
Michigan Genomics Initiative Cohort -

A Shared Resource for Accelerating Research in Precision Health

1 Overview

As part of the Community Data Challenge of MLHC 2019, we are making available a subset of data from the

Michigan Genomics Initiative (MGI) to researchers. The database will be shared with attendees through Google

Cloud Platform (GCP) via BigQuery, allowing users to explore the data, build and validate machine learning models

directly on GCP. During the day of the challenge, participants will work in interdisciplinary teams to articulate a

technically interesting, clinically relevant problem that could be solved using these data. The goal isn’t to solve

the problem during the event, but start the formulate the problem. Problems will be judged by a panel of experts,

and winning teams will receive up to $1,000 in GCP credits that can be applied to the environment throughout the

following year to tackle the proposed problem.

MGI (https://www.michigangenomics.org/) is an ongoing collaborative research effort among clinicians and re-

searchers at the University of Michigan in Ann Arbor (UM). This effort aims to harmonize health to gain novel

insights that can further precision health. The database integrates de-identified clinical data from consented patients

undergoing surgery at the University of Michigan Hospitals. It represents a large and diverse cohort, includes both

inpatient and outpatient visits, and contains longitudinal data (up to two decades), with data from the most recent

years representing latest advances and up-to-date clinical practices. During the event, a portion of the de-identified

longitudinal clinical data will be made available. Since the database only contains longitudinal data of patients when

they interacted with Michigan Medicine and we do not have information from other institutions, it may not capture

the entire patient history. The database is further described below.

1.1 Patient Characteristics

The MGI database contains data associated with 58,624 unique patients, and encompasses all of their interactions

with the Michigan Medicine health system up until mid-2019. All patients 18 years of age or older undergoing

surgery (both inpatient and outpatient) at the University of Michigan Health System are potentially eligible for

participation in MGI. Patients in this database were recruited between 2012 and 2018 after signing an opt-in consent

form pre-surgery, and all data of consented participants (prior to and after their consent date) are included. The

consent grants permission broadly for researchers to use these data for research purposes. The total number of unique

primary encounters is 15,799,232. The cohort characteristics are summarized in Table 1. The distribution of the

range of data span is shown in Figure 1; approximately 60% of the patients have more than 4 years of data. The

prevalence of the 30 Elixhauser comorbidity measure [2, 5] for all patients and all primary encounters are listed in

Table 2.

1.2 Data Details

The MGI database contains structured electronic health record (EHR) data, ranging from time-stamped nursing

records of physiological measurements, laboratory values and flags, medication orders and administrations, to billing

1

https://www.mlforhc.org/
https://cloud.google.com/bigquery/
https://www.michigangenomics.org/
https://precisionhealth.umich.edu/wp-content/uploads/sites/67/2019/02/MGI-ICD-4-24-14_FINAL.pdf
https://precisionhealth.umich.edu/wp-content/uploads/sites/67/2019/02/MGI-ICD-4-24-14_FINAL.pdf


0 5 10 15 20 25 30
Range of data span (years)

0

1000

2000

3000

4000

5000

6000

7000

8000
N

um
be

r o
f p

at
ie

nt
s

Figure 1: Number of patients grouped by the range of data span (max date - min date in the database)

codes and locations in the hospital. Table 3 provides a summary of the 25 tables in the database. More tables will

likely be added in the released version.

Table 1: Cohort Characteristics

Patient Demographics MGI

Number of unique patients 58,624

Gender, female (%) 31,170 (53.2%)

Age at most recent encounter, median years (Q1-Q3) 58 (44-68)

Range of data span, median years (Q1-Q3) 6.2 (2.0-15.1)

Number of total primary encounters, median (Q1-Q3) 74 (31-181)

Number of inpatient visits, median (Q1-Q3) 0 (0-1)

Number of non-inpatient primary encounters, median (Q1-Q3) 73 (30-180)

Number of charted observations, median (Q1-Q3) 176 (66-505)

Number of laboratory measurements, median (Q1-Q3) 213 (59-661)

Number of medication administrations, median (Q1-Q3) 45 (12-161)

Number of Elixhauser comorbidities, median (Q1-Q3) 4 (2-7)
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Table 2: Distribution of comorbidities according to the 30 Elixhauser comorbidity measures. A patient is considered

having the comorbidity if the corresponding ICD9/10 code was documented at least once.

Elixhauser Comorbidity Patients No. (%) Encounters No. (%)

Congestive heart failure 5,817 (9.9%) 218,869 (1.4%)

Cardiac arrhythmias 19,825 (33.8%) 447,666 (2.8%)

Valvular disease 5,186 (8.8%) 122,963 (0.8%)

Pulmonary circulation disorders 4,102 (7.0%) 122,501 (0.8%)

Peripheral vascular disorders 8,081 (13.8%) 184,611 (1.2%)

Hypertension, uncomplicated 28,632 (48.8%) 1,126,694 (7.1%)

Hypertension, complicated 5,844 (10.0%) 29,470 (0.2%)

Paralysis 1,320 (2.3%) 17,566 (0.1%)

Other neurological disorders 5,599 (9.6%) 144,693 (0.9%)

Chronic pulmonary disease 17,207 (29.4%) 535,629 (3.4%)

Diabetes, uncomplicated 12,625 (21.5%) 712,200 (4.5%)

Diabetes, complicated 5,883 (10.0%) 79,759 (0.5%)

Hypothyroidism 10,519 (17.9%) 271,975 (1.7%)

Renal failure 7,291 (12.4%) 354,121 (2.2%)

Liver disease 9,653 (16.5%) 213,199 (1.3%)

Peptic ulcer disease excluding bleeding 2,059 (3.5%) 31,981 (0.2%)

Lymphoma 1,983 (3.3%) 80,191 (0.5%)

Metastatic cancer 15,856 (27.0%) 493,778 (3.1%)

Solid tumor without metastasis 19,754 (33.7%) 944,329 (6.0%)

Rheumatoid arthritis/collagen vascular diseases 6,570 (11.2%) 212,089 (1.3%)

Coagulopathy 6,188 (10.6%) 128,518 (0.8%)

Obesity 21,941 (37.4%) 427,272 (2.7%)

Weight loss 6,381 (10.9%) 30,263 (0.2%)

Fluid and electrolyte disorders 11,458 (19.5%) 58,591 (0.4%)

Blood loss anemia 2,247 (3.8%) 11,887 (0.1%)

Deficiency anemia 5,428 (9.3%) 47,778 (0.3%)

Alcohol abuse 2,915 (5.0%) 60,640 (0.4%)

Drug abuse 4,241 (7.2%) 55,027 (0.3%)

Psychoses 1,436 (2.4%) 10,064 (0.1%)

Depression 20,374 (34.8%) 648,093 (4.1%)
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Table 3: Overview of data tables in MGI database.

Table name Description

Diagnoses Diagnoses in ICD9/ICD10 codes from billing records and medical history

DiagnosesProperties Additional metadata about each diagnosis (e.g., present on admission, principle diagnosis)

Encounter Basic metadata for each encounter (e.g., age, encounter type, admission and discharge times)

EncounterBmi Body mass index (BMI) for each encounter calculated using median weight and median height

EncounterComorbiditiesCharlson Comorbidity measures of every encounter based on Charlson’s method [1]

EncounterComorbiditiesElixhauser Comorbidity measures of every encounter based on Elixhauser’s method [2, 5]

EncounterInsurance Insurance information (plan type, etc.) of every encounter; could contain multiple insurers per encounter

EncounterLocations Timestamped (start-to-end) location records (LocationsID) of every encounter for both inpatient and outpatient

EncounterProperties Complete metadata for each encounter

EncounterProviders Every caregiver information for the encounter with time ranges

LabResults Timestamped laboratory test results mapped to LOINC, in terms of values and flags

Locations Dictionary describes the type of each inpatient/outpatient LocationsID (e.g., bed, room, unit)

MedicationAdministrations Timestamped (start-to-stop) records of medication administrations with metadata including does & route (mostly inpatient)

MedicationDispense Timestamped records of medications dispensed to the patients from the pharmacy system

MedicationOrders Timestamped records of medication orders (e.g., prescribed by a physician), but not necessarily administered

MedicationProperties Dictionary of metadata of each medication, including VaClassCode and RxNorm

NursingStandardVitalSigns Timestamped longitudinal data for standard vital signs (e.g., heart rate, temperature, blood pressures)

NursingUncommonVitalSigns Timestamped longitudinal data for other vital signs (e.g., bladder pressure, ventilator settings)

Orders Timestamped records of services ordered for each encounter, e.g. lab/imaging/orthotics order, etc.

PatientInfo Demographic information of every unique patient in the database

Procedures Dated procedure records in HCPCS/CPT/ICD9/ICD10 codes for billing purposes

SocialHistory Patients’ social history (e.g., smoking, alcohol, drug status); one row per encounter

SurgicalCases Timestamped records of surgeries and other metadata (mainly anesthesia records)

2 Methods

Researchers at the Research Data Warehouse of UM working with the Precision Health Initiative have created a

database of the MGI cohort that can be used for research.

2.1 Database Development

The MGI database was populated with data collected during routine care. Data were downloaded and collated from

multiple sources in the EHR system at the University of Michigan Hospitals. Each patient is identified by a unique

PatientID and may have multiple encounters with the health system. Each ‘encounter’ is identified by a unique

EncounterID. These identifiers are used across tables to link individuals or specific encounters.

UM health system transitioned from an institution-specific EHR system (pre-EPIC) to one based on EPIC with a

phased roll-out starting from 2012. The transition is still ongoing; except for the SurgicalCases table, all the tables

in this dataset are using EPIC-based system after June 2014. The definitions of an ‘encounter’ differ significantly

in these two systems. For the pre-EPIC system, an ‘encounter’ could be a single inpatient visit, outpatient visit,

etc. For the EPIC-based system, multiple EncounterIDs can link to a single PrimaryEncounterID representing

all of the interactions throughout a single visit. For example, during a 30-day inpatient stay, each phone call,

physical therapy appointment, or imaging appointment has a separate EncounterID but are all linked via the same

PrimaryEncounterID. For a cancer patient in for an outpatient chemotherapy, each of the laboratory test, oncology

appointment to review lab results, and the chemotherapy itself is recorded as a separate encounter.

For each encounter, we have created several derived tables to standardize some of the information and assist

cohort discovery. For example, we used median weight and median height to compute a single body mass index

(BMI) during one encounter; other metadata about the encounter including whether it has corresponding laboratory

results or medication can help identify encounters that might be most useful for analysis. Many medical concepts

have been mapped to standardized dictionaries. The majority of laboratory tests have been mapped to LOINC

codes. Comorbidity indexes [1, 2, 5] are also computed based on the union of ICD-9-cm and ICD-10 diagnosis codes.
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2.2 Deidentification

All records in the MGI database were de-identified in accordance with Health Insurance Portability and Account-

ability Act (HIPAA) standards. For structured data, we removed all eighteen identifying data elements listed as

protected health information (PHI) in HIPAA, including fields such as patient name, telephone number, address, and

dates. All source table identifiers were hashed without losing any referential integrity. In particular, we removed all

dates of birth and calculated the age at each encounter. For patients over 89 years of age, their age appear as 300,

obscuring their true age. Other dates were shifted by a random offset of up to ± 4 weeks for each individual patient,

preserving the ordering and time between encounters of each patient. The time of day, day of the week and approxi-

mate seasonality are also preserved. For unstructured data, all values in the tables that were potentially categorical

or free text were screened, and PHI were removed based on extensive dictionary look-ups and pattern-matching [3, 4].
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