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RISK INDUSTRY IMPLICATIONS
Classi�cation of any disease changes over time as newer and full-
er information and knowledge emerge. We �nd ourselves in an 
age of great information expansion, made possible by technolog-
ical tools that include large-scale genome studies and the ability 
to rapidly process and share large quantities of data from around 
the world at speeds unimaginable only a decade ago.

For DM, these advances, which are improving the understand-
ing of clinical risk and disease progression prediction, and en-
abling the discovery of speci�c disease-targeted treatments, may 
signi�cantly enhance risk estimation, strati�cation and under-
writing. These advances may also present the possibility of a 
personalized approach to DM risk prediction.

DM CLASSIFICATION: OVER THE YEARS
The history of DM’s classi�cation re�ects the conundrum and 
wonder of the phenomenon of raised blood glucose (hyperglyce-
mia) as well as the struggles and triumphs experienced by people 
living with the disease and by the medical fraternity members 
committed to their care. 

As a species, we humans have been living with diabetes for a very 
long time. A possible description of Type 1 DM (T1DM) was 
documented by Egyptians about three millennia ago, highlight-
ing the symptoms of emaciation, thirst and frequent urination.3

As early as the �fth century A.D., two forms of DM had been ob-
served and described: one occurring in older, fatter people, and 
the other in younger, thinner people, who had shorter lifespans.4

The need for classi�cation of DM types was acknowledged by 
the mid to late 19th century, but a formal classi�cation system 
was not established until 1965. In that year, the World Health 
Organization (WHO) �rst published its DM classi�cation sys-
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Diabetes mellitus (DM) has been found in humans for cen-
turies. Over the years, the classi�cation and categoriza-
tion of its spectrum has undergone many iterations, mir-

roring science’s ever-developing understanding of this complex 
disease. As today’s medical and technological advances continue 
to be utilized and applied to DM, a newer and even more com-
plex framework for the disease is emerging, which may help us 
further our understanding of it. This article explores the most 
recent classi�cation update and some of the newer thinking 
emerging about DM.

WHY IS CLASSIFICATION NEEDED?
Classi�cation is a tool used in scienti�c disciplines, partly as a 
naming system and partly to organize existing knowledge. In 
medicine, classi�cation systems for diseases are useful, as they 
not only include causes, underlying mechanisms, progression 
and natural history, they also contribute to the development of 
new treatment approaches.1 

The goal of disease classi�cation is to standardize diagnoses. This, 
in turn, can enable a better understanding of a disease’s epidemi-
ology, even across geographic regions. Standardized classi�cation 
can also promote ongoing discussion and cohesive research into 
the what and how of diseases. Grouping together disease subsets 
that share similar prognoses and responses to speci�c treatment 
plans may guide clinical treatment approaches.2
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the growing knowledge of the relevant genetics, molecular bases 
and metabolic processes in DM. Table 1 provides a brief over-
view.1

Table 1
Types of Diabetes Mellitus

Class Subclass
Type 1

Type 2

Hybrid forms •  Slowly evolving immune-mediated diabetes 
of adults

• Ketosis-prone T2DM

Other specific 
types

• Monogenic diabetes
 » Monogenic defects of beta cell function 
 » Monogenic defects in insulin action

• Diseases of the exocrine pancreas
• Endocrine disorders
• Drug- or chemical-induced
• Infection-related diabetes
•  Uncommon specific forms of immune-medi-

ated diabetes
•  Other genetic syndromes associated with 

diabetes

Unclassified 
diabetes

Hyperglycemia 
first detected in 
pregnancy 

• DM in pregnancy
• Gestational DM

Source: World Health Organization (WHO). 2019. Classification of Diabetes Mellitus. Geneva: 
April. https://www.who.int/publications-detail/classification-of-diabetes-mellitus.

This revision re�ects several important elements. It acknowledges 
that DM phenotypes can vary signi�cantly. Newer tests and anal-
yses have enabled the identi�cation of more DM subtypes. 

The current approach for DM classi�cation may also not be 
suf�ciently timeproof and could become outdated. A more fun-
damental approach to DM’s diagnostic model and classi�cation 
might be needed. 

Two novel approaches are emerging, which are still being ex-
amined, studied and validated by peer groups: the palette model 
and DM clusters.  

THE PALETTE MODEL
In genome-wide association studies (GWAS) in which the ge-
netic characteristics of DM populations were studied, many ge-
netic variants have been identi�ed as having causative potential 
for DM. The number of variants identi�ed so far is in the sev-
eral hundreds and rising, but only a handful of these have been 
determined to have signi�cant causative effect when it comes 
to DM. Most have only weak effects on its manifestation but 
may contribute toward collective risk if occurring together. 

tem. The system used four age-band categories to organize chil-
dren, teens and young adults, young to middle-aged adults and the 
elderly with DM. Other forms of diabetes that did not conform to 
the age-band system, such as brittle, insulin-resistant, gestational, 
pancreatic, endocrine and iatrogenic, were listed as well.5

The 1980 classi�cation update, a consensus proposed by the 
National Diabetes Data Group (NDDG) and endorsed by both 
the WHO Expert Committee on Diabetes and the WHO Study 
Group on DM, is the foundation upon which subsequent up-
dates have been built. This system was the �rst to recognize the 
Type 1 and Type 2 classes and included a category for gestational 
diabetes as well as an “others” category. It received global accep-
tance and adoption.6

The 1999 WHO classi�cation update introduced subtype cat-
egories for T1DM and T2DM that explained the mechanisms 
causing the different types.7 T1DM was divided into autoim-
mune and idiopathic subtypes, while T2DM was divided into 
predominantly insulin-resistant and predominantly insulin-se-
cretory defects subtypes. Gestational DM and “other” types 
made up the remaining DM classi�cations. A clear attempt was 
also made to show the progressive nature of DM by listing the 
�ve clinical states within each DM type: 

• Normal glucose tolerance
• Impaired glucose regulation
• Insulin not required for control
• Insulin required for control
• Insulin required for survival

This classi�cation framework showed DM’s heterogeneity in gen-
esis and clinical presentation, and a nuanced appreciation that the 
progression of metabolic dysfunction in DM may be reversible.

Over the next two decades, debates emerged with focus on 
de�ning hyperglycemia levels for diagnosing DM, gestational 
diabetes and intermediate hyperglycemia. However, the basic 
approach to classifying T1DM, T2DM and gestational diabetes 
remained largely the same. 

THE 2019 WHO CLASSIFICATION UPDATE
The newest revision to WHO’s DM classi�cation system, re-
leased in 2019, is its �rst revision in 20 years. In the executive 
summary, the revision committee acknowledged that knowledge 
gaps remain in the causes and pathophysiology of DM, and that 
classi�cation is further confounded by the rapid changes in DM 
epidemiology among the young. Consequently, the subtype cat-
egories under both T1DM and T2DM have been removed, and 
a “hybrid” category introduced to describe atypical cases with 
features of both DM types.

In addition, the “other” category—now called “other speci�c 
types”—has grown signi�cantly. This is an expected outcome of 
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In the palette model, each metabolic process involved in the manifestation of DM is represented by a color band. The intensity of 
color within each band ranges from pale to dark. The darker the shade, the more abnormal the process indicated by that band. 
Each patient may have di� erent combinations of multiple processes, expressed as multiple color bands, resulting in a unique final 
color that represents the clinical state of DM within that individual.

Here are four illustrations of the palette model concept.

Individual A has an error in insulin production caused by an insulin receptor mutation. Despite normal obesity control and insulin 
sensitivity, clinical manifestation may present in the neonatal period.

Individual B has mild abnormalities in three processes. DM may only manifest clinically in older ages.

Individual C has moderately abnormal obesity control and insulin sensitivity. Even with normal insulin production, clinical DM is 
likely to manifest in middle age.

Individual D has three normal processes. DM is unlikley to develop.

LOW RISK HIGH RISK

Insulin Production:

Obesity:

Insulin Sensitivity:

LOW RISK HIGH RISK

Insulin Production:

Obesity:

Insulin Sensitivity:

The model re� ects the genetic basis of DM’s disease physiology. 
It proposes that each person has a unique genetic makeup with 
its speci� c susceptibility to (or protection from) developing DM. 
The genetic susceptibility is determined by the accumulation of 
at-risk genetic variants that govern underlying metabolic pro-
cesses contributing toward DM development. Multi-factorial 
in� uences further act on this risk over time, which may result in 
the variable clinical manifestation of DM.

Examples of metabolic processes involved may include obesity 
development, insulin production, insulin sensitivity, glucagon 
production and pancreatic cell autoimmunity. These processes 
would be associated with various identi� ed genetic variants in 
the GWAS.

In most cases, DM results not from failure of one single bio-
logical process but from the incremental impact of dysfunctions 
in multiple processes. These errors produce an accumulation of 
disordered systems over variable time periods culminating in 
hyperglycemia, except in cases where a highly potent genetic 
mutation is present that could, in isolation, cause abnormal glu-
cose metabolism. Monogenetic diabetes is just such a case.

At the Oxford Centre for Diabetes, Endocrinology and Metab-
olism, Mark I. McCarthy and his team have been doing exten-
sive research into the genetics of DM. Using their � ndings and 
knowledge from other genetic research, this team has developed 
the palette model as an explanation for the full spectrum of DM 
as a continuum of disorders. 

Figure 1
The Palette Model: A Graphic Explanation

Source: McCarthy, Mark I. 2017. Painting a New Picture of Personalised Medicine for Diabetes Diabetologia 60, no. 5:793–99. [published correction appears in Diabetologia May 2017: 940]. https://www.
ncbi.nlm.nih.gov/pmc/articles/PMC6518376/.
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�ve diabetes subtype clusters. The biometric parameters used 
included insulin resistance, beta cell function, auto-antibodies 
against islet cells, A1c levels, age at diagnosis and body mass in-
dex (BMI). Genetic information was not used, as the study only 
looked at clinical and biochemical biomarkers already available.10

A pattern was identi�ed from one database and then validated 
against other available datasets. Five clusters of diabetes types 
emerged, with each cluster identi�ed according to certain char-
acteristics. This is illustrated in Table 2.

This clustering system demonstrates the heterogeneity in DM’s 
clinical presentation. Clusters 3, 4 and 5, for example, would 
have been classi�ed as T2DM in the WHO 2019 system. This 
classi�cation also predicted certain clinical outcomes for the 
different types: One cluster was more prone to developing eye 
complications while another to developing kidney disease.11

Other clinicians have already echoed the usefulness of DM 
type-clustering as a way to optimize treatment approaches.12

Yet another data-driven analysis conducted by a different team 
demonstrated that basic clinical features could be equally pre-
dictive of DM risk.13

If this pattern is validated in longer follow-up analyses and with 
other population groups, it could prove a useful prediction tool 
for long-term DM risk projections. This could facilitate better 
planning for potentially preventive treatment and perhaps more 
effective disease management. The prerequisite for its utility is 
the availability of data for the parameters used, including au-
to-antibodies, insulin resistance and beta cell function measures. 

Other researchers are also exploring this clustering in other geo-
graphic areas with different ethnic groups. Further results are 
expected.

This model provides an alternative paradigm for understanding 
DM: its heterogeneity, the mechanisms that can lead to it, its 
onset and its clinical outcomes. It can represent overt DM in 
newborns to late-onset mild DM in the elderly and has been 
validated by empirical studies that support the approach.8

McCarthy and his team are developing a polygenic risk score 
that might improve the ability to predict an individual’s risk of 
developing DM. This could help �nd individuals at risk for DM 
earlier so that speci�c dysfunctions can be targeted for rever-
sal—an improvement that could have the potential to translate 
to overall disease burden reduction.9

Although genetic testing might turn out to have some applicabili-
ty in DM, genetic studies are still primarily a research tool, not yet 
available to the wider clinical community. Also, the role of genet-
ics as an explanation for the presentation of a multifactorial disor-
der such as DM is still limited. Non-genetic internal and external 
factors play signi�cant roles in the manifestation of diabetes. 

Ultimately, the palette model may provide a useful conceptual 
framework to explain the mechanism of DM, but its utility value 
to the broader clinical community is limited at this time. 

DM CLUSTERS
A team led by Emma Ahlqvist of Lund University in Sweden is 
looking at existing clinical and biochemical biomarkers as a way to 
classify DM’s many manifestations. Some of the biomarkers may 
be examples of process outcomes cited in the palette model. Us-
ing data analysis, this team hopes to improve the mapping of the 
clinical course of diabetes from diagnosis to end-organ damage.

Ahlqvist’s team retrospectively analyzed the data of 15,000 pa-
tient records from Swedish and Finnish registries with a fol-
low-up period of eight years and from the analysis identi�ed 

Table 2
DM’s Five Clusters

Cluster Name Description
1 Severe autoimmune diabetes 

(SAID)
Early onset, antibody-positive; patient tends toward low BMI, insulin-deficient, poor metabolic 
control; correlates to current T1DM or latent autoimmune diabetes of adulthood (LADA)

2 Severe insulin-deficient  
diabetes (SIDD)

Like T1DM but negative for antibodies; high A1c levels, and highest occurrence of eye complications

3 Severe insulin-resistant  
diabetes (SIRD)

Insulin-resistant, high BMIs, highest occurrence of kidney disease

4 Mild obesity-related diabetes 
(MOD)

High BMIs, not insulin resistant, relatively younger age of onset

5 Mild age-related diabetes 
(MARD)

Older age onset, modest metabolic changes

Source: Ahlqvist, Emma, et al. 2018. Novel Subgroups of Adult-Onset Diabetes and Their Association with Outcomes: A Data-Driven Cluster Analysis of Six Variables. The Lancet Diabetes & 
Endocrinology 6, no. 5:361–69. https://www.thelancet.com/journals/landia/article/PIIS2213-8587(18)30051-2/fulltext.
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The portal through which DM is viewed is evolving and the 
details of its classi� cation framework are under continuous 
review and revision. The growing information and knowl-
edge bases of this � eld means our understanding of its disease 
spectrum is ever sharpening and a personalized diabetes mod-
el may eventually be within our grasp. ■

SUMMARY
DM is a highly variable condition in its genesis, its natural progres-
sion and its associated disease burdens. The disease process is likely 
determined by an interplay between a patient’s genes and environ-
ment. Genomic studies have helped unlock a better understanding 
of the molecular processes involved in DM and have updated much 
of science’s understanding of this disorder. Possible interventions 
and solutions have also been identi� ed from these studies.

Analyses of the large and newly available data cohorts may use 
collected information to help organize our knowledge, which 
may yield signi� cant clinical relevance if followed up over lon-
ger time periods and validated across wider population groups. 

Dr. Karneen Tam is a medical consultant, Asia Pacific, 
RGA Reinsurance Co. She can be reached at Karneen.
Tam@rgare.com.

ENDNOTES

 1 World Health Organization (WHO). 2019. Classification of Diabetes Mellitus. Geneva: April. https://www.who.int/publications-detail/classification-of-diabetes-mellitus. 
2   WHO. Classification of Diabetes Mellitus; The Expert Committee on the Diagnosis and Classification of Diabetes Mellitus. 2000. Report of the Expert Committee on the Diagno-

sis and Classification of Diabetes Mellitus. Diabetes Care 23, no. 1s. https://www.medscape.com/viewarticle/412642_3. 
3   Lakhtakia, Ritu. 2013. The History of Diabetes Mellitus. Sultan Qaboos University Medical Journal 13, no. 3:368-70. https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3749019/.  
4   WHO. Classification of Diabetes Mellitus. 
5   Ibid. 
6   Expert Committee on the Diagnosis and Classification of Diabetes Mellitus. Report.  
7    World Health Organization. 1999. Definition, Diagnosis and Classification of Diabetes Mellitus and its Complications. Geneva. https://apps.who.int/iris/bitstream/han-

dle/10665/66040/WHO_NCD_NCS_99.2.pdf;jsessionid=1BED0969B423C15B070A13E90552C1B4?sequence=1. 
8   McCarthy, Mark I. 2017. Painting a New Picture of Personalised Medicine for Diabetes Diabetologia 60, no. 5:793–99. [published correction appears in Diabetologia May 2017:940]. 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6518376/; Fitipaldi, Hugo, Mark I. McCarthy, Jose C. Florez and Paul W. Franks. 2018. A Global Overview of Precision Medicine in 
Type 2 Diabetes. Diabetes 67, no. 10:1911–22. https://diabetes.diabetesjournals.org/content/67/10/1911.

9 McCarthy. Painting a New Picture.
10 Ibid.
11 Ibid.
12 Fitipaldi,  et al. A Global Overview. 
 13  Ulder, Miriam S., Mark I. McCarthy, Jose C. Florez and Anubha Mahajan. 2019. Genetic Risk Scores for Diabetes Diagnosis and Precision Medicine. Endocrine Reviews 40, no. 

6:1500–20. https://academic.oup.com/edrv/article/40/6/1500/5535575. 
 14  Ahlqvist, Emma, et al. 2018. Novel Subgroups of Adult-Onset Diabetes and Their Association with Outcomes: A Data-Driven Cluster Analysis of Six Variables. The Lancet 12 

Diabetes & Endocrinology 6, no. 5:361–69. https://www.thelancet.com/journals/landia/article/PIIS2213-8587(18)30051-2/fulltext. 
15  Ibid. 
 16 McCall, Becky. 2019. Clinical Features Outperform Diabetes Subgroups for Outcomes. Medscape Medical News. May 2. https://www.medscape.com/viewarticle/912502#vp_2. 
17   Dennis, John M., Beverly M. Shields, William E. Henley, Angus G. Jones and Andrew T. Hattersley. 2019. Disease Progression and Treatment Response in Data-Driven 

Subgroups of Type 2 Diabetes Compared with Models Based on Simple Clinical Features: An Analysis Using Clinical Trial Data. The Lancet Diabetes & Endocrinology 7, no. 
6:442–51. https://www.thelancet.com/journals/landia/article/PIIS2213-8587(19)30087-7/fulltext. 




