it i+ )

(CiCi+ + )+ + )i+ i+ + ).

By the Routh-Hurwitz criterion from the Routh-Hurwitz theorem, we can show that the remaining
three eigenvalues have negative real parts. Essentially, we want to show that the roots of equation
5 have all negative real parts for its roots. We want to show thatp q= n where p is the number
of roots in the left-half plane, q is the number of roots in the right-half plane, and n is the number
of roots of the characteristic polynomial. From the Routh-array, we want to see the sign of all the
elements of the rst column. If all the elements of the rst column have the same sign, then all
roots are in the left-half plane. Constructing the Routh array of 5, we get

2
a
b
bc ad
b

d 0

(6)

O o o

o o oo
© R RCw

We know that a, b, and d are negative. We need to verify thatbc ad > 0, ie. bc > ad. For the
expressionbg we have

be=( + i+ + i+ i+ #3 ) (it )¥2 (it gt b A3 ZE (G gt 42 )+ (i it 42 )
For the expressionad, we have

ad= (it i+t )+t i (it it )t (it it it )R+ i+ it it )
Let us observe the expressiooc We can rewrite bcas the following

be=( + i+ + ;+ i+ ;+3 )(i(i+ iN+H( + i+ + i+ ;+ ;+3 )2 (i+ i+ i+ )t
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(+ i+ + i+ i+ (#3)32+( g+ o+ g+ g+ 3 ) (it i+ 2 )F
(+ i+ + i+ i+ i #3 ) (i+ i+ i+2 )+( + i+ + i+ i+ (+3) |

which is greater than
bc> (i+ i+ )+ i (it i+ )+ (iF i+ i+ )F( F D+ i+ i+ )= ad

Thus we have shown thatbc > ad always. This means that for all parameters strictly greater than
zero, the eigenvalues of the Jacobian matrix will have all negative real parts. This shows that our
unigue equilibrium point is always stable. O

3.2.1 Sensitivity Analysis

We conducted a sensitivity analysis, in order to see which parameters have the most impact on our

unigue equilibrium point

E =(S :Epp;Ci 4DcyviDk;Dekm )

In order to do this, we take partial derivatives of each equilibrium state with respect to our target

parameters. Parameter values were obtained from Table 6 and Table 7. Our target parameters are
v 14 14 » 14 14, and

Susceptible Population

The explicit expression for S is included in the proof of Theorem 3.2. All sensitivity indices are
normalized. Figure 10 shows the sensitivity indices foIS with respect to our target parameters.

Figure 10: Normalized sensitivity analysis of S with respectto , 1 4, 1 4, , 1 4, 1 4, and

From the graph, we can seeS is most sensitive to which indicates lowering progression to
prediabetic will increase the S population. and ; were notable parametersS was sensitive

26



as well which suggests that increasing recovery rates from prediabetic as well as from Cluster 1
will increase the S population. S is most sensitive with respect to which decreasesS . The
second highest impact onS is which increasesS . This tells us that decreasing the rate at which
individuals develop prediabetes would be the main driver in increasingS and increasing could
be another way to increaseS .

Prediabetic Population

The explicit expression for Ep is included in the proof of Theorem 3.2. Figure 11 shows the
sensitivity indices for Ep;, with respect to our target parameters.

Figure 11: Normalized sensitivity analysis of Epp with respectto , 1 4, 1 4, , 1 4, 1 4, and

We can see from the graph thatE,, is most sensitive to . We can see that increases
Epp and that decrease€. This tells us that increasing will increase E,, and increasing

will decreaseEp, with  acting as the biggest driver. E,; being negatively sensitive with
respect to 1 4 makes sense as they represent progressiong to T2DM which steals patients from
the prediabetes compartment

Diabetic Subcluster Population

The explicit expression for C, 5 is included in the proof of Theorem 3.2. Figure??, Figure 12,
Figure ?? and Figure 13 show the sensitivity indices forC, , with respect to our target parameters.
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Figure 12:
and

Normalized sensitivity analysis of C; and C, with respect to
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Figure 13: Normalized sensitivity analysis of C; and C, with respectto , 1 4, 1 4, , 1 4, 1 a4,
and

All compartments were sensitive to and each group was also sensitive to the beta number that
matched the cluster number, with the remaining betas the compartments decrease which makes
sense as the other clusters are stealing patients progressing from prediabetes. A similar pattern can
be observed with and s whose number match the clusters; however, this is because of recovery
from the clusters as opposed to progressing. Those specics also have the highest sensitivity
because they represent patients recovery from their respective clusters., has the highest sensitivity,
followed by 3, 4, 1. This may indicate that it easier to recover from cluster 2 then 3,4 and 1.
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Compartments k. and ckm are positively sensitive to 4 which may indicate that patients in T2DM
cluster 4 are more likely to develop kidney disease and by extension cardiovascular kidney metabolic
syndrome. ¢y is negatively sensitive to 4 which makes sense as patients with T2DM developing
kidney complications are stolen from developing cardiovascular complications as developing the
other condition results in patients transferring to Dy, -

Diabetics with Complications Population

The explicit expression for Dy, , Dy and D¢y is included in the proof of Theorem 3.2. The
explicit expression forC; s is included in the proof of Theorem 3.2. Figure?? shows the sensitivity
indices forD,, , Dy and Dy With respect to our target parameters.

Figure 14: Normalized sensitivity analysis of D, respectto , 1 4, 1 4, , 1 4, 1 4, and
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Figure 15: Normalized sensitivity analysis of Dy with respectto , 1 4, 1 4, , 1 4, 1 4, and

Figure 16: Normalized sensitivity analysis of D¢y Wwith respectto , 1 4, 1 4, , 1 4, 1 4, and

Figure 14, 15, 16 show the sensitivity indices foC, 5. Key observations for these compartments
were the impacts of and 4. All of these compartments were highly sensitive to these two
parameters with a slightly higher sensitivity to 4. Another key observation was the impact of

1 on Dcy and 4 on both Dk . Another key observation was the impact , 1 and 4 had on
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all of these compartments. All compartments decrease in response to these specic parameters.
This indicates that recovering from prediabetes, T2DM cluster 1 and 4 decrease risk of developing
diabetic complications. All compartments increase in response to, and 3. This indicates the
recovering from cluster 2 and 3 cause increased risk for diabetic complications. Regardless of increase
or decrease, , 1 4 were relatively lower than other sensitive parameters which makes sense as less
patients recover from compartments compared to progressing into T2DM and its complications. It
was also observed that parameters;, 3, , and had increasedDcky with 1 and 3 having
the higher impact than and . This tells us that progression of prediabetic to diabetic with no
complications has the biggest impact on increasing these populations with the onset of becoming
prediabetic being a close second in impact. Progression of developing diabetes with complications
has signi cant impacts as well on these populations.

3.3 Numerical Simulation

The model solution was run in Matlab using the preliminary parameters. Based on the model
prediction, we expected the population of each group to move asymptotically to their respective
equilibrium and the total population to reach an upper limit. Using the values on the preliminary
parameter table, we found that the model follows the expected behavior.

Using the literature approximated parameters, the susceptible population approached 60% of
the total population, the prediabetic approached 30% and the sum of all diabetic compartments was
close to 10%. The total population, in the long term, approached the expected limit of Lambda/mu.
These values approached what we would expect from previous literature.
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Figure 17: Solution using preliminary parameters. The values of the populations grow asymptotically to
the equilibrium points on each of the compartments as time moves on, as expected from the model.

Using the parameters obtained after the parameter tting, we obtained the following results:
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Figure 18: Subtypes and Complications compartments, showing both the synthetic data based on best t
polynomials and model prediction. It shows the model predictions as solid lines, using the tted parameters,
and the dotted lines represent the polynomials used for the generation of synthetic data.

Due to the model being completely linear and not completely accurate to the real complexities
of T2DM, the tting does allow us to follow some of the trends of the system, but does not
let us analyze with precision all of the compartments, specially S and Epd. The complication
compartments resemble the synthetic data lines, although not exactly, while the pure diabetic
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subtype compartments do resemble what is expected from the data il of Us. We excluded a
total of 9 months of data running from January to September 2023 with the intention of comparing

the model prediction with the actual values measured. The predictions are shown in the following
gure:

Figure 19: Model predictions vs. real data. The model lines use the parameters tted from 2016 to 2023,
and then predict the values for the rst 9 months of 2024. The values for the rst 9 months of 2023 on each
compartment are plotted as dots.

Again this shows the same pattern. The diabetic compartments with no complications show a
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close resemblance to the actual values, while the complication compartments are further away, and
the susceptible and prediabetic populations deviate extremely from the measured values.

3.4 Genetics analysis

After analyzing the population, we found that African/African American and Hispanic populations
were overrepresented in the diabetic cohort compared to the nondiabetic one.

Figure 20: Population distribution by race and ethnicity for both Diabetic and Nondiabetic cohorts within
the All of Us Dataset

After we extracted the genetic information for both diabetic and nondiabetic population, we
analyzed the allele frequency and odds ratio of the 11 selected SNPs. The results are showcased in
21.
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Figure 21: Single Nucleotide Polymorphism information

Among the 6 genes, the only 2 that showed both a relatively high RAF and an OR >1, with 5
alleles among the two. These were TCF7L2 and IGF2BP2. Analyzed from the general All of Us
population, the RAF from all three TCF7L2 SNPs varied from 0.29-0.32 and it OR from 1.13-1.20.

In the case of the 2 IGF2BP2 SNPs, its RAF varied from 0.38-0.46 and OR from 0.11-0.17.

We also found that there was variation between the allele frequencies of these genes when
Itering by di erent races/ethnicities. The total allele frequencies varies between races, with genes
like TCF7L2 having the lowest RAF in Asian populations, while others like PPARG may have the
lowest in African/African American populations. The following gures show this variation and the
comparison of the same RAFs in both a diabetic and a nondiabetic population.
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Figure 22: Allele frequency for individual TCF7L2 SNPs. The population is divided by race/ethnicity,
and compared between diabetic and non-diabetic populations among the All od Us dataset.

Figure 23: Allele frequency for individual IGF2BP2 SNPs. The population is divided by race/ethnicity,
and compared between diabetic and non-diabetic populations among the All od Us dataset.
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Figure 24: Allele frequency for individual CAPN10 SNPs. The population is divided by race/ethnicity,
and compared between diabetic and non-diabetic populations among the All od Us dataset.

Figure 25: Allele frequency for individual PPARG SNPs. The population is divided by race/ethnicity,
and compared between diabetic and non-diabetic populations among the All od Us dataset.

Figure 26: Allele frequency for individual SLC30A8 SNPs. The population is divided by race/ethnicity,
and compared between diabetic and non-diabetic populations among the All od Us dataset.
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Figure 27: Allele frequency for individual HHEX/IDE SNPs. The population is divided by race/ethnicity,
and compared between diabetic and non-diabetic populations among the All od Us dataset.

4 Discussion

4.1 Clustering

The clusters found using K-means clustering matched quite closely to those found in the literature.
This is demonstrated by the boxplots for each variable 28. Cluster 1 was similar to SIDD in all
three articles, as it was mainly characterized by a starkly higher median HBA1c value. Cluster 2
was related to SIRD+MARD in Xue et al. (2023) and is characterized by very low median eGFR,
the higher median age, and relatively higher median HBAlc when compared to cluster 3 and 4.
Cluster 3 was close to MOD in all three papers as it had a much lower median age but the highest
median BMI of the four clusters. Cluster 4 was related to MDH from Slieker et al. (2021) since it
was mainly characterized by a much higher median HDL cholesterol, however it also exhibited a
low eGFR, meaning it may be more predisposed to kidney risk.

The count graphs per cluster seem to tell a di erent story 8. All four clusters increase as time
goes on, which is expected since more recent data is more accessible and well documented for use by
the All of Us database. Beyond that, it can be seen that SIDD and SIRD+MARD graphs increase
more quickly than the MOD and MDH graphs. It is unlikely that this is simply due to higher
participant prevalence within these clusters as the proportion of the clusters were quite similar and
SIDD actually had the smallest proportion 9. It is likely a byproduct of a high entrance rate into
SIDD as well as a low exit rate. This seems counterintuitive as SIRD is labeled as \severe" but
it could mean that it has a very low return rate ( 1) to prediabetes while having only moderate
complication rates ( 1 and ;).

Cluster 2, or SIRD+MARD, seems to share the low return to prediabetes; however, it likely has
a high complication rate which causes the graph to level out more than for cluster 1. This can be
deduced from the cluster boxplots 28 since the median eGFR was 66.71 mL/min/1.782, only a
few units away from the KD complication cuto of 60 mL/min/1.73 m?2.

Clusters 3 and 4 are likely lower for the opposite reason. Since these clusters are often labeled
as \mild" in the literature, it seems more likely that their lower count numbers at certain timesteps
comes from moving back and forth between the diabetic and prediabetic compartments. This is
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something that remains unaccounted for in the raw counts of the clusters because the clustering
condenses measurements down to an average over time for each person while the counting method
takes the HbAlc measurement of each person at each time step and sorts them already knowing

which cluster they belong to.

Figure 28: Boxplots for each of the clustering variables (HbAlc, Age, BMI, eGFR, and HDL). In each
graph, the horizontal axis represents the cluster or subtype while the vertical axis represents the clustering
variable value. There are several important trends to note. Cluster 1 seems to hae the highest HbA1lc.
Cluster 2 has the lowest eGFR as well as higher age. Cluster 3 has the highest BMI as well as the lowest
age. Cluster 4 has the highest HDL and second highest eGFR
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