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Diabetes Definition

Diabetes Mellitus is a chronic
metabolic disease

The body doesn't produce enough
or cannot use insulin effectively
This leads to high blood sugar
levels

High blood sugar can lead to
problems including :

Neuropathy

Retinopathy

Fatigue

Kidney Disease
Cardiovascular Disease
Ketoacidosis (Only Type 1)
Death

Davis et al. (2019)



Differences in
Type 1 vs Type
2 Diabetes

Table 1: Statistical comparison of Type | and Type || Diabetes detailing physical traits, risk factors,

and molecular basis.”

TYPE | DIABETES

TYPE Il DIABETES

ONSET AGE

Childhood/adolescence

After 40 years of age

PHENOTYPE

INSULIN LEVELS

Often thin or normal weight
Prone to ketoacidosis

Absolute insulin deficiency

Often obese
No ketoacidosis

Relative insulin deficiency and/or
resistance

INSULIN Required for survival Mot required for survival
ADMINISTRATION
PANCREAS Damaged by autoimmune attack Not damaged
RISK FACTORS Increased prevalence in relatives Increased prevalence in relatives
Autoimmune, genetic Obesity, physical inactivity,
ethnicity, impaired glucose
tolerance
PREVALENCE 5-10% of cases 90-95% of cases
TREATMENT Insulin injections (1) healthy diet and increased

exercise; (2) hypoglycemic

tablets; (3) insulin injections

Davis et al. (2019)
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Cardiovascular and Kidney Disease

Interaction with cardiovascular complications

Cardiorenal syndrome type 3
Cardiorenal syndrome type 4

Cardiovascular
Disease

Renal
Disease
Diobetes

§ — —C

Cardiorenal syndrome type 1
Cmdnorcna' syndrome type 2

Adapted from Usman, M. et al. (2021)




Type 2
Diabetes
Subtypes

Severe Autoimmune Diabetes (SAID)
Severe Insulin-Deficient Diabetes (SIDD)
Severe Insulin-Resistant Diabetes (SIRD)

Mild Obesity-Related Diabetes (MOD)
Mild Age-Related Diabetes (MARD)

Ahlqvist et al. (2018)



Previous Subtype Categorization
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Research Question

How are the Type 2 Diabetes Mellitus
subtypes distributed among the US
population and how do they
contribute to cardiovascular and
kidney disease risks?



Aims

Aim 1
|ldentify type 2 diabetes subtypes and analyze the prevalence

of related cardiovascular and kidney complications

. Aim 2

) Assess the relationship between type 2 diabetes subtypes

and race/ethnicity

Model the and predict behavior of type 2 diabetes subtypes

il




Associated Risks Related to
Race and Ethnicity



Hispanic/Latino
Population at
Higher Risk

e Based off genetic
predisposition (GWAS)

e Hispanics have the
highest risk and variation
in T2DM, while Africans
have the lowest risk

Asthma
AFIB
BC
CKD
CHD
HC
Obesity
PC
T2D

TD

® Asian

® Hispanic/Latino
African/African American
® European ancestry

: _'_ - —
2 4 6 8 10 12 14 16
5 10 15 20 25 30 35 40

Odds ratio

Lennon et al. (2024)



Prevalence
Across Race and

o ONHW ONHB A Hispanic @Asian [l AVAN
40-
e T2DM prevalence increases < %-
with age in all races and s
T 2.
ethnicities &
e Non-genetic factors can lead to )
higher rates of disease in groups 0 ' l
) | 12-19 20-44 45-64 65-74 275
with lower genetic risk Age (years)

NHW = Non-Hispanic White
NHB = Non-Hispanic Black
Al/AN = American Indian/Alaska Native

Golden et al. (2019)






All of Us Initiative and Database

1 NIH Biomedical Data Resource (US

Participants)
864,000+ Participants

Cloud based platform for data analysis

Different tiers of access
e Public, Registered, Controlled

5 All participants have given consent for
certified researchers to access their data

All

of US

RESEARCH PROGRAM

Cohorts @

A cohort is a group of participants based on specific criteria.

gt

Participant ID 1

9 ’ Participant ID 2

’ Participant ID 3

Your Cohort

Ayt

All of Us
Participants

National Institutes of Health, 2025
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Subtypes and Clustering



Importance of Clustering and Subtypes

1 Subtypes Have Different 2 Personalized Treatment of T2DM and
Characteristics Complications
e Characteristics can impact complications e Differing risks can mean different
o Kidney Function (Creatinine and treatments per cluster
eGFR) e Subtype identification important

o Heart Disease/Stroke (HDL)

o Elevated blood sugar levels (HBA1c)

o Other Health Conditions (BMI, Age
Onset

)
0.0
M)




Final Cohorts

1 Cohort 1 - Nondiabetic Control 2 Cohort 2 - Prediabetes and T2DM
e Include if:
Any measurements in clustering
variables (A1c, BMI, HDL,
Creatinine) AND
T2DM/Prediabetes Diagnosis
e Exclude if:
o Cardiovascular or Kidney
complications before diagnosis
o T1DM Diagnosis
o Pregnancy related diabetes

e Include if:
o A1c below 5.7% o
e Exclude if:
o T2DM or T1DM diagnosis
o Cardiovascular or kidney complications

A1C

26.5%
<6.5%

25.7%
<5.7%

Normal

American Diabetes Association (2023)




Clustering Tendency - Hopkins Statistic

1. Hopkins Statistic e

e Measures how likely the data is to be able to be clustered
meaningfully

e Looks at the differences between our data and a uniformly -
distributed dataset

e Values closer to 1 indicate that our data is more likely to be -
clustered

e Our Hopkins Value: ~0.9989 -




3D Clustering Graph

First three Principal
Components
o 33.00% + 23.84% +
17.99% = 74.83%

1-SIDD
2 - SIRD+MARD
3 - MOD
4 - MDH

e Stronger separation of
clusters

-y - v PC1

PC3

PC1

PC1




Identifying Subtypes

Which clusters correspond to which subtypes?
Cluster 1 - Severe Insulin Deficient (SIDD)
- Severe Insulin Resistant + Mild Age Related (SIRD+MARD)
Cluster 3 - Mild Obesity Related (MOD)
Cluster 4 - Mild Diabetes with high HDL cholesterol (MDH)

Median table of characteristics for each cluster. Important to note that each observation
is an average of participants’ measures

Cluster Age Onset BMI Alc eGFR HDL
1 (SIDD) 54 32.348 8.054 93.714 41.750
2 (SIRD+MARD) 66 31.754 6.736 66.709 40.667
3 (MOD) 47 39.276 6.273 99.741 42.523
4 (MDH) 63 29.579 6.200 85.409 58.000




Cluster Stability - Mean Jaccard Coefficients

2 Mean Jaccard Coefficient per cluster

Measures the similarity of points within the clusters

Resamples original data to create new datasets which are then clustered
Take the mean of all iterations

Used 2000 resamplings

Values closer to 1 indicate stronger stability

Jaccard similarity means for each cluster considering 2000 bootstraps. Coefficients range
between 0 and 1. Typically, numbers above (.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







Current Model
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S(t): Susceptible

Epp(t): Prediabetic

C,(t) for i=1,2,3,4: Diabetic Clusters

D.,(t): Diabetes with a cardiovascular

complication

D, (t): Diabetes with a kidney
complication

D.m(t): Diabetes with a cardiovascular
and kidney complication



Model
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Mathematical Analysis

The closed set
D = {(SaEpdacl3C25C37C45C53DCV7K5DCkm) c IR}FO : N S N*}

is positively-invariant and attracting.
Here,

N=A/u

is the asymptotic value for the supersolution N.




Mathematical Analysis

Equilibrium Point

Assuming compartments C} 2 3.4 5 are condensed into one compartment C;, then our model has one
interior positive equilibrium point (S*, Epp, Cf, D&y, K*,Ck s ). By setting
dS dEpp dC; dDov dK  dDgm 0
dt  dt  dt  dt 4t  dt
we get the following equilibrium
g ABilei+tut6i)+ (v + )it e+6i +p)
Bi(0i + p+e)(B+p) +plyi+0i +p+e)(B+y+p)
B BA(yi +0; + p+ €;)
PP Bi0i+pu+e)B+mw) +pvi+0i+p+e)B+vy+n)
c — BBiA
Bt pte) (B p) +p(yi+ 0+ pt+e) B+ +p)
Do — BBi0i A
VB0t e)B )+ p(vi+ i+t a)(B+y+p) 0+ ptpev)
K* = :8,6161)‘
(Bi(0i + u+ ) (B+p) + p(vi + 0+ p+e)(B+7+ ) (n+px +0)
oo BBiA (80 (p + px) + do(ei + 6:i) + eo(p + pov))
KM (B0 + n+ @) (B+ 1)+ n(yi +0; + p+€) (B +7+ 1) (i + poxm) (6 + n+ pov)(p + px +0)
This equilibrium always exists and is stable (by using Routh-Hurwitz criterion)







Our Fitted Parameters

Model diagram of T2D within a population including different subtypes

Parameter | Description Value Units References
A Recruitment rate 987.015 people‘month_l Estimated
8 Transfer [rom susceptible to predia- 0.009802 month ™! Estimated
betic
¥ Recovery from prediabetic to suscepti- 0.003767 month ™! Estimated
ble
n Natural death rate 0.01271 month ™! cbC
i Recovery from clusters to prediabetic [Expanded in following table] month ™! Estimated
B Transition from prediabetic to clusters | [Expanded in following table] month~! Estimated
A Transition to diabetes with cardiovas- | [Expanded in following table] month ™! Estimated
cular complications
pov Death rate with cardiovascular compli- 0.0015072541 month™! Xue et al. (2023)
cations
1K Death rate with kidney complications 0.0036783 month ™" Zhao et al. (2025)
HoKM Death rate with CKM complications 0.007815 month~? Zhao et al. (2025)
& Transition to diabetes with kidney dis- | [Expanded in following table] month ™! Estimated
ease
& Progression from CV to CKM 0.0003181 month ™! Estimated
o Progression from kidney to CKM 0.0003181 month ™! Estimated

Parameter Value Units
N 0.01935 | month™*
R 0.01540 | month—!
Bs 0.00785 | month™!
8y 0.01011 | month—!
&y 0.000013 | month—!
fa 0.000017 | month™!
By 0.000017 | month™!
8y 000619 | month—?!
€ 0.000047 | month—!
€2 0.000065 | month—!
€3 0.000058 | month™!
£ 0.01426 | month—!
T 0.02103 | month—!
Y2 0.02179 | month—!
3 0.00247 | month—!
4 0.00372 | month™!




Normalized Sensitivity Index

Sensitivity Analysis for D*.y
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Type 2 Diabetes by Race/Ethnicity (All of Us)

Non Diabetic

Total = 503822

14.25% Hispanic
55.31% European
3.83% Asian
14.56% African/African American
12.04% Other

Diabetic

Total = 39433

| 18.27% Hispanic
B 44.59% European

B 2.21% Asian

Bl 23.21% African/African American
[ 11.72% Other



Race/Ethnicity in

C1: SIDD

33.21% Hispanic

33.67% European
2.45% Asian

21.71% African/African American
8.97% Other

Total = 5017

C3: MOD

23.10% Hispanic

41.18% European
1.98% Asian

25.06% African/African American
8.68% Other

Total = 6372

Each CI

C2: SIRD+MARD

Total = 7373

C4: MDH

Total = 6806

uster

14.38% Hispanic

54.50% European
1.59% Asian

20.79% African/African American
8.75% Other

16.56% Hispanic

47.24% European
3.76% Asian

24.30% African/African American
8.14% Other



Conclusions and Future
Studies



Selected Conclusions

1 Four distinct T2DM subtypes were identified using K-means clustering:
e Severe Insulin Deficiency Diabetes (SIDD)
e Severe Insulin Resistant + Mild Age Related (SIRD+MARD)
e Mild Obesity Related (MOD)
e Mild Diabetes with high HDL cholesterol (MDH)

2 Subtype classification was associated with different risks supporting the need for
personalized management strategies

3 Race and ethnicity influenced subtype distributions suggesting genetic and potential
sociodemographic contributions to subtype risk

4 The model could be used as a tool for predicting disease progression allowing
tailored interventions based on subtype and risk factors



Future Work

01 Improve the model 02 More complications
e Currently captures e Retinopathy and
general trends Neuropathy in
’ % e \Want more accurate clusters with high
O predictions HBA1c
O 03 Undiagnosed 04 Model with Race/Ethnicity and
. - Genetics
Individuals
\ J e Current data e Include
analysis relies race/ethnicity and
on diabetes genetic
diagnosis predisposition in
e Considering model parameters
them increases e Focus more on

model accuracy Hispanic population
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Data Cleaning

@)
@)

3. Excluded outliers
Domain knowledge
Box plots and quartiles
4. Calculated averages of measurements 4. Person ID and measurement value
for each person

What we did What we used
1. Calculated Age at Onset 1. Person ID, DoB, condition start
2. Calculated eGFR from Creatinine 2. Person ID, measurement time and

value, DoB, sex at birth
3. Measurement value, measurement

units

Conditions Data

Person ID
Condition name
Condition start
time

Demographic Data

Person ID
Date of Birth
Sex at birth
Race/Ethnicity

Measurement Data

Person ID
Measurement name
Measurement value
Measurement time
Measurement Unit




Mathematical Analysis

Equilibrium Point

—B—p vy 0 0 0 0
B —Bi =y —u Yi 0 0 0
* * * * * * 0 ﬁ - _67'._9 — K 0 0 0
JS",Epp,C;, Doy, K7, C =
( PD cv KM) 0 0 0; -8 — i — pov 0 0
0 0 €; 0 —U— UK — O 0
0 0 0 4 o —p — HCKM

(3)



Identifying Subtypes

Average HBAlc Percentage
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Identifying Subtypes
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Mathematical Analysis

Equilibrium Point

J*

I
®
|
&
|
2
|
=

Yi
0 B; —v; — € —0; —

e Stability proven by Routh-Hurwitz criterion.




Mathematical Analysis

Equilibrium Point

J*

I
®
|
&
|
2
|
=

Yi
0 B; —v; — € —0; —

e Stability proven by Routh-Hurwitz criterion.




Clustering

1 K-means Clustering

Participant Averages
Sklearn kmeans

N = 25,568

HbA1c, BMI, Age at Onset,
eGFR, HDL

2 Silhouette Method

Shows optimal number of
clusters

All previous studies we have
looked at found 4-5 clusters
Precedent for using second
highest silhouette score

Silhouette Score

0.15 1

0.14 4

0.13

Silhouette Score vs. Number of Clusters

2 3 4 5 6 7 8 9 10
Number of clusters (k)




Anjana et al., 2020 Type 2 Diabetes
Subtypes in Asian and Indian Populations

General Findings

=Y

Optimal Number of Clusters
7 Clustering variables

4 replicable clusters

N=19,084

MARD, SIDD, IROD, CIRDD
New ones are combinations of
ones from other papers

2 Silhouette Method

e Despite 2 being higher, they
chose k=4

n

e 6 o o o
5:!
=
wu

=
i
=

Average Silhouette Width

0.00

1 2 3 4 5 B 7 8 9 10
Number of Clusters k




2 Cluster Medians to Compare

Cluster Age Onset BMI Alc eGFR HDL
1* 65 30.4000 6.55 76.308 48.000
2* 49 36.768 6.80 98.422 42.000

*Note: Cluster 1 and 2 here do not directly correspond to
cluster 1 and 2 in other slides




Our Cluster Medians to Compare

Which clusters correspond to which subtypes?

Cluster 1 - Severe Insulin Deficient (SIDD)

Cluster 2 - Severe Insulin Resistant + Mild Age Related (SIRD+MARD)

Cluster 3 - Mild Obesity Related (MOD)
Cluster 4 - Mild Diabetes with high HDL cholesterol

Cluster Age Onset BMI Alc eGFR HDL

1 54 32.348 8.054 93.714 41.750
2 66 31.754 6.736 66.709 40.667
3 47 39.276 6.273 99.741 42.523
4 63 29.579 6.200 85.409 58.000




Ahlgvist Medians to Compare
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Xue Medians to Compare
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Sliecker Medians to Compare
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Absolute Contribution to PC1

PC Contributions

First three Principal Components

33.00% + 23.84% + 17.99% = 74.83%

Feature Contributions to Principal Component 3
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eGFR = 142 x min(SCr/x,1)® x max(SCr/x,1) 1290 x 0.9938%8€ x 1,012 [if female]

Abbreviations/units

e eGFR = estimated GFR in mL/min/1.73 m?

e SCr = standardized serum creatinine in mg/dL
e k=0.7 (females) or 0.9 (males)

e a=-0.241(females) or -0.302 (males)

e min = indicates the minimum of SCr/xor1

e max = indicates the maximum of SCr/k or 1

e 4dge = years



Normalized Sensitivity Index

Sensitivity Analysis for D*
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Normalized Sensitivity Index

Sensitivity Analysis for D*-xy
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Normalized Sensitivity Index
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Normalized Sensitivity Index
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Normalized Sensitivity Index
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Normalized Sensitivity Index
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Normalized Sensitivity Index
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Normalized Sensitivity Index
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Normalized Sensitivity Index
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Preliminary results

From the assumption that u.,, l, and U, are minimized, the:n = A — UN. Thus,

Population Dynamics

Total pop

A
limsupN(t) = —
f—>o0 U

0 50 100 150 200 250
Time (months) )



Preliminary results

Starting at

%sm = A+ YEpa(t)—BS(t) — uS(z)

by integrating by integration factor, we get
T
W(2)S(t) — P(0)S(0) = [ W(") (A + YEpa ()t
Jo

Then,

S(t) = ¥(t)"! ( /ﬂ W) (A + VE (1)) dt —|—S(U}) >0

where

P(r) = AL



Preliminary results

Equilibrium Point

—B—p vy 0 0 0 0
B —Bi—v—mn Yi 0 0 0
* * * * * * 0 ﬁ - _67',_9 — K 0 0 0
JS",Epp,C;, Doy, K7, C =
( PD cv KM) 0 0 0; -8 — i — pov 0 0
0 0 €; 0 —U— UK — O 0
0 0 0 g o —B — BCK M ]

(3)



Preliminary results

Equilibrium Point

J*

I
®
|
&
|
2
|
=

Yi
0 B; —v; — € —0; —

e Stability proven by Routh-Hurwitz theorem.




Susceptible Count

Polynomial Graphs

Polynomial Regression For Susceptible
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Cluster 1 Count

Polynomial Graphs

Polynomial Regression For Cluster 1

Polynomial Regression For Cluster 2
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Polynomial Graphs

Polynomial Regression For Cluster 4

Polynomial Regression For Cluster 3
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Polynomial Graphs

CVD Count

Polynomial Regression For CVD

575 A

550 A

525 A

500

475 4

450 A

425 4

@ Original Data
—— -0.000517x"3 + 0.02689x"2 + 3.005x + 414

2016

2017 2018 2019 2020 2021 2022 2023
Year

KD Count

Polynomial Regression For KD

165 ~

160 -

155 A1

150 +

145 A

140 -

1351 @

130~

@ Original Data
p —— -7.015e-05x"3 + 0.0007071x"2 + 0.5681x + 137.9

125 ~

2016 2017 2018 2019 2020 2021 2022
Year

2023



Polynomial Graphs

Polynomial Regression For CKM
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Allele Frequencies
PPARG

PPARG rs17036101 Allele Frequency by Race/Ethnicity
PPARG rs1801282 Allele Frequency by Race/Ethnicity
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Allele Frequencies

SLC30A8

SLC30A8 rs13266634 Allele Frequency by Race/Ethnicity
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Allele Frequencies
CAPN10

CAPN10 rs2975760 Allele Frequency by Race/Ethnicity CAPN10 rs3792267 Allele Frequency by Race/Ethnicity
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Allele Frequencies
HHEX/IDE

HHEX/IDE rs1111875 Allele Frequency by Race/Ethnicity
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Relative Error
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