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Cultural Linguistic Competency (CLC) & Implicit Bias (1B)

STATE LAW:

The California legislature has passed Assembly Bill (AB) 1195, which states that as of July 1, 2006, all Category 1 CME activities that relate to patient care must
include a cultural diversity/linguistics component. It has also passed AB 241, which states that as of January 1, 2022, all continuing education courses for a
physician and surgeon must contain curriculum that includes specified instruction in the understanding of implicit bias in medical treatment.

The cultural and linguistic competency (CLC) and implicit bias (IB) definitions reiterate how patients’ diverse backgrounds may impact their access to care.

EXEMPTION:

Business and Professions Code 2190.1 exempts activities which are dedicated solely to research or other issues that do not contain a direct patient care
component.

The following CLC & IB components will be addressed in this presentation:

= Diversity in clinical presentations of metabolic disease.
= Recognition of bias that exists in tools available to screen for monogenic diabetes.
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https://leginfo.legislature.ca.gov/faces/billNavClient.xhtml?bill_id=200520060AB1195
https://leginfo.legislature.ca.gov/faces/billNavClient.xhtml?bill_id=201920200AB241

The problem: Type 2 diabetes diagnosis is based on non-specific endpoint
related to different underlying etiologies
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MMWR Morb Mortal Wkly Rep. 2018 Mar 30; 67(12): 359-361.



Pillars of Precision Medicine in Diabetes

Diabetes classification is rudimentary
» We need to understand the causal pathways
leading to diabetes development.

2" International Consensus Report on Gaps and Opportunities for the Clinical Translation of Precision Diabetes Medicine, Nature Medicine, 2023



Can we improve classification of diabetes?
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Current T2D treatment approach does not consider underlying
disease pathophysiology
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To improve T2D management, can we target underlying disease
mechanisms rather than just treating the symptom?




To improve T2D management, can we target underlying disease
mechanisms rather than just treating the symptom?




How can we understand the complex network of pathways
leading to type 2 diabetes?



Spectrum of Genetic Contribution to Diabetes
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Monogenic Diabetes as Endotypes, Highlighting Disease Mechanisms

Disease

: Treatment
mechanism
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Distinct genetic pathwaysr~
lead to diabetes \)
and inform management

Pearson et al., Lancet 2003; Shields et al. Diabetologia 2010; Murphy et al. Nat Clin Practice, End & Metabolism, 2008; Fajans et al, NEJM 2001.



Are there new subtypes of T2D to be discovered?

RADIANT study: www.atypicaldiabetesnetwork.org

« U-54 NIDDK multi-site national study of individuals with Atypical Diabetes
* Free whole genome sequencing for eligible participants
 |deal patients are those whose “type” of diabetes is not clear to you

“*RADIANT

not fit the usual pattern of either type 1 or type 2 diabetes, you may be
to join RADIANT.

There is currently little information and resources for atypical diabetes
RADIANT wants to change this.
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Massive genetic discovery for type 2 diabetes:
a window to understanding disease mechanisms

>600 genetic loci
associated with T2D

Genetic Association Study

Kreienkamp, Voight, Gloyn, Udler. Genetics of Type 2 Diabetes, Diabetes in America, 2024



Massive genetic discovery for type 2 diabetes:
a window to understanding disease mechanisms

>600 genetic loci
associated with T2D

$

Separate into disease
mechanisms

Kreienkamp, Voight, Gloyn, Udler. Genetics of Type 2 Diabetes, Diabetes in America, 2024



Challenge is connecting loci to disease mechanisms

Issue: Unknown causal variants, genes

Huerta-Chagoya et al Diabetologia, 2023 Kreienkamp, Voight, Gloyn, Udler. Genetics of Type 2 Diabetes, Diabetes in America, 2024



Massive genetic discovery for type 2 diabetes:
a window to understanding disease mechanisms

>600 genetic loci
associated with T2D

$

Separate into disease
mechanisms

Kreienkamp, Voight, Gloyn, Udler. Genetics of Type 2 Diabetes, Diabetes in America, 2024



Connect variants to mechanistic processes using

clustering of variant-trait associations

T2D risk variants
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5 Salient genetic clusters of T2D robust across methods

T2D
Diagnosis End-Point
= Hyperglycemia
Udler et al, PLOS Medicine, 2018 Mahajan et al, Nature Genetics, 2018
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5 Salient genetic clusters of T2D robust across methods

T2D
Diagnosis End-Point
= Hyperglycemia

Udler et al, PLOS Medicine, 2018 Mahajan et al, Nature Genetics, 2018
* 94 SNPs, 47 Traits / \ * 94 SNPs, 12 Traits

Kim et al Diabetalogia, 2023

e 323 T2D variants, 64 traits Insulin Deficiency Insulin R4eswtance
® 10 clusters 4 :
Introduced high-throughput pipeline | . | I I |
Proinsulin+  Proinsulin - Liver/Lipid  Lipodystrophy  Obesity
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T2D Multi-ancestry Genetic Clusters

Nature

o T2D-GGlI, 2.5M Multi-ancestry GWAS  MA + individual diverse study populations
1,289 SNPs, 37 traits 650 SNPs, 110 traits
Method: Unsupervised hierarchical clustering bNMF soft clustering

# Clusters = 8 # Clusters = 12



5 Salient genetic clusters of T2D robust across methods

Udler et al, PLOS Medicine, 2018
e 94 SNPs, 47 Traits

Kim et al Diabetalogia, 2023
® 323 T2D variants, 64 traits
® 10 clusters
Introduced high-throughput pipeline

Smith, Deutsch et al, Nature Medicine
2024 — Multi-ancestry

® 650 T2D variants, 110 traits

® 12 clusters

Insulin Deficiency

/N

H

Diagnosis End-Point
= Hyperglycemia

Proinsulin +

Proinsulin -

Mahajan et al, Nature Genetics, 2018
94 SNPs, 12 Traits

Insulin Resistance
7'y

Liver/Lipid Obesity
dysfunction

T2D Global Genomics
Initiative, Nature, 2024
-Multi-ancestry
® 1289 SNPs, 37 SNPs

< ® 8 clusters

Lipodystrophy



Genetic clusters can be used to generate partitioned polygenic scores

Udler, Mahajan, Florez, McCarthy, Endocrine Reviews, 2019 Disease mechanisms



What can we learn from T2D genetic clusters?

Inform on mechanistic heterogeneity of T2D and improve understanding of
disease pathogenesis -2 blueprint of the network of disease pathways




12 T2D genetic clusters capture disease processes, some
shared with monogenic disease

Smith, Deutsch et al Nature Medicine, 2024



12 T2D genetic clusters capture disease processes, some
shared with monogenic disease

Type 2 Diabetes Monogenic disease

Familial Partial Lipodystrophy
(rare variant)
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Yaghootkar et al, Diabetes 2014; Udler et al, PLoS Medicine, Ludtke et al., 2007
2018; DiCorpo, LeClaire, Cole et al, Diabetes Care 2022. Kim

et al Diabetologia 2023; Suzuki et al, Nature, 2024. Smith,

Deutsch et al Nature Medicine, 2024



T2D partitioned polygenic scores dissect patient clinical heterogeneity
(in aggregate)
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e Compare those in top 10%
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to all others with T2D.
Udler et al, PLoS Medicine, 2018; Kim et al Diabetologia 2023; Smith, Deutsch et al Nature Medicine 2024



Increased “beta cell” T2D partitioned polygenic scores is
associated with longitudinal beta cell decline

Change in IGR over 1 year Change in CIR over 1 year
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Insulinogenic Index (IGR) = (Insuling, — insuliny)/(Glucose;,-Glucose,)
Corrected Insulin Response (CIR) = Insulin,,,/(Glucose,,, x [Glucose,,,-70])

Billings et al, Diabetes, 2024



Genetic clusters connect disease processes to tissues/cells
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T2D partitioned polygenic scores define cellular phenotypes

Lipocyte profiling

adipose-tissue-derived mesenchymal stem cells

subcutaneous
Adipocytes

visceral
Adipocytes

Subcutaneous N=29

Visceral N=35 Laber, Strobel..., Claussnitzer, Cell Genomics 2023



T2D partitioned polygenic scores define cellular phenotypes

Lipocyte profiling
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T2D partitioned polygenic scores define cellular phenotypes

Lipocyte profiling
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High vs low lipodystrophy
partitioned score

decreased lipid accumulation
Increased mitochondrial activity
—> fat storage reduced in
subcutaneous adipocytes



Can T2D partitioned polygenic scores inform on phenotypic heterogeneity
across populations?

BMI-related T2D risk differs across populations

Ma, Annals of the NYAS, 2013



With increasing total fat mass (kg), Chinese individuals have more VAT,
but less SAT than European individuals
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Can T2D partitioned polygenic scores inform on phenotypic heterogeneity
across populations?

T2D risk at the same BMI differs across populations

Ma, Annals of the NYAS, 2013

Could this be explained by a T2D
genetic risk related to fat storage? »

Yaghootkar, Journal of Internal Medicine, 2020



T2D Lipodystrophy-like polygenic scores inform on T2D heterogeneity
across ancestry groups
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Smith, Deutsch et al Nature Medicine 2024



T2D Lipodystrophy-like polygenic scores inform on T2D heterogeneity

across ancestry groups
Adjusted for “Lipodystrophy” polygenic scores
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T2D Lipodystrophy-like polygenic scores inform on T2D heterogeneity

across ancestry groups
Adjusted for “Lipodystrophy” polygenic scores
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Summary: Genetic Insight into T2D Heterogeneity

* For precision medicine in diabetes, we need better understanding of
underlying disease mechanisms to inform patient heterogeneity.

* Genetics can help us improve understanding of disease pathogenesis.

« Monogenic diabetes is caused by rare variants, represents clear endotypes with
treatment implications.

 Type 2 diabetes is polygenic with robust polygenetic disease processes:
e Some shared with monogenic disease

» Dissect patient clinical heterogeneity in aggregate (not individual-level)
» Connect processes to tissues/cells

* Define human cellular phenotypes

* Inform on clinical T2D differences across populations



Thank you!
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