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ABSTRACT

Type 2 Diabetes Mellitus (DM2) is a highly prevalent chronic condition which,
when unmanaged, can negatively affect patient lives, along with health systems
and payers, due to increased costs of care (Greenapple, 2011). Timely diagnosis
is critical in managing this disease. We will use advanced analytics and a hybrid
recommender system machine learning approach to assist a large mid-western
health system in understanding their current undiagnosed DM2 patients, and pa-
tients likely to be classified with DM2 over the next 12 months. We will surface
these results on an analytical dashboard that will identify social and health risk
factors associated with the undiagnosed diabetic population. The health system
will then develop effective strategies to manage the disease at the population level,
such as ensuring increased adherence to evidence-based measures, rolling out dig-
ital wellness applications, and increasing specialist headcount in under-served and
underprivileged areas.

1 BACKGROUND

Type 2 Diabetes mellitus (hereafter, DM2) is a highly prevalent chronic condition. Key to effective
management of DM2 is timely diagnosis. According to the CDC, estimates from 2018 indicate
that 21% of US adults with DM2 were undiagnosed (CDC, 2020). Without diagnosis, glycemic
control strategies and other evidence-based therapies to delay progression of the disease cannot be
instituted. This delay in diagnosis can be costly – to patients, in terms of health status and disease
progression, livelihood and life expectancy, and to health systems and payers, due to the resulting
increased incurred costs of care (Greenapple, 2011). In the US alone, 1 out of 7 dollars spent on
medical care is related to Diabetes, and by 2025 it is expected that approximately 20 million people
will have DM2 with 6 million of them undiagnosed (Black, 2002).

Minority groups, such as African Americans, or those belonging to a lower socioeconomic class,
tend to have higher percentages of undiagnosed DM2 compared to non-Hispanic Whites. These
groups are at risk for more complications due to unmanaged disease (Black, 2002). By the time
symptoms appear in an undiagnosed DM2 patient, irreversible complications may have developed,
such as neuropathy or retinopathy. Although family history is indicatory of DM2, other social factors
play into the onset, management and exacerbations of the disease. Poor access to nutritious foods
and physical activity, largely seen in low-income neighborhoods can double the odds of developing
DM2 and can increase chances of complications from kidney problems to limb amputations (Presser,
2020).

A large Illinois-based health system has seen a sizeable gap between the prevalence of DM2 among
patients as coded in their electronic medical record (EMR) versus the expected prevalence in their
geographic area. For example, the Illinois Department of Public Health estimates the prevalence
of DM2 in Illinois to be 12.5% with 1 in 4 of those with DM2 being undiagnosed (2020). The
prevalence of DM2 within the health system’s Illinois location is estimated to only be 4.2%. The
health system also conducted an analysis to understand their South Asian population and the DM2
prevalence within that community. They learned that there was a 25.8% gap in the DM2 Diagnosis
within that cohort alone (Sitafalwalla, 2020). This health system aims to apply Machine Learning

1



Under review as a conference paper at ICLR 2021

(ML) algorithms to their structured EMR data, regional Social Determinants of Health, and Geospa-
tial datasets to understand other undiagnosed DM2 patient populations within their service areas.
They intend to use ML outputs to understand social factors, such as race, that may create barriers
to appropriate and timely healthcare for individuals (Heath, 2021). When algorithms incorporate
race and ethnicities however, there is a risk of misinterpreting outputs and propagating inequities.
There are many associations that can be made between a person’s race and their clinical outcome;
however the assumption of causality can lead to worse health outcomes for minority groups (Vyas et
al., 2021). Adjusting ML outputs based on race will have to be taken into consideration when trying
to understand diagnosis disparities of DM2 by social factors, such as race. With early confirmation
of a DM2 diagnosis, multidisciplinary diabetes care teams can intervene quickly and implement
measures to delay the progression of the disease.

2 ANTICIPATED METHOD

2.1 OBJECTIVE

The goal of our project is to use advanced analytics and machine learning to assist a large health
system in understanding the diabetic population within their patient service areas. The team aims to
understand how to best improve their delivery of care. We will develop an analytical dashboard that
will provide insights on the healthcare system’s diabetic patient population. We aim to identify the
social risk factors associated with the undiagnosed diabetic population. The health system can use
these insights to aid them in their community intervention decisions and development of effective
strategies for effective DM2 management.

2.2 METHODS

2.2.1 COHORT SELECTION

The patient cohort will include adults (ages 18-75) receiving active care in the health system, defined
as individuals who have had at least two ambulatory care visits in the past 24 months.

2.2.2 OUTCOME DEFINITION

We define the diagnosed DM2 cohort as individuals in our cohort who have documented DM2
based on diagnostic coding for DM2 via ICD-10-CM codes (in alignment with Electronic Clinical
Quality Measures regarding DM). Individuals who do not meet these criteria would be considered
as undiagnosed. We aim to identify patients who should be evaluated for DM2 and show signals
of the disease in the data. Signals include, prescribed/current medications, lab results, family and
social history, and social determinant data. We will exclude type 1 diabetics, pregnant women, those
older than the age of 75, frailty and dementia patients (Peña, 2019), patients at end of life (e.g. Do
Not Resuscitate/Do Not Intubate patients), and outreach laboratory-only patients (patients with only
hospital serviced lab encounters).

2.2.3 DATA TRANSFORMATION

We will be using the following data sources onto an Azure Synapse instance (see citations in ref-
erences section). These datasets will provide us with a breadth of location-specific knowledge to
understand influential factors in missing a DM2 diagnoses.
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Data source ingestion
Data Source Description

Epic (EMR Data
warehouse)

This will include patient encounter and demographic data. Patient diag-
nosis, procedure, insurance and medication history, provider details and
lab values

American Commu-
nity Survey (ACS)

These tables provide social, economic, housing and demographic data
for a selected geography. We will be looking at Illinois and Wisconsin
data by Zip Code

AHRQ’s Social De-
terminants of Health

This dataset aggregates data from a collection of federal and publicly
available datasets such as, CDC datasets, US Census, Area Health Re-
source Files, Social Vulnerability Index and more. We will only pull
in variables that are related to our use case (we will run an exercise to
understand relevant values).

NPI Registry This dataset gives us provider details (location, specialty, association
with Provider Group Practice and Provider-Hospital Organization)

2.2.4 FEATURE ENGINEERING

We will utilize features that will be defined by our data analysis, review of related literature, and
input from our clinical informatics team. We will assess the importance of our features to model
predictions using Shapley values and plots (Casas, 2019). A full list of features is still under devel-
opment. Below are examples of categories and features we will incorporate in our models and/or
descriptive dashboard:

Category Example Features

Demographic Age Group (<18, 18-34, 35-44, etc.),
Sex,

Insurance Type,
Payer

Socioeconomic Social Vulnerability Index in Census Tract,
Count of Fast Food Restaurants in Zip,

Employment Status
Cormobitities HCC’s,

Diagnoses on prior encounters and claims,
Procedures on prior encounters and claims,

Lab Results
Utilization Count of PCP Visits,

Count of DM2 Specialist Visits,
Count of Preventative Care Visits

Geospatial Distance from PCP,
Distance from Specialist

2.2.5 RECOMMENDER SYSTEM AND CLASSIFIER DEVELOPMENT

We will analyze the prevalence of undiagnosed DM2 via a hybrid recommender system approach.
We will develop content-based filtering and collaborative filtering models to ‘recommend’ a DM2
diagnosis for undiagnosed patients who present similar qualities to those with a documented and
known diagnosis. See design positive class assignment mechanism in Figure 1.

We will model the incidence of DM2 diagnosis by risk stratifying patients likely to be diagnosed
with DM2 in the next 12 months. We are exploring two methods to train on our diagnosed cohort: a
binary classification model or survival model that predicts a “time to” diagnosis event. We will also
deploy our Fairness in ML Toolkit, since race and socioeconomic backgrounds of patients may be
incorporated in our models, this will allow us to evaluate fairness and bias in our machine learning
models. Our toolkit will generate comparison tables which will compare our models with fairness-
aware alternate versions of those same models.
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Figure 1: Model design

2.2.6 MODEL OUTPUT EVALUATION

Once we have our model outputs, we will compute the proportion of DM2 observed within identified
cohorts (e.g. Non-Hispanic White Women between the ages of 18-34 who are taking Metformin).
Then with collaborative filtering, we will predict which patients will likely have a diagnosis of DM2
based on a diagnosis of DM2 among similar members. Afterwards, we will aggregate our findings
to understand the geospatial distribution of the DM2 population.

2.2.7 USER INTERFACE DESIGN

Figure 2: Illustrative mock-up of a narrative analytic dashboard.

Figure 3: Suspect Diagnosis dashboard, patient drill down.

Our model results and exploratory analysis will be surfaced on a dashboard for the health system.
These healthcare leaders will be interested in an executive level dashboard (Figure 2), where the
prevalence of DM2 in relation to a geographic location and its population is represented in a narrative
format. It will also include the percentage of patients who were not formally diagnosed with DM2
and what their demographic features are, to help healthcare leaders understand what types of patient
cohorts slip through the cracks and where it is the most common. This interface will allow healthcare
leaders to make informative decisions in order to implement programs for early DM2 detection and
patient care management.

2.2.8 RESULTS

We are currently in the beginning stages of this work and do not have results at this time.
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