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University of California

OF
* 10 campuses and 3 national labs UC Health

e ~200,000 employees, ~250,000 students/yr
UC Health
* 18 health professional schools (6 med schools)

A

San Francisco (1873)
Davis (1959)
Berkeley (1868)
Santa Cruz (1965)
Merced (2005)

4 » Santa Barbara (1958)

* Train half the medical students and residents in -
California /
* ~S2 billion NIH funding !

* S13+ billion clinical operating revenue

* 5000 faculty physicians, 12000 nurses

 UCSF and UCLA are in US News top 10

* 5 NCI Comprehensive Cancer Centers, 5 NIH CTSA
* |IRB reliance, centralized contracting

/» Los Angeles (1927)
/ /¢ Irvine (1965)

/ //» San Diego (1959)

'/ |» Riverside (1954)
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UC Health, United Healthcare Form New
ACO & Clinically Integrated Networks

@

by Staff Writer ™ 10/03/2016 0 Comments
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UC Health

The University of California and UnitedHealth Group are teaming up to form a new accountable care
organization (ACO) and clinically integrated network. As part of the 10-year strategic relationship, UC
Health’s five academic medical centers will expand use of Optum’s clinically integrated network services
and advanced data analytics services.



Combining healthcare data from across the
six University of California medical schools and systems
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The University of California has an

incredible view of the medical system

e Combined EHR data from UCSF, UCLA, UC Irvine, UC Davis,
UC San Diego, and UC Riverside

— 15 million patients treated over the past 15 years

e Central database built using OMOP (not Epic) as a data backend
— Structured data from 2012 to the present day
— 5.7 million patients with “modern” data

— 228M encounters, 96M procedures, 593M med orders,
640M diagnosis codes, 2.3B lab tests and vital signs

— “Everything from Tylenol to CAR-T cells...”

— OSHPD data, pathology and radiology text elements, death index
— Claims data from our self-funded plans now included

— Continually harmonizing elements

* Quality and performance dashboards



Many operational teams within UC Health now using and
benefitting from the UC Health Data Warehouse, saving Smillions

Decreasing
Central tools to .
: . expenses in our
improve quality self-funded
of care

health plans
Managing costs gpCentral
in our self- management of
funded health Y » primary care

plans patients



University of California Cancer Consortium Takes on

California’s $14 Billion Killer

By Elizabeth Fernandez on September 11, 2017
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University of California President Janet Napolitano announced the formation of a UC Cancer Consortium to include five of the nation's
leading academic cancer centers during a press conference in Genentech Hall at Mission Bay. Photo by Susan Merrell



161,715 cancer patients seen in 2019 across UC Health

161,715 Total UC patients with a cancer diagnosis
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Foundation Medicine cancer genomic reports centralized and parsed

UCHealth
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UC Health Genomic Profiler
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Top 10 Drug Charges across UC Health
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Nearly 100 patients treated so far with
axicabtagene.ciloleucel (axi-cel; Yescarta)

Click an one of the Tabs above to start building your cohort by adding specific Diagnoses, Labs, Medications, & Procedures.
Patient counts reflect criteria displayed in the frames to the right of the graphs below. Critaria are selected from within their respective Tabs (above).
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Axicabtagene Ciloleucel CAR T-Cell Therapy
in Refractory Large B-Cell Lymphoma

S.S. Neelapu, F.L Locke, N.L. Bartlett, L), Lekakis, D.8. Miklos, CA. Jacobson,
I. Braunschweig, 0.0. Oluwole, T. Siddigi, Y. Lin, J.M. Timmerman, P.J. Suff,
J.W. Friedberg, LW, Flinn, A. Goy, B.T, Hill, M.R. Smith, A. Deol, U, Faroog,
P. McSweenay, |. Munoz, | Avivi, |.E. Castro, J.R. Westin, J.C. Chavez, A, Ghobadi,
K.V. Komanduri, R. Levy, E.D. Jacobsen, T.E. Witzig, P, Reagan, A. Bot, J. Rossi
L. Navale, Y. Jiang, ). Aycock, M. Elias, D. Chang, J. Wiezorek, and W.Y, Go

ABSTRACT
SACEGROUND
In a phase 1 trial, axicabtagene cilolevcel (axi-cel), an autologous anti-CD19 chime-

ric antigen receptor (CAR) T-cell therapy, showed efficacy in patients with refractory
large B-cell lymphoma after the failure of conventional therapy.

MLITHODS

In this multicenter, phase 2 trial, we enrolled 111 patients with diffuse large B-cell
lymphoma, primary iastinal B-cell lymphoma, or i d follicular lympho-
ma who had refractory disease despite undergoing recommended prior therapy. Pa-

tients received a target dose of 2x10° anti-CD19 CAR T cells per kilogram of body
weight after receiving a conditioning regimen of low-dose cyclophosphamide and
fludarabine. The primary end point was the rate of objective response (calculated as
the combined rates of comph P and partial response). Secondary end points
included overall survival, safety, and biomarker assessments.

RESULTS

Among the 111 patients who were enrolled, axi-cel was successfully manufactured
for 110 (99%) and administered to 101 (91%). The objective response rate was 82%,
and the complete response rate was 54%.With a median follow-up of 15.4 months,
42% of the patients continued to have a response, with 40% continuing to have a
complete response. The overall rate of survival at 18 months was 52%. The most com-
mon adverse events of grade 3 or higher during were neutropenia (in
78% of the patients), anemia (in 43%), and thrombocytopenia (in 38%). Grade 3
or higher cytokine release syndrome and neurologic events occurred in 13% and
28% of the patients, respectively, Three of the patients died during treatment. Higher
CAR T-cell levels in blood were associated with response.

CONCLUSIONS
In this multicenter study, patients with refractory large B-cell lymphoma who received
CAR T-cell therapy with axi-cel had high levels of durable respoase, with 2 safety pro-
file that included myelosupperession, the cytokine release syndrome, and neurologic
events. (Funded by Kite Pharma and the Leukemia and Lymphoma Society Therapy
Acceleration Program; ZUMA-1 ClinicalTrials.gov number, NCT02348216.)
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Supplementary Appendix). An additional 9 pa-
tients were enrolled and awaiting treatment at
the time that the 92nd patient received the axi-
cel infusion. Among the 101 patients who received
axi-cel, the objective response rate was 82% (95%
CI, 73 to 89), with a 54% complete response rate
(Fig. 1A, and Fig. S2 in the Supplementary Ap-
pendix).

The median time to response was rapid (1.0
month; range, 0.8 to 6.0). The median duration
of response was 8.1 months (95% ClI, 3.3 to could
not be estimated). Response rates were consistent
across key covariates, including age, disease stage,
International Prognostic Index score at enrollment,
presence or absence of bulky disease, cell-of-
origin subtype, and use of tocilizumab or gluco-

Table 1. Treatment Disposition and Baseline Characteristics of the Patients.*
Patients with Patients with

Variable DLBCL PMBCL or TFL All Patients
Treatment disposition
No. of patients enrolled 81 30 111
Treatment with axi-cel — no. (%)

Yes 77 (95) 24 (80) 101 (91)

No 4 (5) 6 (20) 10 (9)

Death hefare treatment+ 1(1) 2 (7 33
Michelle Wang




PFS and OS at 12 month

Progression Free Survival Overall Survival
10 —— AXICABTAGENE 10 —— AXICABTAGENE
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Overview of ADE burden in individual patients

ADE severity and burden in individual patients
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Announcing a new publication on Real World Data

e Journal of Clinical Investigation (JCI) February 2020
— Opportunities and Challenges in Using Real-World Data for Healthcare
— Special issue on Big Data’s Future in Medicine bit.ly/JClbigdata

Disease registry ] ~
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Twenty-one uses for Real World Data

Post-approval safety
Updating side effect rates
Discovering novel side effects

Supporting regulatory approval
Single-arm experimental trials
”Digital approvals”

Biosimilar development

Informing clinical trials design
Better patient selection
Trimming the trials: more efficient data collection

Continually establishing efficacy

Assessing the efficacy-effectiveness gap
Searching for efficacy in specific populations
Effect modifiers and precision medicine
Long-term, post trial outcomes

Comparative effectiveness

Integrating costs with comparative effectiveness

Understanding effects of pharmacy practices on healthcare utilization
Studying novel on-label pharmaceuticals versus older off-label drugs

Studying the practice of medicine

Quality of practice, medical errors

Standardizing care and care delivery

The effect of payors on medical care

Are new-generation diagnostics improving outcomes?

Data driven decision support

Clinical-Decision Support: the Provider Perspective
Clinical-Decision Support: the Patient Perspective
Clinical-Decision Support: the Community Perspective

Vivek Rudrapatna
bit.ly/JClbigdata
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Greg S. Comado' and Jeffrey Dean'

Predictive modeling with electronic heaith record [EHR) data is antiipated to drive personalized medicine and impeove healthcare
quality, Constructing predictive statistical models typically requires extraction of curated predictor variables from normalized BHR
data, 3 laborintensive peocess that discards the vast majority of information In each patient’s record. We propose a representation
of patients’ entiee raw EHR recosds based on the Fast Healthcare interoperability Resources FHIR) format, We demonstrate that
deep leaming methods using this mumanon are apmle of accurately predicting multiple medical events from multiple
d our approach using de-identified B4R data from two US academic
medical centers with 216,221 adult patients hospitalized for at least 24 h In the sequential format we propose, this volume of EHR
data unrolled Into a 10tal of 46,864,534945 data points, induding clinical notes, Deep leaming models achleved high acawracy for
tasks such as predicuing: in-hospital monality (area under the receiver operator curve [AUROC) across sites 093-0.94), 30-day
mplmned readmission (AUROC 0.75-076), prolonged length of stay (AUROC 0.85-0.86), and all of 3 patient’s final discharge
heed AUROC 0.90). These models outperformed traditional, cinically-used peedictive models In all cases.
w:belcvﬂmuhlsappcoad\anhuwdtomemmumdml&bmmblanwddnnlxm In a case
study of 3 particular prediction, we demonstrate that neural networks can be used 10 identify relevant information from the

centers without site-specific data h

We valid

patient’s chart.
gy Digital Medicine (2018)1:18 ; dok:10.1038/541746-018-0029-1

INTRODUCTION
The promise of digital medicine stems in part from the hope that,
by digitizing health data, we might more easily leverage computer
information systems to understand and improve care. In fact,
routinely collected patient healthcare data are now approaching
the genomic wale in volume and complexty.’ Unfortunately,
most of this information is not yet used in the sons of predictive
statistical models dinkians might use to improve care delivery. it
is widdy suspected that use of such effors, If successful, could
provide major benefits not only for patiemt safety and quality bue
also In reducing healthcare costs.” ™

In spite of the richness and potential of avallable data, wcaling
the development of predictive models s difficult because, for
tadivonal predictive modeling techniques, each oukome 10 be
predicted requires the creation of a custom dataset with specific
varables.” It is widely held that 80% of the effort in an analytic
model is preprocessing, menging, customizing and deaning
datasets,*” not analyzing them for insights. This profoundly lmits
the scalability of predictive models.

Ancther challenge is that the number of potential peedictor
variabies in the electronic health record (EHR) may easily number
In the thousands, particulardy if free-text notes from doctors,

Enabling UC researchers and patients to go beyond... machine
learning in a safe, respectful, fair, equitable way in medicine

nurses, and other providers are Included. Traditiona modelir]
appeoaches have dealt with this complexity simply by choosing|
wery limited ber of ¢ dy collected varisbles 1o consides|
This &5 problematic because the resulting models may produd
imprecise predictions: false-positive predictions can overwhell
physcians, nurses, and other providers with false alarms ar
concomitant alert fatigue,” which the Joint Commission identifial
& a rational patient safety priority in 2014."" False-negatiy
predictions can miss significant numbers d dm-uw importal
events, leading to poor dlinical cutcomes. '™ Incorporating t
entire BHR, including clinicians” free-text notes, offers some hog
of overcoming these shortcomings but is unwieldy for mo
predictive modeling techniques.

Recent developments in deep leaming and artificial neur|
networks may allow us 1o address many of these challenges ar
unlock the information in the BHR. Deep leaming emerged as th
preferred machine leaming appeoach in machine perceptid
problems ranging from computer vision 10 speech recognitol
bt has more recently proven useful in ratual Lngua
pm:aung sequence prediction, and mixed modality dy
setings, These systems ase known for their abilty 1o hand|
large volumes of relatively messy data, including errors in kabe
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Predicting the future state of a patient with

vk Open.

Original Investigation | Health Informatics

Assessment of a Deep Learning Model Based on Electronic Health
Record Data to Forecast Clinical Outcomes in Patients

With Rheumatoid Arthritis

Eieau Morpeot, MS; Benjamdn 5. Gliclesherg. Philk. Laura Trapsn, MPH; Doyt Lituiey, PhD: Milena Glandfrancesoo, PhO, MPH; Boris Oslaotshoy, PhD:

Gabwriela Schmajulk, M0, M5c; Snoos Yazdany, MO, MPH; St L Butte, MO, PhD

Abstract

IMPORTAMNCE Knowing the future condition of a patient would enable a physician to customize
current therapeutic options to prevent diseais worsening, but predicting that futurne condition
requires sophisticated modeling and information. IF artificial intelligence models were capable of
forecasting future patient outcomes, they could be used to ald practitioners and patiernts in
prognosticating outoomes of simulating potential outoomes under different treatment scenarios.
OBJECTIVE To assess the ability of an artificial imtelligence system to prognosticate the state of
disease activity of patients with rheumatoid arthritis (RA) at their next clinical visl

DESIGN, SETTING, AND PARTICIPANTS This prognestic study inchuded 820 patients with RA from
rheumatology clinkcs at 2 distinct health care systems with different elactronic health record
platfonms: a university hospital (UH) and a public safety-net hospital (SMH). The H and SMH had
substantially different patient populations and treatment pattems. The UH has records on
approximately 1 million total patients starting in Lanuary 2012. The UH data fior this study were
accessed on July 1, 2017, The SNH has records on 65 D00 unique individuals starting in January 2013.
Thae SMH data Tor the Sudy wene collscted on Februany 27, 2018

EXPOSURES Structured data were extracted from the electronic health record, incuding exposures
(medications), patient demographics, laboratories, and prior messunes of disease activity, A
longitudinal deep leaming model was used to predict disaase activity for patients with R at their
next rheumatology cinkc visit and to evaluate interhospital performance and moded interoperability
sirategies.

MAIN DUTCDMES AND MEASURES Model performance was quantified using the area under the

Key Points

Question How accurately can artificial
intelligence models prognosticate fture
patient outcomes for 3 comple disaase,
suich 36 heurratcid anhiitis?

Findings. In this prognostic study of
B20 pathents with rheumatoid arthritis,
alongitudinal deep learming moded had
strong performande in a best cobort of
i patients, whereas baselines that
st each patient™s most recent deee
activity score had statistically random
performance.

Meaning The findings suppest that
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A New Deep Learning Healthcare System

Harmonization and preprocessing
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What could we do with clinical data?

Clinical researcher at UCLA could run a genome wide association study across UC Health
Mobile health researcher at UCSD can enable patients to contribute data for research

Community activist and researcher UC Merced can study environmental factors
contributing to health and disease

Transplant patient at UC Irvine can download all their data across UC Health

Data scientist at UC Santa Barbara can model development of Alzheimer's disease and build
a multi-modal predictor

App designer at UC Riverside can show patients their choices with chronic disease
CMO at UCSF can build predictive models for readmission, test, share across UC Health
Al researcher at UC Berkeley can build deep-learning models for image-based diagnostics

Health services researcher at UC Davis can build predictive models for drug efficacy, and
maybe enable pay-for-performance

Cancer genomics researcher at UCSC can study all our clinical cancer genomes



One dashboard for primary care and specialists covers all
44 thousand UC Health patients with type 2 diabetes

UCSF UcLA B UucCD
UC Health Diabetes Patient Profile (Data h August 2020) D ucl

Cohort Source Latest A1C A1C Change

Most recent ATC compared to highest A1C in prior year, patienis are axcl
grﬁ% -

an ATC in the prior year

No A1C

§

=9 and ==12

4,617 751
1.057
=>7and <=8 l 3,981 I
15,360 2,374
>Band ==9 I 0.901
1,946
I -0.745

I
3,254
] > 12 S
w 2 - Endocrinologist No Change Decreased Increased
50% IHA
Benchmark UCLA UCSF UCs0D ucoD (I[=]
Measure Mame 1-PCP 2 - Endocri.. 1-PCP 2-Endocri.. 1-PCP 2 - Endocri.. 1-PCP 2 - Endocri.. 1-PCP 2-Endocri..
Optimal Diabetes Care (A1C cantrol, BF control, Eye Exam, Nephropathy 18.02% 14.15% 5.32% 21.67% 5.32% 25.71% 5.95% 35.71% 11.04% 21.55% 15.41%

Attention)

A1C Control (A1C < 8.0%) 61.07% 57.11% 52.23% 57.47% 46.17% 57.38% 35.04% 61.32% 32.79% 55.14% B7.55%



Social Determinants of Health: Area Deprivation Index (ADI)

California - 2015 ADI State Rankings

Estimate socioeconomic status based
on income, education, employment,
housing quality at the neighborhood
level

Use with race, ethnicity, gender, age to
identify health disparities

Central geocoding capability to link 9-
digit zip code for addresses

We have now geocoded our UC-wide
primary care population

ADI Is significantly associated with
adverse health outcomes in our
patients, in addition to race, ethnicity,
and age




Count

University of California Diabetes Area Deprivation Index: 33103 patients
Preliminary analysis, subject to change: generated on August 28, 2020

Social Determinants of Health:
33 thousand diabetes patients
geocoded to ZIP+4, mapping to an
Area Deprivation Index
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Latest A1c

University of California Diabetes Area Deprivation Index: 33103 patients

Preliminary analysis, subject to change: generated on August 28, 2020
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Working closely with our pharmacist
teams, inappropriate use of IV
inophen has significantly
ed over the past 2.5 years
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