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Adult Primary Care PMCOE

Vision

* Healthy people and communities enabled by the delivery of the best interventions Interested in
for health promotion and disease prevention, diagnosis and treatment for each T
patientin primary care. Collaboration?

Mission Contact us at:

* To acceleratediscovery and translation of research into primary care practice. We
will achieve this with precision dataand analyticsthat enables a learning health J
system, working in partnership with patients, families, clinicians, researchers and Phone:
communities. (410) 955-9866

Research Aims

 Tolearnaboutthe profile and care processes of patients with diabetes using data N\
in the OMOP Common Data Model and the Atlas tool.

Email:
jsegal@jhmi.edu




(}} Precision Medicine Primary Care PMCOE: Characterizing Individuals with Diabetes in Johns Hopkins Medicine

from 2016 to Present: Demonstration of Use of OMOP and ATLAS with the APC-COE Registry
Shanshan Lin, Jodi B. Segal

Symposium

Focus Results and Highlights
Background: The extract, transform, and load (ETL) process
restructured the Electronic Health Records (EHR) data to the
OMOP Common Data Model (CDM), which lays the
groundwork for prospective large-scale network analysis.

Table 1. Baseline characteristics of individuals from the three Figure 2. A sunburst plot showing the trajectory of the prescription
cohorts history of glucose-lowering medication for patients observed as having
incident diabetes

All Patients Diabetes Incident Diabetes
i L T
i Age, years
] - . A' Health condltlon 18359 143115 (38.7) 8482 (13.6) 5016(10.9) Target Cohort
obj ectives: 40649 157823 (42.7) 31918 (51.2) 22723 (49.4) S
.. o 65859 62157 (16.8) 20188 (32.4) 16583 (36.1)
(1) Tolearn about the profile and care processes of our V:ﬂ“gﬁf:gg}io?cfx — 5 6236 (1.7) 1786 (29) 1601 (2]
. o L .
patients with diabetes in primary care across Johns codes l Female 217397 1583) 34925 (56.0) 25422 (55.3)
R e Male 151843 (41.1) 27447 (43.0) 20538 (44.7)
Hopkins Medicine (JHM); oview included Race, N (%)
. Athena -Atlas: All descendants- Black ar African American 98075 (26.6) 23338 (37.4) 17685 (38.5)
(2) Todemonstrate the use of data in the OMOP CDM concept IDs White 13658 15791 So306 15.6) Sa158 12)
with the Atlas tool. Aoian 427 i #2100
| American Indian or Alaska Mative 1586 (0.4] 336{05) 266 {0.6)
Collect all subsumes Native Hawaiian or Other Pacific Islander 628 (0.2] 117 (0.2] 83(0.2
P ey 2n o2 o2 L
b Ethnicity, N (%)
Hispanic or Latino 13477 (3.1) 57595 (92.3) 42748 (93.0)
m pe—— Mot Hispanie or Lotine 335836 (80.9) 1154 (19) s16(13)
(Tima-varying covaratos) . . Index year, N %)
Doy 30, 30] B. Medication 2016 174111 {47.1) 18454 (29.6) -
Cavariate Asses smeet Window m7 784895 (21.3) 11329 (18.2) 4 (0.0}
(e mification of clabeses, ms 32859 (8.9) 5722 (9.2) 21056 (45.8)
n:::‘?n‘_'a"‘ hes) 2019 25554 (6.9) 5103 (8.2) 6387(13.9)
Exclusion Assessment Window 2020 20954 (5.7) 4603 (7.4) 4374 (9.5)
M_m i =4 Mapping
Daye [, 2022 12339 (3.3) 6473 (10.4) 5284(115)
4255 (1.2) 4918 (7.9) 3860 (8.4)
Bady Mass Index, kg/m’, mean (SD) 2838(7.5) 29.7(8.0) 29.9(8.1)

Review included
concept IDs
Ingredients Mapp.ngnmm all descendants—

C. Measurement

Figure 3. The counts and percentages of coded comorbidities 6 months Figure 4. The counts and percentages of patients prescribed 11
prior and after the index date for patients with diabetes (yellow: classes of glucose-lowering medications after their index dates
diabetic health conditions) - Count . 10000 Sount S0 w000
T — _ . o Motorrin | I o
Insulin (other) _ 34.8%
FLEETSERY 0202020 I
Insulin (long-acting) { | ANIRRE ;5
suffonyireas { [ N A 2: 3%
seLTzinhibitors | [ A NRNRRERERM 171
opp- inhibitors | [ A NDRR 14.5%

Thiazalidinedione{ [l 27%

Figure 1. Graphical depiction of the study design tor patients
observed to have an incident diabetes occurrence

Method and Analytics
Data source: The Adult Primary Care Center of Excellence
(APC-COE) projection includes all EHR data from patients who
saw a primary care clinician in any of our 42 clinics since
2016.
Study design: Retrospective cohort analysis. We established

LOINC group,

£ Atias: all descendants
LOINC hierarchy

Mapping
Measurement Review included
concept IDs
Mapping
‘ LOINC -Atals, all descendants.

GLP-A/GIP dualagonist{ [l 1.9%
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three cohorts: megitndes{ | 0.6%

(1) Incident diabetes (Figure 1) Note: light blue: standard concepts; dark blue: classification concepts; aGlucosicase mintors | | 0%

(2) Diabetes (without diabetes-free period compared to mapping: the process of translating source code to standard code
cohort for incident diabetes) Limitations

(3) All patients (patients with observation start date after |====== A T T T T T T R Iilgx_t_SEe_p_s ________
2016-01-01). 1. Data availability: There is no detailed informationavailable about medication use, suchas day supply and quantity, but it can be imported. !

Diabetes definitionl1]: 2. Interpretation:
(1) Diagnosis code: > 1 inpatient visit diagnosis or > 2 a. Sunburst plot (Figure 2): it describes the prescription pattern of physicians rather than the medicationreceipt by patients.

1
1
1 1. Address remaining questions with
1
outpatient visit diagnosis. Diagnosis codes include : b. Barchart (Figure 3): The default feature output in the characterization analysis displays the coded comorbidities. To more meaningfully describe
1
1

SQL programming
2. Prepare forresearch involving

I
1

1

I

I

250.x, 357.2, 366.41, 362.01-362.07; comorbid conditions, we need to customize a feature by aggregating the SNOMED codes. incidence rate analysis, causal :
1

1

I

I

1

1

(2) Prescription: 21 prescription of glucose-lowering drug; 3. Validation: There is a validated algorithm for creating a cohortofindividuals with diabetes, but this is not oftenthe case.
(3) Measurement: having either HbAlcat 26.5%, fasting L L o L o o o o o o o o o o o e e e e e e e e

estimation, or prediction;

plasma glucose at > 126 mg/dL, or random plasma Conclusion 3. Prepare for a large-scale network
glucose at2200mg/dL. 0 e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e - analyses
Covariates: Characteristics were generated with the built-in 1. The diabetesprevalencein our health system, at 16.9%, exceeds the national estimate of 11.3% (21,

features in Atlas, adapted according to our research interests. 2. The cohorts of individuals with diabetes have the expected clinical characteristics.

3. The use of data in OMOP CDM with the Atlas tool minimizes researchers’ effort in data cleaning. Nevertheless, additional supp ort, such as SQL
programmingand R packagesin HADES library are necessary to facilitate research with more sophisticated study designs.
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Precision Medicine

Adult Primary Care Center of Excellence

The Telemedicine Challenge

Focus Results

= Virtual care, specifically the synchronous clinician-
patient interactions occurring over telephone or
video, was broadly implemented in many health

systems during the pandemic of COVID-19

Age (mean years, s.d.)

Female gender, N (%)
Black race, N (%)

= Little evidence to date about its effectiveness and
value for the delivery of primary care
= Needed is additional evidence of its impact on care

quality, patient outcomes and satisfaction,

English as primary | age, N (%)

contribution to inequities in care and outcomes,
Maryland resident, N (%)

'VA/DE/PA resident, N (%)

ADI decile 10: most disadvantaged, N (%)

and clinician satisfaction and burnout.

Goal: To test theimpact of virtual care usage on quality metrics
used for performance measurement.

Metropolitan resident, N (%)

Micropolitan resident, N (%)

Small town resident, N(%)

Rural resident, N (%)

category definition:

Methods and Analytics

*  Design: mixed-design etiologic study using data from
patients receiving primary care from January 2020
through December 2021

*  Participants: Eligible patients had at least one primary

Figure 2a. Avarage Adjusted Rates of Meating Blood Pressure

ics by Phys P ual Usage Category 2020-2021° Control Metric, by Quartile of Virtual Visits
Quartile 1° Quartile 2 Quartile 3 Quartile 4 e
09
(n=171 physicians) (n=171 physicians) (n=171 physicians) (n=169 physicians) o
8638 56,307 70,620 64,525 o B B 3 3"
go
gos
521 (244, 2541) 4481 (2746,5461) 4949 (3485,5670) 4575 (1980,5751) Eoa
03
58.7 (187) 52.4 (175) 51.2 (17.1) 50.3 (173) b
4879 (6) 31313 (56) 43084 (61) 40134 (62) %o . ) s .
2794 (33) 15489 (28) 18907 (27) 18035 (28) el
8325 (%) 55605 (99) 69170 (98) 63144 (98) Figure 2c. Average Annual Adjusted Rate of Meeting Breast
Cancer Screening Metric, by Quartile of Virtual Visits
8174 (95) 52298 (%4) 64492 (91) 59397 (%2) 1
09
8459 (98) 54652 (97) 69377 (98) 63375 (98) o8
o i i i
@ 0.6
1052 (12) 3525 (6.3) 3204 (45) 3319 (5.1) g .
§
g
£ 04
8277 (%9) 54807 (%9) 69026 (%9) 62880 (%9) 03
02
45 (0.54) 553 (1) 358 (051) 289 (046) o
20 (0.24) 91 (0.16) 118 (017) 142 (022) °, s , s .
18 (0.22) 75 (0.14) 52 (0.07) 59 (0.09) Quartile ofVirtual Visits

*P<0.05 relative to Quartile 1

never virtual (never a virtual visits in 2020-21); light virtual (virtual percentage is below overall median (22 visits)
percentage for2020-21), heavy virtual (virtual percentage is above median percentage 2020-21)

Figure 2e. Average Adjusted Rates of Meeting Diabetic
Exam Screening Metric, by Quartile of Virtual Visits

P ion of telemedici

use by physicic

Proportion of telemedicine use within each clinic

care contact. Eligible physicians had 10 or more patient

contacts.
e Exposures: Quartile of virtual visits per physician per

month calculated as the percentage of total visits

Je—

conducted by phone or video (Q1 is lowest).

*  Main Measures: Six metrics used by institution for value- o

based reimbursement, measured monthly at physician- LI I

L .
Bosa8adesloosl !

SgesansREEgegessseessaane g 1

o5

0 1 2 3 4
Quartile of Virtual Visits

level wod

*P<0.0001 relative to Quartile 1

P Ll aa i ol 9 ' 0 8 » w

*  Models: generalized linear mixed models, using Poisson

g

marthsnce a1

or negative binomial distributions; with random

intercepts for physicians nested in clinics and with a first-

. . Virtual Care Use
order autoregressive structure on the residuals by month;

controlled for physician-level patient covariates by month

0.991
¢ fnhealth
0.983

Blood Pressure Control

Table Incidence rate ratios comparing each quartile to lowest quartile of virtual care use ?

Quartile of

Breast Cancer Screening Colon Cancer Screening Diabetic Eye Exam Medicare Annual Wellness

Figure 2b. Average Adjusted Rates of Meeting Hemoglobin
Alc Control Metric, by Quartile of Virtual Visits

o7 3 H L o
&06
fos
foa
03
02
01
0

0 .

2 3
Quartile of Virtual Visits

Figure 2d. Average Annual Adjusted Rate of Meeting Colon
Cancer Screening Metric, by Quartile of Virtual Visits

¢
g 05
£ 04
03
0.2
01
0
o 2 3 4
Quartile of Virtual Visits
Figure 2f. Average Adjusted Rates of Meeting Medicare
Annual Wellness Visit Metric, by Quartile of Virtual
Visits
1
09
08
07
06
| N N =
O SR PR PR
E 04
03
02
01
o
o a

2 3
Quartile of Virtual Visits

*P<0.0001 relative to Quartile 1

Investigators:
Jodi Segal, MD, MPH —SOM / SPH

Magbool Dada, PhD - Carey

Kevin Frick, PhD —Carey /SPH
Elham Hatef, MD, MPH — SOM /SPH

Samantha Pitts, MD, MPH — Director, Adult Primary Care COE

Completion Visit Completion
95% Cl 95% Cl Lisa Yanek, MPH -SOM
95% Cl 95% Cl
1.00 = 1.00 = 1.00 = 1.00 =
1.002 1.000 1.000 1.004 1.002 1.000 1.004 1.163 1.149 1.177 0.978 0.974 0.983
Ebele Okoli, MS — SPH
1.006 1.000 1.000 1.004 1.002 1.000 1.004 1.198 1.182 1.214 0.974 0.969 0.978
0.997 1.000 1.000 1.004 1.002 1.000 1.004 1.215 1.197 1.233 0.971 0.965 0.976

Funding: Johns Hopkins Office of Telemedicine

Limitations

*  This was an ecologic analysis,
although we also had detailed
individual-level datathat was used
for adjustment

* Analyses answer the question of the
contextual effect of heavy virtual
care delivery on the whole
population in primary care

¢ Confoundingand effect
modification by physician is
possible

¢ There are many other outcomes of
importance for primary care
delivery including patient

satisfaction measures

Conclusions

e Variation in use of virtual care across
clinics but modest relative to

variation by month

*  Some quality metrics were modestly
impacted by high virtual primary care
usage; the absolute differences in

rates were small.

*  Provides reassurance to physicians
and their health systems that
telemedicine use may not adversely

impact quality metrics

JOHNS HOPKINS
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Focus
* Medication data must be standardized before they can

be used in studies

*  RxNorm codes provide a method of standardization
* The APCCOE medications failed tomatch RxNorm codes

foranalysis

*  We used activeingredients to identify the missing

RxNorm codes

Method and Analytics

Data sources were the Epic Clarity (n=173,352) and Adult
Primary Care Centerof Excellence medications from First
Data Bank therapeutic class “ANTIHYPERGLYCEMICS”
that failed to match toRxNorm codes (n=2,449)

The branded drug data set was generated using RxNav
We used two algorithms to extract active ingredients and
drugclassesin both data sets (Figure 1)

Entries inboth data sets were then matched to RxNorm
codes using active ingredients and exploratory analyses
were performed

Figure 2. The proportion of unique entries that successfully
matched to an RxNorm code in each data set.

Percent Matched to RxNorm Codes

Matching Unique Entries
to RxNorm Codes

B 5y Medication ID
. By Active Ingredient

Epic Clarity

APCCOE
Data Set

JOHNS
HOPKINS

jnhealth

Re

Figure 1. The workflow to filter, extract, and match the data. The top left quadrant describes the process to select non-insulin

Standardizing Diabetes Medication Data in the Adult Primary Care PMCOE

Team: Michael Chiu, Samantha Pitts, Lisa Yanek

sults and Highlights

Active ingredients matched more unique entries to RxNorm codes than medication IDin both the Epic Clarity and APCCOE data
sets (Figure 2)

Almost all identified medications were monotherapies (Figure 3)

Four medications constituted about 70% of all prescriptionsinthe APCCOE data for bothmonotherapy and combination therapies
(Figure 4)

These exploratory analyses validated the drug information extracted using the algorithms Figure 3. All combinations contain
two active ingredients.

Proportion of Therapies

Conclusion

APCCOE prescription data were matched toRxNorm
codes using using active ingredients to provide
completeness for data analysis

Health system medication data may require novel
methods to identify and classify themusing standard
terminology

The methods and results require validation
Standardized data cannow beincluded inepidemiologic

the name of a branded drug

YES

Merge with the

diabetes from the raw Epic Clarity data set. The bottom left quadrant shows the steps using the algorithms to extract active by Type studies, which allows the APCCOE to gaininsightsinto
ingredients and drug classes from each entry. The right half illustrates the procedure to match RxNorm codes using active 100% 1" p— prescription practices
ingredients. oo% ] .
”
c
o 4
Data Filtering Data Matching i so% Next StepS
Initial Steps Completed by Ingredients G 70% . .
I [ i i +  Additional analyses will be performedto assess
ocessin % . .
G e 'E B comsinaton prescription of GLP-1receptor agonists and SGLT2
@ 50%- . e . . .
2 I wonotmerany |nh|b|tors_ in diabetes patients _ )
E 40%1 * Standardized data canbe combined with data from other
o . . . .
o 30%1 health systemstogain population-level insights on
Is it an antihyperglycemic ] - .
e arug? g 2041 prescription practices
Epic n=172,060 0—| Processed Processed Epic 2 o )
APCCOE n=0 THERAPEUTIC_CLASS = APCCOE tala Clarty tata 10% - * Prescriptionpractices canbe carefullyanalyzedto ensure
ATRTPERGIEEE e e that patients arereceiving the best of available
0%
YlS Therapy Type treatments
4 APCCOE
[ Is it & non-insulin drug? o erge with Fxhiom codes ) ' ) )
E N0 e CEUTICAL C1ASS RiMorm codes  |+-MERGH data set Figure 4. The four most common therapies are depicted in the bar graphs for each type of therapy and the rest
APCCOI £ "INSULINS' by medication 1D n=701,687 are categorized as “Other.”
l l Common APCCOE Diabetes Prescriptions
YES H H
J Is it an Ingredient RxNorm : :
- N " — Data Extraction code? : :
te tl I tion i H H
o © lta combinaton herapy by Algorithms RXNORM_TERM_TYPE 2 ; ;
individual active  [*YESH PHARMACEUTICAL SUBCLASS = WNGREDIENT™ 2 : ;
ingredients includes "COMB” T ‘é_ : :
| YES E
No L g : :
o : :
¢ Merge by drug H ; ;
~ ingredients to Ingredient RxNorm o : H
s it a branded drug? match RxNorm  |-MERGE. 2 : :
MEDICATION_NAME matches irarestores e o :
a ;
o H
] :
H .
E . .
@
) . - -

Branded drug dat
2

RxNorm matched
APCCOE data
n=2,449

branded drug
data to get
generic
ingredients

@ ERGE—#

Other

Metformin  Glipizide Glimepiride Dulaglutide Other

Metformm Metformin Merlnrmm
Combination Therapy Prescription

Metformin

Monotherapy Prescription

V‘V 72 JOHNS HOPKINS
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Focus

* Glucagon-like peptide-1 receptor agonists (GLP-1 RA)
and sodium-glucose transpart protein-2 inhibitors
(SGLT2i) reduce adverse cardiovascular events and
progression of kidney disease among high-risk patients
with diabetes

* In prior studies, few eligible patients received a GLP-1
RA or SGLT2i, with racial disparities in their use

* The proportion of eligible patients in primary care at
Johns Hopkins with diabetes who have been
prescribed a GLP-1 RA and SGLT2i is unknown

SGLT2i and GLP-1 RA indication by condition

Condition SGLT2i |GLP-1RA’|
ASCVD ar CV high risk*
Chronic kidney disease (CKD)*

Heart failure (HF)

*Not all SGLT2I and GLP-1 RA have proven benefits for each indication
HASCVD: Atherosclerotic cardiovascular disease; CV: Cardiovascular
*SGLT2i Is preferred in CKD, with GLP-1 RA if SGLT2i is not tolerated/contraindicated

Method & Analytics

* Identified patients in the Adult Primary Care COE
with:

o Type 2 diabetes, determined by at least one
ICD-10 diagnosis code (E11 — E14)

o At least one visit to a Johns Hopkins primary
care location in the prior 12 months

= Further identified patients with additional
conditions by ICD-10 code:

o ASCVD (120-25)
o HF (I150)
o CKD (N18)
* Defined patients as having a medication order for
a GLP-1 RA or SGLT2i if they had at least one
medication order identified
o Active medication order: Order is less than 12
months old and has ended or been
discontinued

o Prior medication order: Order is identified but
not active

g ynhealth

Prescribing of evidence-based medications for the prevention of adverse cardiovascular
events and progression of chronic kidney disease among patients with diabetes

Samantha Pitts, Lisa Yanek, Justin Wu, Alisa Zayas, Erin Michos, Nes Mathioudakis, Nisa Maruthur

Results and Highlights

3,837 (14.5%) had HF. (Table 1)

Among patients with diabetes:

or GLP-1 RA (Figure 3)

We identified 26,478 patients with diabetes, of whom 7,837 (29.6%) had ASCVD, 6,506 (24.6%) had CKD, and

* ~30% of patients with CKD or ASCVD had an active medication order for an SGLT2i or GLP-1 RA (Figure 1)
« 20.1% of patients with HF had an active medication order for an SGLT2i (Figure 2)
* ~17% of patients with CKD or ASCVD had an active medication order for an SGLT2i (Figure 2)

« An additional 15 — 20% of patients had at least one prior medication order for an SGLT2i or GLP-1 RA

Table 1: Demographics of patients with diabetes
in primary care in the past 12 months

Demographic characteristic n (%) - except as
noted

64.1+/-13.9

Age, mean +/- SD

Female 14,104 (53.3%)
White 12,845 (48.5%)
Black | 9,759 (36.9%)
Asian 1,198 (4.5%)
Hispanic 977 (3.7%)

Figure 2: Active and prior SLGT2i medication orders among
patients with diabetes and HF, ASCVD, or CKD

100.0%
90.0%
80.0%
b 700%
=
] 60.0%
g
z
& 500%
g 40.0%
g
g 30.0%
200%
10.0%
0.0%
ASCVD
@Prior SGLT2i 17.7% 16.2% 158%
W Active SGLT2i 20.1% 17.3% 179%

Figure 1: Active and prior SGLT2i or GLP-1 RA medication
orders among patients with diabetes and CKD or ASCVD

100.0%
90.0%
80.0%
T 70.0%
=
g 60.0%
a 50.0% TR T
= S |
& 40.0% S prrr
g s Gl
5 30.0%
20.0%
10.0%
0.0% ASCVD
& Prior SGLT2i or GLP-1RA 206% 19.4%
W Active SGLTZ or GLP-1RA 302% 30.8%

Figure 3: Active and prior GLP-1 RA medication orders
among patients with diabetes and CKD or ASCVD

100.0%
20.0%
80.0%
E 70.0%
2 60.0%
5 500%
E 400%
g 300%
200%
10.0%
0.0 CKD ASCVD
Prior GLP-1RA 17.2% 163%
Active GLP-1RA 176% 17.9%

Adult Primary -
Care COE

Conclusions

« Fewer than 1/3 of patients with diabetes and
CKD or ASCVD had an active medication order
for an SGLT2i or GLP-1 RA

« Only 1/5 of patients with diabetes and HF had
an active medication order for an SGLT2i

* No more than 1/2 of patients with diabetes an
an indication had evidence of any medication
order (active or prior) for an SGLT2i or GLP-1
RA.

« Increasing the use of these evidence-based
medications would reduce the risk of adverse
cardiovascular events and progression of
kidney disease in patients with diabetes.

Limitations

We analyzed all SGLT2i and GLP-1 RA
medications, not just those with proven
benefits for each condition.

* We relied on ICD-10 codes, which may not
adequately identify the study population.

* We did not include glomerular filtration
rate or proteinuria in the definition of CKD,
which are criteria for the use of SGLT2i.

Next Steps

Additional study is necessary to:

* Refine the definitions of the target
populations (e.g., CKD with estimated
glomerular filtration rate <60 or proteinuria)

« Examine differential prescribing by race,
ethnicity, and language preference

* Understand barriers to prescribing to guide
interventions to improve the use of SGLT2i
and GLP1 RA among high-risk populations
with diabetes

!@ JOHNS HOPKINS

SCHOOL of MEDICINE
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Identifying and classifying medications for hype

tension

Ching-Huan Wang, John Scott, Lisa Yanek, Samantha Pitts

Focus

e Extracting relevant medications from clinical datasets is
challenging due to the number of medication names and
formulations for each ingredient.

* ATC! and EPC? are standard classification systems which are
mapped to RxNorm codes for medication ingredient and
formulation identification.

« Epic uses a proprietary system (FDB3) to classify medications
and not all medications can be mapped to RxNorm codes.

* We sought to develop a standards-based approach to
identify and extract anti-hypertensive medications from Epic.

Method & Analytics

Phase 1: Identification and classification of medications
in the Clarity medication table (Fig. 1).

Figure 1. Tasks of Phase 1

Original columns in the Clarity dataset

97794 EXFORGE HCT 5MG- amlodipine 5 mg-valsartan 160
160 MG-12.5MG mg-hydrochlorothiazide 12.5 mg
TABLET tablet

4

U oRUG: | DRUG2 | DRUG3 |

Exact drug names  amlodipine  valsartan  hydrochlorothiazide
b

| DRUG1__| DRUG2 | DRUG3 |

Calcium Chanel Angiotensin Il Diuretic —
Blockers - Receptor  Thiazide and
Dihydropyridines  Blockers (ARBs)  Related

Task 2:
Assign drug classes

Active ingredient extraction

* Extracted active ingredients from medications’ generic name
(variable, GENERIC_NAME)

* Next, extracted ingredients from simple generic code
(variable, SIMPLE_GENERIC_C) if generic name was missing
or invalid

Pharmacologic class assignment

* Assigned pharmacologic classes to extracted ingredients
using the PHARMACEUTICAL_SUBCLASS of medications with
only one ingredient.

Phase 2: Identification of angiotensin converting enzyme

inhibitors (ACEi) via NLM vs. Epic pathways

» Queried the NLM RxNav API* using ATC and EPC classes to
identify all unique ACEi ingredients and their corresponding
RxNorm codes

* |dentified medications in the Clarity medication table by ACEi
ingredient RxNorm codes and by a string search of
GENERIC_NAME and NAME for ingredients — “NLM pathway”

* Queried the COE for medications identified as ACEi by the
NLM pathway, and compared this to using FDB
pharmaceutical subclasses — “Epic pathway”

Results and Highlights

Phase 1:

* Using generic name, we extracted at least one
ingredient  from 2,314 (91.9%) unique
medications, with failures due to missing or invalid
generic names (Fig. 2, Table 1)

* Adding a search of the simple generic code
decreased failures in ingredient extraction by
77.5%, to 46 (1.8%) unique medications

* 2,390 (96.7%) of unique medications matched to
at least one pharmacologic class

Figure 2. Identification and classification of
medications

Anti-HTN medication data in the Clarity dataset
2,518 unique medication IDs

Active ingredient extraction: Baseline approach

« Extract generic names of active ingredients
from the GENERIC_NAME column.

* Correct misspelled generic names.

* Replace brand names with their generic names.

* Remove non-drug values.

1,828 (72.6%) composed of 1 active ingredients

444 (17.6%) composed of 2 active ingredients
42 (1.7%) composed of 3 active ingredients

204 (8.1%) with no ingredient name extracted

Active ingredient extraction: Add-on approach
+ Identify ingredients additionally using the
GENERIC_SIMPLE_C column.

1,975 (78.4%) composed
455 (18.1%) composed

of 1 active ingredients
of 2 active ingredients

42 (1.7%) composed of 3 active ingredients
46 (1.8%) with no ingredient name extracted

Pharmacologic class assignment

* Obtain the pharmacologic class of each unique
anti-HTN ingredients using the
PHARMACEUTICAL_SUBCLASS column of single-
ingredient medications.

Active ingredients extracted (N = 2,472)
2,390 with each ingredient’s subclass identified
82 with one ingredient’s subclass unidentified

Table 1. Invalid generic names in Clarity data

Reason Example Correct value
Misspelling + amlodipin - amlodipine

+ hydrochlorothiaz = hydrochlorothiazide
Brand name * Bumex = bumetanide

* zaroxyln - metolazone
Non-drug texts * avenous - nicardipine

* osm => (Not an ingredient)
Limitation of text * Sodium <> nitroprusside

extraction*

* The first word and the word following a hyphen in the GENERIC_NAME column was
extracted as an active ingredient; however, sodium nitroprusside starts with “sodium.”

Phase 2:

¢ The NLM pathway for ACEi identified 570 unique
medications in the Clarity medication table, including .
all 371 identified by the Epic pathway (Fig. 3)

Conclusions

The NLM pathway for ACEi:

e This resulted in a small increase in medications orders
identified in the COE dataset — 27 unique medications
and 818 medication orders

Figure 3. Comparison of NLM and Epic pathways for ACEi

STEPS

Identify relevent
medication classes

Initial query

Subject matter expert
(SME) validation

Identify unique
medications with
these ingredients

COE query

SME validation

NLM pathway

Epic pathway

Identify relevant
ATC and EPC
classes

Y
Query RxNav AP|
to identify unique
ingredients in ATC
or EPC and their
RxNorm codes

v

Identify relevant
FBD therapeutic
and pharmaceutical
classes/
subclasses

Query Clarity to
identify all
medications in
these classes
(n=371)

SME validation of
unique ingredients
list (n=24)

Y

Identify unique
medications with
these RxNorm
ingredient codes in
the Clarity
Medication table

]

Identify
medications with
missing RxNorm by
string search of
name variables
(n=570)

_

SME validation of
medications

Identified all ACEi found by the Epic
pathway

Used standard classification systems and
nomenclature for identification of
medications

Identified ingredients rather than
medications

As aresult, required SME review of a small
set of ingredients — rather than a longer list
of medications — with a small additional
review of medications

These characteristics lend it to automation
with reduced need for curation by an SME

Using generic name and simple-generic
codes to identify medication ingredients is
feasible

Some gaps remain due to missing or invalid
information

Next Steps

Adult Primary -
Care COE

(n=371)

[]

Query COE data
for medications
(n=681,073)
—
SME validation of
unique medications
identified by search
of name and

generic name
(n=65)

Query COE data
for medications by
pharmaceutical
class/subclass or
medication 1D
(n=680,251)

¢ Compare performance of NLM and Epic
pathways with additional medication

classes
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classification system
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API: application programming interface
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The Richman Family Precision Medicine

Center of Excellence in Alzheimer’s Disease

Vision
* Provide early detection, prognosis, and/or predicting response to available Interested in
medications; develop new blood tests to better monitor treatment response; and, .
using blood-derived stem cells, test whether patientswill be helped by emerging Collaboration?
medication treatments.
Contact us at:
Mission
* Translateresearch intoclinical care by defining patients who respond optimally to J
currently availableand emerging therapies. Identify new therapeutic targets based Phone:
on refined and granularunderstanding of disease mechanismes. (410)-258-0926

Research Aims

* Generate patient-derived iPSCs and differentiatethem into hindbrain organoidsto N
study drug responses targeting neuropsychiatricsymptoms in Alzheimer’s Disease.

Email:
vmachail@jhmi.edu




The Richman Family Precision Medicine Center of Excellence in Alzheimer’s Disease:
Precision Medicine Hindbrain organoids from patient-derived iPSCs

Symposium to evaluate pharmacological treatment for neuropsychiatric symptoms in Alzheimer’s disease

Cristina Zivko, Ram Sagar,, Ariadni Xydia, Constantine G. Lyketsos, Vasiliki Machairaki

Focus Results and Highlights
Alzheimer's disease (AD) is a neurodegenerative % ; 7 a b . o .
disorder and the most common cause of dementia. a ’ Generate unique iPSCs Form Transfer growing Experiments with ipsca SHT.organcids 10 J— Figure 4: Characterization of 5-HT-organoids.
from PBMCs embryoid bodies NPC spheroids 5-HT spheroids 31 7 o ruste (nerons) g . . . "
Almost all AD patients eventually suffer from L | e e g . n n:‘:n All 6 iPSC lines were successfully differentiated
3 S n . ; - ]
neuropsychiatric symptoms (NPS; e.g., agitation, " g: §eo into organoids containing serotonergic neurons
B . )
depression) whose emergence correlates with u?m 54|k as evidenced by the detection of TUJ1 and, more
dysfunctional serotonergic systems. Our aim is to H ” ul i § : specifically, TPH2 by flow cytometry (a) (mean +
g ¢ ¥
generate hindbrain organoids containing serotonergic b I Lol @ ; -1it- H1 SD, n=3). The secretion of 5-HT from two
> & 4 -
neurons using induced Pluripotent Stem Cells ‘f‘(,@ f W é‘“ é’" “ & \,4’: e I:Sne?;] remET representative samples of the organoids was
' ' ; o et e
(iPSCs)[3] from healthy volunteers or AD patients with ¢ measurable above the lower limit of detection
and without NPS. The organoids can be used to study § - (LOD=049 ngmL) for over a month after the
AD, NPS, and to evaluate individual differences in a o TRA-160 o X X -
. . . . . ) ) L £ o NKX22 initial 42 drequired for differentiation (b) (mean +
disease progression, NPS development, andfor Figure 1: Generation of 5-HT-organoids from iPSCs. Schematic overview of the differentiation protocol (a) and 1504 N o LMXib
. . . . ] . ) SD, n=1). Detailed analysis of different markers
pharmacological treatment response. representative brightfield (BF) images of cells and the organoids at different stages (adherent iPSCs, organoids at = : I;fz ) Y
o FEV by qRT-PCR for all 6 cell lines further validated
R days 1, 21 and 42) (b). ~ 1009 o
Method & Analytics ‘ the differentiation (c) (mean +SD, n=3).
°
#iPSC lines were generated from peripheral blood a OCT4 NANOG TRA-1-60 b g . I . . .
P <4 | w ®
monocytes (PBMCs) of 3 healthy individuals and ] TRA-1-60+ P mi I . N H X n . I
from 3 AD patients, two of which were diagnosed 97.2% L £ g ﬁ"gh& | TR ‘\-:? 3
3 . . 04 ?
with NPS. i =:§ II Illl II Ill III fl II
1 0.
»The 6 iPSC lines were differentiated into hindbrain ~ v » & f\ &
‘ 1 s S & &€ K W
organoids. The presence of serotonergic neurons i & < < vs’?\ ®° K
was confirmed by quantitative RT-PCR, flow
cytometry, detection of released serotonin in the Figure 2. Reprogramming of PBMCs into iPSCs. Fluorescence microscopy imaging upon staining of iPSCs with
ex-tracel\ular environment, and confocal flucrescence pluripotency markers Oct4, Nanog and TRA-1-60 confirms the successful reprogramming (). T he enrichment of TRA- p=0.004738 p=0.01962 $=0.03939 =0.02061 0 oM Figure5: Serotonin release from 5-HT-
microscopy. - - : 03 10 uM : : .
1-60 positive cells was additionally validated by flow cytometry (b). 4 *% * * * H organoids upon 1h treatment with different
» Escitalopram oxalate (selective serotonin reuptake B 100 pM

concentrations of escitalopram oxalate (mean
inhibitor) was used on the organoids to evaluate Merged DAPI TUJ P (

treatment response by ELISA.

Conclusion and Next Steps

We successfully generated hindbrain organcids from
human iPSCs. Organoids from different people
respond differently to the application of escitalopram in
vitro, possibly revealing distinct subgroups of AD

patients.

w
1

+ SD, n=3). Response to the drug was dose-
dependent when present. Furthermore, our 3D in
vitro platform indicated that human iPSC-derived
hindbrain organoids from different people respond
differently to the same dose of drug. For
individuals healthy_1 and AD_3 there was no
observable change in extracellular 5-HT with

treatment, whereas for the others there was a 2to

[N
1

We propose that this 3D platform might be effectively 3-fold increase in5-HT.. While 1h of treatment

5-HT levels [ng/mL] / 5-HT levels at 0 uM treatment [ng/mL]
N
h

used for drug screening purposes to predict patients was sufficient to elicit such aresponse, the higher
with NPS most likely to respond to treatment with < 100 pM dosage was necessary.
escitalopram o % 0- T T T T T
N Vv ] >\ 3\
" Y J7 Y &£ & Q
e N N N S & &
n health “ S SR S . JOHNS HOPKINS

HOPKINS N NS NS

Figure 3: Immunocytochemistry for the 5-HT organoids. Confocal images of the organoids show distinct regions of SCHOOL ”fMEDlCINE
differentiated cells (scale bar: 100 um).
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COVID-19 PMCOE

Vision

* Understandthe factorsthat underlie the pathobiology of COVID-19, the progression to
severe illness or death, and the effectiveness of therapeutic interventions in order to
provide personalized care to patients infected with SARS-CoV-2.

Mission

* Improve the care of patients infected with SARS-CoV-2 by learning about COVID-19
pathobiology, likelihood of disease progression and impact of specific therapeutic
Interventions. We aim to provide this information to clinicians, patients and family
members at the point of care.

Research Aims

* To characterize the longitudinal trajectories of patients infected with SARS-CoV-2 to inform
research questions and clinical care.

* To develop prediction models of COVID-19 severe disease and death that can be used at the
poijn]’g of_cl:_are to inform treatment decisions, resource allocation and discussions with patients
and families.

* To examine the impact of different treatment interventions on COVID-19 outcomes.

* To explore racial and social inequities in COVID-19 diagnosis and management.

Interested in
Collaboration?

Contact us at:

N

Email:
bgaribal@jhmi.edu




Precision Medicine
Symposium
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Focus

*  Frameworks forallocation of scarce resources (ASR)
have notbeenvalidatedin COVID-19.

* The JH ASR was developed inanticipation of a
mechanical ventilator shortage.

* The Sequential Organ Failure Assessment (SOFA)s core
is a keycomponent of the JH ASR

* The SOFAscore has 6 domains: respiratory,
cardiovascular, hepatic, renal, neurologicand
coagulation.

* ItisunclearifSOFAscoresderivedfrom electronic
healthrecord (EHR) data are comparable to manually
abstracted scores.

Method and Analytics

* The JH-CROWN registryincludes all patients
admitted to the Johns Hopkins Health System
with a laboratory-confirmed diagnosis of
COVID-19.

* 250 patients who underwent mechanical
ventilation (MV) were randomly selected from
CROWN

*  SOFAscores were manuallycalculated by
trainedabstractorsinthe 24 hours preceding
MV, with 10% of cases reviewed by two expert

The Johns Hopkins Precision Medicine Center of Excellence for COVID-19
Validation of Calculated Sequential Organ Failure Scores in a COVID-19 Registry

Team: Elizabeth K. Zink, PhD, RN, Joshua F. Betz, MS, Natalie Wang , Brian T. Garibaldi, MEHP, FACP, FRCP (E)

Results and Highlights

* Abstractors wereable to calculatea SOFAscore for 191 patients.

* Completeness of EHR SOFA subscores ranged from 14% (95% Cl: 10-20%) for respiratory to 63% (95% Cl: 56-69%)
for coagulation; completeness in EHR total SOFA score was 88% (95% Cl: 83-92%)

* Completeness of CROWN SOFA subscores ranged from 91% (95% Cl: 86-94%) for cardiacto 99% (95% Cl: 96-100%)

Conclusion

* AutomatedEHR tools can process large amounts of
clinical data to inform processes such as resource
allocation.

for neurologic; completeness in CROWN total SOFA score was 87% (95% Cl: 81-91%). ¢ Theimportance of clinical and contextual verification
* EHR and manually abstracted SOFA scores differed by 2 or more points in76% of cases (95% Cl: 69-82%) cannotbeoverstated.
*  CROWN and manually abstracted SOFA scores differed by 2 or more pointsin 27% of cases (95% Cl: 20-34%). * CROWN SOFAscores (as comparedto EHR SOFA

* EHR SOFA scores were on average 2.1 pointslower than manually abstractedscores (95% Cl: 1.8, 2.5)
*  CROWN SOFA scores were on average 0.3 points higher than manually abstracted scores (95% Cl: -0.1, 0.6).
e ThelICCbetween abstractorsand moderatorswas0.82 (95% ClI: 0.69,0.92). .

Age

Sex

Race

Ethnicity

Years: Median [IQR]
2. Male
1.Female
1. White
2.Black
3. Asian
4. Other
NA. Not obtained
0. Not Hispanic/Latino

1. Hispanic/Latino

68 [57, 76]
127 (66.5%)
64 (33.5%)
69 (36.1%)
72 (37.7%)
9 (4.7%)
38(19.9%)
3(1.6%)
158 (82.7%)

32(16.8%)

scores)demonstrated superior agreement with

manuallyabstracted SOFA scores.

EHR SOFA domainscores had a high degree of

missingness, resulting in a score of0, causing

¥ . [ underestimation of iliness severity, particularlyin
respiratory domain.

*  SOFAScores calculated by EPICshould be modified to
avoid underestimating severityin research and
practice.

- — - * This analysiswill assistinthe development of better

« . . - . methods to predict mortality, allocate scarce
: M resources, andaddress public concerns regarding
’ 1.0 equityduringcrises.

Epic vs. Abstractor

Difference in SOFA: Epic - Abstracted

5 10
Average of SOFA: Epic & Abstracted
Observaticns * 5 ® 10 ® 15 @ 20
JH-CROWN vs. Abstractor

10 I Next Steps

* Refinementof spedifications forthe cardiacand
neurologic domains of the CROWN SOFA score will be

B
g
- o .
moderators. NA. Not obtained 1(0.5%) H .o . made to improve the agreement between CROWN and
* Intraclass correlation (1CC) between Admission to § | 1 abstracted scores.
bstract d moderat d . gt Days: Median [IQR] 2.3[0.6,4.2] 2 e e gl . i i i ificati
abstractors and moderators was assesse Mechanical Ventilation F o T Recommendations to improve the codings pecifications
using alinear mixed effects model with § . soefe SR el inthe EHR for SOFAwillbe made.
random effects for case and reviewer. SOFA: Abstracted Median [IQR] 504,71 H e
e EHRSOFAscores, SOFA scores calculated from SOFA: Epic Median [IQR] 3[1,5] g ol
data elementsin JH-CROWN (CROWN SOFA) :
and manually abstracted s cores were Missing N (%) 23 (12.0%) i : o
Average of SOFA: JH-CROWN & Abstracted
compared. SOFA: JH-CROWN Median [IQR] 54,7 Ctmavaions « 5 @ 10 @ 15 ® 20 ® 25
Missing N (%) 25 (13.1%) Figures 1: Bland-Altman plots of agreement between SOFA scores from
. abstractors and Epic (top) and JH-CROWN (bottom). A smoothed average JOHNS HOPKINS
L. . X LOESS —blue line) shows the average difference across the range of the score. A 4 SCHOOL of MEDICINE
JOHNS . (
HOPKINS 'n h ealth Table 1: Characteristics of patients with a SOFA score able tobe abstracted. Ideally, the average should coincide with the horizontal dashedline, indicating

SOFAwas assessed in the 24 hours prior to initiating mechanical ventilation. no average difference in scoring,
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Addressing the Challenges of Precision Medicine Data

Management Using the COVID-19 PMCOE Registry

Vision
* Understand the factors that underlie the pathobiology of COVID-19, the Interested in
progression to severe illness or death, and the effectiveness of therapeutic T
interventionsin order to provide personalized care to patients infected with SARS- Collaboration?
CoV-2.
Contact us at:
Mission

* Improve the care of patientsinfected with SARS-CoV-2 by learning about COVID-19 N

pathobio!ogy, Iikelihood of disgase prggression_, and impgc_t of spegific therapeu’Fic Email / Teams
interventions. We aim to providethis information to clinicians, patientsand family ibetz@jhu.edu / jbetz2
members at the pointof care. Py

Research Aims i!l

* Furthering precision medicine by reducing the costs and barriers associated with Github: - -
managing precision medicine data. Username: jbetz-jhu

Repo:
JH-inHealth/crwn-data-pipeline




The Johns Hopkins Precision Medicine Center of Excellence for COVID-19
Addressing the Challenges of Precision Medicine Data Management

Team: Joshua F. Betz MS, Brian T. Garibaldi MD MEHP, Matthew L. Robinson MD

( Precision Medicine

Symposium

Focus Results and Highlights Conclusion
Data are extracted from CCDA curated tables and flowsheets. Queried dataarecleaned, and thensaved to the scratch
projection. Cleaned data are further processed for Q4H/Q6H/Q24H summaries from admission and initiation of mechanical
ventilation: min, median, mean, max, count, first, and last. Scores (WHO COVID-19 severity, SOFA, etc.) are calculated from

summaries. Reports visualize quality and completeness.

*EMR data require considerable processingto
produce analysis-ready data.

*Sharingof data management code is complicated by
lack of standardization acrossdata projections.

*Data management remains a significant challenge, even using
a common data model.

bmi Cleaned BMI vs. Observed Values *R Studionaturallyintegrates with GitHub, allowing for

(-14,2) Days of Admission: Lines are 10 paints of agreement

*Development of a flexible, readable, and well-
documented workflow suitable for sharingis
necessary

Method and Analytics
*Workflow code was developedinan inHealth

Github repository, designed forthe Crunchr
containers with R versions 4.0and 4.2.

.

40

meas_value
v
o

bmi

version control and easyaccess to its software development
tools.

*R Markdown combines R, SQL, and Python in a single
notebookorreport, combining their strengths and facilitating
collaboration.

*‘Non-standard evaluation’ inR allows for flexibilityin code
evaluationthatis not possibleinSQLandPython.

Credentials were managed using the Linux Secret Configuration & Workflow: 20/
Service and “keyring" packageinR. 1.Update and install Linux/R *Metadata canserve as documentation of code and control
packages how code behaves.

*Varying table and column names were addressed

2.Secure credentialsinkeyring

60 40 20 0

using anabstraction layer: names were retrieved 3.Create project-specific days_post_admission S @ S - *Bulk copy significantly reduces the time necessary to write
from project-specific configuration files managed by configuration °“"‘e'—‘Y°§OFANT°:'i902‘4:°b“5tZ bmi_new data to a database.
the “config package, andinsertedinto “dplyr 4.Run .Rmd reports and check o _ o =
queriesusing ‘non-standard evaluation”inR. results g *Moving towards a shared workflow for common data
Metad o g S hardcod — — elements canimprove data qualityandreduce data
*Metadata tables were used to avoid ‘hard-coding’ m i ae— — management costs.
measure namesandvalues of interest. Range checks varlable mm —E
(high/low) were implemented usingmetadata 301250 map_arterial 0 300 B sl f

i — — sofa_asr
tables. 301360 map_cuff 0 300 ——— K

— : [l
«Comorbidities were extracted usingthe 304600914  map_cuff 0 300 — 4 B Next Steps
‘comorbidity’ packagein R. Height, weight, and BMI " g = s v * The existingrepositoryis basedonthe CCDAandEpic
vaIuesrwlerleyclzaﬁedguslir;]g roblﬁtz-\;vcc;rges to mm - _ E__ . - data mode;g ° K i
identify potentialdata entryerrors invalues or Nasal cannula nasal cannula 2 — =—— -
units. RAM nasal Aasaeannula 3 = | TR * Furtherworkis necessaryto querythe primarydata
- ———— -
cannula NIPPV 9 = e ——— from OMOP format data projections.

eLabs, vitals and meds, werggxtracted from Venturi Mask mask 3 _:E_i
flowsheets and CCDA provisioned tables. Regular K K 3 —_ e = — —
expressions were used to standardize unit labels. Face Mas mas %

- g

L= S

*SQLServercommand line tools were used to bulk
copyprocessed data to the database.

¢ fnhealth

Tables 1-2: Examples of using metadata tables
toselect, group, and filter raw values. Data
processing can be modified just using the tables
without editing the underlying code.

venl;day

Figures 1-3: (Clockwise from top left) Visualizations of (1) trajectories

of BMI with outliers, (2) original vs. cleaned BMI data, and (3)
completeness of data produced by the workflow.

JOHNS HOPKINS

SCHOOL of MEDICINE
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Cystic Fibrosis PMCOE

Director: Garry Cutting, MD
Co-Director: Lori Vanscoy, MD

Vision
* To improve the outcomes and c_:luality of life for all individuals with Cystic Fibrosis (CF) by
i

identifying subgroups with similar disease complications and trajectories to inform
individualized diagnostics and treatments.

Mission

* To fully harness all available clinical, genetic, social, and patient-derived information to
deliver safe, beneficial, and cost-effective treatments to all individuals with CF. To
facilitate collaboration with the CF Foundation and with pharmaceutical companies in
early phase development and clinical trials of novel precision treatments for CF.

Research Aims

* Aim 1: To establish human nasal epithelial (HNE) cell culture from people with CF
(pwCF) and CF carriers for in vitro assessment of cellular response to
treatment with CFTR modulator therapies.

* Aim 2: To returninsights from in vitro HNE testing to clinical practiceto inform
treatment decisions for pwCF.

* Aim 3: To establish a biorepository for primary HNE cells to allow for in vitro study of
various molecular strategies for restoration of CFTR function.

Interested in
Collaboration?

Contact us at:

o/

Phone:
(410) 955-1773

N

Email:
gcutting@jhmi.edu
lvansco2@jhmi.edu




Precision Medicine
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Focus

The CF PMCOE studies a cohort of ~1000
individuals of all ages with CF and with CFTR-
related disorders, utilizing a variety of different

T

Results and Highlights

G

CFTR FUNCTION_NASAL EPITHELIAL CELLS_Q359R/621+1G>T Siblings

8

Amiloride — Baseline E © o
. . .. . — . o
data streams includingclinical (EPIC), genomic, — 10 i <* 5.
. . . g 2
environmental, and laboratory data. This project § . e " 24 Oy . °°o
. . . Skt u e
focuses on useof primary human nasal epithelial = v 2, ° 2
cell cultures (HNE) to serve as areliableinvitro S 200 400 600 800 1000 (S5, § | '

. & Ti i 0 N o &
system for evaluation of response of CFTR s ime (min) & S & &
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CFTR FUNCTION_PRIMARY NASAL
CELLS_RMM7H-7TT-TG10/5T-TG12

33%

56%

CFTR SPLICING_NASAL
WT/C.2490+1083C>T

EPITHELIAL CELLS_CARRIER PARENT

Normal splicing

Aberrantspllcmg .

€ 248041083657

« Inclusion of pseudoexon, resulting in leaky splicing producing minor
fraction of normal spliced product tested by Expression Minigene

Cystic Fibrosis Precision Medicine Center of Excellence
Audrey Pion, Erin Kavanagh, Anya Joynt, Lori Vanscoy, Garry Cutting, Christian Merlo, Neeraj Sharma

Initiation of modulator treatment in CF individuals
based on primary cell data and clinical response

* Q359R Sibling 1:Symptoms completely resolved. Sweat
chloridedecreased to <10mmol/L from 55 mmol/L after
initiation of therapy. BMI increased to normal range.

* Q359R Sibling2: Sweat chloridedecreased to 14mmol/L
from 60mmol/L after initiation of therapy. Spirometry
improved to an FVC of 101%, FEV1 101%, and FEV1/FVC 100%.
* G480S/3120+1G>T: Significantclinical improvement
observed. Sweat chloride concentration dropped to 46mmol /L
from 119mmol/L. Initial PFTs were FVC 47%, FEV1 29%, and
FEV1/FVC 83%; whichincreasedto FVC 70%, FEV1 50%, and
FEV1/FVC 72%.

Conclusion

* Weemphasize the importance of using HNE cells to
determine which modulators, either individuallyorin
combination, resultin maximum functional restoration.

E.g Ivacaftor aloneto Q359R, Trikafta to G480S.

* R334W variantwas previously believed to be unresponsive,
but our studies demonstrate a clinically significantincreasein
functionto 14% with Trikafta treatment.

* Through RNA analysis, wecanassess theimpactof variants on
splicing,suchas c.1679G >C (R560T) and c.2490+1083C>T, and
predictthe responseto modulators.

Next Steps

To establisha primary cell repository thatwill help:

* Investigatemolecular genetics of CF-causingvariants.

* Assess CFTR function recovery through modulator treatment.
* Evaluateantisenseoligos ASOs for splicing restoration.

* Identifya suitable method for delivering gene editing

materials.
V‘W 72 JOHNS HOPKINS

SCHOOL of MEDICINE
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Bleeding complications after native kidney

biopsy associated with aspirin use

Vision

* Expandingnative kidney biopsy procedures while maintaining safety Interested in

Mission Collaboration?

 Examine potentialrisk factors for bleeding complicationsand improve clinical
decision making Contact us at: Steven Menez

Research Aims N smenezl@jh.edu

 Examine the association of aspirin use prior to the time of kidney biopsyand
* Drop in hemoglobin level within 72 hours of kidney biopsy
* Need for packed red blood cell transfusion within 7 days following kidney biopsy

Kidney PMCOE




KPMCOE
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Symposium Steven Menez, David Hu, Heather Thiessen Philbrook, Jack Bitzel, Yumeng Wen, Mohamed G Atta, Derek M Fine,
J Manuel Monroy-Trujillo, John Sperati, Samir C Gautam, Celia P. Corona-Villalobos, Chirag R Parikh

Focus Results and Highlights Conclusion

Significantbleeding complications after native kidney The mean Hgb drop post-biopsywas 0.6 g/dL. A total of 183 (26%) patients had a Hgb drop over 1 g/dL, .

biopsies includethe following: while43 (6.0%) patients experienced a Hgb drop over 2 g/dL.
e Drop inhemoglobin (Hgb)

Discontinuation of aspirin within 3 days of
biopsywas not associated withincreased

* Need for blood (pRBC) transfusion Time of Last Aspirin Use odds of significantbleeding complications.
* Persistentbleeding requiringembolization Withi N _ No hist
I |n. 3 days 3-6 dafys 6-365 d.ays . o. story e These risks could bediscussed when
of biopsy before biopsy before biopsy within 1year . ] )
Anti-platelet agents such as aspirin are often (n=86) (n=95) (n=112) (n=418) consenting patients where urgent biopsy
discontinued for 7 days or more prior to kidney biopsy, diagnosisisnecessary for timely therapeutic
with the goal to reduce the risk of bleeding At the Age (years) 64 (16) 62 (15) 60 (14) 52 (17) decision-making.
comp||cat|ons.|-.iow.ever, su.ch a wa!tm blgpsytlmlng time Female 40 (47%) 37 (39%) 50 (45%) 217 (52%)
leads to a delayinkidney diseasediagnosis and may of
have a negative impacton time-sensitive therapeutic biopsy BMI 28.9 (7.4) 29.6 (7.9) 29.8 (8.6) 29.2 (8.5)
decision-making.
Pre- Hemoglobin (g/dL) 9.51(1.89) 9.51 (1.96) 8.85 (1.65) 9.39 (1.96)
Method and Analytics bi Next Steps
10PsY | platelet count (1073/L) 240 (81.3) 252 (123) 249 (125) 250(123) . . L )
We planto replicatethis analysisina prospective

2,722 Kidney biopsies performed . . )
observational cohortof patients undergoing

kidneys biopsies atJohns Hopkins (Novel
Approaches inthe Investigation of Kidney

atJohns Hopkins Hospitals Compared to patients with no prior aspirin usewithina year,those who stopped aspirin within 3 days of
kidney biopsy did nothave a significantly higher risk of either Hgb drop > 1 g/dL or> 2 g/dL.

2019-2022

e Iatl;:)r:IeL;ssiE:esments a3 Odds Ratio (95 % Cl) Disease (NAIKiD) Study) to examine the
. Tfansplantbiopsy(384), Aspirin Use Adjusted pre-biopsy Hgb association between aspiringusageand
+ Mass/ malignancybiopsy (22) Outcome Before Biopsy n (%) Event Unadjusted and platelet count adjudicated post-biopsy outcomes that require
+ Qutpatientbiopsy (192) No History 26 (6%) reference detailed chartabstraction:
Within 3 davs 9 (10% * Bloodtransfusiondirectly related to biopsy
711 inpatient biopsies with Hgb Drop 2 2 g/dL Y (10%) 1.76 (0.75,3.78) 1.69 (0.70, 3.76) * Hematoma formation
hemoglobin before and after 3-6 days 3 (3%) 0.49 (0.12, 1.44) 0.44(0.10,1.33) « Jet formation
biopsy 6-365 days 5 (4%) 0.70 (0.23,1.73) 0.90 (0.29, 2.28) « AV fistula formation
Usinglogistic regression, weexamined the No History 104 (25%) reference
association between aspirin usageand Within 3 days 29 (34%) 1.54 (0.92,2.51) 1.51 (0.90,2.51)
« Drop inhemoglobin (Hgb) level within 72 hours Hgb Drop 2 1 g/dL o ‘ ’
of kidney biopsy 3-6 days 27 (28%) 1.20(0.72,1.95) 1.17 (0.69, 1.94)
- 23 (219
* Packedred bloodcell (pRBC) transfusion within 6 36!_5 days 31 j’) 0.78 (0.46,1.28) 0.90(0.52,1.50)
7 days ofkidney biopsy No History 70 (17%) reference
Within 3 days 14 (16%) 0.97 (0.50,1.76) 1.11 (0.56,2.13)
JOHNS h I h pRBC Transfusion : = : oo ‘ OHNS HOPKINS
HOPANS 'n ealt 3-6 days 16 (17%) 1.01 (0.54,1.79) 1.16 (0.60, 2.15) r‘ J

SCHOOL of MEDICINE

6-365 days 26 (23%) 1.50 (0.89, 2.48) 1.21 (0.69, 2.06)




Kidney PMCOE

Vision

* Transformthe care of patients with kidney disease, from prevention to diagnosis to
treatment, strive to provide patient-centered and best-practice care, and provide

diverse opportunities for patients to participate in cutting- edge research to
potentially alter the landscape of kidney disease

Mission
* Change how we care for patients at risk of and suffering from kidney disease and
modernize kidney research

Research Aims

* Measure clinical outcomes in patients with both acute kidney injury and progressive
chronic kidney disease, applying risk assessments in real-time

* Improve clinical phenotyping of patients with acute kidney injury
* |dentify barriers to optimal clinical care and target areas for quality improvement
initiatives

* |dentify key patient subgroups to enrich enrollment in prospective observational studies
and clinical trials

Interested in
Collaboration?

Contact us at:

— Kidney PMCOE@
live.johnshopkins.edu
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Kidney PMCOE

Chirag Parikh, Heather Thiessen Philbrook, Steven Menez, Dipal Patel, Jack Bitzel, Prakash Nadkarni

Focus

The primary goal of the Kidney PMCOE is to
transformthe careof patients with kidney
disease.

Current Initiatives include

e Curation of high-quality renal focused data

* Integration of evidence-based medicine into
clinicalcare

* Facilitatingof clinicalresearch

e Supporting qualityimprovement initiativesin
clinicalcare

Curation of high-quality data

KPMCOE strives to curate high-quality data for

useinresearchandclinical care. We have ~100
standardized definitions of labs, diagnoses, and
procedures.

We recently developed anapproach for mapping
detailed EPIC medicationrecords to a
hierarchical medication classification framework,
allowing forimproved identification of
prescribed medications.Oneapplication of this
approachis toidentify prescriptions by
medicationclasstodisplayina patient
dashboard (PatientInsight).

¢ fnhealth

Supporting Evidenced-based Medicine in Clinical Care

In2022, the kidney failurerisk
equation (KFRE) was added to the
EPIC storyboard utilizing the curated
data from KPMCOE. In the firsthalf
of 2023, roughly 25% of nephrology
outpatient progress notes included
the KFRE score.

=)
a
=
S

% Nephrology Outpatient Notes
with KFRE Score
o 8

Facilitating Clinical Research

31%

Jan Feb Mar Apr May Jun July Aug Sep Oct Nov Dec|Jan Feb Mar Apr May Jun July
2022 2023

Ina prospective cohort of outpatients undergoing clinically indicated kidney biopsies, patients with obesity

did not have a larger drop in hematocrit compar
Kidney3602023;4(1):98-101)

ed to those without obesity (Long Q, Menez S et al.

Study Hematocrit drop (95% ClI), %

Yale (n=337) —— -0.78 [ -1.59, 0.03] 70.28
JHU (n=78) i 0.47[-1.29, 2.23] 29.72
Overall ——eni—— -0.41[-1.53, 0.71]

Heterogeneity: T = 0.29, I° = 37.62%, H’ = 1.60

Lower hematocrit drop in obese | Greater hematocrit drop in obese
r T T T

-2

As a pilottest, one nephrology provider
developed and successfully disseminated an

electronic patient-reported outcome measure

innephrology clinictoassess patienthealth-
related quality of life. (Patel D, Thavarajahs,
Bitzel J et al.CJASN 2023)

-1 0 1 2

¢ePROM ¢PROM non-

resp

“@=264) |  (n=583)

Patient characteristics

Age in years (mean £ S.D.) 66+ 14 67+ 14

Male gender, n (%) 161 (61%) 309 (53%)
Black race, n (%) 95 (36%) 297 (51%)
History of diabetes, n (%) 132 (50%) 303 (52%)
History of hypertension, n (%) 251 (95%) 542 (93%)

eGFR in ml/min/1.73m? (mean + $.D.) 3316 33+16
2-year kidney failure risk equation’

(KFRE) score in % {(mean + 8.D.) 1612 15124
Average ePROM score (mean £ 5.D.)

General health (1-5) 2409

Overall health (1-10) 7+2

Composite physical symptom (0-100) 83+ 14

Composite mental health (0-100) 65 +20

Quality Improvement in Clinical Care

KPMCOE has several quality improvement
initiatives to improve efficiency of patient care.
A recent initiativecreated a dashboard with
details onkidney biopsies.

M Inpatient Outpatient

800
700
8 600
<3 459
s °% 437 376 G
‘s 400
8 300
£
= 200 o5 197
100 218 252 266
95
. 95
2019 2020 2021 2022 2023
Next Steps

e Continue support of ongoingresearch
projects and newly created disease-specific
sub-studies (Acute Kidney Injury, Kidney
Transplantation, Kidney Biopsy and Chronic
Kidney Disease)

e Support and supportclinicaltrialsand new
researchinitiatives

e O’Brien Kidney Center Granton
Health Equities in Kidney Disease

e QI metric development

* Implement patient dashboards for Kidney
transplantpatients

(‘V 72 JOHNS HOPKINS
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Symposium A
Joseph Murray, MD, PhD e Valsamo Anagnostou, MD, PhD e Julie Brahmer, MD on behalf of the Lung Cancer PMCOE Team
Challenge — Translating moleculartestingto clinical benefit for patients with non-small cell lung cancer (NSCLC
dCKgroun
In the US, even with numerous molecularly-matched therapies in non- Comprehensive Molecularly-matched
small cell lung cancer (NSCLC), only half of patients receive ‘ molecular préﬁl'"g therapy _
appropriate molecular testing for these therapies!. Furthermore, even Y i Ne;égfgﬁé?%m
with appropriate testing, only half of those patients receive the * RWE demonstrates that...
appropriate matched therapy? leading to decreased overall survival. — @ ® © © ¢
Although oncologists aim to deliver tailored clinical care to patients, "I’”’ Ni%LC ~40% ° Y " ¥ ¥ ¥ e
integration of molecular & clinical data is needed to improve precision / \ f\ Other subtypes + ) ) > = >
. : - ) ! )° Immunohistochemistry - ~—
oncology — and identify new therapeutic strategies — for all patients [ R SCLC Squamous cell ‘ e ,
ith NSCLC. J carcinoma > _
e eceive
w S . i about half of patients recei was
- =9 guideline-recommended matched therapy and ... associated with 1 survival.
i
. % Al : B
Aims =
We aimt Results — Genomic featuresdriving precision lung cancer care: patterns and features for exposures and trials
eaim to:
1.Reveal genomic features associated with exposure/risks and therapy
response; and e o ) A B Fomer smoker| I
2.Interventional care tools and pathways that enable efficient SIS T TV N N Incident lung cancer All thoracic cancers Never smoker | NN
matching of precise therapy to individual patients with NSCLC; and danoses 23,985 patients Current smoker{ [ Pemmie [ e
3.A learning health system for patients and clinicians that utilizes real- = poleadlarTest L Unknown{ |
world data (RWD)to generate real-world evidence (RWE) o )\/J' ! Cars M Prfie 0 500 1000
Guardantl6)
toimprove outcomes for patients with NSCLC. Ilr;uar::nfmmx - \ 4 ol C ... - A
= ] L:::'C;umlMulduuu Panol All Iung cancers l1J; I = LWJ;} Ever smalker
Strategies . s 17,701 patients o B, C
: 2014 2016 éﬂ!e 2020 202 Rg 1 l Rg
) ) ' - i 3
Implementation of a Thoracic Cancer Data Commons built on the \ 4 '2 | “g
SMARCA4 variant classification  n Percent I
Precision Medicine Analytics Platform (PMAP) for integration of oo Mtaion o o With cCMP 3 %
complex molecular, clinicaland research data S . 3,723 patients 5 [ 5?
. . . . . - ice Region - 11 urrent smoker
* Ascertainment of prognostic and predictive biomarkers for adaptive Nemeeree Mo v e e ——y 1971 Fomer smoker i
treatment of patient e bl o oas expression s lost. R? | e s &2
. . Immunohistochemial...” Y 10 10
* Development of novel deep learning models from the aggregation of 3umR 14 387 v 19 “_. An immunostain for i 7
clinical, genomic, radiomic — or multi-omic data — to learn from our e Shif Ine " SMARCA4 (BRG-1) i lost in With full variants 02 U2
. 20-times increase in  the tumor cells” 2167 patients H H
patients splice Site 12 029% SMARCA4-altered cancers  “- The neoplastic cells are 3 P R1 R1
I Frame Dl - identified when posi/tisve fodrCAl\:'S.Z and 2,397 reports 0 500 1000 1500 2000 000 025 050 075 100
. CK5/6, and are also retained it frequency
Next Steps SUTR 3 007 conf\bmmdng for both SMARCA2 and coun o3
P In Frame Ins 3 007% genomics and IHC BRG-1 (SMARCA4)...” Figure 2. Revealing genomic features associated with exposure/risks in lung cancer.
From 4114 NGS reports where assessed A, Patient population with lung cancer and clinical comprehensive molecular profiling (cCMP) and full variant reports
*Matching patientgenotypes to clinical “phenotypes” identified via the Thoracic Cancer Data Commons PMAP database. B, Patient-identified tobacco smoking status and

gender in the identified cohort with the majority of patients reporting a history of prior tobacco smoking (“Former
smoker”). C, left Single-base pair substitution-based mutational signatures from n=1,997 cCMP tests with sufficient
variant-level data (>50 variants found per test) assessed for molecular signatures using deconstructSigs (Rv4.3)
as described previously (Alexandro, Nature 2013)3. C, right Known ever-smoking status were enriched for smoking-
related signatures (signatures 4 & 5), whereas never-smokers were enriched for uncharacterized defects in DNA
maintenance (signature 14).

*Deepen translational features in the Data Commons: cfDNA, WES, Figure 1. Identifying patterns of SMARCA4-altered lung cancers for clinical trial

RNAseq, TCRseq NGS, radiomics considerations: genomics versus immunohistochemistry.
*Build predictive models of clinical outcomes Top, Incident diagnoses of lung cancer and changes in respective clinical comprehensive
molecular profiling (cCMP) since the inception of testing in the Thoracic Cancer Data
Commons PMAP database. Bottom, Patterns of SMARCA4 mutations in over 4,000 cCMP
reports identifying up to n=387 candidates for a SMARCA-directed clinical trial (left table)

versus review of pathological reports identifying only n=19 patients by immunohistochemical Ref :
JOHNS .n h eal th l.el;:h”ecrsset al. ASCO 2022. doi:10.1200//C0.2022.40.16_suppl 9128 JOHNS HOPKINS
!, A 4

IHC) staining.
HOPKINS ( ) g 2. Singal Get al. JAMA. 2019;321: 1391-1399. doi:10.1001 /jama.2019.3241 SCHOOL of MEDICINE
3. Alexandrov LB et al. Nature 2013. doi:10.1038/nature12477
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Multiple Sclerosis PMCOE

Goals:
The Johns Hopkins MS PMCOE was launched in April 2017 with two primary goals: Interested in
1. Identify clinical, imaging, and blood biomarkers of long-term disability risk PR,
2. Translate evidence to clinical trials aiming to identify new therapeutic strategies Collaboration?
to prevent disability and promote repair in people with MS —

g emowryl@jhmi.edu

Research Aims:
* Technology-enabled tracking of neurologic functional performance and systematic clinical data
capture at every clinic visit via an internally-developed Smartform
* Baseline and annual non-invasive imaging of optic nerve damage using optical coherence tomography (OCT)
* Collection of blood at biannual clinic visits for research to identify biomarkers of prognosis and treatment response
* Standardization of annual surveillance brain magnetic resonance imaging (MRI) across (and beyond) the Johns Hopkins Health System
* Home-based collection of data regarding environmental and lifestyle exposures that may be relevant to the prognosis of MS.

COE Achievements:

* The COE includes 13 MS neurologists as well as experts in MS epidemiology, neuroimaging, neuropsychology, and neurorehabilitation

* Over 2,000 people with MS have participated in the PMCOE.

* The Johns Hopkins MS Smartform is being widely adopted across other prominent institutions throughout the US.

* Smartform is enabling efficient collation of information relevant to MS state and is being leveraged to graphically project the individual
disease course for a given patient.

* Smartform data, with other Epic-derived data, is being used to more specifically determine if a given person will likely benefit from
brain MRI scan at a given timepoint (early estimates suggesting ~60% of patients are correctly classified as not requiring a new scan).
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Focus

Imaging is a core component ofthe MS PMCOE

Analysisof routine clinicalimagesis hampered by | ogistical,
technical, and regulatory challenges

PMAP allowsthe MS PMCOE to collect,curate,and analyze
imagesstored in clinical systems

Usingroutine clinical imaging e xtends imaging follow-up for
research studies

Harmonization methods allowfor more images tobe
considered forresearch analyses

Method and Analytics

Number of Scans

The MS PMCOE MR imaging projection includes >5,700
patients and >15,600 MR imaging sessionsthat are ready for
volumetric analysis
Analysis-ready scansindude:

o Multiple contrasts

o >=13D-acquiredimage
Analysistasks include whole-brain segmentation, lesion
segmentation, and cortical reconstruction

Analysis-Ready MRIs by Year
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Figure 1: Number of analysis-ready MRIs in the MS-PMCOE imaging projection
for each year. 2023 represents Jan-Aug, 2023.

i fnhealth

Multiple Sclerosis PMCOE: “Filling Research Gaps with Routine Clinical Imaging”

Team: Blake Dewey, Kate Fitzgerald, Peter Calabresi, Ellen Mowry

Results and Highlights

= Rapidincreaseinscanavailabilityinrecent years is shownin Figure 1

o Nearly 2,000 analysis-ready scans acquired in both 2021 and 2022 (2023 projected to be similar)
= |ncreaseis due toimproving technology and standardizing of high-quality scans for people with MS
= The potentialforlongitudinal analysis isshownin Figure 2

o Manypatients have little or no follow-up imaging

o Thereare =2,543patients with some follow-up, =1,100 with =5 years, 300 with >10years

Analysis-Ready MRIs Per Patient Follow-up Duration By Patient
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Figure 2: Histograms of the number of analysis-ready scans acquired (left) and duration of analysis-ready imaging follow-up (right) of
patients in the MS-PMCOE. For follow-up duration, “None” refers to patients that only have onescan (no follow-up).

= Analysis-readyscanscan be usedto enrich research cohorts (with IRB approval) to lengthen follow-up or enroll
more subjects (can’tor wouldn’t commit to a research-only MRI)
= Multiple studieshave extended (orare looking to) their cohorts (or cohortfollow-up) using MS PMCOE data
o Two examples (HEAL-MS and MS-Genetics)are shownin Figure 3

Cohort Size W/ & W/O MS PMCOE Imaging Data

MS-Genetics Coheort

B W/ MS PMCOE

HEAL-MS B W/O MS PMCOE

o
Q
@

0
300

Number of Participants
Follow-up Duration W/ & W/O MS PMCOE Imaging Data

MS-Genetics Cohort
B W/ MS PMCOE

HEAL-MS B W/O MS PMCOE

2 3 4 5
Avg. Follow-up (years)

0 1

Figure 3: Stacked bar charts of cohort size (top) and follow-up duration (right) in two research studies of people with MS. Bar charts are divided
into data available to theresearch study with (W/) and without (W/O) imaging data from the MS PMCOE.

Conclusion

= The MS PMCOE has a defined imaging cohort for
investigation of neuroimaging outcomesin people
with MS

= The cohort continues to acquire 1000s of a nalysis-
readyscansperyear with history of nearly 20 years

= Mostpatientsinthe cohort have follow-up imaging
enabling longitudinal analysis

= Research studies that enroll participants from the MS
CenteratJHMI canleverage routine clinical imagesto
enrichtheir cohorts

Next Steps

= Ongoing analysis of all analysis-readyimagesfrom
the MS PMCOE

=  Generating quantitative results for on-goingand
future studies

= |nvestigating spinal cordimagingin MS PMCOE
o ~1.5xincreaseinscans

= |mprovingharmonization techniquesto include even
more routine clinical images (e.g.,|ow-resolution 2D
images)
o ~5xincreaseinscans

Figure 4: Example 3D high-resolution T;-weighted (left) and T,-FLAIR (right)
images from an MS patient in the imaging cohort. These images are
representative of the standardized MS MRI protocol.

Acknowledgements: We would like to thank the PMCOE providers,
coordinators, staff , and collaborators who made this work possible.
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Myositis PMCOE

Vision
* To use our multidisciplinary approach, trajectory analysis, and novel subgroup
identification to tailor the monitoring and treatment of the disease to the individual.
Mission
* To leverage the longitudinal nature of our clinical cohort, coupled with prospectively
collected biospecimens, to better classify unique phenotypes of I[IM.

Research Aims

1) Identifying distinct patient trajectories related to muscle, lung, joint, and skin
involvement.

2) Determining clinical and biological predictors of response to different treatment
regimens.

3) Tailoring cancer screening recommendations to distinct subgroups of myositis patients.

Interested in
Collaboration?

Contact us at:

8

Email:
cmecolil@jhu.edu
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Background of Myositis
IdiopathicInflammatory Myopathies (11M,
commonly referred to as simply ‘myositis’)
comprise agroup of rare chronicautoimmune
diseases affecting multiple organ systems that
can lead to substantial morbidity and mortality.
While many of the underlying mechanisms of [IM
remain unknown, the disease expression can
impactthe muscles, lungs, joints, skin, and heart.
CurrenttherapiesforliMare generally
nonspecific, are not targeted to individual
disease pathologies, and often are prescribed on
a ‘trial and error’ basis.

Launch of Myositis PMCOE

The Johns Hopkins Myositis Precision Medicine
Centerof Excellencewas launchedin 2018 with
the vision of increasing the efficiency of
healthcare delivery to patients with [IMand to
use our multidisciplinary approach, trajectory
analysis, and novel subgroup identification to
tailorthe monitoring and treatment of the
disease totheindividual. Our missionis to
leverage the longitudinal nature of ourclinical
cohort, coupled with prospectively collected
biospecimens, to better classify unique
phenotypes of IIM. To date we have automated
electronicconsenting, biospecimen management
including DNA, RNA, sera, and PBMCs, and
developed myositis-specific SmartForms within
EPIC.

¢ fnhealth

Myositis PMCOE

Ongoing Projects and Highlights

(1) We are leveraging the common data model ‘Observational Medical
Outcomes Partnership’ (OMOP) to perform network studies within the
international myositis and Observational Health Sciences and Informatics
(OHDSI) communities [Figure 1].

Within the International Myositis Assessment and Clinical
Studies Group (IMACS), we are developing both minimum and
optimum datasetsin the structure of OMOP. This multi-site
international network will facilitate clinical trial recruitment,
enable comparative effectiveness studies, and provide
adequate statistical powerfor geneticassociation studies

Over 30 sitesin>10 countries around the world are engaged in
thisinitiative

(2) Our myositis longitudinal cohort within PMAP, paired with
biospecimens, has enabled commercial partnershipsin 2022-2023.

Identifying novel drug targets in dermatomyositis, necrotizing
myopathy, and inclusion body myositis

Developing and validating commercial biomarkers (myositis-
specificautoantibody panels) to facilitate rapid diagnosis and
managementdecisionsin both the inpatient and outpatient
settings

Christopher Mecoli, William Kelly, and Lisa Christopher-Stine on behalf of the Myositis Center

yosnls Center #1))

in OMOFP Forma/_

( Mvosntls Center #2

Transfarm IIM Data — \“m OMOP Form’g

to OMOP Format

/

I Researcher(s)
[T XX

Myasitis Center #3 Y

QDMOP Forma'&//

Participate in OHDSI Network Studies

+ Build/selecting existing IIM Phenotypes

and design study package

+ Engagecollaborators/data partners

S
..i_"'l = B

S e e

’.... ——

Perform Network Studies

* Granular phenotyping of patients; 1IM-
specific outcomes available; link back td
blospecimens possible
Mo data-use agreements required
[share code, not data)

Feasibility Studies for Randomized

Controlled Trials

* Distribute R-package of
inclusion/exclusion criteria to sites

* Instantly obtain list of potential
candidates

Benefits of OMOP/OHDSI Approach in

IiM

* Analyze multiple data sources
simultaneously

* Enables study of rare outcomes in

rare diseases

Ability to test accuracy of phenotypes

Figure 1: Benefits of Common Data Model (e.g. OMOP) Adoption

(3) Tailoring cancer screening recommendations to distinct subgroups of myositis patients.
We have validated several novel biomarkers to improve risk-stratification for contemporaneous cancer, acomplication occurringin up to 10%
of IIM patients. We are now in the process of building a cancer prediction tool to inform clinical decision-makingin collaboration with Stanford
University and the University of Pittsburgh. This tool will be embedded within EPIC to facilitate a future multi-site clinical trial assessing the

tool’svalueinareal-world setting

(4) Reducing FTEs required to effectively run the Myositis FTE.
Through use of SmartForms and PMAP, we have saved the equivalent of 3research coordinator FTEs annually

Study feasibility and clinical trial eligibility have gone from a process taking weeks to queries that take minutes

JOHNS HOPKINS
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Neonatal PMCOE

Vision
* To io!entify, guantify, and define efa\rly pred.icjcors of clinical outcomes and lower Interested in
barriers to research and personalized medicine for all neonates .
o Collaboration?
Mission
* Develop the infrastructure and expertise that will allow for personalized evaluation, Contactus at:

counseling, management, and prevention of neonates at risk for adverse outcomes

o/

Phone:
e Can we builda model to identify premature infants most at risk for high morbidity (410) 614-3829

and mortality using their response to different treatments and availabledata?

Research Aims

e Canthis model be developedinto an objective EHR tool that could facilitate N
dynamicindividualized counselingin the Neonatal Intensive Care Unit?

Email:
kaziz5@jh.edu
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Background Results and Highlights — Mo Surfactant Dose
* Advancesinneonatal care areenablinghigher survival —— o or More Surfactant Dose
rates of extremely premature (<29 weeks gestation) and 100 - >
extremely low birth weight infants (<1000g).
* Avastmajority of these infants suffer from neonatal 80 4 a
respiratory distress syndrome (NRDS), commonly due to ‘§ 5
surfactantdeficiency, whichis crucial for preventing lung 5_:_“ 60 - ‘_E.s
alveoli collapse. : g
* Surfactantadministration andrespiratory support, both E 40 - 2
invasiveand non-invasive,arestandard interventions for =
NRDS. 204 )

* The responseto surfactanttreatment, especiallyinterms
of oxygen andrespiratory supportneeds, is inconsistent ol . . /\M

a mong neonates 0 Dose 1 Dose 2 Doses 3 Doses 4 Doses o 10 20 30 40 S0 60 7

Number of Doses . . . . JHeurs 5 .
. . Figure 2. Longitudinal nSOFA trajectory by doses of surfactant administered. Mean nSOFA scores with 95% Cls for the first 72hrs
* The neonatal sequential organfailureassessment(nSOFA) . — :
q & ( ) Figure 1. Distribution of Patients Based on Number of Surfactant of life for all patients. Higher nSOFA trend observed ininfants given>2 surfactant doses (green band) compared toone (blue) and

scoremeasures patient severity of fliness, including DOSE.S..Histogram of number quatients and doses of surfactant none (red). Peakscoresaround 1-5hrs, reflecting typical post-birth surfactant administration; secondary peak at ~12hrs of life coinciding
respiratory supportneeds & degree of organdysfunction. administered. Total of 332 patients. with usual second dose administration. Distinct differentiation among the three groups atthese intervals.
Nsofa Score for a Deceased Patient with 0 Surfactant dose Nsofa Score for a Deceasad Patient with 1 Surfactant dose Nsafa Score for s Deceased Patient with 2 or More Surfactant dose.
— e surtactant Dase [Rederence Line] o P — e sutaan J
Objectives B e e

A

* Toassessindetail thesurfactantresponsebytracking
changes inorgandysfunction from birth to either
death or discharge, factoringin gestational ageand
time, particularlyin extremely preterm infants. . N

* Hypothesis: Distinct modifiableand non-modifiable

maternal, fetal, and neonatal factors will differentiate | W

mota_score

surfactantresponders fromnon-responders. A —— S

] [ ) = o P P B
Time (hoars)

Method and Analytics

+ Aretrospective cohort study at a single center assessed Figure 3. Example patient level nSOFA profiles for non-survivors relative to matched epoch. Mean nSOFA scores with 95% Cls for the first 72hrs of life for all patients. Dashed line represents non-survivor.

. . . . Complex, shared decisions often dictate care for extremely premature and extremely low birth weight infants. Situations where no surfactantis given due to parental preference, equipment size constraints,
inborn, extremely preterm infants with very lowbirth and/or major anomalies (A). Cases where surfactant administration results in complications such as pneumothorax or pulmonary hemorrhage, preventing repeatdosing (B). Some patients face severe pulmonary
weight from July 2016 to June 2023 usingthe NICU hypoplasiathatis notresponsive to surfactant (C).

PMAP Registry (~35,000 records). Hourly neonatal X
sequential organfailureassessmentscores were Conclusion and Next Steps
tracked until discharge or death. We developed * Usingbirth weight and gestational age, we discerned nSOFA profiles based on surfactantdoses (none, one, or 22).
*  Next, we'll examine the NICU PMAP registry features to test our hypothesis and identify maternal, fetal,and neonatal factors
influencing key outcomes
o « Ourmainanalysiswilltarget survivors treated with surfactantwho develop bronchopulmonary dysplasia (BPD),aimingto create a JOHNS HOPKINS
JOHNS 'n h ealth BPD prediction model and personalizingexistingcare paradigms (therapies)forimproved outcomes. v SCHOOL ¢f MEDICINE

replicable phenotype definitions usingSQLand
analyzed the data with Python.

HOPKINS
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Neurosciences Critical Care PMCOE

Vision:

Leverage high-resolution multi-dimensional data, mechanistic hypotheses, and advanced modeling (including
artificial intelligence) to effectively and efficiently enhance the care and outcome of critically ill neurological
patients

Mission

To establish and scale a data-driven research program in neurocritical with an emphasis on three types of modeling:

* Predictive modeling (Prognostic enrichment)
* Treatment response modeling (Predictive enrichment)
* Health economics modeling (efficiency, cost, generalizability)

To create an institutional resource for research in Precision Therapeutics
To secure funding via federal agencies (NIH, NSF) and industry partnerships
Research Aims

Aim 1. To develop and validate a highly accurate risk prediction score for post-operative neurosurgical
complications.

Aim 2. To develop and validate a highly accurate risk prediction index of neurological (and physiologic) deterioration
for patients admitted to the NCCU (Aim 2A). To predict safe discharge of patients from the NCCU (Aim 2B).

Aim 3. To determine the efficacy and cost-effectiveness of the NCCU triage score and neurologic deterioration index
by testing them in clinical trials evaluating feasibility safety, clinical outcome, and health-economic endpoints.

Interested in
Collaboration?

Contact us at:

o/

Phone:
410-955-7481

N

Email:
jsuarez5@jh.edu
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CICL —Classification of Intra-Cranial Pressure Waveforms to identify clamped external ventricular
drain signals by applying Machine Learning using the PMCOE-NCC Data Repository

Rohan Mathur?, Sudha Yellapantula

IDjivision of Neurosciences Critical Care, Department of Anesthesiology & Critical Care Medicine, JHSOM ;
2Department of Neurology, JHSOM; 3Department of Neurosurgery, JHSOM, *“Medical Informatics Corp., Houston TX

4 Lin Cheng'3, Peter H. Dziedzic %, Eusebia Calvillo>%3, Jose |. Suarez*23

Background

Management of elevated intracranial pressure (ICP) is
importantin preventingsecondary brain injury, in patients
with acute braininjuries admitted to the intensive care unit.
External Ventricular Drains (EVDs) are the current gold
standard in invasive ICP monitoring, and generate a
continuous ICP waveform, from which amean|CPvalueis
generated. Amajorunmet needis to create better predictive
models ofimpendingelevations in ICP. However, the use of
the ICP waveforms to develop predictive models is limited by
the factthat EVDs produce accurate waveforms onlywhen
theyare clamped (i.e. drainage is turned off). Typically, this is
intermittentlydone forvariable intervals every hour.

In large retrospective datasets, information about
whetherthe EVD isclamped ordrainingorifthereis
noise,isnotcapturedorlabelled.

This project showcases an innovative means of labellinga
large dataset of physiological waveforms and
demonstrates how itis used to traina machine learning
classification algorithm to segment and classify | CP
segments fromanEVD as clamped ornot

Methods

Initial Patient Selection

5 patients with acute braininjuries that underwent ICP
monitoringwith an EVD, were identified through a search of
the Precision Medicine Center of Excellence in Neurocritical
Care Data Repository (PMCOE-NCC), and the entire duration
of their ICP waveforms was extracted, totaling 1488 hours
(approx. 62 days) of high frequency |CP waveform data,
sampledat120Hz.

JOHNS
HOPK\NS

Actual label
Unclamped Clamped ICP

inhealth &) JOHNS HOPKIN

SCHOOL of MEDICINE

Generation of a Labelled and Validated Dataset

The labelling process first involved segmenting the ICP waveform time series from each patientinto epochs using the PELT change-point detection algorithm. PELT identifies
and segments the time-series where the statistical properties of the time-series change. The data wasdivided to create a trainingdataset, and a validation dataset. Next,
multiple statistical features were extracted for each segment, and k-Means unsupervised clustering was used to generate individual clusters of segments, each with similar
statistical properties. Next, using a uniform methodology, segments from each cluster was extensively sampled and labelled bya neuro-intensivist. This process involved
visualization of the segment along multiple different time axes, allowing for visualization ofthe segment andits neighborirg segments for minutes and hours. These labelled
and validated epochs were then used to train supervised machine learningalgorithms. The best algorithm based on accuracy andeffidency metrics was selected.

signal (120Hz) into epochs using
change point detection

Segmentation of Raw ICP waveform

—

Feature Extraction and
K-Means Unsupervised Clustering

I 100 clusters generated
Raw signal : using 7 features Cluster 1 epochs
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Labelling and Validation
by Neuro-intensivist

-

Training
Supervised
Machine
Learning
Classification
Models and
selecting for
best
performance

Clamped ICP epochs

‘,,_ M e I | [t .".‘ [’ I‘ 3 F

Draining EVD epochs

—

Subject | Number of Total Number | % of epochs
hours of data of epachs. labeled and
varified

79384 98.73 %
81.52%
97.26 %
90.99 %
90.04 %

186202

336 108749

i
2
3 458
4
5| 48034

Results

After 10-fold cross validation, and testing various Ma chine Learning Classification models, the confusion
matrix, accuracy statistics and Receiver-Operating Curve (ROC) of our best performingmodel are presentedin

the figure below.
Confusion matrix
Predicted label
Clamped ICP  Unclamped

35839 AL

KON 244843

Classify Clamped ICP vs NOT Clamped ICP
Area under ROC curve 99.10% + 0.001
Recall 98.57% + 0.002
Positive predictive value 97.47% + 0.003
F1 score 98.02% + 0.002

(10 fold cross validation)

True Positive Rate

ROC Curve

- ROC curve (area = 0.99)

0.0 02 0.4 06 08 10

False Positive Rate

Summary and Next Steps

CICLis a machine-learning based classification algorithm
thatrapidlyandaccuratelyidentifiesclamped ICP
waveformsegments

This algorithm paves the wayforrapid high throughput
processing of ICP waveform data which will allowfor their
use in prediction modeldevelopment

Next steps include validating patient generalizability and
studying the application of this algorithm prospectivelyin
real time
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PMCOE-NCC - Automated Identification of Patients who developed critical care needs
after Elective Neurosurgical Intracranial Tumor Resection

Rohan Mathurl2, Vishank Shah!24, Tamas Budavari®, Niteesh R. Potul2, Peter H. Dziedzicl2, Lin Cheng! 34, Eusebia Calillol2:3:4

Bill King, William S. Anderson?, Robert D. Stevens12.34 Jose |. Suarezl.2.34

IDivision of Neurosciences Critical Care, JHSOM, 2Department of Neurology, JHSOM, 3Department of Neurosurgery, JHSOM,

“Department of Anesthesiology & Critical Care medicine, JHSOM, *De pt. Of Applied Mathematics and Statistics, Whiting School of Engineering, JHU

BACKGROUND
Patients diagnosed w ith intracranial tumors, after consultation with a
neurosurgeon, present to the hospital at a scheduled date for surgical

resection of their intracranial tumors. Post-operatively, they are routinely
admitted to the Neurosciences Critical Care Unit for monitoring.

The Problem

- Only some of these patients develop clinical issues that require care that can
only be provided in the NCCU; Most receive care that may be able to be
deliveredin less resource-intensive environments within the hospital.

- Scarce Resource such as intensive care provision and monitoring can be
better allocated by Identifying those patients that will truly develop ICU needs

~ 4 N\
OR for NCCU
Craniotomy
and 5 \ /
Resection of !
Tumor e N
’ IMC, Floor,
PACU
. J

To tackle this problem, it is firstimportantto identify exactly w hat counts as
carethat canonly be providedin an ICU and determine how to identify those
patients in a data repository. Furthermore, given that the PMCOE Data
Repository is being updated w ith new patient information on a w eekly basis,
the identification algorithm should be automated so that these patients can
be routinely and rapidly identified.

THE QUESTION
In aretrospective analysis of the PMCOE-NCC datarepository, how do

you identify those patients undergoing elective neurosurgical resection
of their braintumors that received carethatcan only be deliveredin the
ICU environment?

L0z fnhealth

METHODOL OGY

Data Source

The Precision Medicine Center of Excellence in Neurocritical Care Data
Repository contains clinical EMR data, physiological w aveformdata and Imaging
data fromall patients that have been admitted to the Neurosciences Critical Care
Units at Johns Hopkins. Through querying and screening these patient records,
research questions of interest can be explored.

Imaging /-\
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=8 I =
N = ==
Clinical Azure Blob Phoenix HPC SAFE
PACS Storage Storage
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= =
-.
e - @ = PMCOE-NCC
- Data
Sickbay™ Azure Data Azure SAFE Repository
Monitors Lake Storage Databricks Storage

Clinical

—
SAFE —
@ ==
EPICEHR Aaure SQL SAFE SAFE
Database Desktop Storage

Inclusion Criteriafor patient selection

- Adult Patient (18 years or older)

- Diagnosis of a brain tumor based on ICD-10 code screening

- Hective admission to the hospital for resection of the brain tumor w ith
Neurosurgery. Excluded patients w ho went to the OR after being first admitted
to the hospital in an acute symptomatic presentation

- Directly admitted to the NCCU after their surgery

- Information w as stored inthe PMCOE-NCC Data Repository

Screening Criteriafor ICUNeeds

Consensus driven criteriaw ere developed by ateam of four neuro-intensivists.
These include:

- Administration of specific medications that can only be administered in an ICU
-ICU Specific procedures including intubation; high-flow nasal canula; non-

invasive positive pressure ventilation; central venous catheter placement;
ventriculostomy management

-ICU specific diagnoses

- Restricted the time frame for development of critical care needs to 72 hours
post-op

RESULTS

The PMCOE-NCC Data Repository w as screened including patients fromJuly
1, 2016, to August 31, 2023. 2582 eligible patients w ere identified. Among
these, the algorithm identified 437 patients that demonstrated needs that could
only be addressed in the Neurocritical Care Setting. Of these, 341 patients

w ere administered critical care medications, 106 had critical care orders, and
136 had critical diagnoses codes entered.

2582 Patient Records
met inclusion criteria

Driven

Screening
Criteria for
Critical Care
Needs in first 72
hours post-op

2145 Patients had
No Post-Op Critical
Care Needs

437 Patients
Developed Critical
Care Needs post-

operatively

DISCUSSION

- The Precision Medicine Center of Excellence in Neurocritical Care
(PMCOE-NCC) aims to effectively identify patients who would most likely
benefitin the resource-intensive neurocritical care environment fromthose
w ho can fare equally w ellin a less resource-intensive environment such as
intermediate care units or the floor.

- Identifying patients that developed critical care needs in the first 72 hours
after elective surgical resection of their brain tumors is the first stepin
developing a model that will ultimately use pre-operative and intra-operative
data to triage patients to the appropriate level of post-operative care. Such a
model could potentially improve resource allocation and improve patient care.

JOHNS HOPKINS

SCHOOL of MEDICINE
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Wilmer Precision Ophthalmology Center of Excellence

Vision
* Harness the power of artificial intelligence, multimodal ophthalmic imaging Interested in
and big data to provide previously-unavailable stratification,

prognostication and treatment recommendations for patients with Collaboration?
ophthalmic diseases.

Mission

* Usherin an era of personalized ophthalmic care and transform the field of
ophthalmology using artificial intelligence.

Research Aims

* Provide fine-grained predictions for conversion to wet age-related macular
degeneration (AMD) in patients with dry AMD N\

* |dentify the optimal intravitreal anti-VEGF medication for patients with Email:
retinal vascular diseases at treatment initiation tliu25@jhmi.edu




Predicting Imminent Conversion to Neovascular Age-related Macular

MEDICINE
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e Age-related macular degeneration (AMD) is the most common
cause of irreversible central vision loss in patients over age 50.[

* Most AMD patients lose vision due to neovascular AMD (NVAMD).

o Average risk for progression over 5years can be estimated using
AREDs criteria.

* The goal of the current study is to analyze 3D optical coherence
tomography (OCT) volumes using deep learning (DL) and to
create a model that will predict imminent conversion (within 6
months) from non-neovascular to NVAMD. We chose a 6-month
time frame, as it is a more actionable time frame as compared to
5years.

Materials and Methods

* 33,189 3D OCT scans from 2,084 patients with AMD were split into
a training (70%) and validation (20%) and hold-out test set (10%)
Data partition was performed at the patient level.

* The conversion date was defined as the first anti-VEGF injection
date based on previous work!?l,

* For training, all scans were center cropped into 496 x 512 x 24
(width x height x # line scans per volume). Then, the signal
intensity was scaled with zero mean and unit standard deviation.

» Data augmentation with transformations and random flipping
along vertical axis were applied with a probability of 50%.

* A 3D ResNet-50 model®! was used as backbone, along with a
Stochastic Gradient Descent optimizer (learning rate = 1e-4) and a
learning rate scheduler.

* Best model parameters were selected based on best balanced
accuracy during validation.

* All processing done in Azure Machine Learning Studio within the
Precision Medicine Analvtice Platfarm

Validation balanced accuracy

o ity

Tianing loss

1

| ! Fig 1. Training
loss (left) and

validation

balanced

accuracy (right).

1 Wilmer Eye Institute, 2Malone Center for Engineeringin Healthcare, 3Departmentof Computer Science,
Johns Hopkins University School of Medicine, Baltimore, MD

The hold-out test set contained 2051 OCT volumes from 136 patients.
* On the hold-out test set, the model achieved a 68.8% balanced accuracy and 0.75 Area
Under Curve (AUC). When set to a “sensitive” mode with a sensitivity of 80%, the model
achieved a specificity of 45%. When set to a “specific’ mode with a specificity of 80%,
the model achieved a sensitivity of 57%.

Actual Values
N=2051 YES NO .
N - i
YES TP=94 FP =451 5
B £
g8
532
gz
a
NO FN=59 | TN=1447

False Positive fate.

Table 1. Test set confusion matrix : “yes” is yes
conversion within 6 months and “no” is no
conversion within 6 months; threshold =0.5.

Fig 2. Test set AUC

Degeneration Using OCT Volumes and Deep Learning
T. Y. Alvin Liu, M.D.%?; Yuxuan Liu, M.S.%; Neslihan Dilruba Koseoglu, M.D.}; Craig K. Jones, Ph.D.%%3

Fig 2. Sample correct predictions by our model in the hold-out
test set. Ground truth: no conversion within 6 months (top);

yes conversion within 6 months (bottom)--- note the presence
of a double layer sign.

Conclusion and Future Work

e Our model showed reasonably robust performance in predicting
imminent conversion to NVAMD using only a single OCT volume as

Actual Values Actual Values Actual Values
N=109 YES NO N=544 YES NO N=152 YES NO

- YES TP=27 FP=45 YES TP=39 FP =106 YES TP=28 FP =44
@ Bo By
gt 38 od
EE 33 is
& c” i~

NO FN=8 TN=29 NO FN=33 TN =360 NO FN=12 TN=68

input.

e In contrast to previous work[2] that only included patients with

Table 2. Confusion matrixes for subgroups within the test set: first converted eye in patients
with NVAMD OU (left), second converted eye in patients with NVAMD OU (middle), first
converted eye in patients with unilateral NVAMD (right). Threshold = 0.5.

Sensitivity

Specificity

. . . 80.0% 37.4%
First Eye in OU patients
32.1% 80.0% Table 3. Model
. . 80.0% 44.3% subgroup performance
Second Eye in OU patients 47 4% 30.0% with threshold set at
Unilateral convertedeye 80.0% 49.4% 80:/° sensitivity and
48 7% 30.0% 80% specificity.
Never convertedeye 79.5%

known NVAMD in one eye, our model was trained and tested with
OCT images from both patients with known NVAMD in one eye and
patients without previous history of NVAMD.

e Future work will include incorporating tabular clinical data into
model training and testing.

1. Mitchell P, Liew G, Gopinath B, et al. Age-related macular degeneration[J]. The Lancet, 2018,
392(10153): 1147-1159.

2. Yim, J., Chopra, R., Spitz, T. et al. Predicting conversion to wet age-related macular
degeneration using deep learning. Nat Med 26, 892-899 (2020).
https://doi.org/10.1038/541591-020-0867-7

3. Tran D, Wang H, Torresani L, et al. A closer look at spatiotemporal convolutions for action
recognition[C]//Proceedings of the IEEE conference on Computer Vision and Pattern

Recognition. 2018: 6450-6459.
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Pediatric Genetic Syndromes with Aortopathy

* Vision
The creation of a comprehensive and dynamic database that integrates granular
information regarding diagnosis, disease gene, underlying mutation, modifying genetic or
environmental variation, age, gender, personal medical history, results of imaging, family
history, physical manifestations, and response to prior interventions to recognize

Interested in

patterns within patient subgroups with strong predictive value. Collaboration?
* Mission :
Our main goal is the creation of a polyfactorial risk score that takes into account clinically Contactus at:

accessible factors basing the decision to proceed with surgery on objective criteria,
avoiding unnecessary surgery in stable patients and hastening surgery in patients for J
whom delay would possibly result in aortic dissection with its attendant morbidity and

mortality. Phone:

* Research Aims (410) 614-5939

1) Polyfactorial risk score: As described above, visualized as a graph showing risk of
aneurysm/dissection/surgery over the coming months.

2? Automated calculation of arterial tortuosity. Development of a machine learning u
algorithm that identifies the vertebral arteries and calculates the tortuosity index.

3) Evaluate patternsin strain measurements in the aorta, left atrium, and left ventricle in

Email:
in patients with vascular EDS potentially providing a novel indicator of the risk of aortic hdietz@jhmi.edu

complications in these patients. aguerrerio@jhmi.edu

4) Evaluate if corneal topography can distinguish Marfan Syndrome from other
connective tissue disorders and be used as a diagnostic criteria.



NN I

( Precision Medicine Kasper Center of Excellence for Pediatric Genetic Syndromes with Aortopathy
N7}

Symposium Johns Hopklns Team Leadershlp L Fl Dletz, Tony Guerrerio, Gretchen Ma(;Carrj;:k
Focus Results and Highlights Conclusion
Our center focuses on connective tissue disorders Who has low DXA scores? (Figures A and B) Table 1: Demographic data, laboratory data, * 33% of adults and 59% of children with LDS
that are characterized by aortic aneurysm and risk = 9.1% of adults and 50% of children had Whole body DXA Z-scores < -2 A e (o res of patients with a genetic exhibited poor bone health (whole body DXA Z-
of vascular rupture (ex: Marfan Syndrome, Loeys- * Type 5 LDS appeared to have higher Z-scores but limited sample size ez o] score <- 1)
Dietz syndrome, vascular Ehlers-Danlos). We = 60% of patients experienced =1 lifetime fracture. Median number of lifetime | e | 2ESD EER | DR * No significant differences in DXA scores across
know that the overall phenotype in inherited fractures was 1 (range: 0-6) DEETS | EED | 2EEE the different types of LDS
presentations of aortic aneurysm is wide, both * Fractures were most common in children with types 1 and 2 LDS but were more % P R p——— * Children with LDS types 1 and 2 had significantly
within and between specific diagnoses. As it evenly distributed across LDS types in adults e T I ) more fractures/year than those with types 3-5
stands, we currently use limited information Bl 1as(ie2)  04s(129)  -206(150) (p=0.02)
about the underlying diagnosis to make critical What clinical features are associated with low DXA scores? (Figures C and D) ety 7o) ;i:i::: — * 61% of LDS patients experienced 2 1 fracture in
decisions about their prognostic counseling, the * Skeletal abnormalities in LDS include scoliosis, pes planus, arachnodactyly, 'Sx"‘z'::."'."’ — their lifetime
frequency and extent of imaging, the screening of spondylolisthesis, and camptodactyly IE_ e e | e * Children exhibited worse bone health compared
family members, the use of medications, and = Patients were scored for the number of skeletal features they manifested s sase) 2023 to adults with LDS. We strongly suspect this
which additional features of the phenotype to + Whole body DXA Z-score was inversely correlated with the total number of S | Rhd | Bl represents a referral and/or survival bias and
screen for and treat. skeletal features in adults and children ’j{‘;:’:’ 1;::21:)"’ 2:::::} not that DXA scores improve with age
* Number of fractures per year of life correlated with skeletal count in children e e e * The number of skeletal features a patient
In addition to vascular disease, some patients | Gmptodactyiy BETIC L ] exhibits strongly predicts their likelihood of
with Loeys-Dietz Syndrome are prone to Can we develop an algorithm to help clinicians identify those at risk? (Figure E) ?E'TEZ%E%E%EE?:EZ:MD) Cetegorica having a low DXA score and fractures.
osteopenia and osteoporosis with fractures after * Only 2 clinical and laboratory features were significant in predicting DXA whole 25 acitsand & hidre win mising data * Adecision tree using the number of skeletal
minimal to no trauma. ldentification of those body Z-score: skeletal features count and binary age (adult vs. child) features and binary age (adult vs. child) predicts
patients who require additional screening and those at risk for skeletal morbidity
treatment may prevent significant morbidity in
those susceptible to fracture while avoiding
unnecessary screening in others.
A Adults Children [ Adults Children
: : . - Next Steps
' i $ E?] c * We recommend that bone density assessment
Method & Analytics % e L SR IR Bt ot e . be performed as part of routine Z:re in all
Patients underwent clinical evaluation ;h_. I E 5 L ﬁ l E= E’; patients with LDS.
* history E L] H . E ) I * Patients should be counseled on
* physical exam i_} H % . ﬁietlahry and lifestyle interventions to optimize bone
. . ealt
. Eﬁi;ﬁgrk e ’ o= 059 o= 0857 * maintaining adequate calcium intake
- promt _ proot * Monitor vitamin D levels and supplement if low
S ibstyee 7 Skeletal Count * Promoting safe weight-bearing physical activity
‘:"\fhpoalg‘:)nc;c:\;?;(?oscore Adults " Children D =008 « Avoiding additional risks such as smoking and
0s p= 0008 alcohol use.

+ adjusted for height and age.
+ Used adjusted whole body DXA score (whole body
minus head)
* patients 218 yo.
* Unadjusted whole body DXA score

]

.
A Wk By oo
&

eyer—

We have now started treating patients with
| : bisphosphonates and are working to identify
nodeA  nodeB  nodeC  nodeD those that respond to this treatment.

W
e

Fracturesiyear of life

Fractures/year of life

* Skeletal features used in the predictive models

s . ) ‘]
were assessed by clinicians with LDS expertise . Eél I.'..‘J B - $ e \ ]
JOHMNS 'n h ealth N 2 Skeletal Count in Children @ JOHNS HOPKINS

LDS Type
t OPK\NS SCHOOL of MEDICINE
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PE PMCOE

Vision

e Qurvisionis to improve outcomes for patientsat risk of PE by preventing the life- Interested in
threateningconsequences that occur in more severe forms of this conditiondue to T
delayed detection. Collaboration?

Mission

Contact us at:

* We aim to develop a computational model for prediction of PE in critically ill
patients that leverages clinical data reflecting their physiological complexity. J

Research Aims Phone:

(410) 955-2611
1) PE Prediction: As described above, we aim to develop a computational model for
prediction of PE in criticallyill patients.

2) Feature discovery through the modeling process, identifying physiological markers
of PE not currently known.
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Development of a Machine Learning Model for Pulmon
Embolism Predictionin Intensive Care

Sampath Rapuril, Kirby Gong?, Robert D. Stevens?!2
1Department of Biomedical Engineering, 2Department of Anesthesiology and Critical Care Medicine
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Symposium

Focus
Pulmonary embolism (PE)is a frequent and life-threatening

Results and Highlights

These models stood out for their superior performance: XGBoost, CatBoost, ANN, and Logistic Regression.

complication in hospitalized patients whereby a thrombus AUROCs for logistic regression and the risk scoring models are in Figure 1. * Figure3:
occludes bloodflow in the pulmonary artery or its Figure 2. presents thefeature importance plotofthe bestperforming model (by AUROC) across all time periods ICU Patient Stays
branches. and models (12hr Logistic Regression). n=173,109
Figure 1: AUROC Scores by Model and Time Period
Current Pulmonary Embolism (PE) scoring systems (e.g., 10 : .
o . . . Search for "puimonary embolism’
Modified Wells Scoring System, Revised Geneva Scoring in diagnosis string
System, and the Pulmonary Embolism Rule Out Criteria,
have limited predictive accuracy,in partbecause they may 0.8 4
not consider the physiological complexity of acutelyill ’
patients. PE ICU Stays Non-PE ICU Stays
w n=2,906 n=170,203
There is an unmet need for more accurate methods that ] 06 4
can forecast thelikelihood for developing PE. :‘j No "suspected" diagnosis of PE
. E Y Y
Methods and Analytics S 0.4+ — I
Employed a large, multicenter database (elCU) containing =L n=2‘7993ys On;1=170_203mys
>200,000 ICU admissions from 208 hospitals across the US Made|
. 0.2 4 - Lngistic R'Eg ression Patients with sufficient feature
G.athere.d and a.nalyzed 2,799 unique ICU stays where a s Geneva Scoring System data (>60 percent)
diagnosis of PEis recorded .
. Wells SCDFIF'IQ 53"5tEITI PE ICU Stays PE ICU Stays PE ICU Stays
Due toa lack ofa reliable determination of when the PE 0.0 - 24 a8 PE",Z%G;IZYS PE",Z%?BYS PE“E%,'?;:YS
truly took place, we stratified our time-dependentdata n=160,290 n=158,604 n=166,670
into three difference observation windows (12hrs, 24hrs, Time (hours} 12 Hours 24 Hours 48 Hours
and 48hrs) for our PEand non-PE patients. * Figure 2: Logistic R ion Feature | "t Plot
ogistic Regression Feature Importance Plo Conclusion

e Aggregated clinical data contains laboratory, demographic,
vital sign, comorbidities, medications, and more.

Quinolones Taken Within 12 -

) ) * The followingresultsdemonstrate the potential
Fluid and Electrolyte Disorderss -

of these models to predict the onsetof PEin

First Recorded Calcium Value in 12 hours critically ill ICU patients

* Trained multiple different machine learning (ML) models:
decision tree, random forest (RF), gradient boosting
(XGBoost, CatBoost, and GBoost), generalized linear
models (GLM), support vector machine (SVM), and artificial
neural network (ANN)

Mean Respiratory Rate”

History of Congestive Heart ~
Admitted to ICU from Acute Care/Floor~

* The model further allows us to understand
additionalvariables of interest that are currently

Standard Deviation of Glasgow Coma Scores Recorded Within 12 hours™ . . .
ignored by PE risk scoring models.

Admitted to ICU from Step Down Unit (SDU)
Admitted to SDU from ICU”

Next Steps

¢ Compared modelsto current PE risk scoring models (Wells o Y e
R . . . aximum uration Valu . " o . .
and Geneva risk scoring models). Risk scoring modelsare : * Followingexternal validation, thisstudy aims to

. - . Diuretics Taken Within 12 hours
modified to adapt to the limitations of the dataset.

Standard Deviation of Sodium Values Within 12 hours ~ validate the model prospectively to determineits

performance in a real-world setting.
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Presence of Coagulopathy’
Admitted to Neuro ICU -
Crystalloid Fluids Taken Within 12 hours ~

JOHNS 00 01 02 03 04
HOPK\NS 'n h e al th Absolute Coefficient Value

e Figure 3. demonstratesinclusion & exclusion criteria
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Vision

Psychosis PMCOE

* Our PMCOE wishes to establish a new, more effective method of precision patient care
for patients with psychosisin a wide range of medical conditions.

Mission

 We aim to develop a new precision care for patients with psychosis. A novel biomarker
and medicine will be applied to patients with psychosis in a wide range of medical
conditions, resulting in a mechanism-driven targeted approach with less side effects than
traditional antipsychotics.

Research Aims

To dissect the pathophysiology of psychosis with accompanying cognitive deficits,
particularly focusing on lysosomal deficits and augmented cellular
autofluorescence (AF).

To apply this biological knowledge to a wide range of medical conditions that
accompany psychosis beyond the boundary of psychiatry and other medical
specialties. We hypothesize that the lysosomal deficits underlie a subset opatients
who show psychotic manifestations in a cross-disease manner.

To apply a novel high-throughput method of detecting cellular AF for
biospecimens from a wide range of medical conditions that accompany psychosis,
hopefully that this method will be a tool in conducting clinical trials with an
ongoing developing compound that targets the lysosomal deficits.

Interested in
Collaboration?
Contact Dr. Akira Sawa,

Director of the Johns Hopkins
Schizophrenia Center, at:

J

Phone:
(443)846-1409

N

Email:
asawal@jhu.edu
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Focus Study design
1) To dissect the pathophysiology of psychosis with accompanying cognitive deficits, particularly Psychosis PMCOE

focusing on lysosomal deficits and augmented cellular autofluorescence (AF).
2) To apply this biological knowledge to a wide range of medical conditions that accompany Data collection wwsss=s) General landscape wesss=s) Patient subgroup for precision care

psychosis beyond the boundary of psychiatry and other medical specialties. We hypothesize Epic Medical Record - The use of antipsychotics in Aﬂt'pj:ghotlc Diagnosis Pg\;er:;e

that the lysosomal deficits underlie a subset of patients who show psychotic manifestations in different types of diseases in the [ J

a cross-disease manner. Inclusion criteria entire hospital system g;g;sa"f";’a”fzf | Blood data (AF)
3) To apply a novel high-throughput method of detecting cellular AF for biospecimens from a : a'ggilgi'zn : ?:l?:;ii:t‘i’::;z‘xz‘rts of Tl

wide range of medic_:al co_ru?litior|§ that accompany psychosis,_ hopefully that this method will manifestation in different types of Stratification | Machine learning

be a tool in conducting clinical trials with an ongoing developing compound that targets the PMAP registry diseases Patient subgroup with lysosomal deficits \

lysosomal deficits. 7 o

/ New Precision

Background Federal support / industrial collaboration Patient Care
Our group originally discovered and studied lysosomal deficits, featured with augmented cellular - y ¥ /
autofluorescence (AF) in neuronal cells from patients with psychotic disorders. The level of AF is o Mec:a”'sm‘dl”"e” )
also associated with specific domains of cognitive deficits associated with psychosis (NIH RO1 lomarker cevelopmen
grant: MH107730). The cellular deficits resemble the cellular pathology reported in lysosomal Compound Screening m===) Toxicology and Safety Testing mmmsd Clinical trial E===) New medicine
storage disorders, which are accompanied by cognitive and mental symptoms. In collaboration (in principle, completed) 9 y 9

with a pharmaceutical industry, we have conducted this phenotype-based compound screening
and the final candidate compounds are under toxicology and safety testing prior to clinical trials.
We are also optimizing a high-throughput method of detecting cellular AF from blood samples. Next step

A 2 * c 1) We will investigate a hospital-wide landscape of psychosis, paying an attention to antipsychotic use and
3 its adverse events.
@
z 2) In accordance with the development and refinement of a novel high-throughput method of detecting
3, 2 cellular AF and a novel compound that targets the lysosomal deficits with psychosis, we will define a
% % subgroup of a subset of patients who show psychotic manifestations in a cross-disease manner.
3 g 4 2
o, £
, Byl 3 Conclusion Members
(nEg’tt) (ns=§6) . 1) By defining lysosome deficits-mediated psychotic » Investigators: Nicola Cascella, Jennifer
manifestation, we will investigate a novel landscape of Coughlin, Koko Ishizuka, Akira Sawa (P1),
D e e A) Significant increase in cellular AF in blood cells of patients with psychosis in a cross-disease manner beyond the boundary of Kun Yang (data science Iead('er.}
et esltion . wn . wa  schizophrenia (SZ)_cornpared anth those of healthy subjects.(HC) psychiatry and other medical specialties. + Consultants and advisors: William Eaton,
Neurapiychelogical test (WP} G W s ss B) Lysosomal deficits in SZ patients (data from a collaborator Dr. Donald Geman, Laurent Younes
o ol it s w = w . RobertsinUAB). 3 2) Based on the precision medicine-guided approach, we will + Staff members: Maeve Schumacher (lead
Fbroblasts 18 103 2 n C$ Significant relationship between blood AF and cognitive Stratify patients with psychosis, mainly using a novel high- of this poster)
o C N R A - inflexibility. ! + Research manager: Yukiko Lema
e e - = = 7 D)Bio-samples and data from patients and healthy subjects in the throughput method of detecting cellular AF. ¢
s 71} o mo o s Johns Hopkins Schizophrenia Center (JHSZC): a collection by other . . .
E projects including the NIH Conte Center project in parallel to this 3) We hc_)pe _that t_he efforts Of.thIS PMCOE project, in
bt Be St mess  wer  PMCOE project, combination with other projects under federal
IE = w E) Bio-samples and data from patients and healthy subjects for a support/industrial collaboration, will lead to a new precision
= o 5 © pilot AF study, which will provide a scientific foundation prior to this care for patients with psychosis.

PMCOE project. SA, schizoaffective.
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Rehabilitation Precision Medicine

Center of Excellence

Vision
 Toimprove personalized rehabilitation by combining large-scale electronic medical Interested in
record data with prospectively collected data on real-world function )
o Collaboration?
Mission
 To understand how to providethe right rehabilitation to the right patient at the Contactus at:
right time

o/

Phone:
* 1) Develop and test approaches for subgrouping patients based on shared (443) 923-2717

characteristics

Research Aims

e 2) Develop and test predictive models of patient recovery trajectories N

* 3) Develop and test predictive models of adverse health events (e.g.,
rehospitalization, emergency department visits)

Email:
rroemmil@jhmi.edu




Gait speed and gait asymmetry relate to the accuracy of Fitbit Inspire
2 step counts in persons post-stroke (Rehab PMCOE)
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PR Results (continued
Focus Results and Highlights ( )
Introduction 1. The Fitbit tended to undercount stepsin persons post-stroke when walking at preferred but not fast speeds Saitiparameterg ([ModelfTal Kiodeloa Iiiodelas Modcla s
- Low physical activity (PA)is associated with poorhealth outcomes in » A) When persons post-stroke walked at A p=0007 p=0232 B, O o) Mean Maximum Wrist  0.02 0.04 0.25 0.30
individuals recovering from stroke ! P pe W H R Swing Velocity  (0.42, 0.45) (-0.37, 0.45) (-0.27,0.78) (-0.26, 0.84)
) L2 i . e their preferred walking speeds (blue; ° e
- Real-time PAmonitoring withwearables like Fitbit may allow for mean +5D:0.76 +0.25 m/s), there was bt B M 8 E 32l o .o ¢ Mean Wrist Swing ~ -0.53" -0.41° -0.33 -0.38
iaentitfication o atientsatris asignirican ITTerence between e § o oz hd . & Range of Motion (-1.01, -0.05) (-0.84,002) (-0.77, 0.10) (-0.83, 0.09)
identification of patientsat risk ignificant diff between th g 3 a s EF
. o X . itbi - S 40 e e
- Real-time PAmonitoring requires that wearable devices accurately measure manual and Fitbit step counts (p=0.007) 2 fr £: _-.:::;".‘ e men oa 008 008
- ) . . is di K] 220 o . y J
and record data inpatient populations ;2:,55g::e;ce)';fi‘t"r’zi:‘?vzl’;ﬁ:?::;':re” 0 3 E : B o O e Step Time Asymmetry (0.18,046) (0.25,041) (-0.26, 0.41)
. . . - . g o = o ®
- Step counts are ofteninaccuratein persons with gait impairment fastest comfortable speeds (red; mean + o s N o 21965022205 033~ 030- 026
- We do not yet understand how to identify patients who may/may not be SD:1.05 £0.34 m/s; p=0.232) R Vo i T — D Lo ASey (0.03,063 (0.01,060) (-0.06, 0.60)
good candidates for accurate PAmonitoring *  B) Weprovide a Bland-Altman to show e e Mean of Manual and Ftbit step Counts
Purposes and Hypotheses inaccuracy as a function of step counts T [ " Gait Speed 0 ;409'33 2) (0 fﬁm
* We hypothesize that 1) the Fitbit would generally undercount stepsin . . . . L
yp ) g .y . P 2. We observed that gait speed, gait asymmetry, and metrics of arm swing were related to Fitbit accuracy Stride Time 0.16
persons post-strokeat thegroup level,and 2) gait speed, gaitasymmetry, A sPrefered B (-0.40, 0.67)
. . . * Weassessed discrepancies in Fitbit stey CliL =
and metrics ofarm swing would predict step counterror ; P e . 5, . 14 e
) counts relative to manual counts using E os|as o, o ws = . ® CA
. & . & ® ® H
The purposes of this work were to 1.) understand how well a newer moqel two metrics: Raw Error (a measure of RSO N Zosires o s gt L e Conclusion
of wearables measures step countsin persons post-stroke, and 2) identify bias) and Absolute Error (a measure of R s, & 0L.aiTiinelbe. B oI a]' R
clinically observable gait impairments that affect step count accuracy accuracy) Gait Speed (m/s) Step Lrngm poymmetry - .GmepL‘cd ) step ng.m Asymmetry * Fitbit Inspire 2 devicestend to undercount stepsin
* A) Raw Error was significantly associated g ) ‘. s L |e
) . o y o ] -
with gait speed, step length asymmetry, : - ‘W et 50518 ; ° .' 05 e persons post Stro',(e
. metrics of arm swing, and stride time - T TT o TeTITATETE 2 UOb S e SeTe e * Gait speed andgait asymmetry affect theacauracy of
Methods & AnalythS « B) Absolute Error was significantly Step Time Asymmetry Strde'ﬂms{s) 5 StepTime Asymmetry Stride Time (s) Fitbit-derived step countsin persons post-stroke
associated with gait speed, step length & Ué LRI . ﬂ% B y""’h-&:’ 5 ’ <€ e * Cliniciansandresearchers can use these findings to
. .. . . . i [~ "%y L A d 27" . - . . .- . .. .
* 29individuals (10 male,62 + 12 y.o0.) with stroke wore a Fitbit :Zt":i:‘se;y;r;e:“;'r':::;:;”:r‘;txime F-os e 05 N o oLs S rainubes, estimate the suitability of individual patients or research
. . ) 200 400 600 800 T 30 30 4 < 200 400 600 800 10 20 30 40 . . L . . .
Inspire 2 and walked overgr.ound at bOt.h thEIr preferre.dand « These relationships were similar across Mean Wrist Swing Mean Max Wirist Swing Mean Wrist Swing Mean Max Wrist Swing participants for remote physical activity monitoring using
fastest COmertable Speeds ina three-dl menSIOnaI motion ca pture both preferred (blue) and fast speed (red) Range of Motion (pixels) Velocity (pixels/s) Range of Motion (pixels) Velocity (pixels/s) weara ble deViCeS
laboratory overground walking trials
e We recorded simultaneous digital video and motion capture 3. Gait speed and gait asymmetry Gait Parameter Model 1t Model 2! Model 3 Model 4t Acknowledgements
recordings to measure whole-body movementkinematics Sl Gait Speed A5 aF7 B 028
. . predict Fitbit step count accuracy (0.75,027)  (-0.63, -0.12) (-0.89, 0.21) (-0.91,041) his work ing he Sheikh Khali
* We recorded manual and Fitbit-derived step counts to assess . Weused i xed effect modeling This work was supported by funding from the Sheikh khalifa
€ used linear !'nlxe effect modeling to Step Time Asymmetry 0o 007 008 Stroke Institute, the National Institutes of Health (grant number
accuracy understand which of the parameters (029, 037) (3072571041 0:26;0:41) 1F32HD108835-01), and the American Heart Association
mentioned above predicted the Absolute 0.35" 0.30° 0.26 (231PA1054140)
Step L h As et .
Error across all data (i.e., both preferred DL L) (0.05,065) (0.01, 0.60) (-0.06, 0.60)
A Experimental Setup B 3D Motion Capture Video Pose Estimation and fast speed trials) Mean Maximum Wrist Swing 0.25 0.30
Y é é A Y * We performed the modeling because we Velocity (-0.27, 0.78) (-0.26, 0.84) References
Bngion | / \ observed significant collinearity in the Mean Wrist Swing Range of -0.33 -0.38
LS X A ) _Billinger, S. A, ), R, Bernhardt, )., ., Frankiin, B. A, Johnson,C.M, -
SpOie i J ~ data (e.g.,, arm swing metrics are Motion (-0.77, 0.10) (-0.83, 0.09) Lrons, o Mk, . N, 6. Roih. £ Sraugnesy, M. g, A Amiian as
A //\\ sign i;icantlv associated with walking stide Time 0.16 i Cadhormsabolc ith, Counclon tamilogs i pravetion, & Coundlon i
n -0.40, 0.67) Cardiology (2014). Physical activity and exercise recommendations for stroke survivors:a
y e 2 = speed) ) ¢ ) slatemenglyfar heakhcz‘:e professlyona\s from the American Heart Association/American Stroke
Video * Wetested several models that included Model Comparison Metrics Association. Stroke, 45(8),2532-2553. httpsy/doi.org/10.1161/STR
o . . 2.Thilarajah, S, Mentiplay, B. F, Bower, K.J, Tan, D, PuaY. H, Williams, G, Koh,G,, &Clark
Fitbit Spatiotemporal Gait Parameters Upper Limb Parameters a!l met”tfs mentioned abOYe Marginal R? 0.27 0.40 0.42 0.42 R.A. (2018). Factors Associated With Post-StrokePhysical Activity: A Systematic Review and
- ” N . * Linear mixed effect modellng revealed Meta-Analysis. Archives of physical medicine and rehabilitation, 99(9),1876-1889
« Gait Speed - Wrist Swing Range of Motion 3 Change in Marginal R 0.13 0.02 0 httpsi//doiorg/10.1016/j.apmr.2017.09.117
+ Stride Time - Max Wrist Swing Velocity that gait speed and step length . - 3.Butler EN, Evenson KR.Previence of Physical Activity and Sedentary Behavior Among
: 2::‘) ‘I;IemnSTSA:X::;TrE"y asymmetry were significant predicto rs Of Conditional R? 0.55 0.61 0.62 0.65 ZKor?lkg ié’;g?[:rzlizge,z‘iz‘ﬁ States. Top Stroke Rehabil.2014;21(3):246-255.
B ) Absolute Error in the most parsimonious X2 p-value 0.02" 0.30 0.66 4. Wondergem R, Veenho C, Wouters EVU, deBie RA, Visser-Mely IMA,Pisters MF.

& nhealth

model

* Additional modeling (shown in next
column) demonstrated that arm swing
can be substituted for gait speed as a
significant predictor of Absolute Error

"p<0.001;""p <005;’p <01

Istandardized beta coefficients and 95% confidence intervals,

Movement Behavior Patternsin People With First-Ever Stroke. Stroke. 2019;50(12)3553-
3560.d0i:10.1161/STROKEAHA.119.027013

5.Clay L, Webb M, Hargest C,Adhia DB.Gait Quality and Velocity Influences Activity Tracker
Accuracy in Individuals Post-Stroke. Top Stroke Rehabil. 201926 (6):412-417
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Identifying unique subgroups of individuals after stroke using heart

rate and steps to characterize physical activity (Rehab PMCOE)

Lily Koffman?, Ciprian Cralnlceanu1 Ryan T. RoemmlchZ 3, Margaret A. FrenchZ

Focus

Introduction
- Low physical activity (PA) is associated with poor health outcomes in
individualsrecovering from stroke
- Real-time PA monitoringwith wearables|ike Fitbit mayallow for
identification of patients at risk
-Change inheartrate (HR) in response to PA can provide additional
healthinformation
- HR/PArelationship mayilluminate unique subgroups
- Quantifyingthis relationshipis challengingandhas notbeen
exploredinindividuals with stroke
Purposes and Hypothesis
¢ The purposes of this work were to 1) propose a combined metric to
reflect the PA/HR relationship, 2) identify subgroups with distinct PA
patterns, and 3) examine the association between these subgroupsand
clinicaloutcomes
* We hypothesize that metrics of PA, including a combined steps/HR
metric, identify subgroups of patientthat may be associated with clinical
metrics

Methods & Analytics

* 70individuals (38 male,39 white, 61 + 13 y.0.) with stroke worea
Fitbit Inspire 2 for 1 year. A2-week window from this period was
used inthe analysis

* Individualswere included if they wore the device >75% of minutes
from 7am-10pm for >10 days

Combined metric of heart rate and steps in sample subject
¥ Median steps per minute for the sample

. Quadrant I: High steps
- high HR

Ps.
lowhR Threshokd betwee

Heart Rate (bpm)

7o | Quadrant i
Low steps,
low HR

NEEEEEEE)
Steps per Minute

Quadrant IV: High steps, low HR

@

* Metrics included in a k-means clustering algorithm: steps/day,
percent sedentary time, resting HR, time inquadrantl, Il, and IV,
and mean steps during high steps/high HR minutes

LR G

JOHNS
HOPK\NS

fnhealth

Results and Highlights

1. Percent time spent in each “quadrant” as defined by combined HR/step metric varies between

Sample Subject 3

Sample Subject 1

individuals

¢ Someindividuals

(sample subject 1)
spend a large proportion
of minutes in Ql (high
steps/high HR), while
others spend more time
in Qlll (sample subject 2)
or Qll (sample subject 3)

Heart Rate {5pm)

R EEE Y

RN Y

Sample Subject 2

L

Steps per Minute

ai

R

al

ERNCREN

2. K-means clustering identified 3 subgroups: Active (n=8), Sedentary (n=29), and Deconditioned (n=33)

« All clustering variables except resting HR different between groups (p<0.01)
« Active had higher time with high steps/high HR, more steps per day, less sedentary time (p<0.01) than deconditioned and sedentary
« Deconditioned and sedentary differed most on time with low steps/high HR and time with high steps/high HR (p<0.01)

Mean steps per day

Percent time sedentary

515
o £ m o 3
Active & % 50 b g
= F; &
o Sedentary g £ - g
» Decondifones x5 3 E
1 3 LY E

@ g 50

Percent time with high steps and Percent time with low steps and Percent time with high steps and
high heart rate high heart rate o low heart rate

@ 80 @ 50 o P z
g 1 g
2 Ex e =
g4 T, £ E B
s £ £ . =20 o
] - Ay a &
=2 * i 210 a

Mean resting heart rate

&

and high heart rate

Mean steps per minute with high steps

3. Subgroups are evident by examining the
combined heart rate and step metrics
* Sedentary and deconditioned are similar when examining

sedentary time vs. steps per day, but are distinct when
considering the HR/steps metric

Portion of Total Time Sedentary vs
Active Steps per Day
@ Sedentary

@ Deconditioned

% Time.

o 5000 10000 500

Steps per Day

Fortion of Active Time in Qll vs
Steps per Day

% Time.

1 5000 0000

Steps per Day

4. Clustersdiffer on select clinical metrics of
mobility, specifically AM-PAC Mobility (p<0.01)

Pairwise comparisons for AM-PAC Mobility show differences
between active and deconditioned (p=0.04) and sedentary and
deconditioned (p<0.01)

Cluster Age at Enroliment | Time Since Stroke | BetaBlockers | Male White race | Employe
n (%) in months n (%) n (%) dn (%)
mean (sD)
Active 64.2 (59) 213 (48.5) 6(75) 6(75) 5(63) 2(25)
Deconditioned 676(103) 36.5(56.6) 17 (59) 15 (52) 18 (62) 6(21)
Lsedentary 545(130) 297(527) 19 (56) 17(52) 16(48) | 13(39)
AM-PAC Mobility Gait Speed
75
125
65
- . ¥ 10
° E
1
955 B
é . g s
- . &
8 =0 -
as, ~
25
Active @ Decondilioned @ Sedentary

Conclusion

* Combined HR/steps metrics based on proportion
of time in HR/step categories differs between
individuals

* K-means clusters formed with combined HR/steps
metricidentifies three distinct PA s ubgroups

* Subgroups differon AM-PAC Mobility

* Distinct PA patterns suggest different
interventions for sedentaryvs. deconditioned
individuals

Next Steps

* Clusterstabilityoverlonger periods oftime
* Exploratoryanalysis split 2-week sample into two
1-week periods and recalculated clusters for each
period

Week 2
Active | Decond. | Sed

Week 1

* Cluster movement as predictive of
adverse events (i.e., hospital
admissions, emergency room visits)
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Introduction 1. The Fitbit tended to undercount stepsin persons post-stroke when walking at preferred but not fast speeds Saitiparameterg ([ModelfTal Kiodeloa Iiiodelas Modcla s
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- We do not yet understand how to identify patients who may/may not be SD:1.05 £0.34 m/s; p=0.232) R Vo i T — D Lo ASey (0.03,063 (0.01,060) (-0.06, 0.60)
good candidates for accurate PAmonitoring *  B) Weprovide a Bland-Altman to show e e Mean of Manual and Ftbit step Counts
Purposes and Hypotheses inaccuracy as a function of step counts T [ " Gait Speed 0 ;409'33 2) (0 fﬁm
* We hypothesize that 1) the Fitbit would generally undercount stepsin . . . . L
yp ) g .y . P 2. We observed that gait speed, gait asymmetry, and metrics of arm swing were related to Fitbit accuracy Stride Time 0.16
persons post-strokeat thegroup level,and 2) gait speed, gaitasymmetry, A sPrefered B (-0.40, 0.67)
. . . * Weassessed discrepancies in Fitbit stey CliL =
and metrics ofarm swing would predict step counterror ; P e . 5, . 14 e
) counts relative to manual counts using E os|as o, o ws = . ® CA
. & . & ® ® H
The purposes of this work were to 1.) understand how well a newer moqel two metrics: Raw Error (a measure of RSO N Zosires o s gt L e Conclusion
of wearables measures step countsin persons post-stroke, and 2) identify bias) and Absolute Error (a measure of R s, & 0L.aiTiinelbe. B oI a]' R
clinically observable gait impairments that affect step count accuracy accuracy) Gait Speed (m/s) Step Lrngm poymmetry - .GmepL‘cd ) step ng.m Asymmetry * Fitbit Inspire 2 devicestend to undercount stepsin
* A) Raw Error was significantly associated g ) ‘. s L |e
) . o y o ] -
with gait speed, step length asymmetry, : - ‘W et 50518 ; ° .' 05 e persons post Stro',(e
. metrics of arm swing, and stride time - T TT o TeTITATETE 2 UOb S e SeTe e * Gait speed andgait asymmetry affect theacauracy of
Methods & AnalythS « B) Absolute Error was significantly Step Time Asymmetry Strde'ﬂms{s) 5 StepTime Asymmetry Stride Time (s) Fitbit-derived step countsin persons post-stroke
associated with gait speed, step length & Ué LRI . ﬂ% B y""’h-&:’ 5 ’ <€ e * Cliniciansandresearchers can use these findings to
. .. . . . i [~ "%y L A d 27" . - . . .- . .. .
* 29individuals (10 male,62 + 12 y.o0.) with stroke wore a Fitbit :Zt":i:‘se;y;r;e:“;'r':::;:;”:r‘;txime F-os e 05 N o oLs S rainubes, estimate the suitability of individual patients or research
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Inspire 2 and walked overgr.ound at bOt.h thEIr preferre.dand « These relationships were similar across Mean Wrist Swing Mean Max Wirist Swing Mean Wrist Swing Mean Max Wrist Swing participants for remote physical activity monitoring using
fastest COmertable Speeds ina three-dl menSIOnaI motion ca pture both preferred (blue) and fast speed (red) Range of Motion (pixels) Velocity (pixels/s) Range of Motion (pixels) Velocity (pixels/s) weara ble deViCeS
laboratory overground walking trials
e We recorded simultaneous digital video and motion capture 3. Gait speed and gait asymmetry Gait Parameter Model 1t Model 2! Model 3 Model 4t Acknowledgements
recordings to measure whole-body movementkinematics Sl Gait Speed A5 aF7 B 028
. . predict Fitbit step count accuracy (0.75,027)  (-0.63, -0.12) (-0.89, 0.21) (-0.91,041) his work ing he Sheikh Khali
* We recorded manual and Fitbit-derived step counts to assess . Weused i xed effect modeling This work was supported by funding from the Sheikh khalifa
€ used linear !'nlxe effect modeling to Step Time Asymmetry 0o 007 008 Stroke Institute, the National Institutes of Health (grant number
accuracy understand which of the parameters (029, 037) (3072571041 0:26;0:41) 1F32HD108835-01), and the American Heart Association
mentioned above predicted the Absolute 0.35" 0.30° 0.26 (231PA1054140)
Step L h As et .
Error across all data (i.e., both preferred DL L) (0.05,065) (0.01, 0.60) (-0.06, 0.60)
A Experimental Setup B 3D Motion Capture Video Pose Estimation and fast speed trials) Mean Maximum Wrist Swing 0.25 0.30
Y é é A Y * We performed the modeling because we Velocity (-0.27, 0.78) (-0.26, 0.84) References
Bngion | / \ observed significant collinearity in the Mean Wrist Swing Range of -0.33 -0.38
LS X A ) _Billinger, S. A, ), R, Bernhardt, )., ., Frankiin, B. A, Johnson,C.M, -
SpOie i J ~ data (e.g.,, arm swing metrics are Motion (-0.77, 0.10) (-0.83, 0.09) Lrons, o Mk, . N, 6. Roih. £ Sraugnesy, M. g, A Amiian as
A //\\ sign i;icantlv associated with walking stide Time 0.16 i Cadhormsabolc ith, Counclon tamilogs i pravetion, & Coundlon i
n -0.40, 0.67) Cardiology (2014). Physical activity and exercise recommendations for stroke survivors:a
y e 2 = speed) ) ¢ ) slatemenglyfar heakhcz‘:e professlyona\s from the American Heart Association/American Stroke
Video * Wetested several models that included Model Comparison Metrics Association. Stroke, 45(8),2532-2553. httpsy/doi.org/10.1161/STR
o . . 2.Thilarajah, S, Mentiplay, B. F, Bower, K.J, Tan, D, PuaY. H, Williams, G, Koh,G,, &Clark
Fitbit Spatiotemporal Gait Parameters Upper Limb Parameters a!l met”tfs mentioned abOYe Marginal R? 0.27 0.40 0.42 0.42 R.A. (2018). Factors Associated With Post-StrokePhysical Activity: A Systematic Review and
- ” N . * Linear mixed effect modellng revealed Meta-Analysis. Archives of physical medicine and rehabilitation, 99(9),1876-1889
« Gait Speed - Wrist Swing Range of Motion 3 Change in Marginal R 0.13 0.02 0 httpsi//doiorg/10.1016/j.apmr.2017.09.117
+ Stride Time - Max Wrist Swing Velocity that gait speed and step length . - 3.Butler EN, Evenson KR.Previence of Physical Activity and Sedentary Behavior Among
: 2::‘) ‘I;IemnSTSA:X::;TrE"y asymmetry were significant predicto rs Of Conditional R? 0.55 0.61 0.62 0.65 ZKor?lkg ié’;g?[:rzlizge,z‘iz‘ﬁ States. Top Stroke Rehabil.2014;21(3):246-255.
B ) Absolute Error in the most parsimonious X2 p-value 0.02" 0.30 0.66 4. Wondergem R, Veenho C, Wouters EVU, deBie RA, Visser-Mely IMA,Pisters MF.
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model

* Additional modeling (shown in next
column) demonstrated that arm swing
can be substituted for gait speed as a
significant predictor of Absolute Error

"p<0.001;""p <005;’p <01

Istandardized beta coefficients and 95% confidence intervals,

Movement Behavior Patternsin People With First-Ever Stroke. Stroke. 2019;50(12)3553-
3560.d0i:10.1161/STROKEAHA.119.027013

5.Clay L, Webb M, Hargest C,Adhia DB.Gait Quality and Velocity Influences Activity Tracker
Accuracy in Individuals Post-Stroke. Top Stroke Rehabil. 201926 (6):412-417
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Introduction
- Low physical activity (PA) is associated with poor health outcomes in
individualsrecovering from stroke
- Real-time PA monitoringwith wearables|ike Fitbit mayallow for
identification of patients at risk
-Change inheartrate (HR) in response to PA can provide additional
healthinformation
- HR/PArelationship mayilluminate unique subgroups
- Quantifyingthis relationshipis challengingandhas notbeen
exploredinindividuals with stroke
Purposes and Hypothesis
¢ The purposes of this work were to 1) propose a combined metric to
reflect the PA/HR relationship, 2) identify subgroups with distinct PA
patterns, and 3) examine the association between these subgroupsand
clinicaloutcomes
* We hypothesize that metrics of PA, including a combined steps/HR
metric, identify subgroups of patientthat may be associated with clinical
metrics

Methods & Analytics

* 70individuals (38 male,39 white, 61 + 13 y.0.) with stroke worea
Fitbit Inspire 2 for 1 year. A2-week window from this period was
used inthe analysis

* Individualswere included if they wore the device >75% of minutes
from 7am-10pm for >10 days

Combined metric of heart rate and steps in sample subject
¥ Median steps per minute for the sample

. Quadrant I: High steps
- high HR

Ps.
lowhR Threshokd betwee

Heart Rate (bpm)

7o | Quadrant i
Low steps,
low HR

NEEEEEEE)
Steps per Minute

Quadrant IV: High steps, low HR

@

* Metrics included in a k-means clustering algorithm: steps/day,
percent sedentary time, resting HR, time inquadrantl, Il, and IV,
and mean steps during high steps/high HR minutes

LR G
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Identifying unique subgroups of individuals after stroke using heart

rate and steps to characterize physical activity (Rehab PMCOE)

Lily Koffman?, Ciprian Cralnlceanu1 Ryan T. RoemmlchZ 3, Margaret A. FrenchZ

Results and Highlights

1. Percent time spent in each “quadrant” as defined by combined HR/step metric varies between

Sample Subject 3

Sample Subject 1

individuals

¢ Someindividuals

(sample subject 1)
spend a large proportion
of minutes in Ql (high
steps/high HR), while
others spend more time
in Qlll (sample subject 2)
or Qll (sample subject 3)

Heart Rate {5pm)

R EEE Y

RN Y

Sample Subject 2

L

Steps per Minute

ai

R

al

ERNCREN

2. K-means clustering identified 3 subgroups: Active (n=8), Sedentary (n=29), and Deconditioned (n=33)

« All clustering variables except resting HR different between groups (p<0.01)
« Active had higher time with high steps/high HR, more steps per day, less sedentary time (p<0.01) than deconditioned and sedentary
« Deconditioned and sedentary differed most on time with low steps/high HR and time with high steps/high HR (p<0.01)

Mean steps per day

Percent time sedentary

515
o £ m o 3
Active & % 50 b g
= F; &
o Sedentary g £ - g
» Decondifones x5 3 E
1 3 LY E

@ g 50

Percent time with high steps and Percent time with low steps and Percent time with high steps and
high heart rate high heart rate o low heart rate

@ 80 @ 50 o P z
g 1 g
2 Ex e =
g4 T, £ E B
s £ £ . =20 o
] - Ay a &
=2 * i 210 a

Mean resting heart rate

&

and high heart rate

Mean steps per minute with high steps

3. Subgroups are evident by examining the
combined heart rate and step metrics
* Sedentary and deconditioned are similar when examining

sedentary time vs. steps per day, but are distinct when
considering the HR/steps metric

Portion of Total Time Sedentary vs
Active Steps per Day
@ Sedentary

@ Deconditioned

% Time.

o 5000 10000 500

Steps per Day

Fortion of Active Time in Qll vs
Steps per Day

% Time.

1 5000 0000

Steps per Day

4. Clustersdiffer on select clinical metrics of
mobility, specifically AM-PAC Mobility (p<0.01)

Pairwise comparisons for AM-PAC Mobility show differences
between active and deconditioned (p=0.04) and sedentary and
deconditioned (p<0.01)

Cluster Age at Enroliment | Time Since Stroke | BetaBlockers | Male White race | Employe
n (%) in months n (%) n (%) dn (%)
mean (sD)
Active 64.2 (59) 213 (48.5) 6(75) 6(75) 5(63) 2(25)
Deconditioned 676(103) 36.5(56.6) 17 (59) 15 (52) 18 (62) 6(21)
Lsedentary 545(130) 297(527) 19 (56) 17(52) 16(48) | 13(39)
AM-PAC Mobility Gait Speed
75
125
65
- . ¥ 10
° E
1
955 B
é . g s
- . &
8 =0 -
as, ~
25
Active @ Decondilioned @ Sedentary

Conclusion

* Combined HR/steps metrics based on proportion
of time in HR/step categories differs between
individuals

* K-means clusters formed with combined HR/steps
metricidentifies three distinct PA s ubgroups

* Subgroups differon AM-PAC Mobility

* Distinct PA patterns suggest different
interventions for sedentaryvs. deconditioned
individuals

Next Steps

* Clusterstabilityoverlonger periods oftime
* Exploratoryanalysis split 2-week sample into two
1-week periods and recalculated clusters for each
period

Week 2
Active | Decond. | Sed

Week 1

* Cluster movement as predictive of
adverse events (i.e., hospital
admissions, emergency room visits)
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Schizoaffective Disorders PMCOE

Vision
* Improve the outcomesfor schizoaffective patients by establishing disease subtypes based

Interested in
on treatment response.

. Collaboration?
Definition

. Schizc?affective disorder is broadly defined to include schizophrenia with or without Contact Pl Dr. Russell
prominent mood symptoms.

Research Aims Margolis

1. Subtype the clinical phenotype of schizoaffective disorder based on treatment response.
2. Subtype schizoaffective disorder based on EEG and neuroimaging signature.

3. Use biological samplesto establish the neurobiological distinction among schizoaffective (410) 227-
disorder subtypes. s60

4. Establish precision therapeutics for schizoaffective disorder.

Email:
5. Use data analytics of the Johns Hopkins EMR to establish a learning health system for care of a e )
schizoaffective disorder patients. rmargoli@jhmi.edu

Phone:




A Comparison of Frequency Oddball and Visual Stroop Event-Related Potentialsin
Treatment Resistant and Ultra-Treatment Resistant Schizophrenia

Schizoaffective Disorders PMCOE
Team: Andor BODNAR, Yifan MO, Claire MCCAULLEY, Arlene CUERDO,
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Liian ZHONG, Clare BETHANY,

Schizoaffective disorder, defined as schizophrenia with or without prominent
mood symptoms, isa heterogenousdisease that affects~1% of the population.
30% of patientsdo not respondto standard antipsychotic medicines (treatment-
resistant schizophrenia, TRS), and ~30% of TRS do notrespond tothe atypical
agent clozapine (ultra-treatment-resistant schizophrenia, UTRS). We
hypothesize that neurobiological differences underlie these subtypesof
schizoaffective disorder. We are exploring these differenceswith multiple tools,
including EEG to measure differential electrophysiological responsesto auditory
and visual stimuli. We selected event-related potential (ERP) amplitude
changesto assess preattentive and attentional control processes.

Viethods and Ana

Patients were recruited from Johns Hopkins Bayview Community Psy chiatry
Program. All 18 schizoaffectiv e disorder patients were on clozapine, after
failing two or more ty pical antipsy chotic medications. Treatment response to
clozapine was defined based on PANSS total score (TRS < 58, N=11, Age =
34.6 SD = 14.7, F/M = 1/10; UTRS > 58, N=7, Age =31 SD = 6.5, F/M =
3/4). All patients had normal hearing. Patients with visual impairment wore
glasses throughout EEG experimentation. EEG data in both schizoaffective
disorder groups were recorded using Brain Vision Recorder software. 32
electrodes were mounted in a fitted cap with a standard 10-20 lay out.
Electrodes on the cap were initially referenced to the electrode at the vertex
(FC2). Average electrode impedances was < 20 kQ. The EEG data were
sampled at 1000 Hz. In EEG preprocessing steps, electrodes were average
referenced, and spherical interpolation was limited to 10-15% of electrodes.
After epoch rejection, high (0.5 Hz) and low (60HZ) pass filtering was applied
to the EEG data. Independent component analy ses of preprocessed EEG
data were performed; non-brain-related components were rejected. In the
passive frequency oddball experiment, patients listened to 200 pure tone
sounds (80% standard, 500 Hz; 20% deviant, 750 Hz). Patients silently
counted deviant sounds. In the visual Stroop experiment, patients responded
to 200 trials where 50% of trials were congruent (ink color and word meaning
are the same, e.g., red or blue) and 50% of trials were incongruent (ink color
and word meaning are different, e.g., red or blue). 2 (Group: TRS vs. UTRS)
by 2 (Stimulus ty pe: standard vs. deviant AND congruent vs. incongruent)
Analy sis of Variance was performed on central-parietal electrodes during
P200 and P300 time-windows to assess differences in amplitude. Multiple
regression analy sis was performed on clinical (PANSS) and

electrophy siological measurements. This study was approved by the Johns
Hopkins IRB.

This study was supported by NIMH T32MH015339, the Abramson Fund, and
Johns Hopkins inHealth.
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Malika HARPER, Jay LEONARD, Christopher ROSS, Fred NUCIFORA, & Russell MARGOLIS

Figure 1: Visual Stroop
Experiment (P200)

Green. 2 row sig. P-values.

+ Topographic map of TRS (1%t
row) vs. UTRS (2™ row), P-value
isin the 3 row

+ Diminished P200 (120-175ms)
amplitude inboth congruent and
incongruent trials in UTRS
compared to TRS patients (F = "
7.02, p=.018, n2 =.32) at left )
frontal electrodes

+ Preattentive visual information
processes appear to be more
impaired in UTRS patients

- 1 row, TRS in Blue, UTRS in

onpssiparan

AP - PGS, FC1 3,

Figure 4: Negative correlation between total PANSSand averaged amplitude
for visual Stroop at P200 (frontal electrodes) and P300 (parietal electrodes)
time-windows
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Figure 2: Visual Stroop
Experiment (P300)

+ Diminished P300 (310-
430ms) amplitude in both
congruent and incongruent
trials in UTRS compared to
TRS patients (F=11.77,p=
.004, n2 = .44) at central-
parietal electrodes
Attention control appears
more impaired in UTRS

ERP - P2 CPACPACA con

ERP- P2 CPACPACH e

<o prvabon) pvam
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ine o-vatue) parnm

v o o
- e —— L ——
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Figure 5: Negative correlation between total PANSSand averaged central-
parietal amplitude for deviant frequency oddball trials at P200time-window

PANSS and P200:..

Figure 3: Passive Frequenrv
Oddball Experiment (P200)

« Diminished P200 (130-160ms
amplitude during deviant oddk
trials in UTRS comparedto Tl
patients (F =5.93, p=.027, n:
.27) at central-parietal electro
Also, a trend towards significe

left frontal electrodes
Preattentiv e auditory informa
processes are impaired in UTH

(F=4.05 p=.061,n2=.20)¢ @

patients aser |

I ]

e —p—"

w o

ERP - CP152,CP2, starsard

o me un un m

St s i

-10 CGIED-00—000—

S  TostabPANSS o5

Conclusion and Next Steps

Taken together, these preliminary ERP findingssuggest that deficitsin preattentive
sensory processing and attentional controlin both visual and auditory modality may
distinguish UTRS from TRS. T hese resultssupport expansion of thisstudy, including
adding patientswho respond to standard antipsychoticsand healthy controls. Longitudinal
studiesbefore and after starting clozapine will be necessary to distinguish whetherthe
ERP differencesobserved here reflect severity of symptomsor unique neurobiol ogical
differencesbetween TRS and UTRS subtypesof schizoaffective disorder.
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Scleroderma Precision Medicine
Center of Excellence

Vision

* Sclerodermais a heterogeneous disease with significant variability in a patient’s disease Interested in
expression and clinical trajectory. Our precision medicine program in scleroderma will lead to
improved understanding of a patient's disease course, provide opportunities for early Co| |a boration?
detection of complications and development of more targeted treatment approaches.

Mission

. The mission of The Johns Hopkins Scleroderma Center is to provide outstanding, holistic clinical Contact us at:

care while seeking to better understand the causes and best treatment approaches for
scleroderma. The Scleroderma Precision Medicine Center of Excellence is harnessing the J
revolution occurring in big data and computational science to neutralize disease complexity

and variability.
Research Aims Phone:

. Identify patients at high risk of progressive disease across a broad spectrum of complications: (410)550'7715
interstitial lung disease, pulmonary hypertension, cardiomyopathy, among others.

. Detect emerging complications at an earlier stage of disease using novel biomarker, W
ambulatory device and quantitative imaging strategies. N\
. Identify patients who are most likely to respond to different treatment strategies. .
. Prospectively define whether immunologically distinct subgroups predict clinical outcomes and Email:
treatment responsiveness. Ami Shah: Ami.Shah@jh.edu
*  Constructan individual level predictive model of a patient’s likely trajectory and outcome. Laura Hummers: lhummers@jhmi.edu

JiSoo Kim: jkim478@jhu.edu




pabilistic clustering ot longitudinal trajectories ot scleroderma

patients
JiSoo Kim*, Yizhen Xu*, Rachel Wallwork, Laura Hummers, AmiShaht, Scott Zegert

Jointfirstauthors*, jointseniorauthorst
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Focus Results and Highlights * Ouralgorithmproduces an updated

e Autoantibodies areused clinically astools to
identify scleroderma patients with distinct
risks of disease progressionand complications

* For example, anti-topoisomerase 1 (anti-topo)
positive patients have higher risk of interstitial
lung disease, yet we lacktools toidentify
patients who arelikely to progress from those
likely to remain stable over time (Figure 1)

e Canscleroderma patients be further separated
into subgroups based upon their longitudinal
biomarkers?

Method and Analytics

* We used the population of anti-topo positive
patients that, a priori, we would expect to be
more homogeneous

* We use a multivariatelinear mixed model so
that the subgroups can be identified by the
jointtrajectories of the two measures, FVC

clustert cluster2

measure
bLeo
Fve

Estimated mean trajectory

A,vﬂ 25 50 75 100 00 2 50 75 100

Years since onset

289 anti-topo positive patients

Figure 1. Estimated average
trajectories of FVCand DLCO in
standardized scale for each identified
cluster among anti-topo positive
patients. The values are quantile
normalized so that observations
within each measure follow the
standard normal distribution. Cluster
1 (left) consists of patients with stable
trajectories for both measures, and
cluster 2 (right) with faster progressing
trajectories.

* “stable” group (151 patients): both biomarkers changed little from the date of disease onset (Figure 1 left panel)
* “progressor” group (138 patients): a steep dedine in both measures (Figure 1 right panel)

The two-subgroup model was statistically significantly better than the others —the model with one

group and models with more than two groups

300

Figure 2. Flowchart demonstrating
changes in the probability of being
in the stable cluster (p;) of 289 anti-

individualized probability of belonging to the
stablegroup atany given time (Figure 2)

At baselinewhen no FVC and DLCO values are
observed, the probabilityiscalculated based
on only clinicaland demographic
characteristics

More preciseestimations areobtained as

more longitudinal observations become
available

Conclusion
* Usingour model, we can further risk-stratify

homogeneous subgroup of patients sharing
same baselinecharacteristics

Next Steps

* By identifying patients where there is
tremendous uncertainty atbaseline, we can

. . . - - = Probabilt iti i . . .
and DLCO, while accounting for the correlation o u O = I topo positive patients. piat now study biomarkers that may enhance risk
1 ] 8-1 baseline (0 years since first visit) are Lo
between them - 6-8 more evenly distributed across the prediction beyond known parameters
] - ::j five probability groups indicating
* The model alsoaccounts for baseline 0-2 there is low certainty of group * Investigatevariables highly associated with

characteristicsincluding age of onset, sex,
race, and cutaneous subtype

¢ fnhealth

I
I

Number of patients in each probability class
I
I

Years since first visit

NA

membership for most patients. As
more FVCand DLCO data are
observed, p; is closer to O or 1 for
most patients demonstrating
increase in certainty.

fastprogressors amonganti-topo positive
patients with high uncertainty at baselinethat
canpossiblylead to new biomarker discovery
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Are scleroderma autoantibodies,aloneorin
combination, useful tools for cancer risk stratification?

An array of scleroderma immune responses examined
to study association with risk of cancer

Method and Analytics

Scleroderma cancer and controls fromJohns Hopkins
and University of Pittsburgh Scleroderma Centers
were studied

Cancer cases identified using data on PMAP

Sera assayed by Lineblotand ELISA for autoantibodies
againstcentromere, topoisomerasel, RNA
polymeraselll (POLR3), PM/Scl, Th/To, NOR9O0,
U3RNP (Fibrillarin), Ku,Ro52, ULRNP, and RNPC3
(U11/U12 RNF)

Logistic regression models constructed to examine
whether distinctautoantibodies associated with
overall canceratanytime and cancer-associated
scleroderma

ORs estimated from logistic regression models
includingeach autoantibody as a predictor, adjusting
for age at scleroderma onset, sex, race, cutaneous
subtype, and history of smoking

The effects of having>1 autoantibody on cancer
further examined usingrandomforest analysis

¢ fnhealth

Distinct scleroderma autoantibody profiles stratify patients for cancer risk
at sclerodermaonset and during disease course

Ji Soo Kim, Adrianne Woods, Laura Gutierrez-Alamillo, Maureen Laffoon, Fredrick M. Wigley,
Laura K. Hummers, Antony Rosen, Scott Zeger, Robyn T. Domsic, Livia Casciola-Rosen, Ami A. Shah

Results and Highlights

Study Population

112 NMSC
patients
676 cancer .
petionts 136 cancer-associated SSc
Juhn§ Hopkins 564 excluding
& Pittsburgh NMSC
Scleroderma Centers
428 patients with cancer date
687 Controls > 3 years of SSc onset

NMSC =Non-melanoma Skin cancer: SSc=scleroderma

Distinct immune responses associate with increased or decreased risk of cancer

Adjusted OR (95% CI)

Monospecific Ro52
U1RNP
Th/To

2.58 (1.05-6.30)"
0.32 (0.11-0.93)
0.41 (0.18-0.97)"

Autoantibody
Cancer-associated scleroderma Overall cancer
POLR3 2.28 (1.33-3.91)* 1.47 (1.03-2.11)*
Centromere 0.39 (0.20-0.74)** 0.69 (0.51-0.93)*

2.19 (1.29-3.74)*
0.63 (0.43-0.93)"

0.72 (0.48-1.08)

*=P<0.05*=P<0.01
e Anti-POLR3 and monospecific anti-Ro52 associated with anincreased overall cancer risk,

whereas anti-centromere and anti-U1RNP associated with lower risk

Distinct combinations of 5 scleroderma immune responses may stratify patients for cancer risk

* Anti-POLR3 or anti-Ro52 aloneassociated with a higher predicted probability for cancer

* Patients with anti-Ro52 who also haveanti-Th/To have a moderate cancer risk, as do patients
who are negative for anti-POLR3, anti-centromere and anti-Ro52

¢ Anti-centromere or the combination of anti-Ro52 and anti-U1RNP have the lowest risk

Gradient of
Cancer Risk

Figure 1. Summary tree of the randomforest model showing top five
autoantibodies for estimating cancer risk in our population. Positivity or
negativity of anautoantibody dictates a decision rule ateachtree node,
classifying patients into two subgroups. The number and percentage of
cohort patients meeting criteria and their predicted cancer riskare shown
at each terminal node.

Conclusion

5 distinctscleroderma immune responses, aloneor in
combination, may be useful tools to stratify scleroderma
patients’ cancer risk

Next Steps

Further study examiningcancer riskinautoantibody
subgroups relativeto the general populationis warranted
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PMAP Working Group:

Social Determinants of Health

Vision

* To allowfor the consideration of social determinants of health (SDoH) as a core
component of precision medicine

Mission

* To expand the availability of social determinantsof health (SDoH) by buildingand
maintaininga dataset availableto CoEs through PMAP

Research Aims
* Phase 0 —Consolidateand Enhance Current Census Datain PMAP

* Phase 1 —Develop plan to get the right data moving from broad phenotypes (area
level exposure)

e Phase 2 — Move to individual level

* Phase 3 - Capture all SDoH elements that seem beyond reach

Interested in
Collaboration?

Contact us at:

o/

Phone:

443.287.6739



mailto:iwashyna@jhu.edu
mailto:fitzgerald@jhmi.edu
mailto:spentti1@jh.edu

( Precision Medicine Expansion of Neighborhood-level Social Determinants of Health Availablein PMAP
Z

.
SympOS].um Team: Kathryn C. Fitzgerald, Aparna Natarajan, Sharon Penttinen, and Theodore J. Iwashyna

Focus Results and Highlights Conclusion
« Social determinants of health (SDoH) are upstream socialand economic * Developeda PMAP accessible and linkable table (and data dictionary) in which >500 neighborhood-level * We provide an expanded neighborhood-level table of
conditions, related to where people are born, grow, live, work, and age that SDoH indicators are available for the entire US. indicators of SDoH available to all PMAP users for usein
impact individual andgroup differencesin health status (Figure 1). - Most indicatorsavailableat census block group (Figure 2) or census tract ongoing or future research studies.
e SDoH incorporate relevant factors that are measured atboth an individual and - Table and relevant measures available using 2010and 2020 census geographies
neighborhood-level. * This resource will allow for more detailed consideration of
« The Precision Medicine Analytics Platform (PMAP) currently includes information * This resource extends the scope of neighborhood-level measures to additional census measures as well SDoH for studies across PMAP projects.
for each patient related to several neighborhood-levelindicators of SDoH that are as other neighborhood characteristics including food accessibility, rurality, historical redlining, green
derived the census block geographical unit. space, toxicwastesite location, among others. * The table will be availableasa partofthe SQL server where
+ The currently available resource is limited to a relatively limited set of seven - Some ofthe selectedindicatorsare summarized inFigure 3. PMAP is hosted (i.e., similar to PMAP dictionaries).

indicatorsandislargely restricted to patients residingin census blocks groups
located in Maryland. * Interested investigators can link to this table through two methods: (1) leveraging patient geocodes; and
(2) using the existing block group identifiersincluded asa partofthe existing census table.

Economic Stability Neighborhood and Education Access Social and Health Care and
Environment and Quality Community Context it
+« Employment . Al Iluti = Literacy . 5 1 ints ti
2 LI * High speed intemet Eranotage andsupport * We also providea shared code repository thatwillallow investigators to perform the geocode to census-
« Debt access + Vocational training + Community
« Job sta « Higher ed i i i indi
: Watical bila el I A e o EIEEEC block group linkage, thereby extending the availability of neighborhoodlevel indicators of SDoH beyond
. e di i i
e o Eemay Maryland (Figure 4).
exposure trauma/violence -
S e * telemedcine Next Steps
o ST Key census-derived neighborhood characteristics . . .
s sk sl * We are workingto add further measuresincluding
Figure 1. A sample of SDoH targeted for inclusion in the updated SDoH table. State in indicators of cri me, additionalenvironmental hazards
the nation amongothers.
Method & Analytlcs / ) * Any questionsaboutthe tableor provded code, please
Block groug] Block in the
inthe tract  block group email Kate (fitzgerald@jhmi.edu)

Collated information from publicly available sources for various SDoH domains
- Census block group
- Censustract

* Office hours with introduction to the table will be held

* Sources ofinformationincluded inthe updated table Geography in October
- American Community Survey for 2011-2015and 2016-2020 oy ) = B
- Area Deprivation Index (ADI)for 2011-2015 and 2016-2020 tne state
- US Census for 2010 and 2020
- USDA indicators of food accessibility Bhe oo
- Indexofrelative rurality (IRR) Figure 2. Geographic levels included for the updated table. The red Figure 3. Selected indicators included in the updated table.
- Persistent poverty boxes denote the selected geographies

- Historicalredlining

- Rural-Urban Commuting Area (RUCA) codes

- Greenspace (Washington, DC andBaltimore

- Superfund sites indicating hazardous waste targetedfor clean-up by EPA

Input: latitude and longitude Output: Census block group

- Social vulnerability index for 2010, 2012, 2014, 2018, and 2020 GEOCODING
* Expanded a code library to allow investigators to derive census block groups from °
geocodes available in Epic . e

- Allow derivation of census block groups beyond Maryland

V‘W 7Y JOHNS HOPKINS

Figure 4. Schematic of provide code as one of the ways investigators SCHOOL ¢f MEDICINE
can link to the new table
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Improving Accuracy and Efficiency of Medication Data O

Classification in Electronic Health Record Data

Vision

» Efficiently and effectively identify prescription medication records from

electronic medical record data Interested in

P,
Mission Collaboration:

* Develop a standardized and convenient process to programmatically extract
medication records for use in both research and clinical care Contact: Jack Bitzel

Research Aims

jbitzell@jh.edu

* Create a linkage to an existing medical language system to facilitate the use
of pre-existing and standardized relationship hierarchies

* Design a user-friendly interface for the extraction of medications and
complex medication classes Kidney

* Compare brute-force approaches to medication classification to a Precision Medicine
programmatic approach Center of Excellence




Precision Medicine

Symposium

Background

The accurate categorization of
medications is a crucial
requirement when utilizing
electronic health record (EHR)
datainresearchandclinical
settings.

Johns Hopkins’ EHR stores
medication data at a detailed
level, complicating the
identification and extraction of
medication data from a high
classification level.

Specific Aims

* Designa classification process
that will providePrincipal
Investigators with accurate
medicationinformation from
any level of classification

* Minimize manual involvement
inthe classification of
medication records

Methods
* Establisha link between JHU

medication records and unified
medical languagesystem
(UMLS) concepts

* Query UMLS hierarchical
relationshipstoidentify
concepts of interest

* ObtainJHU medicationdata

222 fnhealth

Improving Accuracy and Efficiency of Medication Data Classification

in Electronic Health Record Data

KPMCOE

Jack Bitzel, Heather Thiessen-Philbrook, Steve Menez, Chirag Parikh, Prakash Nadkarni

Results
To test our process, we focused on a single, largeclass of medications:non-steroidal anti-
inflammatory drugs (NSAIDs).

NSAID Linkage example of JHU Medical records and UMLS concepts

[ UMLS Concepts ]

JHU Medication records

't Acetaminophen ‘

medication_name simple_generic generic_name

EXCEDRIN EXTRA STRENGTH ORAL aspirin/acetaminophen/caffeine  aspirin-acetaminophen-caffeine oral J
>| Caffeine
FELDENE ORAL piroxicam piroxicam oral »  Piroxicam
~{ Pilocarpine

>| Epinephrine

PILOCARPINE 2 %-EPINEPHRINE EYE DROPS pilocarpine HCl/epinephrine bi pilocarpine 2 %-epinephrine eye drops

UMLS relationship hierarchy given NSAIDs as initial concept

Which patients in my cohort are...

Higl
A
Anti-Inflammatory Agents, ..onan NSAID?
Non-Steroidal
= L 4 A
5 ( Piroxicam J [ Aspirin ’ ‘ J ...taking aspirin?
"
=
&=
a
© e 4 .
e Aspirin Rectal Aspirin Oral ..taking an aspirin oral product?
2 Product Product
g
(7]
)
- | 3
Aspirin 60 MG Aspirin 81 MG X . -
Chewable Tablet Chewable Tablet ...taking an 81 mg aspirin chewable tablet?
-4 F >
) Aspirin Child 81 mg Adult Aspirin 81 mg ...taking an 81 mg aspirin chewable
Low Chewable Tablet Chewable Tablet tablet for adults?

»  Excedrin | Aspirin
e -

To determine the accuracy of our process,
we compared it to a brute-force approach
usingsimplestringsearches, whichrelyon
pharmacological knowledge or extensive
Google searches.

3,038
UMLS ) records
Hierarchy
approach
String

search
approach N e
records

The UMLS hierarchyapproach extracted 800
additional medication records thatthe string-
search approach had missed, suchas
bromfenac, valdecoxib, and nepafenac.

Conclusions and Next Steps

Our hierarchicalapproach provides a reliable,
exhaustive method for classifying medication
data stored in EHR. Future researchincludes
creatinga process suitablefor integrationinto
a production environment.

JOHNS HOPKINS

SCHOOL of MEDICINE



Hyperacute Prediction Of Targeted Temperature
Management Outcome After Cardiac Arrest

Jocelyn Hsu®2, Han B. Kim%23, Kirby Gong!23,
Tej Azad*, Robert D. Stevens®3

1 Laboratory of Computational Intensive Care Medicine
2 Department of Biomedical Engineering, Whiting School of Engineering
3 Department of Anesthesiology and Critical Care Medicine
4 Department of Neurosurgery
Johns Hopkins University School of Medicine
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Overview

Motivation

* Targeted temperature management (TTM) has been widely regarded as a promising .
therapy in the resuscitation of cardiac arrest patients primarily because it is believed to Interested in
improve neurological function. However, the benefits of TTM have not been consistently

ion~?
observed across trials. Moreover, TTM is resource intensive and can lead to serious Collaboration?
adverse effects.
Contact us at:

Mission
* Qur goalis todevelop a machine learning model capable of identifying patients most ==

likely to benefit from TTM would have a unique data signature. Such a model could -

enable greater precision in the selection of potential TTM candidates, establishing a Email:

baseline for personalized cardiac arrest treatment, and enable cohort enrichment for rstevenl@jh.edu

future clinical trials.

Research Aims

* 1.Predict the discharge outcome of postcardiac arrest patients receiving TTM by training
a ML model with physiological data and TTM treatment data.

» 2.ldentify specific features that are associated with favorable outcome following TTM.
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Focus

Targeted temperature management (TTM) has been widely regarded as a
promising therapy in the resuscitation of cardiac arrest patients primarily
because it is believed to improve neurological function [1,2, 3, 4]. However,
the benefits of TTM have not been consistently observed across trials [5, 6].
Moreover, TTM is resource intensive and can lead to serious adverse effects
[7].

The aims of this study were twofold. First, to predict the discharge outcome
of postcardiac arrest patients receiving TTM by training a ML model with
physiological data and TTM treatment data. Second, to identify specific
features that are associated with favorable outcome following TTM. We
hypothesized that patients most likely to benefit from TTM would have a
unique data signature. Such a model could enable greater precision in the
selection of potential TTM candidates, establishing a baseline for
personalized cardiac arrest treatment, and enable cohort enrichment for
future clinical trials.

Method and Analytics

Data were extracted from the multicenter Philips elCU - Clinical Research
Database [8]. Patients were included if they were adults admitted to ICU
after cardiac arrest. Since TTM is not consistently recorded in elCU, we
analyzed temperature time series recorded in the first 24 hours after ICU
admission. We designated as TTM any instance of a patient whose body
temperature decreased to < 36°C after admission and remained below that
threshold for > 12h in the first 24h after admission. All patients with
potentially erroneous recordings, as signified by infeasible body
temperatures less than 20°C included in the database, were excluded from
the study. A total of 444 patients meeting these criteria were identified.
Among the latter, neurological outcome data was available for 310 patients.
The two outcome variables were survival at discharge and neurological
function at discharge. Neurological function was defined using the motor
subscore of the Glasgow Coma Scale (mGCS). A mGCS of 6 signifies a patient
who is awake and able to follow verbal commands, while an mGCS< 6
implies greater neurological impairment.

Variables used to predict outcome were extracted from clinical data
collected from thetime of ICU admission to the time when TTM was
initiated or 12 hours post admission, whichever came first. This interval was
selected as the window during which treatment decision-making was most
likely occurring. Patient data included demographics; medical history;
laboratory test results for the first 12 hours of ICU admission or up to the
start of TTM treatment, whichever came first; type of initial heart rhythm
detected; and length of CPR administered, if the CA was witnessed. Mean,
standard deviation, minimum, maximum, first, and last values recorded
were derived for physiologic time series and laboratory data.

We employed three modeling methods: generalized linear modeling (GLM),
random forest (RF), and gradient boosting (XG). Hyperparameters used were
the default for each package to allow for equal comparison across the
different models. Models were 10-fold cross-validated and resampled 10
times once again. The models were used to assess patient mortality status at
hospital discharge and neurological status following TTM treatment.

True Positive Rate

Hyperacute Prediction of Targeted Temperature

Management Outcome After

Jocelyn Hsu'?, Han B. Kim?'2:3, Kirby Gong'%3, Tej Azad*, Robert D. Stevens?®3

Results and Highlights

Mortality Outcome Prediction

The best performing model, GLM, achieved an AUROC of 0.86 +0.04,
accuracy 0.76 + 0.04, sensitivity 0.75 +0.09, specificity 0.77 £0.07,
precision 0.83 +0.04, and F; 0.78 +0.05 across 10 cross-validations (Fig.
1a).

Some of the highest scoring SHAP (most informative) features included
the last pH recording, last platelet count data point, last white blood cell
(WBC) count, and first lactate recording, where first refers to the first
recording captured for the patient after hospital admission and last for
the final value recorded prior to the start of TTM (Fig. 1b). Higher values
of the last pH and platelet count had a high contribution towards
predicting survival, whereas higher values of first lactate value and last
WBC count had alow contribution towards survival. However, lower
values of last pH and platelet count had alow contribution towards
predicting death while lower values of first lactate level and last WBC
count recorded had higher contributions towards predicting death.

Neurological Outcome Prediction

For neurological function prediction, GLM performed slightly better
than RF, with an AUROC of 0.75 + 0.03, accuracy 0.66 +0.05, sensitivity
0.69 +0.08, specificity 0.64 +0.10, precision 0.57 +0.07,and F;0.61 +
0.04. Similar to mortality predictions, top predictive features were
identified via forward selection with 0.5 threshold, and models
improved significantly, with GLM achieving an AUROC of 0.85 +0.03,
accuracy 0.77 + 0.05, sensitivity 0.71 +0.10, specificity 0.80 £0.12,
precision 0.73 £0.08, and F; 0.71 +0.04 across 10 cross-validations (Fig.
2a).

We also used SHAP to rank features for predicting neurological
outcome. We observed some similar top predictive features such as last
pH measured, which also demonstrates positive correlation with mGCS.
Other features include minimum monocyte count, which also highly
contributes towards mGCS of 6 predictions, and last FiO2 levels and first
base excess lab test, both of which highly contribute towards patient
outcomes with mGCS less than 6 (Fig. 2b).

(1a) ROC curves for 10 outer folds (2a) ROC curves for 10 outer folds
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Conclusion

Overall, our study provides insight into physiologic and laboratory features that impact
outcomes in cardiac arrest patients receiving TTM. By limiting the d atas et to incorporate only
the most predictive features via forward selection, our models were able to better capture
the correlations between individual features and results, as indicated by the increased
performance of models.

There are several limitations in this study. The cardiac arrest patients in the dataset were not
designated as recipients of TTM treatment or not. This resulted in the need to develop an
algorithm to check for temperature data points to determine whether TTM was
administered. Some TTM patient temperature data fluctuate quite significantly, and these
patients would have been excluded from the study had their temperatures oscillated above
and below 36°C. TTM was also not administered in the same manner across all patients as
the elCU dataset incorporated patients across various hospitals. Furthermore, we were
unable to externally validate our result and confirm generalizability due to lack of access to
other additional cardiac arrest datasets, but cross-validation was implemented to prevent
overfitting. As this was a retrospective study, some labels and features that could potentially
provide useful insight into patient outcome were not available, such as Cerebral Performance
Category (CPC) scores that could be used to evaluate neurological outcome.

Next Steps

We plan to investigate how different aspects of TTM, such as rates of cooling, rewarming,
duration of cooling, and offset of TTM administration, could affect outcomes.
Additionally, we will optimize models with further hyperparameter tuningto evaluate the
best prediction outcomes that GLMs can achieve. Once we gain access to other datasets
and can externally validate that the models robustly predict mortality and mGCS
outcomes across different patient data, we will design a clinical trial specifically for
cardiac arrest patients who are potentially candidates of TTM. This will enable us to
gather more clinically predictive features and evaluation labels, such as CPC, serum
biomarkers, and imaging and EEG data. It is expected that such work could enable
personalized therapies to maximize favorable outcome in cardiac arrest patients.
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Pharmacogenomics

Vision
Clinical care and research studies will be informed by high-quality pharmacogenomics
testing alongside practical and timely decision-support tools

Mission
Provide targeted genotyping of metabolic genes for clinical care and research
investigations

Research Aims

Elucidate the impact of clinical pharmacogenomics testing on patient care, adverse
drug events, and therapeutic efficacy; Enable increased accessibility of
pharmacogenomics testing and education for all patients and providers; Support
investigations of new and emerging gene-drug pairs in precision medicine research.

Interested in
Collaboration?

Contact us at:

J

Phone:
(443)287-2018
(443) 287-7516

N\

Email:
cknezevl@jhu.edu
mmarzinl@jhu.edu
isnyder6 @jhu.edu
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Background

Drugresponse isa key factorin the success of treatment
regimens; applying genomic data to inform prescribing
decisionsis a proactive form of precisionmedicine.
Proactive pharmacogenomic (PGx) testing identifies
patient-specific drug-geneinteractionsand provides
evidence-basedguidance for appropriate drug selection
and dosing before initial drug administration. PGx-guided
prescribing mediates the variability of drug responseand
reduces the probability of adverse drug-related events.
Previously, Johns Hopkins patients could only have PGx
testing performedby third party laboratories, and results
were availableonly as pdfuploadsinto the patient chart.
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Method and Analytics

The pharmacogeneticpanel issimple for patientsand
providers: it requires one blood draw, and the data is
available to view within 3-7 days. Genomic DNAis
extracted from whole blood, combined with designated
PCR primers and two targeted fluorescent probes, each
probe corresponding to eitherthe reference or variant
allele. The TagMan® Genotyper software determines the
assay call isdeterminedas either homozygous reference,
heterozygous, or homozygous variant. From this data
metabolic phenotypes can be assigned: poor,
intermediate, normal, rapid and ultrarapid.

s jnhealth

Isabel Snyder, Jonathan Merran, Mark Marzinke, Claire Knezevic

Results and Highlights

The JH Actionable Pharmacogenomics Panelwas validated for clinical testing. The PGx panelconsists of 39 variant -

specific assays covering 11 different genes with over 70 actionable drug pairings based on Clinical
Pharmacogenetic Implementation Consortium guidelines. With seamless integration into EPIC, genotypes and
metabolic phenotypesarereported directly within Epic Labs tab. Metabolicphenotypesarealso presented as
Genomic Indicators, an Epic functionality that highlights clinically actionable variants andtheir associated
medications. These GenomiclIndicators enable clinical decision support tools to be deployed during prescribing
activities to guide selection of drug dosage and type.

Allelic Distribution plot, includes references
(triangles) and samples (circles). The angle of
the signal and clustering with reference

= A4 data helps determine the call. If there are
FRE o & equal amounts of fluorescence from both VIC
3 m] and FAM fluorophores, a heterozygous allele
= ol is called ( ). Signal from just VIC

flurophore results in a homozygous reference
call (red) and just FAM results in a
homozygouse variant call (blue).

01 0z 03 04 05 06 07 08 08 10 i1 12 i3 a4 15 16 AT
Allele 1VIC ()

Example PGx panel results with genotypes for each gene (left) andassociated Epic Genomic Indicators (right):

Genomic Variant Results

Associated Genomic Indicators
CYP2B6 Intermediate Metabolizer
CYP2C19 Intermediate Metabolizer
CYP2C9 Normal Metabolizer
CYP2D6 Normal Metabolizer
CYP3AS5 Poor Metabolizer

DPYD Normal Metabolizer
NUDT15 Normal Metabolizer
SLCO181 Normal Function

TPMT Normal Metabolizer

VKORC1 VKORC 159923231 G, VKORC1: GG (Warfarin Insensitive)

Pharmacogenomic Results

Benefits of
MO
Pharmacogenomics
C Y _E : “ A
o @ S IC
Prevent Adverse Personalized Reduces Reduces Compounding 7 day Results in Epic
Drug Events Medicine Financial Burden Emergency Data Turnaround Time and MyChart
Visits

Clinical Implementation of Actionable Pharmacogenomics Testing at Johns Hopkins

PGx Panel Genes and Affected Medications

Affected Medications (CPIC Level A)

rosuvastatin

CYP2B6 efavirenz, sertraline, nevirapine

CYP2C19 clopidogrel, vt.)rlc.or)azole, several antidepressants,
proton pump inhibitors

CYP2C9 warfarin, phenytoin, fluvastatin, several NSAIDs

CYP2D6 ato!'noxetine, codeine, tramadol, sevc?ral
antidepressants, ondansetron, tamoxifen

CYP3A5 tacrolimus

DPYD fluorouracil, capecitabine

NUDT15 azathioprine, mercaptopurine, thioguanine

SLCO1B1 S|mvasta‘t|n, gtorvasta_tln, rosuvas'tatln, lovastatin,
fluvastatin, pitavastatin, pravastatin

TPMT azathioprine, mercaptopurine, thioguanine

Conclusion

Pharmacogenomics supports the goals of precision
medicine by giving the correct drug at the optimaldose
from the start of treatment,improving patient care and
reducing costs. Arecent study withover 5,000 participants
observed a $7,000 reduction in direct medical charges per
person, a 7% reduction in emergency departmentvisits,
anda 15%reduction ininpatient days after PGx panel
testing and pharmacist medication review [1]. Amulti-
center European study also demonstrated an almost 30%
dropin adverse drugreactions after the use ofa 12-gene
PGx panel [2]. With in-house PGx testing at Johns Hopkins,
results will follow the patient through their lifetime to
provide stable, consistentcare, with clinical decision
support tools that can be continually updated to reflect
the most current medical literature and treatment
guidelines. Clinical implementation of the Johns Hopkins
PGx Panel is a key componentofour work to incorporate
metabolic profiles into patient care to avoid adverse
pharmacological events and improve treatment efficacy.
References
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Figures created with Biorender.com and taken from TagMan Genotyper
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Background: CGM Results Methods: Calculating the Glucose Color Index
* Wearable sensor capturing interstitial glucose Table 1: Comparative Assessment of Reliability S _
. . ——————— H 2: Calculate Log-
* Measuredevery 15 min for wear period of 14 days Test-Retest Correlations of Standard Metrics [eomacauom | : [ ]

All data from AbbottLibre Pro

n__e 72 Adjusted for Other Existing } LI 'J: "ﬁ.«\
|0 ¢ S e it iy
il 1= Mean Glucose 0.73 0.24 ‘ IR T

Sensor and Placement: adapted from https:// www.freestylle.abbot/in-
en/home.html

Time in Range 0.73 0.23

* Preeminent existing metrics: Coefficient of Variation 0.73 0.59 # Cakuato G
* Mean glucose: average reading e

e -~ Test-Retest Correlations of Novel Metric 5
* Standard deviation: variation around the mean : > > - — - [Lwe [ s [ [ 1s [swe] ss ==
 Timeinrange: proportion of measures in normal 70-180mg/dL Metric < Adjusted for Existing Metrics 1 e

range GCl 0.75 0.55 L Y
Existing metrics do not capture shape nor patterns in CGM and have i i i i i ) s

Adjustment accomplished through calculation of linear model residuals. Ll GOr Y wim, 1
. . . . Jra i=1 ‘\\
tenuous associations with comorbidities Figure 1: Assessment of Clinical Utility -

Development and Reliability n_

* We developed our novel metric, the Glucose Color Index (GCl),using
time-seriesanalysis—see methods

+ Within-person consistency assessed through test-retest r 2

HYPNOS: N=141 adults with type 2 diabetes; noinsulin

2 CGM wear periods, 3 months apart MCUDementa -

* Medianageof6lyrs

| 5. Validate GC| I

- ~ - N
- - { Reliability }- -{ Clinical Utility

Figure 2: GCI Calculation and Evaluation

= Wode! 1. Collectandpre-processraw CGM data
i . Periodogram calculated for each CGM wear period

Model 2

Clinical Utility

8

: | ot 3. Fitpiece-wise linear model over 3 frequency bands
* Associations with each comorbidity derived as odds ratio (OR) per Hpr + (long L, intermediate |, and short periodidty S), extract
standard deviation from logistic regression model - L s OPEZS and midpoints MP to approximate | og-
* ARIC: N=301 older adults with diabetes remm o periodogram
* 1CGM wear period and comorbidity indicators LS 'n h ealth G m [aY JOHNS HOPKINS 4. 1—r?umber su_mmaryGIu(;ose Color!ndex (GCl)derived
* Medianage of82yrs = SCHOOL of MEDICINE using Canonical Correlation Analysis (CCA)

' * Assume the 6 shape parameter values are I.1.D.
z drawnas X; for period i, such that each period has

Methods: The Periodogram p,,

o

* Lineartransforminto frequency domain ' " Odds Ratio per SO its own multivariate distribution
. e e s X 2.
+ Decomposition of signal variance into components at the fundamental Associations between bio markers, including GCI, and como rbidities in ARIC participants with diabetes. Model 1 adjusts * Find weighting W with maximaltest-retestr“:
e . _ . for the demographic factors of age, sex, and race. Model 2 adjusts for these demographic features and diabetes ~ T T
frEquenqes defined bysampllng schematobe w] - (21'[])/nfortota| condition covariates: duration of diabetes and indicator of diabetes medication use. W= argmax{Cor(w Xl'W XZ)}

samples nandintegers j

wER®
- wT
* Regressioninterpretation ofp, fortime series x,: Conclusion _ arg COV(XPXZ)W
n

n €R6 \/WTVar(Xl)w Jwivar(,)w
_ . The GCl is a reproducible new CGM metric based upon the time series periodogram which is, 5. Veri fythe reliability and clinical utility ofthe GCl
X = 2[0‘} COS(“’}' t)+ Bjsin (wit)] above and beyond existing CGM measures, consistent within persons and strongly associated

f with major comorbidities

wherep,, « a? +f?
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Division of Clinical Pharmacology

Vision
 To use ggrmlme pharmacogeneticinformation in routine clinical practice to improve Interested in
medication outcomes. .
o Collaboration?
Mission
 Build evidence for pharmacogenetic associationsthrough discovery research, Contactus at:
demonstrate clinical utility in pragmatic studies, and develop infrastructure to
seamlessly integrate pharmacogenetic datainto routine clinical workflows. J
Research Aims Phone:

(248)396-9113

* |dentify ideal candidatesfor pharmacogenetic testing

 Demonstrate improved clinical outcomes through pharmacogenetics-guided care N

Email:
Stevenson@jhmi.edu
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Pharmacogenetics eConsult for JHHS Clinicians

James M. Stevenson, PharmD, MS; Claire E. Knezevic, PhD; Kathy Sapitowicz; Helen K. Hughes, MD, MPH; Mark A. Marzinke, PhD

Background

Pharmacogenetics refers to the influenceon an
individual’s genetics on medication efficacy or
adversedrug reactions.Pharmacogenetics can
be useful in current clinical practice. Here, we
are specifically referring to germline
pharmacogenetics rather than somatic/tumor
genetics. For example, germline variationin
genes encodingdrug metabolizingenzymes are
known to affect dose requirement or likelihood
of efficacy or adversedrug reactions for dozens
of medications.

However, many healthcare providers have
received inadequate trainingin the field.
eConsults area mechanismfor provider-to-
provider consultation with an expert ina
specializedfield.

Implementation

The Epicelectronic health recordincludes
functionality to deliver asynchronous eConsults.
Inthe firstquarter of 2023, the Office of
Telemedicine and Division of Clinical
Pharmacology collaborated tolaunch a
Pharmacogenetics eConsultservice.The service
provides a method for timely, but asynchronous
clinical expertise when consideringtesting or
after results areavailable. The eConsultis
availableatall mid-Atlantic JHHS facilities
regardless of whether the testing has been
performed withinthe health system or with a
third party.

¢ fnhealth

Results and Highlights

As intended, the Pharmacogenetics eConsulthas been used by clinicians to discuss patients in which testing
is beingconsidered as well as patients with existing pharmacogenetic results. Turnaround time is <2 days.
There is currently no chargeto patients for the Pharmacogenetics eConsult.

Order Search

econsult

I Ei Panels (No results found)

| £ Medications o resuts founa)

2 Procedures A
Name

eConsult

BRI IR

B BB BB BB

eConsult -
eConsult -
eConsult -
eConsult -
eConsult - Ph:

eConsult - Va

- Neurology

Diabetes Mellitus
Adult Spine Surgery
Rheumatology

Genetics

Freque.. Type Pref List Code
eConsult  AMB TELEM... CONS07
eConsult AMB TELEM... CONS510
eConsult  AMB TELEM... CONS09
eConsult  AMB TELEM... CONS1i
eConsult AMB TELEM... CON512
eConsult  AMB TELEME.. CONS13

eConsult  AMB TELEME.. CONS508

Figure 1. Ordering the pharmacogenetics eConsult

Timing

Pre-test

Provider

Primarycare
physician

Context/question

36 y/o F with anxiety and ADHD
has multipletreatment failures
due to efficacyand ADRs

Browse | Preference

Response

Explained testing options, costs,and
which medications itcould shed light
on

Post-
test

Primarycare
physician
(geriatrics)

67 y/o F with hypertension,
Ehlers Danlos, and potential
dysautonomia. Wondering
about MTHFR gene results from
23andMe data

Clinical use of MTHFR genotype is not
recommended. Third-party
interpretation of 23andMe data is not
appropriatefor clinical use.

Pre-test

Ambulatory care
pharmacist
(internal med)

37 y/o M with hx of Stevens-
Johnson syndrome from
albuterol

Table 1. Examples of pharmacogenetics eConsults

PGx is mostuseful for explaining dose-
dependent toxicity.PGx can predict
SJS from certain medications, but not
albuterol.

Figure 2. Pharmacogenetics eConsultintake form

Conclusion

The Pharmacogenetics eConsultis a convenient
way for JHHS providers to seek pharmacogenetics
expertise inan efficient and timely manner within
the electronic health record.

Next Steps

We are currently considering automated ways to
incorporatethe option for a pharmacogenetics
eConsultwhen new orders are placed for
pharmacogenetic testing, such as the Hopkins-
based Actionable Pharmacogenomics Panel.
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SCHOOL of MEDICINE



o/

Streamlined Extracellular Vesicle Loading:
Harnessing Protein-Specific Subpopulations
Through Direct Electroporation

M EDICINE

AN, JOHNS HOPKINS < jnhealth



Corinna Torabi

Department of Mechanical Engineering

In this study, we present a novel method for encapsulating protein-specific
subpopulations of nanoscale extracellular vesicles with miRNA directly Interested in
through electroporation, eliminating the need for laborious follow-up Collaboration?
purification and sorting procedures.
Contact us at:
Our study introduces a promising avenue for advancing the production of
genetic cargo-loaded extracellular vesicles, paving the way for more

effective and targeted gene therapies for a wide range of diseases. Email:
ctorabil@jhu.edu
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Harnessing Protein-Specific Subpopulations Through Direct Electroporation

Symposium NGINEERING

Corinna Torabi and Soojung Claire Hur
Department of Mechanical Engineering | Johns Hopkins University | Baltimore, MD

EV-Mediated Delivery of Gene Therapy Agents Accurate Detection of Electroporation-Loaded miRNA

. " . . polyA cRNA reduces Freezing destroys Purified EVs are
Extracellular Vesicles (EVs) Isolation from Cells ‘mMiRNA Loading Loaded EV non-specific RNA binding unloaded residual miRNA loaded with miRNA
via Electroporation Purification
\ ” /’ Pooled EVs
i 7 I ] -~ ]
PSR I | ~ 0 1
& (?5,4 o AR ~B 10000y —— 10000y 0000
> , D © -~ © CD81* + cRNA CIFrozen CD81* + cRNA + frozen _
LA~ ~ & 5 3 10005 1000 %
-~ .~ ™ - l“s _} © 10004
Ev -~ P 100 100 2
s cp81* EV-nril:robead [= 5 {
complexes . TIJ 10+ 104 n_: 1004 (R
~ e ’ y A Q E
- ‘Jg - -
bRy v 1 14 14 = 3
» 2 T T
Zf - W H — H H
v 2 v
10000 10000
Pooled MFresh T
Cell OFrozen 14| H 4 H H
g 1000 . . .
% oV 200V 600V
- n . 100y
EV Characterization EV Integrity % Applied Voltage
T.: 104 + CD81* EV electroporation performance is
. 80 Q comparable to the conventional method
Exosomal Tetraspanins Endogenous Gene 1 of pooled EV's when facilitated by polyA
3 cRNA blocking and post-electroporation
CcD81 ue _ freezing.
Applied Voltage 0V 200V 600V ov 200V 600V « CD81* EV-microbeads also enable a
e — 14 N streamlined workflow and selection of
- g protein-specific subpopulations of EVs.
CD63 o =
Q -
] [
Q = R
£ 04, s Conclusions Acknowledgements
2 S -+ Pooled EVs
o = 20'_‘ P00|el3 EVs +cRNA — | We have designed a novel protein-specific EV electroporation process Thomas Pisanic, Ph.D. Johns Hopkins University, Institute for NanoBioTechnology
0.014 CD81" EVs that provides significant advantages over exisiting methods: Michael Paulaitis, Ph.D. Johns Hopkins University School of Medicine,
O CD81 + EVS + CRNA . Simpliﬁed workflow Center for Nanomedicine at the Wilmer Eye Institute
Pooled| CD81*| CD81* Pooled | CD81* T T T + Improved purity David Lyden, Ph.D. Weill Cornell Medical College,
25pg | 200 g eluate o= 25ug | 200 pg ov 200V 600V - Accurate detection of EV miRNA contents B e o oyt Developmental Biology
Applied Voltage + Eliminate the need for post-electroporation EV selection o AR
. . . . . . . . g0 Narionz | » -
D81 EVomicrobeads h ched levels of CD81* Consistent expression of EV endogenous Opporlunlty to |ntegrate.W|th mlcrofly|d|c‘technology_for automated NS ond
-microbeads have enriched levels o . control after freezing for all conditions microscale electroporation and multiplexing of protein targets A Foundation
PCR relative expression calculated using Pfaffl Method adaptation of 2%, THE HARTWELL FOUNDATION WIFluidic Biaphysics




N4

Consumer Health Information
Technology to Engage and Support
ADRD Care Partners

AN, JOHNS HOPKINS < jnhealth

M EDICINE



Consumer Health Information Technology

to Engage and Support ADRD Care Partners

Vision
* Persons with cognitive impairment and other disabilities may benefit from managing their

health virtually, but they and their care partners have been largely excluded from research on
consumer health information technology (CHIT) interventions.

Mission

* To increase evidence regarding the role and use of CHIT and of novel, scalable, high-impact
CHIT-supported interventions to improve Alzheimer's Diseases and Related Dementias (ADRD)
assessment, care, and management.

Research Aims

* Aim 1: To produce new knowledge of individual, contextual, and organizational factors that
affect patient portal use and evidence regarding the effects of access and use of such
technologies on ADRD care quality and outcomes.

* Aim 2: To understand how persons with ADRD (mild through severe), caregivers, clinicians,
and other relevant stakeholders (e.g., case managers, direct care workers, residential care
staff) perceive and use consumer health information technology and identify novel
technology-supported interventions that hold promise to improve ADRD care and
management across the spectrum of residential and care delivery settings.

Interested in
Collaboration?

Contact us at:

o/

Phone:
(443) 601-2066

N

Email:
jwolff2@jhu.edu
awecl@jhu.edu




Consumer Health Information Technology to Engage and Support
Symposium ADRD Care Partners

Team: Aleksandra Wec, JenniferL. Wolff, Kelly T. Gleason, MJ Wu, Danielle S. Powell, Danielle Peereboom, Jamie M. Smith ,Julia G. Burgdorf, Halima Amjad, Ariel R. Green, Stephanie K. Nothelle, Chanee D.Fabius,
Catherine M. DesRoches, Chen-Tan Lin, Catherine A. Riffin, and Hillary D. Lum (Funder: NIH NIA grant R35AG072310)

( Precision Medicine

Focus Results and Highlights Conclusion

e Persons with cognitive impairmentand other 71.5% Portal registration Our work highlights the need to:
disabiliti benefit f ing thei . . . .. . : :
h;&:ﬂ: i/ilftsur;IT\\//bj::alverlooen;nmlzrszeg;;ixc|eL::jed of patients were did not differ by dementia diagnosis v’ Better identify, engage, and support
from research on patient portal interventions registered for the portal (with vs. without) for patients. care partners of persons with ADRD

via the patient portal.
i . . Patient Portal Activity 12 Months Before and After Dementia Diagnosis v .
Project Goal: Increase evidence regarding the . Understand the potential of

role and use of consumer health information embedded interventions delivered
technology (CHIT) and CHIT-supported via the portal.

; > . o O
interventionsto improve assessment, care, @

Mean number of

messages per month

and management of Alzheimer’s Disease and
Next Steps

0 Mean number of
sessions per month

Related Dementias (ADRD).

)
Method and Analytics =RE
Data Source  —

Johns Hopkins Health System (JHHS) electronic 2
healthrecord and patient portal (2017 to 2022).

Monthly portal ¥
activity metric,

Mean patient portal activity

Ongoing analyses using focus on:
* Portal use during home health episodes

Sample Characteristics : * Portal use and the Medicare annual

Established JHHS patients 65 yrs and older (n = Before vs. after dementia diagnosis, menths wellness visit

49,382) * Portal-based deprescribing intervention

¢ Mean age: 76.6 years old Patients with dementia (vs. without) For patients with dementia  Accuracy of natural language processing

* 57.3%female i : ’ . .

- 67.2% White, 23.4% Black, 3.3% Asian or Pacific W:ar?emz::;:(rex::;aa\i: ;ii:::::sd care partners authored most . ;[90 |de|nt|fy aut)hors of portal messages
Islander,and 6.1% Another Race P . messages, mostcommonly ortal use to pbetter support care

*  6.4% of patients had a dementia diagnosis their portal account. while logged in with patient partners

Methods identity credentials.

*Portal activity metric: ratio of number of portal Yet, care partner registration

sessions to number of clinical encounters remained low at 10.4% for patients
Dementia diagnosis:based on International with dementia

Classification of Diseases, 10th edition (1CD-10)

. . To read more
codes and patient's problem list

This work has been published in: about our work
1. Gleason, K. T., Wu, M. M., Wec, A., Powell,D.S., Zhang, T., & Wolff, J. L. (2023). Patient Portal Use Among scan the QR code:
® OlderAdults With Dementia Diagnosis. JAMA Internal Medlicine.
2 ynhealth 2.6l
HOPKINS ' . Gleason,K.T., Wu, M. M., Wec, A, Powell,D.S.,Zhang, T., Gamper, M. J., ... & Wolff,J. L. (2023). Use of the
patient portalamongolderadults with diagnosed dementia and their care partners. Alzheimer's & Dementia. JOHNS HOPKINS
N SCHOOL sf MEDICINE
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Management of Nonalcoholic Fatty Liver

Disease in a Primary Care Setting

Vision
*  Prove there is a need for further education on the outpatient management Interested _m
of NAFLD among primary care physicians. Collaboration?
Wission _ _ o _ _ Contact us at:
» Improve management of fatty liver disease within the primary care setting
o/
Research Aims Phone:

«  To better understand how PCPs are diagnosing and managing NAFLD in (856)-577-9013
their practices.

N
Email:
jgipsl@jhmi.edu




Julia R. Gips, MD; Lisa Yanek, MPH; Jiajun Wu, MS; Tinsay A. Woreta, MD;
James P. Hamilton, MD; Jeanne M. Clark, MD, MPH

Johns Hopkins University, Baltimore, Maryland, USA

Management of Nonalcoholic Fatty Liver Disease in a Primary Care Setting

Divisions of General Internal Medicine & Gastroenterology and Hepatology, Department of Medicine
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BACKGROUND

= The prevalence of nonalcoholic fatty
liver disease (NAFLD) has grown
exponentially in recent years.

= NAFLD is quickly becoming one of
the leading causes of cirrhosis in the
United States.

= Primary care physicians (PCPs) are
often the first to encounter patients
with NAFLD, as it is most often
diagnosed incidentally.

= Several recent guidelines have
been published detailing optimal
NAFLD management.

= How PCPs are diagnosing and
managing NAFLD in practice is
unknown.

METHODS

RESULTS

CONCLUSIONS

HYPOTHESIS

care setting are receiving evidence-
based evaluation and follow up

NAFLD to NASH / cirrhosis and its
complications.

Few patients with NAFLD in the primary

designed to prevent the progression of

Visit Hopkins GIM at http://www.hopkinsmedicine.org/gim

Dataset:

» 370,000 patients in the Adult Primary
Care Center of Excellence (APCCOE)
patient registry with a primary care
appointment between July 1, 2016 —
September 17, 2023

Study Population:

= 10,334 Adults who had at least one
primary encounter during this time
where NAFLD or NASH was billed.

Extraction:

Completed by the core for clinical
research data acquisition within
Microsoft SQL Server Management
Studio and RStudio

NAFLD and NASH population
extracted using ICD-10 codes K75.1
or K76.0

Those with advanced fibrosis or
cirrhosis were identified as those who
also had ICD-10 codes K74.60 or
K74.02

Descriptive data analyses:

* Frequencies and percentages for
categorical variables

* Means and standard deviations or
medians and interquartile ranges for
continuous variables.

In general, PCPs are not screening,

Patient Demographics and Comorbidities at the Mean Laboratory Values at % Missing stratifying, referring, or managing patients
Time of NAFLD Diagnosis (N=10,334) First NAFLD Visit Lab Data with NAFLD according to guidelines.
P partate Ami (037 | sruL % While the Fib-4 score has been shown to

lagnosis . . .
. EAFLD 93.1% Mean Weight 2106 Ibs Alanine Aminotransferase (0-40) 44.1UIL 13.8% be an excgllent predictor of fibrosis, 15% of
* NASH 16.7% patients did not have AST or ALT values,
Platelets {150-350) 260 K/oumm 546% and 55% did not have a platelet count
Gender Total Bilirubin (0-1.2) 0.58 mg/dL 17% .
Less than 1% of all patients and <15% of
+ Female 53.8% | [Abumin@5-5.3) 567 gidL 99.7% th th d" dpf'b cirrhosi ?
. Mae 46.1% Mean BMI 33.2 kg/m IR (excluding Those o Wararin: o o ose with advanced fibrosis/cirrhosis were
« Non-Binary <0.01% 0.8-1.1) ° referred to hepatology
« Other <0.01% H lobinA1 1<5.6 . " . .
d;’g:g:s';‘_sfg':ms . 5-]""" 622 16.1% Follow up imaging, or biopsies was done
Mean Age 528yrs | BMI Category — in < 4% of high-risk patients, despite
! Lipid Panel . Ny X
Distribution 2.3% » Underweight 0.3% Cholesterol (0-200) 186 mg/dL 4.3% recommendations for repeat fibrosis
. - -2 /0 +« Normal Weight 8.7% Triglycerides (0-150) 159 mg/dL 4. 7% . K
Lo 99% | Overveight i HDL (~40) ity P screening every 1-3 years.
Y 5
. 36-49 27.1% |4 Obesity Class | 30.1% LDL (<70) 108 mgfdL. 54%
. 5064 g?i:/: + Obesily Classll | 18.7%
T 26s : + Obesity Class Il | 14.9% Treatment Received LIMITATIONS
Thosewith = NAFLD m t has by Ivi
. overall mh anagement has been evolving
Advanced Fibrosis . . . .
Presence of Comorbidities population | H i with recommendations published at various
ints through h ri
2 g % % ;
& g‘f,&Tf ;?g; 2‘;1’% =We were not able to access provider notes
E Hyperlipidemia Vitamin E 8.2% 18% for further details on counseling or patient
= Statin 54% 65.5% -
o ' Thiazolidinedianes 35.6% 446% engagement with care
E Diabstes Mellius Referred to Hepatology 0.7% 12.2%
o 7% 2% i
8 oo by ooy Tan By -Da:ia w?s f;_nly obtaLned Trzm on? he:a_l(tjhcare
. system, limiting our knowledge of outside
Coranary Artery Disease [t Referred to Nutrition 24.2% 35% Y 9 9
Seen by nutritionist 18.4% 15.6% referrals or results.
Percentage
Imaging ordered at diagnosis
Ultrasound elastography 2.7% 6.2%
Fibroscan 31% 9.1%
MRE Liver 0.6% 0.7% IMPLICATIONS
Liver Biopsy 2.7% 13.4% . 3
] There is a strong need to enhance education
Repeat Imaging d NAFLD d it t
Ultrasound Elastography 0.2% 0.5% aroqn y _an _' S managemen
Fibroscan 0.9% 1.4% particularly within primary care and
MRE Liver 0.1% 0.2% : .
Liver Biopsy 029% 170 preventative settings.
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