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Clinical Informatics in the era of big data
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The power and diversity of EHR studies
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Towards a learning health system

nature

medicine

Comment  Published: 07 January 2019

A call for deep-learning healthcare

Beau Norgeot, Benjamin S. Glicksberg & Atul J. Butte

Nature Medicine 25, 14-15 (2019)  Download Citation %

Fig. 1| A deep-learning healthcare system. A schematic representation of a deep-learning healthcare
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Challenges of using EHR data for research

 EHRs are challenging to represent health state

0 heterogeneous

O noisy

0 incomplete

0 structured / unstructured

0 redundant

0 subject to random errors

0 subject to systematic errors
O ...and so and so forth



EHR barriers to entry

mysql> SELECT E.* FROM PATIENTS A INMER JOIN DIAGNOSES B ON A.Patient_ID = E.Patient_ID WHERE B.ICD1@_Code = "I1@" LIMIT 5;

| Diagnosis_Start_Date | Diagnosis_Key | ICDY_Cede | ICD12_Code | Diagnosis_Event_Key | Diagnosis_End_Date | Diagnosis_Hospital Diagnosis | Diagnosis_Emergency_Departsent_Diagnosis | Diagnosis_Chrenic | Diagnosis_Event_Type | Diagnosis_Name | Di
agnosis_ID | Diagnesis_Type | Diagnosis_Status | Diagnosis_Present_On_Admission | ICD18_Level_1 | ICD18_Level_2 | IcD1e_Level_3 | Icoi@_Level_& | ICD1@_Level 5 | ICD1@_Level_6 | ICD
18_Name | ICDF_Level_1 | 1C09_Level 2 | ICD9_Level 3 | ICD9_Level_4 | ICDS_Level 5 | ICDY_Name | Primary_Coded_Diagnosis | Principal_Problem_Diagnosis | Visit_Pris
t t. I ary_Diagnosis | Diagnoses_Encounter_ID | Diagnoses_Encounter_Is_Inpatient | Diagnoses_Encounter_Type | Diagnoses_Visit_Type | Diagnesis_Age | Diagnosis_Year | Patient_ID |
| 930025 | 481.9 | 118 | 8B4B19414932281 | NULL | No | No | No | EpicPatientld|Diagnosisid | Hypertension |
1-’-2335 | Hedical History | Active | =Not Applicable | Diseases of the circulatery system (I80-19%) | Hypertensive diseases (I19-I18) | Essential (primary) hypertension | NULL | HULL | WULL | Ess
ential (primary) hypertension | Diseases of the circulatory system | Hypertemsive disease | Essential hypertension | NULL | WULL | Unspecified essential hypertension | Mo | He | Mo
542146481887935 | Outpatient | Prepare Telephone Consult | PREPARE PHONE CONMSULT 45 | NULL | HULL | B2313B661216945 |
| NULL | 938825 | 4Bl | 118 | 491669671779871 | NULL | No | No | No | EpicPatientld|Diagnosisid | Hypertension |
142335 | Medical History | Active | *Not Applicable | Diseases of the circulatery system (I@8-199) | Hypertensive diseases (I18-115) | Essential (primary) hypertension | NULL | HULL | WuLL | Ess
ential (primary) hypertension | Diseases of the circulatory system | Hypertensive disease | Essential hypertension | NULL | WULL | Unspecified essential hypertension | Mo | Mo | Ho
| 517852580546724 | Outpatient | office visit | NEW PATIENT 38 1 NULL | HULL | 226851168858617 |
| HuLL | 93@825 | 481.% | 118 | S44386856580879 | NuLL | No | Ne | No | EpicPatientld|Diagnosisid | Hypertension |
142335 | Medical History | Active | =Not Applicable | Diseases of the circulatery system (I@9-199) | Hypertensive diseases (I19-I15) | Essential (primary) hypertension | NULL | MULL | NULL | Ess
ential (primary) hypertension | Diseases of the circulatory system | Hypertensive disease | Essential hypertension | NULL | HULL | Unspecified essential hypertension | Mo | He | Mo
| 4345584583562183 | Outpatient | office visit | NEW PATIENT 38 ] NULL | MULL | 598913683176841 |
| WULL | 932825 | 481.9 | 118 | 998980489036994 | NuLL | No | No | No | EpicPatientId|Diagnosisid | Hypertension |
142335 | Medical History | Active | =Not Applicable | Diseases of the circulatory system (I@e-19%) | Hype!tensue diseases (I18-118) | Essential (primary) hypertension | NULL | MULL | NULL | Ess
ential (primery) hypertension | Diseases of the circulatoery system | Hypertensive disease | Essential hypertension | NULL | HULL | Unspecified essential hypertension | Mo | He | Mo
| 318195738364811 | Outpatient | Office visit | NEW PATIENT ] NULL | MULL | 661313788872212 |
| NuLL | 938825 | s81.9 | 118 | 2656244847608854 | NuLL | Mo | Mo | No | EpicPatientld|Diagnosisid | Mypertension |
142336 | Medical History | Active | =Mot Applicable | Diseases of the circulatory system (I88-19%) | Hypertensive diseases (I118-116) | Essential (primary) hypertension | NULL | MULL | NULL | Ess
ential (primary) hypertension | Diseases of the circulatory system | Hypertensive disease | Essential hypertension | NULL | NULL | Unspecified essential hypertension | Mo | He | Mo
| 649153156671673 | Outpatient | office visit | NEW PATIENT 1 nNULL | HULL | 23@é@7@28683914 |

Clinical |
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Bodenreider, O (2004): Medical Language System (UMLS) : integrating biomedical terminology




Cross-validation & replication in EHR research

Model/Results _— Model/Results

ﬁ C + ﬁ

=

Cerner

=

¥




OMOP common data model (CDM)

1OHDS!

OBSERVATIONAL HEALTH DATA SCIENCES AND INFORMATICS

Language

Source 1 Source 2 Source 3

oA

Structure

Resources:

https://www.ohdsi.org/
http://www.ohdsi.org/web/wiki/doku.php
http://forums.ohdsi.org/

Analysis

. Analysis -
https://github.com/OHDSI/
method l
Ana ySIS (most documentation)



https://www.ohdsi.org/
http://www.ohdsi.org/web/wiki/doku.php
http://forums.ohdsi.org/
https://github.com/OHDSI/

CDM facilitates cross-validation and reproducibilit

Scalable and accurate deep learning with

electronic health records

Alvin Rajkomarm, Eyal Oren, [...] Jeffrey Dean

npj Digital Medicine 1, Article number: 18 (2018)
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The FHIR resources are placed in
temporal order, depicting all events
recorded in the EHR (i.e. timeline).
The deep learning model uses this
full history to make each prediction.
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The OMOP system is efficient but complicated
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OHDSI has developed powerful, advanced tools

Open-Source Software

&2 0bservational Healt

http://ohdsi.org

Observational Data Management — tools and processes to standardize the structure and content of healthcare data in preparation for
observational analyses, including:

o ATHENA standardized vocabularies

Repositories 133 People 5 Projects 0 . Common data model and standardized vocabularies specifications
» Extract, transform, and load (ETL) design, development, and testing
« Database profiling and data quality assessment

Type: All =~ Language: All ~

Clinical Characterization — descriptive analyses to support disease natural history and quality improvement, including:

» Cohort definition and phenotype evaluation
= Patient record profiling

» Study feasibility assessment

» Population summarization and comparison

PatientLevelPrediction

An R package for performing patient level prediction.
Population-Level Estimation — epidemiologic designs for estimating average treatment effects for medical product safety surveillance and

O®RrR %48 ¥31 Updated 2 days ago comparative effectiveness, including:

» Comparative cohort analysis
» Self-controlled case series
« Self-controlled cohort

BrokenAdaptiveRidge

OrR K1 ?\ 2 Updated 2 days ago Patient-level prediction — machine learning methods for precision medicine and disease interception, including:

» Regularized regression

e ttps:ffwww.ohdsi.org/analytic-tools
https://github.com/OHDS| ps:// g/analy /




..that are sometimes too advanced for most tasks
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ROMOP

a light-weight R package for interfacing with
OMOP-formatted Electronic Health Record data



Goals of ROMOP

1. Automatically connect to
OMOP EHR relational
database

2. Enable non-technical
experts to easily pull data
into R-object

3. Facilitate follow-up
analyses
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1.

4.

5.

6.

Explore CDM fields

Generate population statistics

Search for patients:

e Any vocabulary

 Inclusion/Exclusion criteria

 Flexible search strategies
(e.g., and vs. or)

Retrieve all relevant data for

patients:

e Demographics

* Encounters

 C(Clinical

Automatically map concepts

to ontologies

Export search report

What can ROMOP do?

g ™

Concept:
map concepts to ontology l

Concept_relationship:
maps to common vocabulary

Concept_ancestor: ,l.

identifies descendant concepts

l

mapping X INPUT
[AO3AE] ATC
I [250.1, 250.2] ICDOCM
[62332-0249] NDC
Identify tables to query |----------- ,E « direct

Clinical data concepts

Clinical tables _concept _id _source_vc;fue
4 ™\
Conditions - mapped l
Devices - OUTPUT
Measurements * query.txt
Medications « inclusion_criteria_mapped.txt
—— « inclusion_criteria_mapped_concepts.tx
Procedures inclusi teri ed ts.txt
) « patient_list.txt
S Observations ) QueryReport |, . icome.ixt




Public sandbox server: interactive tutorial

ROMOP Sandbox
Tutorial

Benjamin 3. Glicksberg

http://romop.ucsf.edu =

Bakar Computational Health Sciences Institute

University of California, San Francisco

2018
ROMOP
Initialization
Data exploration

L]
e 1IMM patients from
a I e n S ro Finding cohort/patients

Extracting clinical data

CMS synthesized clinical
dataset (DE-SymPUF)

e Package:
https://github.com/BenGlicksberg/ROMOP

ROMOP

ROMORP is a flexible, light-weight R package for interfacing with Electronic Health Record (EHR) data in the Observational Health Data Sciences
and Informatics (OHDSI) OMOP Common Data Model. This sandbox server is set up for individuals without access to OMOP-formatted EHR

data. This resource will also provide an interactive tutorial.

« For a detailed description of the OMOP common data model, please visit this helpful wiki.

Project Information

+ For the open-source package, visit htips://github.com/BenGlicksberg/ROMOP.
= We provide detailed documentation in the Readme file.

= For the manuscript, please click here.

Data and Server Information

The Centers for Medicare and Medicaid Services (CMS) have released a synthetic clinical dataset ( DE-SynPUF) in the public domain with the
aim of being reflective of the patient population but containing no protected health information. The OHDSI group has underwent the task of
converting these data into the OMOFP CDM format. Users are certainly able to set up this configuration on their own system following the
instructions on the GitHub page. We obtained all data files from the OHDSI FTP server (accessed June 17th, 2018) and created the COM (DDL
and indexes) according to their official instructions, but modified for MySQL. For space considerations, we only uploaded one million rows of each
of the data files. The sandbox server is a Rshiny server running as an Elastic Compute Cloud (EC2) instance on Amazon Web Services (AWS)
querying a MySQL database server (AWS Aurora MySQL).

Who We Are

« Butte Lab
« Bakar Computational Health Sciences Institute (BCHSI)

+ University of California, San Francisco (UCSF)

Contact

For questions, comments, errors, bug reports, or issues, please contact: benjamin.glicksberg@ucsi.edu
For general correspondance, please contact: atul.butte@ucsf.edu




Data and CDM exploration

ROMOP Sandbox
Tutorial

Data exploration

Benjamin S. Glicksberg
Butte Lab
Bekar Computational Health Sciences Institute

Device, Procedure, Drug.

University of California, San Francisco Show data types:

v Explore data types in the data ontology

For those unfamiliar with OMOP structure, this function details relevant vocabularies per clinical domain: Condition, Observation, Measurement,

2018 Code & Start Over P Run Code
ROMOP ; showDataTypes()
3
Initialization
domain_id vocabulary_id
Data exploration <chr> <chr>
Finding cohort/patients Condition ICD10CM
Condition SNOMED
Extracting clinical data
Condition ICD9CM
St Over Device SNOMED
Device HCPCS
Device NDC
Device SPL
Drug NDFRT
Drug RxNorm
Drug SNOMED
1-10 of 35 rows Previous 1 2 3 4 Next




Define cohorts/Find patients

ROMOP Sandbox
Tutorial

Benjamin S. Glicksberg
Butte Lab
Bakar Computational Health Sciences Institute

University of California, San Francisco

2018
ROMOP
Initialization
Data exploration
Finding cohort/patients
Extracting clinical data

Start Over

Finding cohort/patients

ROMOP has a straight-forward yet flexible ways to search for patients that takes advantage of the underlying OMOP CDM structure. If the
“mapped” option is selected, searching for a broad code like ATC level 3 code AD5A (“Bile Therapies”), or even a specific term code like RxNorm
code 1544460 for idelalisib, will automatically identify and query for all bottom-level (e.g., idelalisib 150 MG Delayed Release Oral Tablet) codes
contained underneath that seed concept. This works by ROMOP first mapping the initial search criteria to a standard concept (SNOMED or
RxNorm) and finding all descendants underneath it. This function allows for incorporation of multiple vocabulary types (e.g., ATC and LOINC
codes) and codes simultaneously and can support both inclusion and exclusion criteria, if desired. The user can also set the strategy of dealing
with criteria, namely either union (i.e., or) or intersection (i.e., and) requirements.

Find all “Type 2 Diabetes Mellitus” patients using ICD10 code (E11):

Code & Start Over

1 I:mti.ent_'l.ist <- findPatients(strategy_in="mapped", vocabulary_in = "ICD1@CM", codes_in = "E11")
2
3

[1] "5378 patients found that meet the inclusion criteria.”

Find all patients prescribed with any "Serotonin receptor antagonists” using ATC code (AO3AE):

Code | & Start Over

1 patient_list <- findPatients(strategy_in="mapped", vocabulary_in = "ATC", codes_in = "A@3AE")
2
3

[1] "96 patients found that meet the inclusion eriteria."

Find all patients with “Other anxiety disorders” using ICD10 code (F31), but not prescribed with “Clonazepam” using RxNorm code (2598):

Code | & Start Over

1 patient_list <- findPatients(strategy_in="mapped", vocabulary_in = "ICD1@CM", codes_in = "F41", strategy_out="mapped", \
2
3

[1] "268 overlapping patients excluded from the original inclusion input based on the exclusion criteria."
[1] "2057 patients found that meet the inclusion criteria."”

Previous Topic Next Topic




Extract Data

ROMOP Sandbox v Retrieve clinical data for pre-defined cohort

TU J[O I’I al Retrieve clinical data for patient ids found from the findPatients function:

Clinical data can also be retrieved for a patient list that is defined using the findPatients function.

Code | & Start Over

Benjamin S. Glicksberg
Butte Lab
Bekar Computational Health Sciences Institute

University of California, San Francisco patient_list <- findPatients(strategy_in="mapped", vocabulary_in = "ATC", codes_in = "A@3AE")

1
2
3 ptClinicalData <- getClinicalData(patient_list, declare=FALSE)
4
5

2018
head(ptClinicalData$Condition)
ROMOP
o [1] "96 patients found that meet the inclusion criteria.”

Initialization

Data exploration p condition_concept_vocabulary condition_concept_code condition_concept_name R
<chr> <chr> <chr>

Finding cohort/patients SNOMED 40257000 Contusion of shoulder region

Extracting clinical data SNOMED 40257000 Contusion of shoulder region
SNOMED 35678005 Multiple joint pain

Start Over
SNOMED 44465007 Sprain of ankle
SNOMED 95210003 Plasma cell leukemia
SNOMED 11437003 Contusion of back

6 rows | 5-7 of 12 columns

As mentioned, the clinical data are stored as a list of data.tables in the ptClinicalData object.



Summarize
cohort

ROMOP Sandbox
Tutorial

Benjamin S. Glicksberg

Butte Lab

Bakar Computational Health Sciences Institute
University of Califomnia, San Francisco

2018
ROMOP
Initialization
Data exploration
Finding cohort/patients
Extracting clinical data

Start Over

v Summarize demographic information of clinical cohort

ROMOP provides a function to quickly summarize the demographic information for a cohort of interest.

Summarize demographic information for patient ids found from the findPatients function:

Code | £ start Over

1 patient_list <- findPatients(strategy_in="mapped", vocabulary_in = "ATC",

[1] "96 patients found that meet the inclusion criteria."

# of patients: 96

Mean age: 79.375

Median age: 82.5

STD age: 14.145

Status breakdown:

Status n proportion
1: Alive 94 0.97916667
2: Deceased 2 0.02083333

Gender breakdown:

Gender n proportion
1: FEMALE 61 0.6354167
2: MALE 35 0.3645833

Race breakdown:

Race
1: Black or African American
2: Unknown
3: White
Ethnicity breakdown:
Ethnicity

1: Hispanic or Latino

ptDemo <- getDemographics(patient_list, declare=FALSE)

summarizeDemographics(ptDemo)

n proportion
7 0.07291667
9 0.09375000
80 0.83333333

n proportion
5 0.05208333

2: Not Hispanic or Latino 91 0.94791667

codes_in = "AB3AE™)



PatientExploreR

dynamic visualization of clinical history in OMOP
format



No flexible application exists

ATLAS 4 warfarin-new u:
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# Home
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. Id Day Day
condition (143)
conditionera (118) 439947 Open fracture of upper end of fibula conditionera 0 0
procedure (112) n 5 a nditioner
visit (44) 434502 Closed fracture of phalanx of foot conditionera 0 ]
measurement [32) 43531028 Mononeuropathy of lower [imb conditionera 0 1]
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F" OHDSI 0 No matching concept visit 4 4

jein the journey 2211369  Radiologic examination, chest; single view, frontal procedure 4 4
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Goals

PatientExploreR: dynamic visualization of clinical history

This application allows for flexible searching and extracts patient-level interactive and dynamic reports and visualization of clinical data

User 1D

Please log-in with your credentials.
glicksbergh -]

Password Successfully logged in.

0 First time user? Check out the Help page or start the T

LOGOUT

Identify a patient to explore: query the EMR for all patients with data a

Patient Finder

concept or concepts of interest. Can search by Diagnosis, M ation,
Procedure, and Lab related concepts. Can futher filter patients by

demaographic features {(e.g., age range, self-reported race).

provide a chronological history of all events of all data modalities (e.g.,

diseases, medications). Can filter by event type for more focused displays.

Interact and ex € a selected patient's clinical encounter timeline;

Encounter Timeline

nvestigate clinical events by encounter. Selecting an ecnounter in the

Generate overall report of a selected patient’s clinical history: this report wil
E Overall Report

timeline will detail all associated clinical events. Can filter by encounter (e.g.,

O M O P Appointment) and visit (e.g., Screening) types.

1l events over time: for a selected patient, can

plore patterns of ¢

(% Data Explorer _ : :

, all data measured for categorical (diseases, medications, procedures) and
numeric (labs, vital signs, and flowsheet) types over time. Cateogrial

variables displayed in a timeline and can be filtered for what is shown

neseries which the user can interact

Mumeric variables are disy

layedas at
with, Targeted view provides an in-depth graph of one variable at a time

while the Multiplex view allows for simulaneous and linked exploration of

multiple variables

Who We Are

Butte Lab, Institute for Computational Health Sciences, UCSF

=
jiz — O

Contact & Lab Logo/Dscription
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Public Sandbox Server

PatientExploreR interfz with a relational database of EHR d

ata in the Obse

level imeractive and dynamic reports and visualization of clinical data, with

htt p :// p at i e ntex p I o re r. u CSf. e d u All patient data are synthesized and contain no Protected Health Information
2 i <.

Help About Download App

- SynthESIZed data (nO PHI) frOm CMS To begin: click Load Credentials then Login

Please log-in below:

- 1 million patients T s Q

Patient ,m sel
Finder

tient directly or id it or find 2l

any criteria ty (e.g.,

Procedure). Cehorts can be f

er filtered by demographic features {e.q., age

d, and exported

ory rtwill provide a

Generate overall report of a se d patient’s clinical hist
Host E chronolog of all events of all data modalities (e.g., Obs
- O IVI O P fo rl I I at Can filter by spe s and export
Overall
Report

rations, Medicalions)

Database

. T el *
- Open to the pu bl IC — Encounter

MYSQL - 2 : admitting/
Timeline

Explore pa

3306 'c
Observation) [.\-_.o_c; overim:
D CREDENTIAL Data fo
Explorer

vhat is shown

interact with, Targ dapth graph of

Multiplex view allows for simulaneous and linked exploration of multiple variables

Code: https://github.com/BenGlicksberg/PatientExploreR

o /srv/shiny-server/patientexplorer/

LOGOUT LOGIN



Patient Finder

Search for patients directly or based on clinical criteria (e.g., Condition ICD- Search Mode:
10CM code), By selecting 'Criteria’, all available ontologies will be displayed o Search by Patient
per modality which the user can use for searching. This will load

(@ search by Criteria
demographic information for matching patients to allow for further refining.

Criteria (select from table):

Select Domain Select Vocabulary Select Concept Class
CONDITION - ICDT10CM b 9 ITEMS SELECTED hd . SELECTALL NONE
Search: |K51
concept_code concept_name domain_id vocabulary_id concept_class_id
K51.4 Inflammatory polyps of colon Condition ICD10CM 4-char nonbill code
K51.414 Inflammatory polyps of colon with abscess Condition ICD10CM 6-char billing code
K51.41 Inflammatory polyps of colon with complications Condition ICD10CM 5-char nonbill code
K51.413 Inflammatory polyps of colon with fistula Condition ICD10CM 6-char billing code
K51.412 Inflammatory polyps of colon with intestinal obstruction Condition ICD10CM 6-char billing code
Showing 1 to 5 of 64 entries (filtered from 93,463 total entries) Previous E 2 3 4 5 13 Next
Selected Criteria:
vocabulary term REMOVE ITEM maarol Type:
@ or O and Q
ICD10CM K51.4
RESET SEARCH Search Strategy: SEARCH BY CRITERIA
ICD10CM K51.414 @ Mapped () Direct
ICD10CM K51.41
ICD10CM K51.413
ICD10CM K51.412

Showing 1 to 5 of 64 entries

Previous 1 2 3 4 5 13 MNext



Filter Cohort:

Age

% Filter Cohort:
Age Gender Status Race Ethnicity
22 31 40 49 ¢
% E 109
MALE
1 |

22 31 40 49 58 67 76 85 94 103109

ALIVE - 3 ITEMS SELECTED - 2 ITEMS SELECTED ~

RESET FILTERS

- |
RESET FILTERS ’ & EXPORT COHORT ’ HIDE PLOTS Selected Patient ID: SEARCH

25
20
Age Gender Race Ethnicity Status
15 5
10 4
> 3
W 2
1
%0 30 40

ERL
UM
AAIlY

umouun

UeDLIBWY UBDLYY 10 Moe|g
ouleT Jo ouedsiH 10N




Background:
Status: Alive

Age: 22

Age of Death: NA

Ethnicity: Mot Hispanic or Latino

Race: Unknown
Gender: MALE

Automatically

Select data modalities to include:

Overall Report: 9000000

Clinical Summary:

Earliest encounter: 2017-01-17
Most recent encounter: 2017-07-28
# unique encounter types: 1

# Encounters: 7

# Outpatient encounters: 7

# Inpatient encounters: 0

Observations

# observations: 3

# unique observation concepts: 3
# conditions: §

# unique condition concepts: 4

# procedures: 0

# unique procedure concepts: 0
# medication prescriptions: 3

# unique medication concepts: 2

# measurements: 40

# unique measurement concepts:

# devices: 0

# unique device concepts: 0

Medications

B

Sate Kiodaiiies 3 ITEMS SELECTED - 2 ITEMS SELECTED
g e n e ra t e d 4 ITEMS SELECTED - Conditions Mias s
4 ITEMS SELECTED b 6 ITEMS SELECTED
& EXPORT REPORT
° [] °
clinical history
| T - STE
Show 10 - entries Search:
Date Type Event Value
2017-01-17 Observation Contraceptive use behavior
20M17-0117 Obsearvation Drug injection behavior
2017-01-17 Measurement Hematocrit 39
2017-01-17 Measurement Calprotectin [Mass/mass] in Stool 70
2017-0117 Measurement C reactive protein [Mass/volume] in Serum or Plasma 0.5
20M7-0117 Measurement Erythrocyte sedimentation rate 3
2017-0117 Measurement Creatinine serum/plasma 0.7
2017-0117 Measurement Albumin serum/plasma 4
2017-06-15 Condition Kelod scar
2017-07-01 Observation Tobacco use and exposure 1
Showing 1 to 10 of 51 entries . B
2 5 ] Mext



Encounters Timeline: 9000000

Plot Encounters:

(® None

QO Visit Types

O Admitting Concepts
O Discharge Concepts

Visit Types Admitting Concept Type Discharge Concept Type
OUTPATIENT VISIT - NO MATCHING CONCEPT - NO MATCHING CONCEPT -

Outpatient Vi + = -

|

—

Outpatient Visit
’ Outpatient Visit
|
Outpatient Visit | Outpatient Visit
| | [ |

Outpatient Visit Encounter Information:

Visit Date: 2017-07-01

Visit Type: Outpatient Visit

Visit Admitting Type: No matching concept
Visit Discharge Type: No matching concept

Feb

2017

Conditions Devices Measurements Medications Observations Procedures
FIT ALL ENCOUNTERS I FOCUS PAST YEA

Show 10 - entries Search:
condition_concept_name ¢  condition_type ¢  condition_status_type ©  condition_concept_vocabulary ¢  condition_concept_code | dition_source_vocabulary ¢  condition_source_code |  condition_start_date @  condition_end_date ©
Allergic rhinitis Primary Condition SNOMED 61582004 2017-07-M 2017-07-10

Showing 1to 1 of 1 entries B - Next




Data Explorer Mode:
@ Targeted

O Multiplex
O Multiplex Timeline

Explore
Trendsin ..

@ Event O Range

Data/ -—
Outcomes
targeted) =~

3 15 17 19 2 23

June 2017

Visit Ouccurence ID for Condition: 9000002
Condition Window: 2017-07-06 to 2017-07-21
Condition Status Type: NA

Data Explorer: 9000000

Explore all clinical events over the patient's history. The user can explore both categorical (Conditions, Medications, Procedures, or Devices) or
numeric (Measurement or Observation) data. For categorical data, the events are visualized in an interactive timeline and the user can select

which events to show. Further, diseases may be explored at different levels (Disease Name, ICD 9 or 10). For numeric data types, the events

(e.g., WBC for Labs) are displayed as a table with # of measurements recorded. The user can select an event of interest which will display as an

interactive timeseries plot.

Medications Procedures Observations
Allergic rhinitis Ulcerative colitis
25 27 29 1 3 5 7
July 2017

Condition Standardized Name Selected: Ulcerative colitis

Condition Standardized Vocabulary: SNOMED

Condition Standardized Vocabulary Code: 64766004

Condition Source Value: NA
Condition Source Vocabulary: NA

Condition Source Vocabulary Code: NA

11

13

15

17

Headache

Ulceratit

19

+

21



Conditions Devices Measurements Medications Procedures Observations

Show 5 - entries Search:

Measurement Concept Name N

Albumin serum/plasma

E X p | O re Calprotectin [Mass/mass] in Stool

C reactive protein [Mass/volume] in Serum or Plasma

[ ]
| re I | d S I I | Erythrocyte sedimentation rate

Hematocrit

Data/ m . -
Outcomes
NnUMeric;

targeted

—ea— Normal

500 ® High

400

300

200

100

Feb 2017 Mar 2017 Apr 2017 May 2017 Jun 2017 Jul 2017 Aug 2017

Calprotectin [Mass/mass] in Stool microgram per gran

Measurement Order Date



Explore
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nlex

0.8

.75

.65

0.6

30

20

10

50

40

30

20

Feb 2017

Mar 2017

Apr 2017

May 2017
Date

Jun 2017

Jul 2017

Aug 2017

®  Allergic rhinitis
infliximab 100 MG Injection [Remicade]
® Ulcerative colitis
—e— ( reactive protein [Mass/volume] in Serum or Plasma
—e— Creatinine serum/plasma
s— Erythrocyte sedimentation rate
—e— Hematocrit



Explore
Trends in
Data/
Outcomes
multiplex
timeline

View Type:
View Type:
Q Event
@ Range
Condition
Keloid scar
Medication
Measurement
16
June 2017

Selected Data Info:

Modality: Condition

Concept: Ulcerative colitis
Window: 2017-07-06 to 2017-07-21
Value: NA

Ulcerative coliti
Ulcerative colitis
Allergic rhinitis Headache
ferrous sulfate 325 MG Oral Tablet [Ironmar]
infliximab 100 MG Injection [Remicade]
infliximab 100 MG Injection [Remicade]
Calprotectin [Mass/mass] in Stool
Calprotectin [Mass/mass] in Stool
Calprotectin [Mass/mass] in Stool

Calprotectin [Mass/mass] in Stool

Calprotectin [Mass/mass] in Stool Calprotectin [Mass/mass] in Stool

21 26 1 6 11 16 21 26 1 6 11

July 2017 August 2017

16

21

26



How might these tools enable Al-
based EHR research?



Time Aggregation and Model Interpretation for Deep

H OW we | | can we p re d | Ct... Multivariate Longitudinal Patient Outcome

Forecasting Systems in Chronic Ambulatory Care

* Risk for disease

Beau Norgeot! Dmytro Lituiev’ Benjamin S. Glicksberg! Atul J. Butte!”

® D i sease ons Et I Bakar Computational Health Sciences Institute, University of California, San Francisco
*atul.butteCucsf.edu
* Symptom severity University o Safety
' Clinic ._ Net
* Treatment response i g
* Medication adverse events @ .. G 4 Rl

Uncontrallad "._: v Uncontrolles

 |deal dose of medication
e Symptom flares
e Length of stay in hospital

Beau Norgeot, MS



More representation/data = better reflection of dx

1. Precision medicine: finding similar patients to go beyond
treating doctor’s, clinic’s, department’s, hospital’s, or even
institution’s expertise.

UCDAVIS

UNIVERSITY OF CALIFORNIA

2. Disease representation in EHR: electronic phenotyping
algorithms might not be fully generalizable. Building as a
“meta” signature will be more robust

3. Prediction: training and testing models across
multiple institutions, alone and in conjunction,
will enable identifying ideal strategies

UCsr

University of California
San Francisco

How will model trained here...

University of California, Los Angeles

UCSan Diego

...perform here?

<= 4. Multi-omic factors: incorporating genetics
and environmental data (e.g., pollution) can

help pinpoint etiology and discern GxE
11 UCIRVINE interactions
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