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Motivation

« Goal: improve safety surveillance using observational data
» Active Risk Identification and Analysis (ARIA) system:

I
1
l
@ Electronic claims data

Parameterized, re-usable tools and computable algorithms

Image courtesy of Michael Nguyen Sentinel Initiative



Motivation

When is the ARIA Process Needed?

Sentinel ARIA Analysis
YES <

Observational
Study

Postmarket Required Study
Serious Safety Sentinel ARTA (PMR)
Concern Sufficient? NO

Related ARIA Study I

ARIA must be considered before
a sponsor PMR can be issued

Slide courtesy of Michael Nguyen Sentinel Initiative



Motivation

« ARIA sufficiency is achieved when:
« Study population is available in the data
« Outcome & exposure of interest, covariates can be identified from data
« Methods/analytic tools can assess exposure-related risk with satisfactory precision
« 2016—2021: ARIA insufficient for 60% of safety concerns
« Availability of outcome data is a primary reason for insufficiency
« 67% of all ARIA insufficiencies were insufficient (in part*) due to lack of outcome data

Example ARIA sufficient™ outcomes: Example ARIA insufficient” outcomes:

* GIbleeding
e Heart failure

« Lymphoma * Drug-induced liver injury

* Major adverse cardiac events (MACE) « Fatal MACE

* Mpyocardial infarction « Malignancies (several)

« Multiple sclerosis relapse * Nerve injury
 Non-melanoma skin cancer * Suicide or suicidal ideation
« Seizure

« Stroke

*Reasons for insufficiency are not mutually exclusive
**Sufficiency is highly dependent on the scientific question and regulatory context Sentinel Initiative | 10



Motivation

* Our focus: Improving ARIA sufficiency by improving methods of outcome identification
(phenotyping)
» Key considerations:
« Assessing “fitness for purpose” of a phenotyping effort
» Gold-standard data creation
« Feature engineering
* Model development
* Model evaluation and reporting
» Challenge: Traditional approaches to phenotyping are expensive and time-consuming

» Approach: A general framework is needed to guide scalable development of phenotype
algorithms

» Case studies: Anaphylaxis, acute pancreatitis, COVID-19 disease

Sentinel Initiative [ 1



Assessing Fitness for
Purpose
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Assessing Fitness for Purpose: Key Points

* Assessing fitness for purpose” in the process of determining whether a particular phenotyping effort has a reasonably
likely chance of success before the phenotype development work begins.

- A critical first step intended to identify—and avoid expending scarce resources on—phenotyping efforts highly likely
to be unsuccessful
(i.e., developing a phenotype model whose performance is insufficient for ARIA purposes)

- A type of feasibility assessment (or “premortem”) with specific guidance as to how it should be done

» Based on the combined expert judgement of members of the development team
(clinicians, statisticians, informaticists, chart reviewers, EHR data experts)

» Considers each stage of development D
- Creating gold standard data Impact of clinical complexity?
- Feature engineering >~ Impact of data complexity?
- Model development
/

- Model evaluation & reporting

Sentinel Initiative [ 13



Assessing Fitness for Purpose: Complexities

Data complexity
sources

« Data heterogeneity
 Data obscurity

« Data imprecision
 Data irregularity
 Data instability

» High dimensionality
 Lack of structure

>

Data complexity

\é\\°§\

- Anaphylaxis
Opioid overdose PS
(ED presentation)
®
Severe
® allergic
reaction
Q/fb &*Q
¢ O
&
Q< &¥
O
Acute
_ pancreatitis
Diabetes ®
o)
> ‘?‘\é\

Clinical complexity

Clinical complexity
sources

» Competing diagnoses

 Lack of definitive diagnostic
tests

e Lack of consensus about
diagnostic criteria

« Limited knowledge, time, or
technology

Figure 1. Relationship between clinical complexity, data complexity,
and increasing phenotyping difficulty with illustrative phenotypes.

Sentinel Initiative [ 14



Assessing Fitness for Purpose: Key Points

* “Assessing fitness for purpose” in the process of determining whether a particular phenotyping effort has a reasonably
likely chance of success before the phenotype development work begins.

- A critical first step intended to identify—and avoid expending scarce resources on—phenotyping efforts highly likely
to be unsuccessful
(i.e., developing a phenotype model whose performance is insufficient for ARIA purposes)

- A type of feasibility assessment (or “premortem”) with specific guidance as to how it should be done

» Based on the combined expert judgement of members of the development team
(clinicians, statisticians, informaticists, chart reviewers, EHR data experts)

* Considers each stage of development

- Creating gold standard data A

- Feature engineering Impact of clinical complexity?
- Model development Impact of data complexity?

- Model evaluation & reporting )

= * Yields a “Go/No-go” decision
- “No-go” - Efficiency by avoiding wasted effort
- “Go” - Higher likelihood of success; insights into challenges, opportunities
 Future work

- Methods for estimating amount of training data needed for model development

Sentinel Initiative [ 15



Creating Gold Standard Data

Sentinel Initiative [ 16




Creating Gold Standard Data

» Goal: identify true cases and controls
* Gold standard data is always for evaluation
« ... and often also needed for model training
« Challenge: Creating gold standard data is very expensive, and this limits the quantity available for any given study

« Note: Unlike gold standard data, silver standard data is inexpensive and abundant because it does not require
manual chart review; instead, it is created by specifying simple rules to create measures that are believed to be
highly correlated with actual (“gold”) outcomes

* Best practices:
» Chart abstraction guidelines should reflect established clinical diagnostic criteria
 Clinician oversight of (non-clinician) chart abstractors can enhance efficiency

« Dual independent review of a representative sample of charts is important for assessing replicability when some
chart are reviewed by only one person

« Efficiency is also served by reusing existing abstraction tools (e.g., REDCap forms)
« Future work:

 Efficiencies of NLP-assisted methods?

» Incorporating silver standard surrogate outcomes into model training?

« Can sampling strategies reduce -the quantity of gold standard data needed for evaluation by focusing reviews on
those events that best reflect a model’s performance?

- Example: Can sampling be guided by predicted probabilities of models trained on silver labels? seinciiitaive 1 17



Model training

Creating Gold Standard Data minority class

1ssues

Anaphylaxis Kaiser NW Gold

Silver 24,355

COVID-19 Vanderbilt
Gold 266 153

4’—'—

Sentinel Initiative [ 18
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Feature Engineering

* Goal: Measure things that help distinguish true cases from non-cases
 Challenge: Manual approaches are time/expert-intensive, operator-dependent,

Wasted effort if based on idiosyncratic local data, don’t improve model performance

Sentinel Initiative | 20



Feature Engineering: Manual
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Feature Engineering: Manual
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Feature Engineering: Automated

AFEP

Principles: 1. Clinical text is the primary data source
2. Published knowledge provides expertise
3. Data-driven engineering methods

Toward high-throughput phenotyping:
unbiased automated feature extraction and
selection from knowledge sources

/N\NNMI/\ OXFORD

RECEIVED 24 October 2014
REVISED 25 February 2015
ACCEPTED 24 March 2015
PUBLISHED ONLINE FIRST 30 April 2015

SAFE

UNIVERSITY PRESS

Sheng Yu'®**, Katherine P Liao®*, Stanley Y Shaw*, Vivian S Gainer®,
Susanne E Churchill®, Peter Szolovits®, Shawn N Murphy™®, Isaac S Kohane®”, Tianxi Cai®

ABSTRACT

Objective Analysis of narrative (text) data from electronic health records (EHRs) can improve population-scale pheno
research. Currently, selection of text features for phenotyping algorithms is slow and laborious, requiring extensive an
main experts. This paper introduces a method to develop phenotyping algorithms in an unbiased manner by automati
informative features, which can be comparable to expert-curated ones in classification accuracy.

Materials and methods Comprehensive medical concepts were collected from publicly available knowledge source
fashion. Natural language processing (NLP) revealed the occurrence patterns of these concepts in EHR narrative note
informative features for phenotype classification. When combined with additional codified features, a penalized Io|
trained to classify the target phenotype.

Results The authors applied our method to develop algorithms to identify patients with rheumatoid arthritis and c
among those with rheumatoid arthritis from a large multi-institutional EHR. The area under the receiver operating cl
classifying RA and CAD using models trained with automated features were 0.951 and 0.929, respectively, comparf
0.929 by models trained with expert-curated features.

Discussion Models trained with NLP text features selected through an unbiased, automated procedure achieved com
curacy than those trained with expert-curated features. The majority of the selected model features were interpretablg
Conclusion The proposed automated feature extraction method, generating highly accurate phenotyping algorithms
significant step toward high-throughput phenotyping.

INTRODUCTION

Electronic health record (EHR) adoption has increased dramatically in
recent years. By 2013, 59% of private acute care hospitals in the
United States had adopted an EHR system, up from 9% in 2008.'
Secondary use of EHR data has emerged as a powerful approach for a
variety of biomedical research, including comparative effectiveness
and stratifying patients for risk of comorbidities or adverse out-
comes.2"° More recently, the linking of genotype and biomarker data
to EHR data has facilitated translational studies, such as genetic asso-
ciation studies."™~"” Compared to conventionally assembled epidemio-
logic and genomic cohorts that require individual patient recruitment,
EHR-based studies can provide large sample sizes at a lower cost and

narrative notes such as physician notes, t}
or pathologic studies, or hospital disch:
provide a rich source of complementary i
processing (NLP) can efficiently extract g
Occurrences of terms of clinical concept
and also used as features for algorithm
ing algorithms that use both codified and
accuracy relative to algorithms using codij
9 billing codes).'*2

Today, algorithms that identify a des
structed in two rather different ways. The

ing on human expertise to suggest a logi

Joumnal of the American Medical Informatics Association, 24(e1), 2017, e143-e149
doi: 10.1093/jamia/ocw135

Advance Access Publication Date: 15 September 2016

Research and Applications

A\MIN

INFORMATICS PROFESSIONALS, LEADING THE WAY,

PheNorm

Research and Applications

Surrogate-assisted feature extraction for
high-throughput phenotyping

Sheng Yu,'? Abhishek Chakrabortty,® Katherine P Liao,* Tianrun Cai,®
Ashwin N Ananthakrishnan,® Vivian S Gainer,” Susanne E Churchill,®
Peter Szolovits,® Shawn N Murphy,”'° Isaac S Kohane,® and Tianxi Cai’

'Center for Statistical Science, Tsinghua University, Beijing, China, 2Department of Industrial Enginee
Beijing, China, 3Department of Biostatistics, Harvard T.H. Chan School of Public Health, Boston, Massac|
Rheumatology, Brigham and Women’s Hospital, Boston, Massachusetts, USA, Department of Radiolog
Hospital, Boston, Massachusetts, USA, ®Division of Gastroenterology, Massachusetts General Hospital
USA, "Research IS and Computing, Partners HealthCare, Charlestown, Massachusetts, USA, ®Departn|
matics, Harvard Medical School, Boston, Massachusetts, USA, *Computer Science and Artificial Intellig
chusetts Institute of Technology, Cambridge, Massachusetts, USA, and '®Department of Neurology,
Hospital, Boston, Massachusetts, USA

Corresponding Author: Sheng Yu, Center for Statistical Science, Tsinghua University, Beijing, Chin

edu.cn

Journal of the American Medical Informatics Association, 25(1), 2018, 54-60
doi: 10.1093/jamia/ocx111

Advance Access Publication Date: 3 November 2017

Research and Applications
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Research and Applications

Enabling phenotypic big data with PheNorm

Sheng Yu,'? Yumeng Ma,? Jessica Gronsbell,? Tianrun Cai,® Ashwin N

Ananthakrishnan,® Vivian S Gainer,” Susanne E Churchill,® Peter Szolovits,®

Shawn N Murphy,”-"® Isaac S Kohane,® Katherine P Liao,"" and Tianxi Cai*

ICenter for Statistical Science, Tsinghua University, Beijing, China, “Department of Industrial Engineering, Tsinghua University,
Beijing, China, *Department of Mathematical Sciences, Tsinghua University, Beijing, China, “Department of Biostatistics, Harvard
T.H. Chan School of Public Health, Boston, MA, USA, 5Department of Radiology, Brigham and Women's Hospital, Boston, MA,
USA, SDivision of Gastroenterology, Massachusetts General Hospital, Boston, MA, USA, "Research Information Science and
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Feature Engineering: Automated B = Ciidans & = nformaticits

Identify & Define* Implement

Clinical knowledge Concepts found in =3

@, articles >3 articles articles .@,

ya /4 /4
e e = | Peessssssssssgsssssssass > (EY MetaMap

SNOMEDCT_US ~ C0000726  Abdomen
SNOMEDCT_US  C1122087  adalimumab
SNOMEDCT_US ~ C0001443  Adenosine
SNOMEDCT_US ~ C3536832  Ar
SNOMEDCT_US ~ C0001527  Albuterol
SNOMEDCT_US ~ C0002055  Akalies
SNOMEDCT_US ~ C0002032  Allergens
9  SNOMEDCT_US CD002508 Amines

. 10 SNOMEDCT_US  COD02575  Aminophyline
'&‘ M e d | | n e PI u S 11 SNOMEDCT_US C0002667 Amphetamines

Trusted Health Information for You 12 SNOMEDCT_US C0002771  Analgesics

-

e - Ty
e NLP

1
2
3
4
Symptoms and causes - Mayo Clinic 5
6
Z
8

Anaphylaxis

-

2 i P PR LY 13 SNOMEDCT_US CO002792  anaphylaxis
H inh — Medical Ency - 14 SNOMEDCT_US CO002932 Anestheti
Medlcal dlCtlonary 4 Home ~ Medical Encyciopeda = Anaphyas 15  SNOMEDCT_US  C0002994 »n:iaed::a Featu res

16 SNOMEDCT_US C0003018  Angiotensins

& AnaphylaX|s 17 SNOMEDCT_US (C0003232 Antibiotics = counts

of each
concept

18  SNOMEDCT_US C0003241 Antibodies
19 SNOMEDCT_US C0003320 Antigens

20 SNOMEDCT_US CO0003360  Antihistamines
[ 7 7 emedicine.medscapecom
21 SNOMEDCT_US (C0003445 Antitoxins
22 SNOMEDCT_US C0003450 Antivenin
M eta M a % . 23 SNOMEDCT_US CO0003467  Ardety
24 SNOMEDCT_US C0003483 Aorta

25 SNOMEDCT_US CO003564 Aphonia
L A\ A\ N/ Updated: May 16, 2018 26 SNOMEDCT_US C0233485 apprehension
Author: S Shahzad Mustafa, MD; Chief Editor: Michael A Kaliner, MD 27 SNOMEDCT_US C0003842 Ateries
28 SNOMEDCT_US ~C0004044 Asphyxia
29 SNOMEDCT_US ~CO004057 Aspirin
MERCK MANUAL 30 SNOMEDCT_US C1510438 Assay
\ '\ Professional Version 31, SNOMEDCT_US | CODK96 | Aathma
The trusted provider of medical information since 1899 32 SNOMEDCT_US C0231221  Asymptomatic
33 SNOMEDCT_US C0392707 Atopy
34 SNOMEDCT_US (C0004259 Atropine
An a p hyl axis 35 SNOMEDCT_US CO0004268 Attention
36  SNOMEDCT_US C0004271 Attude
37  SNOMEDCT_US CO004338  Autopsy
38  SNOMEDCT_US C0004521 Astreonam
33 SNOMEDCT_US (C0004827 Basophils

I
o

Optional: Patient charts
Remove
non-
specific
concepts O T R

0000000008000 08000000 0000000000000

a0 2 e s oo .
89 Q icle Tl ewAc013 1 o o o 2 o o o o
& Anaphviaxis — ~ = ~100t0o~300 =
WAKIPEDIA - p y . featufes er‘ aheht
The Free Encyclopedia From Wikipedia, the free encyclopedia (~ 1 OO ‘to ~ 300) aooo 2 2 . s gp 2 p o 2 2 2
_______________ 3 ¢ e
* Yu et al. Toward high-throughput phenotyping: unbiased automated feature extraction and Sentinel Initiative |24
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Feature Engineering: Automated
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Feature Engineering: Manual vs. Automated

= Clinicians = Informaticists = Clinicians = Informaticists

Feature engineering: Manual Feature engineering: Automated

Identify Define Implement Identify & Define Implement

Automation advantages:
« Short development time
« Low/no expenditure for domain expertise
« Reduced operator dependence
» Highly replicable
Will it work? As a starting point? As an overall solution?

Sentinel Initiative | 26



Feature Engineering Example: Manual Structured

92 structured features manually engineered for acute pancreatitis

Maximum lipase lab (normalized)
+/-14 days from diagnosis date

Sentinel Initiative | 27



Feature Engineering Example: Manual NLP*

Anaphylaxis NLP dictionary for 71 concepts (843 terms)

e BRADYCARDIA (13)

o CARDIACARRHYTH (8)
e CARDIOCOLLAPSE (2)
e COLLAPSE (2)

e END ORGAN (2)

e HYPOTENSION (77)

e PALPITATIONS (3)

e SHOCK (3)

e SYNCOPE (30)

e TACHYCARDIA (9)

+ AIRWAY (4)

+ AIRWAY
CONSTRICTION (4)

* ALTERED MENTATION
(1)

+ APHONIA (3)

+ BREATH ()

+ BRONCHOSPASM (1)

+ CHEST DISCOMFORT
(2)

+ CHEST TIGHTNESS (9)

+ COARSE BREATH SOUND
(4)

+ DYSPHONIA (1)

* DYSPNEA (55)

+ HOARSENESS (7)

+ HYPOXEMIA (6)

+ HYPOXIA (3)

* IMPENDING DOOM (2)

* INTUBATION (6)

* LARYNGEAL OEDEMA (1)

* RESP COMPROMISE (3)

» RESP DISTRESS (2)

« RESPFAIL (1)

+ RONCHI (2)

+ STRIDOR (3)

+ TACHYPNEA (5)

* THROAT CLOSURE (14)

* THROAT TIGHTNESS (34)

* TIGHTNESS BREATHING
(M)

+ VOICE QUALITY (1)

+ WHEEZE (8)

o ANGIOEDEMA (102)

o DIFFICULTY SWALLOWING
(14)

e DYSPHAGIA (1)

o EDEMA (4)

e ERYTHEMA (42)

e EYE SWELLING (33)

o FACIAL SWELLING (20)

e FLUSH (38)

o HIVES (68)

o |TCHING (14)

e |TCHY SOFT TISSUE (15)

e METALLIC TASTE (1)

e MOUTH (1)

e MOUTHSWELL (4)

o ORALSWELL (4)

e PRURITUS (15)

e RASH (7)

e REACTION (1)

e SOFT TISSUE SWELLING (4)

e SWELLING (31)

e THROAT (4)

o TINGLING (1)

o TINGLY SOFT TISSUE
(14)

o URTICARIA (24)

e ALLERGREACT (5)

e ANAPH (5)

e COMPLAINT (12)

e DIAGNOSIS (8)

o DIFFERENTIAL (1)

e HYPO (6)

e IMPRESSION (1)

Group: ¢ REDUCED BLOOD PRESSURE

e RESPIRATORY COMPROMISE o

Nﬂ/lrvmﬁ: ance l}Emn I\‘i THFRFFRI‘)HUF)OP Processing and Machine [ earning, American

* Improving M thods of Identifving Ananhvlax:q for Medical Product §a

Journal of Epidemiology, Volume 192 Issue 2, February 2023, Pages 283-295, https://doi.org/10.1093/aje/kwac182
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Feature Engineering Example:

Symptomatic COVID-19 disease (N=158)

Automated (NLP)

# CONCEPT Cul # CONCEPT CuUl # CONCEPT CuUl # CONCEPT CUl

1 [ acetaminophen C0000970 41 | Coronary Arteriosclerosis C0010054 81 | Hypersensitivity C0020517] 121 | Pharyngitis C0031350
2 | Adrenal Cortex Hormones C0001617 42 | Coughing C0010200| 82 | Hypertensive disease C0020538| 122 | Plain chest X-ray C0039985
3 |air C3536832 43 | COVID19 (disease) C5203670 83 | Hypoxemia C0700292 123 | Plasma Product C4521445
4 | Anemia, Sickle Cell C0002895 44 | COVID-19 drug treatment C5244048| 84 | Hypoxia C0242184] 124 | Pneumonia C0032285
5 | Angiotensin Il receptor antagonist [C0521942 45 | C-reactive protein C0006560| 85 | Immune System Finding C1291764 125 | Pneumonia, Viral C0032310
6 | animal allergen extracts C3540698 46 | Critical lliness C0010340| 86 | Immunocompromised Host C0085393] 126 | Pressure- physical agent C0033095
7 | Anosmia C0003126 47 | Cystic Fibrosis C0010674 87 | Immunoglobulins C0021027] 127 | Pulmonary (intended site) C4522268
8 | Antibodies C0003241 48 | Death (finding) C1306577 88 | Improved - answer to question C4084203 128 | Quarantine C0034386
9 | Antibodies, Neutralizing C0475463 49 | Death Related to Adverse Event [C1705232 89 | Inflammation C0021368 129 | receptor C0597357
10 | Antibody studies (procedure) C0580327 50 | Decreased translucency C0029053 90 | Interferons C0021747 130 | Reduction procedure C1293152
11 [ Antibody Therapy C0281176 51 | Delta-Like Protein 1, human C3815527 91 | interleukin-6 C0021760 131 | remdesivir C4726677
12 | Antigens C0003320 52 | Device Alert Level - Serious C1551395 92 | Isolation procedure C0204727 132 | Respiration Disorders C0035204
13 [ Anti-Inflam. Agents, Non-Steroidal [C0003211 53 | Device Alert Level - Critical C1551396 93 | ivermectin C0022322 133 | Respiratory distress C0476273
14 | Antimicrobial Susceptibility Result [C2827758 54 | dexamethasone C0011777 94 | Lactate Dehydrogenase C0022917 134 | Respiratory Distress Synd., Adult [C0035222
15 | Antiviral Agents C0003451 55 | Diabetes Mellitus C0011849 95 | lopinavir / ritonavir C0939237 135 | Respiratory Failure C1145670
16 | Arthralgia C0003862 56 | Diabetes Mell., Non-Ins-Depend. |C0011860 96 | Loss of taste or smell C5382033 136 | Respiratory System Finding C0425442
17 | Asymptomatic (finding) C0231221 57 | Diagnostic Imaging C0011923 97 | Lung consolidation C0521530 137 | Rhinorrhea C1260880
18 | At home C4534363 58 | Diarrhea and vomiting, symptom [C0474496 98 | Lung diseases C0024115 138 | RNA, Messenger C0035696
19 | baricitinib C4044947 59 | Diffuse Optical Imaging C3899379 99 | Lymphopenia C0024312 139 | Self-Quarantine C5392942
20 | Blood Clot C0302148 60 | Down Syndrome C0013080 100 | M Protein, multiple myeloma C0700271 140 | Septic Shock C0036983
21 | Blood coagulation tests C0005790 61 | Dyspnea C0013404 101 | Malaise C0231218 141 | Severe (severity modifier) C0205082
22 | Body mass index procedure C0005893 62 | Emergency Situation C0013956 102 | Mechanical ventilation C0199470 142 | Severe Acute Resp. Syndrome C1175175
23 | Brain Diseases C0006111 63 | Environmental air flow C0042491 103 | Mechanical Ventilator C0042497 143 | Severe disease C4740692
24 | Bronchoalveolar Lavage C1535502 64 | Extracorp. Membrane Oxygen. [C0015357 104 | methylprednisolone C0025815 144 | Shock C0036974
25 | Cardiac Arrhythmia C0003811 65 | Fatigue C0015672 105 | Mild Adverse Event C1513302 145 | Signs and Symptoms, Respiratory [{C0037090
26 | Cardiomyopathies C0878544 66 | Ferritin C0015879 106 | Monoclonal Antibodies C0003250 146 | Sneezing C0037383
27 | Cerebrovascular accident C0038454 67 | Fever C0015967 107 | Mucocutan. Lymph Node Synd. |C0026691 147 | Steroids C0038317
28 | Chemical Association C0596306 68 | Fever symptoms (finding) C0424755 108 | Multiple Organ Failure C0026766 148 | Supplemental oxygen C4534306
29 [ ChestCT C0202823 69 | Fibrin fragment D C0060323 109 | Muscle Fatigue C0242979 149 | Symptom mild C0436343
30 | Chest Pain C0008031 70 | Functional disorder C0277785 110 | Muscle strain C0080194 150 | Symptom severe C0436345
31 | Chills C0085593 71 | Gastrointestinal System Finding |C1333803 111 | Myalgia C0231528 151 | Symptomatic Presentation C5238876
32 | chloroquine C0008269 72 | Glucocorticoids C0017710 112 | Myocarditis C0027059 152 | Thromboembolism C0040038
33 | Chronic Kidney Diseases C1561643 73 | Has difficulty doing (qualifier) C1299586 113 [ Nausea or vomiting C3843946 153 | Thrombus C0087086
34 | Chronic Obstructive Airway Disease |C0024117 74 | Headache C0018681 114 | Noninvasive Ventilation C1997883 154 | Tissue damage C0010957
35 | Chronic obstructive pulm. disease | C3714496 75 | Heart Diseases C0018799 115 | Nucleic Acid Amplification Tests |[C0200932 155 | tocilizumab C1609165
36 | combination - answer to question C3811910 76 | Heart failure C0018801 116 | Obesity C0028754 156 | Viral Load result C0376705
37 | Common Cold C0009443 77 | High risk of C0332167 117 | Organ Transplantation C0029216 157 | Virus Diseases C0042769
38 | Communicable Diseases C0009450 78 | Human Immunodefic. Vir. Meas. |C5202935 118 | oxygen C0030054 158 | Worse C1457868
39 | Community Transmission C5392207 79 | hydrocortisone C0020268| 119 | Oxygen Therapy Care C0184633|

40 | Complication C0009566 80 | hydroxychloroquine C0020336| 120 | Patient in hospital C0701159|

Sentinel Initiative
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Feature Engineering Example:

High-severity COVID-19 disease (red, N=51)

Automated (NLP)

# CONCEPT Cul # CONCEPT CuUl # CONCEPT CuUl # CONCEPT CUl

1 [ acetaminophen C0000970 41 | Coronary Arteriosclerosis C0010054 81 | Hypersensitivity C0020517] 121 | Pharyngitis C0031350
2 [ Adrenal Cortex Hormones C0001617 42 | Coughing C0010200| 82 | Hypertensive disease C0020538| 122 | Plain chest X-ray C0039985
3 |air C3536832 43 | COVID19 (disease) C5203670] 83 | Hypoxemia C0700292 123 | Plasma Product C4521445
4 | Anemia, Sickle Cell C0002895 44 | COVID-19 drug treatment C5244048| 84 | Hypoxia C0242184 124 | Pneumonia C0032285
5 | Angiotensin Il receptor antagonist [C0521942 45 | C-reactive protein C0006560| 85 | Immune System Finding C1291764 125 | Pneumonia, Viral C0032310
6 | animal allergen extracts C3540698 46 | Critical lliness C0010340 86 | Immunocompromised Host C0085393] 126 | Pressure- physical agent C0033095
7 | Anosmia C0003126 47 | Cystic Fibrosis C0010674 87 | Immunoglobulins C0021027] 127 | Pulmonary (intended site) C4522268
8 | Antibodies C0003241 48 | Death (finding) C1306577 88 | Improved - answer to question C4084203 128 | Quarantine C0034386
9 | Antibodies, Neutralizing C0475463 49 | Death Related to Adverse Event |C1705232 89 | Inflammation C0021368 129 | receptor C0597357
10 | Antibody studies (procedure) C0580327 50 | Decreased translucency C0029053 90 | Interferons C0021747 130 | Reduction procedure C1293152
11 [ Antibody Therapy C0281176 51 | Delta-Like Protein 1, human C3815527 91 | interleukin-6 C0021760 131 | remdesivir C4726677
12 | Antigens C0003320 52 | Device Alert Level - Serious C1551395 92 | Isolation procedure C0204727 132 | Respiration Disorders C0035204
13 [ Anti-Inflam. Agents, Non-Steroidal [C0003211 53 | Device Alert Level - Critical C1551396 93 | ivermectin C0022322 133 | Respiratory distress C0476273
14 | Antimicrobial Susceptibility Result [C2827758 54 | dexamethasone C0011777 94 | Lactate Dehydrogenase C0022917 134 | Respiratory Distress Synd., Adult  [C0035222
15 | Antiviral Agents C0003451 55 | Diabetes Mellitus C0011849 95 | lopinavir / ritonavir C0939237 135 | Respiratory Failure C1145670
16 | Arthralgia C0003862 56 | Diabetes Mell., Non-Ins-Depend. |C0011860 96 | Loss of taste or smell C5382033 136 | Respiratory System Finding C0425442
17 | Asymptomatic (finding) C0231221 57 | Diagnostic Imaging C0011923 97 | Lung consolidation C0521530 137 | Rhinorrhea C1260880
18 | At home C4534363 58 | Diarrhea and vomiting, symptom [C0474496 98 | Lung diseases C0024115 138 | RNA, Messenger C0035696
19 | baricitinib C4044947 59 | Diffuse Optical Imaging C3899379 99 | Lymphopenia C0024312 139 | Self-Quarantine C5392942
20 | Blood Clot C0302148 60 | Down Syndrome C0013080 100 | M Protein, multiple myeloma C0700271 140 | Septic Shock C0036983
21 | Blood coagulation tests C0005790 61 | Dyspnea C0013404 101 | Malaise C0231218 141 | Severe (severity modifier) C0205082
22 | Body mass index procedure C0005893 62 | Emergency Situation C0013956 102 | Mechanical ventilation C0199470 142 | Severe Acute Resp. Syndrome C1175175
23 | Brain Diseases C0006111 63 | Environmental air flow C0042491 103 [ Mechanical Ventilator C0042497 143 | Severe disease C4740692
24 | Bronchoalveolar Lavage C1535502 64 | Extracorp. Membrane Oxygen. [C0015357 104 | methylprednisolone C0025815 144 | Shock C0036974
25 | Cardiac Arrhythmia C0003811 65 | Fatigue C0015672 105 | Mild Adverse Event C1513302 145 | Signs and Symptoms, Respiratory [{C0037090
26 | Cardiomyopathies C0878544 66 | Ferritin C0015879 106 | Monoclonal Antibodies C0003250 146 | Sneezing C0037383
27 | Cerebrovascular accident C0038454 67 | Fever C0015967 107 | Mucocutan. Lymph Node Synd. |C0026691 147 | Steroids C0038317
28 | Chemical Association C0596306 68 | Fever symptoms (finding) C0424755 108 | Multiple Organ Failure C0026766 148 | Supplemental oxygen C4534306
29 [ Chest CT C0202823 69 | Fibrin fragment D C0060323 109 | Muscle Fatigue C0242979 149 | Symptom mild C0436343
30 | Chest Pain C0008031 70 | Functional disorder C0277785 110 | Muscle strain C0080194 150 | Symptom severe C0436345
31 | Chills C0085593 71 | Gastrointestinal System Finding |C1333803 111 | Myalgia C0231528 151 | Symptomatic Presentation C5238876
32 | chloroquine C0008269 72 | Glucocorticoids C0017710 112 [ Myocarditis C0027059 152 | Thromboembolism C0040038
33 | Chronic Kidney Diseases C1561643 73 | Has difficulty doing (qualifier) C1299586 113 [ Nausea or vomiting C3843946 153 | Thrombus C0087086
34 | Chronic Obstructive Airway Disease |C0024117 74 | Headache C0018681 114 [ Noninvasive Ventilation C1997883 154 | Tissue damage C0010957
35 | Chronic obstructive pulm. disease | C3714496 75 | Heart Diseases C0018799 115 | Nucleic Acid Amplification Tests |[C0200932 155 | tocilizumab C1609165
36 | combination - answer to question C3811910 76 | Heart failure C0018801 116 | Obesity C0028754 156 | Viral Load result C0376705
37 | Common Cold C0009443 77 | High risk of C0332167 117 | Organ Transplantation C0029216 157 | Virus Diseases C0042769
38 | Communicable Diseases C0009450 78 | Human Immunodefic. Vir. Meas. |C5202935 118 | oxygen C0030054 158 | Worse C1457868
39 | Community Transmission C5392207 79 | hydrocortisone C0020268| 119 | Oxygen Therapy Care C0184633|

40 | Complication C0009566 80 | hydroxychloroquine C0020336| 120 Patient in hospital C0701159|
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Feature Engineering: Best Practices, Future Work

Goal: Measure things that help distinguish true cases from non-cases

Challenge: Manual approaches are time/expert-intensive, operator-dependent,
« Wasted effort if based on idiosyncratic local data, don’t improve model performance

Best practices:
« Feature engineering is enhanced by domain knowledge

« Engineer many features to capture information that may help distinguish cases from non-
cases

« Use manual curation sparingly (for known, high-value features)
- Engineer for generalizability across settings
« If tailoring is needed, design for easy tailoring

Future work:

« Automated engineering approaches (at least as a starting point?)

Sentinel Initiative [ 31
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Model Development

 Goal: construct a useful prediction model
 Challenges:

e Clinical complexity and data complexity of many
phenotypes

* Model training requires (expensive) gold-
standard data

 Best practices:
* Incorporate domain knowledge

 Apply outcome blind dimension reduction
without sacrificing predictive power

* Consider diverse combinations of dimension
reduction strategies & algorithms

Image courtesy of Susan Gruber

Structured Data in Sentinel COM + labs  EHR Text-based (NLP) covariates

1. Collect

id, age, sex, dx1, dx2, rx1, ...

Data

(n observations)

2. Prescreen
Covariates

id, symptom1, symptom2, ...

(n observations)

3. Develop
Model

4. Obtain
Predictions,
Classifications

0.92 CASE
0.01 CONTROL

0.84 CASE

T

N ¢

2

!

0.97 CASE
0.02 CONTROL
0.63 _, CONTROL
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Model Development

 Consider diverse combinations of dimension reduction

Algorithms

strategies & algorithms

Dimension

reduction

1 Retain All
2 PAM
3 LASSO

> X <

~

1

oo N o o B~ O w DN

GLM

Elastic net
XGBoost v
XGBoost v2
BART v1
BART v2
Neural net v1

Neural net v2

~N

Combinations

~

FA-BH-H-BE B BN

—
O

NN
B ©

N
N

4
NN
A~ W

GLM-Retain-All
GLM-PAM
GLM-LASSO
Elastic-net-Retain-All
Elastic-net-PAM
Elastic-net-LASSO
XGBoost-v1-Retain-All
XGBoost-v1-PAM
XGBoost-v1-LASSO
XGBoost-v2-Retain-All
XGBoost-v2-PAM
XGBoost-v2-LASSO
BART-v1-Retain-All
BART-v1-PAM
BART-v1-LASSO
BART-v2-Retain-All
BART-v2-PAM
BART-v2-LASSO

Neural-net-v1-Retain-
All

Neural-net-v1-PAM
Neural-net-v1-LASSO

Neural-net-v2-Retain-
All

Neural-net-v2-PAM
Neural-net-v2-LASSO

~

25

Super

Learner

A weighted
combination
of the other
24
combinations
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Model Development

Challenges:

e Clinical complexity and data complexity of many

phenotypes

« Model training requires (expensive) gold-standard data

Best practices:
* Incorporate domain knowledge

» Apply outcome blind dimension reduction without

sacrificing predictive power

e Consider diverse combinations of dimension reduction

strategies & algorithms

=) . Use V-fold cross-validation to make use of all the data

e Future work:

» How to incorporate silver standard surrogate outcome

labels in model training?

Image courtesy of Susan Gruber

Goal: construct a useful prediction model

Structured Data in Sentinel COM + labs  EHR Text-based (NLP) covariates

1. Collect id, age, sex, dx1, dx2, rx1, ...

Data

(n observations)

2. Prescreen
Covariates

id, symptom1, symptom?2, ...

(n observations)

3. Develop
Model

4. Obtain
Predictions,
Classifications

0.92 CASE
0.01 CONTROL

0.84 CASE

T
!

D VR

2

|

0.97 CASE
0.02 CONTROL
0.63 _, CONTROL
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Model Evaluation and Reporting

. Predicting A hylaxi
 Goal: Understand model performance in unseen redicting Anaphylaxis

data

1.0

.....

-

 Challenges: S

 Evaluation requires (expensive) gold-standard
outcome data

« Bias and variance of causal effect estimates
depend on model sensitivity and PPV

0.6

True positive rate

0.4

 Best practices: »
 Consider many performance metrics A

 Use cross-validated performance metrics
relevant to use case

0.2
|

Modeling Approach (cv—AUC)
a) Machine learning, structured & NLP (0.710)

b) Traditional regression, structured & NLP (0.660)
¢) Machine learning, structured only (0.619)

 For FDA safety study outcomes, choosing a cut i structu
pOiIlt Of predicted probablllty to define case | | d) Trlad|tlona| regrefaon. structure;d only (‘0.584)1
status should be informed by sensitivity and 0.0 02 04 06 08 1.0

PPV at alternative cut points False positive rate
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Model Evaluation: Acute Pancreatitis

8 PPV
o :
o _ NPV
©
&
g ]
R Quantile = 0.39
PPV = 0.90
Sens = 0.91
o -

5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95

. . Quantile Cutpoint .
Cross-validated performance metrics for a best-fitting model using structured data

and NLP-derived data, KPNW, BART2 with LASSO dimension reduction.

Sentinel Initiative | 38



B9ril 14,2023

Model Evaluation: Anaphylaxis, External Site

» Comparable
PPV

* 7% drop in
sensitivity at
external site

—

—

o
27 L  Optimal cut-point for Specificity ..----
2  defining actual cases =
&= i D-eeet 2_-__%___-2"
B R 4 B S ?
T 2
-4
5 c2eg r
2
= e e
o | v 2 Sensitivity 2.
« 2.
2" 1:KPWA data =
2:KPNW data '

=0

2.

0

10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95

Quantile Cutpoint

Anaphylaxis model performance in 1) internal KPWA data and

2) external KPNW data at quantiles of predicted risk (BART2, retain-all)
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mm) - Caution: Narrowly focusing on high PPV may

Model Evaluation and Reporting

Predicting Anaphylaxis

» Goal: Understand model performance in unseen data

1.0

« Challenges:

 Evaluation requires (expensive) gold-standard T ~—:.-._~---"-“" '
outcome data R

« Bias and variance of causal effect estimates depend
on model

sensitivity and PPV
» Best practices:
» Consider many performance metrics

 Use cross-validated performance metrics relevant to
use case

0.8
|

0.6

True positive rate

0.4

» For FDA safety study outcomes, choosing a cut point oo .
of predicted probability to define case status should
be informed by
sensitivity and PPV at alternative cut points

Modeling Approach (cv—AUC)
a) Machine learning, structured & NLP (0.710)

b) Traditional regression, structured & NLP (0.660)
¢) Machine learning, structured only (0.619)

. . e d) Traditional regression, structured only (0.584)
undermine power to detect non-null associations | | | | | |

* Final algorithm choice guided by downstream 0.0 02 0.4 06 0.8 1.0
performance, transportability, and generalizability False positive rate

Image courtesy of Susan Gruber Sentinel Initiative
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Model Evaluation: Selecting a Final Model

Candidate models

considered
¢ Types of data included
¢ Covariate selection
methods
¢ Alternative algorithms

Model 1 N

Model 2

)
)
)
)
)
)
)
)
)
)
)
)
)
)
)
)

(oo aaAnmAAAAn)

Model N ]/

Does the model

perform well?
« AUC?
« PPV?
* Sensitivity?

[ )

( J

_.
J

(o o
o

Is the model easily

transported?
* Data availability?

¢ Easily implemented?

* Features need tailoring?
e Parsimony?

generalizable?
* In other institutions?
* In other time periods?
* In other patient cohorts?

Is the mode’s
performance

[ N O

\

( )

N AN

'

[ Select a final model }
( |

Figure 2. Selecting a final model based on considerations of model
performance, model transportability, and model generalizability.
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Model Evaluation and Reporting

* Goal: Understand model performance in unseen data
* Challenges:
» Evaluation requires (expensive) gold-standard
outcome data
* Bias and variance of causal effect estimates depend
on model
sensitivity and PPV
* Best practices:
» Consider many performance metrics
 Use cross-validated performance metrics relevant to
use case

» For FDA safety study outcomes, choosing a cut point
of predicted probability to define case status should
be informed by
sensitivity and PPV at alternative cut points

 Caution: Narrowly focusing on high PPV may
undermine power to detect non-null associations

* Final algorithm choice guided by downstream
performance, transportability, and generalizability

Image courtesy of Susan Gruber

Predicting Anaphylaxis

1.0

0.8
|

Future work:

« Can bias in effect estimation be reduced by defining outcomes as
predicted probabilities of being a case (vs. binary case/non-case)?

* When can models be re-used in novel settings without re-
evaluation?

N

= Modeling Approach (cv—AUC)
a) Machine learning, structured & NLP (0.710)
b) Traditional regression, structured & NLP (0.660)
¢) Machine learning, structured only (0.619)

2 - d) Traditional regression, structured only (0.584)

[ I I I I |
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate
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Implications and Next Steps
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Implications and Next Steps

« NLP and machine learning have been shown to improve
phenotype algorithm performance, but ...

» “General framework” principles and best practices
should be considered to further enhance:

Efficient (“scalable”) development
Reusability of tools and methods
Generalizability to other settings

« Future methods-development work should consider:

NLP-assisted chart review

Strategic sampling of gold standard observations
Automated feature engineering approaches
Incorporating silver labels during model training

Motivation

* Goal: improve safety surveillance using observational data

* Active Risk Identification and Analysis (ARIA) system:

. Electronic claims data

'
® Parameterized, re-usable tools and computable algorithms

Probabilistic case definitions to reduce bias in effect estimation
When models be re-used in novel settings without re-evaluation

Sentinel Initiative
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Sentinel-

Thank You

Contact: david.s.carrell@kp.org
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Model Development: Approach

Structured Data in Sentinel CDM + labs  EHR Text-based (NLP) covariates

1. Collect id, age, sex, dx1, dx2, rx1, ... id, symptom1, symptom2, ...
Data . .
° [ ]
(n observations) (n observations)

2. Prescreen I l

Covariates TP
3. Develop What’s in the
Model : box?

Z

4. Obtain l

Predictions,

Classifications 00 CONTROL 0.02 CONTROL

0.84 CASE 0.63 CONTROL

!
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What’s in the box?

Model Development: Approach

» Logistic regression

» Elastic net

» Bayesian Additive Regression Trees
* Neural network

* Boosted Trees

Bo + B, *
0 Bl age+32*/CD10+.

\

Boosted Regression Tree is a hierarchical and supervised machine learning method
that combines weak learners (binary splits) to strong prediction rules
that allow a flexible partition of the feature space.

Super Learner
(a weighted combination)

X
r}‘{\‘;‘g

e
¥ ERR ‘,
\“'// ‘ output layer

hidden layer 1  hidden layer 2

X

input layer

(80

Xs<C/ "~ Xs=cC

@ Om « | M
X;<d’ " x;2d M| K2
] oy d X
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Model Evaluation: Anaphylaxis

« All 25 models,
structured data <
(only)

Performance

differences revealed in
one table

« All 25 models,
structured and NLP <
data

Table 2. Cross-validated weighted! AUC (cv-AUC) for KPWA algorithms

predicting anaphylaxis case status based on A) structured data features and

B) structured data and NLP features.

Feature set:

Covariate selection strategy

Algorithm LASSO PAM Retain All
A. Structured data features:
Logistic Regression? 0.584 0.584 0.564
Elastic Net 0.587 0.573 0.606
GBM 1 0.578 0.573 0.581
GBM 2 0.570 0.601
BART 1 0.560 0.594
BART 2 0.574 0.593
NNET 1 0.582 0.575
NNET 2 0.531 0.567

Super Learner?

0.581 (all strategies combined)

B. Structured data featu

res and all NLP features:

Logistic Regression 0.644 0.660 0.486
Elastic Net 0.664 0.650 0.649
GBM 1 0.604 0.610 0.677
GBM 2 0.604 0.621
BART 1 0.700 0.655
BART 2 0.652
NNET 1 Q 0.617
NNET 2 0.633 0.653

Super Learner®

0.688 (all strategies combined)

Sentinel Initiative
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Model Evaluation: Anaphylaxis KPWA

o —
w —
o
o ©
w o
« AUC plots reveal |3 -
where 2 s |
performance is '
improved i
o~ _' r )
© -5 -F;' | Modeling Approach (CVfAUC)
. H b) Traditional regression, structured & NLP (0.660)
A 1 ¢) Machine learning, structured only (0.619)
o = d) Traditional rearession. structured on 0. 584
p= d) Traditional regression, structured only (0.58
I T T T || 1
0.0 02 04 06 08 1.0
False positive rate

Best of 25:  a) Machine learning applied to structured and NLP data (0.710)
b) Traditional logistic regression applied to structured and NLP data (0.660)
c) Machine learning applied to structured data (0.619)
d) Traditional logistic regression applied to structured data (0.584)
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Model Evaluation: Anaphylaxis KPWA

| o | Struct+NLP: BART2-Lasso

* Error bars
show overlap | 0.70

across models | e—— Struct+NLP: BART2-RetainAll
0.62
| ® | StructOnly: NNET1-Lasso
I l l l l I
0.5 0.6 0.7 0.8 0.9 1.0

Cross-validated AUC
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Model Evaluation: External Validation

« AUC plots reveal
change in
performance at
external site
(KPNW)

Best anaphylaxis model developed using only KPWA data implemented

True positive rate

10

08

06

04

0.2

00

.--' KPNW data
' (cv=AUC =0.673)

BART2-Retain All Model
constructed using KPWA data

0.0

02

T T T
04 06 08

False positive rate

1.0

and evaluated externally using KPNW data
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Model Development: Challenges

Access to EHR is a mixed blessing. With high-dimensional data the
relevant information is within reach but responding to the signal
produced by key data elements remains a challenge.

. The quantity of gold standard data available for training limits the
complexity of the machine learning algorithms that can -be applied
to model development.

« High clinical complexity suggests feature-outcome associations
are not straightforward; larger gold standard datasets may be
needed.

. When there is heterogeneity in the predictor-outcome associations
within sub-populations larger amounts of training data are
required. Even when overall performance is acceptable,
performance in a minority sub-population may be poor.

Sentinel Initiative
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Outline

Background
1. FDA Sentinel’s data assets to generate real-world evidence
2. FDA Sentinel’s privacy-preserving distributed network
3. The Sentinel DATA harmonization project

* Methods
1. Compare coding patterns between Kaiser Permanente Washington (KPWA) and Kaiser Permanente Northwest
(KPNW)
2. Automated code mapping between Kaiser Permanente Washington (KPWA) and Kaiser Permanente Northwest
(KPNW)
» Results

1. Study population, study period, and summary of coding
2. Group- and code-level differences
3. The “cataract” ICD-10 group
4. Mapping of ICD-10 codes in the “cataract” group
Validation
Conclusion
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Background: Sentinel’'s Data Assets to Generate Real-World
Evidence

Data Assets Real-World Evidence

_ . Sentinel Distributed Database @\ Safety sianal detecti
Pr'vzgt'r?;ﬁz;vmg 5 S < Curated data covering atety signal detection
1.09 billion person-years of
network diagnosis and treatment information
t; Post-marketing safety
Medical records o Patients
;’T- Comparative effectiveness
Enhanced Access Outreach*
capabilities
% External registries o Providers {+ Embedded pragmatic trials

1.09 billion person-years of data from 17 data partners:
» 20.2 billion unique medical encounters
* 19.7 billion pharmacy dispensings
* 66.6 million members with at least one laboratory test result

Adimadhyam S, Barreto EF, Cocoros NM, Toh S, Brown JS, Maro JC, Corrigan-Curay J, Dal Pan GJ, Ball R, Martin D, Nguyen M. Leveraging the capabilities of the FDA's
sentinel system to improve kidney care. Journal of the American Society of Nephrology. 2020 Nov 1;31(11):2506-16. Sentinel Initiative | 58



Background: Sentinel’s Privacy-Preserving Distributed
Network

Data Partners (DPs) hold data
in Common Data Model Format

Enrollment

Demographic

Encounter

Dispensing

Diagnosis

Procedure

Laboratory Tests

Vital Signs

Prescribing

U.S. Food and Drug Administration (FDA)

( Study Design )

.

I
@gregated Result9
|

Sentinel Operations Center (SOC)

@)

= Secure Data Transfer

Queries Distributed to each

applicable Data Partner (DP)

DP1

DP 2

DP 3

DP 4

Query Results Reviewed and
Returned to SOC after all
Direct Identifiers are Removed

DP 5 DP “N”
T BmEE
mmEm [S[=tat]
amEm ST
ST ST
mmEn D) amEn
amEn T L]
EEEm mEE
mmEm HEEE

Sentinel Initiative

FDA Sentinel (2022). How Sentinel Works: The Sentinel Common Data Model and Sentinel Distributed Database. https://www.sentinelinitiative.org/about/how-sentinel-

aets-its-data



Background: A Motivating Example

Common Data Model

\ 4

786.05:
< I ETTYrE——— L i I

shortness of breath

786.09: dyspnea and
respiratory abnormality

Phenotyping Algorithm
Or Causal Inference

Anaphylaxis

d 5

Transport

Sentinel Common Data Model unifies the “vocabulary” but not the “dialect” of medical coding

Sentinel Initiative
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Background: The Sentinel DATA Harmonization Project

Describe (Aim 1-2): Align (Aim 3):
Heterogeneous What is the distribution Is ICD-9 786.09 (dyspnea) at
Data Partners ™ of medical codes used g KPWA coded as 786.05

at KPWA and KPNW? (shortness of breath) at KPNW?

Apply: Transport (future work):
- How to harmonize data How to transfer a phenotyping

< <
Interoperability and share knowledge algorithm trained at KPWA to
across all data partners? identify outcomes at KPNW?

Case study with two Sentinel Data Partners:
Kaiser Permanente Washington (KPWA) and Kaiser Permanente Northwest (KPNW)
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Aim 1: Compare Coding Patterns Between KPWA & KPNW

i el ¢ Burden test . ‘. <
5 — X  SKAT .
¢ - - Significance level for codewise tests r
Significance level for groupwise tests ¢ o
Code-wise and * ¥
° o ~— < ® ° [ ] [
group-wise testing: & 107 L °
2 . R S
n o ¢
Medical codes Genetic variants 5 | o o ; -
. . P e et . ® -
1n a group ‘ ' INATEZION | | e oo s o K S -
8 e $ ¢ 4
° < o 3 o o X X e o
ol W Lestrtyl it ieses i BER T
Code-level: Two sample T-test < 5 T S 5 X
Group-level: SKAT (Sequence Kernel @Q@ o\o(s\ é\d\*Q@(bZ(\Q’Z@QQ@&g(b((\/ﬁ./*?tf*i@(@eoﬁ&i&@@°®§°®®§7J®b\a\®%o°i\>(\.\&® ,@Q’Q,;}\O&c’}‘oo
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X o FANOATATAT 2 Qe O O .0 S oY
!&ssoaatlon Test) & Burden test / (@0‘3@@‘0 \;50 %0”20’02‘00 Q}C@e&e&\(\fo&\(@o@\ 00(\0*@ & O\oQo@ S GQ’QQ & \\}\&\Q&}‘ 6\@ (\coo Q}\Q\
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& S AR N S L P AP OUE D P S
I & & OO (@ ELFLRNE L RIEEC S S 2@ 0 (O
> O A S L TR R RSN E (PO o PO
@) PN @7 o R L0 3O & F R
) \%\3\\ Q\O?%q,go\ok 6\0 \OQ ‘bQ\QQ}&‘(\@ O \5\00600 b\(bo')(\b qo \\\;b %\
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Aim 1 Methods: Privacy-Preserving Code/Group-Level Tests

Derive summary data needed for T-test, SKAT, and Burden adjusting for covariates
X_ij is the number of times that patient i got code j recorded in the specified year

Site Year Gender Age # of > 1(X;; > 0) > Xij Z-(ij)2 Zz’ 1(X111Xi./" > O)T Z/ X/’./'X;j"
group patients ‘ ~ Lo : -

0 2012 E 1 6000 173 562 14576 43 82

0 2012 F 2 3000

0 2013 F 1

0 2012 F 2

0 2012 M 1

0 2012 M 2

0 2013 M 1

0 2013 M 2

1 2012 F 1

Manuscript on privacy-preserving tests in preparation Sentinel Initiative | 64



Aim 1 Methods: Privacy-Preserving Code/Group-Level Tests

Validation results (real medical records are used in the experiments below)

p-value (summary data)

08 10

06

04

0.2

0.0

T-test for 1023 codes

0.0

I
0.2

T T
0.4 06

p-value (full data)

|
0.8

T
1.0

p-value (summary data)

04

0.2

0.0

SKAT test for 30 code groups

O

T | T
02 03 04

p-value (full data)

1
0.5

p-value (summary data)

06 08

04

0.2

0.0

Burden test for 30 code groups

o

o]

p-value (full data)
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Aim 2: Automated Code Mapping Between KPWA & KPNW

Veterans Health Administration

~

Partners HealthCare ’
Abnormal chest sounds 786.7 e ©786.7 Abnormal chest sounds
Painful respiration 786.52 e~ 786.52 Painful respiration
Cough 786.2e~-9786.2 Cough
\ respialony 4BR0ca 3 786.09¢, |\ #786.00 2SI AYSPOBA ARG ity

Wheezing 786.07 ¢

~

Shi X, Li X, Cai T. Spherical regress
2:116(536):1953-64.

~—0786.07 Wheezing
Shortness of breath 786.05 e
&Tracheostomy complications 519.0e

\
e 786.05|Shortness of breathl

¢519.0 Tracheostomy complicationsJ

ion under mismatch corruption with application to automated knowledge translation. Journal of the American Statistical Association. 2021 Oct



Aim 2 Methods: Automated Code Mapping with Embeddings

Step 0: data preparation
p extract all codes, group up all rare codes (frequency <10)

within each KP site, compute code co-occurrences followed
F by dimension reduction to generate code embeddings

Step 2: space alignment
F align two embedding spaces so we can measure distance

Step 3: code mapping

for a source code, find nearest neighbor(s) among target codes
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Aim 2 Methods: Automated Code Mapping with Embeddings

PX

within each KP site, compute code co-occurrences followed
F by dimension reduction to generate code embeddings

R



Aim 2 Methods: Code Embedding, Param Tuning, and Cosine

Similarity

. ;t bin 1 1 Pointwise Mutual Concept Embeddings from
—FEE El'} Information Matrix Singular Value Decomposition
ﬂ =EF / Pt bin 2 r r......1

Q

Patient Timeline Bins Tk » W

"@Ptéinn- BEEE BB
T TTT T T » L Co-occurrence Count )

Parameter Tuning;: Parameter Tuning;:

Selected time window = 1 day selected embedding dimension = 50

| 250.00 (Diabetes mellitus) T 250.00 (Diabetes mellitus)
405.99 (Hypertension) 405.99 (Hypertension)

[
»

cosine(250.00, unrelated code) = 0.1

v

Unrelated code Unrelated code

Manuscript on parameter tuning and validation for code embeddings in preparation

Cosine similarity ranges between [-1, 1]
Cosinel(250.00, 406.99) = 0.9 <+—— Higher cosine = closer in embedding space = two codes
are more related
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Aim 2 Methods: Automated Code Mapping with Embeddings

FK

Step 2: space alignment
F align two embedding spaces so we can measure distance

Step 3: code mapping

for a source code, find nearest neighbor(s) among target codes
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Aim 2 Methods: Automated Code Mapping with Embeddings

_ PADS Method Main Method — RADS RARS Method

Step 0 & 1 Data preparation & Code embedding

St‘ep 2: space Projection-based Alignment: Rotation-based Alignment: spherical regression to

allgnment linear regression to project the —— b dd‘-’ f t t th

(use all codes) embeddings from one system to another JOUEtE R IC S S G IS SUUSHBORE Sy St IO |
Find the largest Regression-

Step 3: code mapping Find the largest Directional-Similarities Similarities (adjusted

(within code group) (unadjusted association between a pair of codes) association between a

pair of codes)
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RADS VS RARS: “Unadjusted” VS “Adjusted” Association

* Y and X are the (row-normalized) code embeddings (after space alignment) for System 1 and
2, respectively

« Mapping from System 1 (¥) to System 2 (X)
« RADS: directional similarity — YX*
« RARS: regression similarity — YX7 (XX7)!
 RADS vs RARS - “unadjusted” vs “adjusted”
« Note: use YXT(XXT + AI)~1in the finalized RARS method

Sentinel Initiative



Main Method: Rotation-based Alignment and Directional
Similarity

Step 0: data preparation
p extract all codes, group up all rare codes (frequency <10)

within each KP site, compute code co-occurrences followed
by dimension reduction to generate code embeddings

Step 2: space alignment
Rotation-based Alignment of all codes

Step 3: code mapping

for a source code, find nearest neighbor(s) among target codes;
“nearest” defined by largest Directional Similarity
1. calculate the cosine-similarity matrix and then update the
matrix by incorporating code frequency
2. cross-validated thresholding and additionally mark top 1-2
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Main Method: Incorporate Code Frequency to Improve
Mapping Matrix
« Idea: Fine tune the estimated mapping matrix IT such that it matches code marginal frequency between sites

» T'=argminy_ryr1 -1 ||H—T ||F , where Y and X are code frequencies in the two sites

Y X
CODE____Description
E08.36 Diabetes mellitus due to underlying condition with diabetic cataract 23 0
E10.36 Type 1 diabetes mellitus with diabetic cataract 92 1417
E11.36 Type 2 diabetes mellitus with diabetic cataract 2996
H26.40 Unspecified secondary cataract 1144
H26.411 Soemmering's ring, right eye
H26.491 Other secondary cataract, right eye 771
H26.492 Other secondary cataract, left eye
H26.493 Other secondary cataract, The ‘cataract’ ICD-10 group (18 codes)bilateral
H26.499 Other secondary cataract, unspecified eye
H26.8 Other specified cataract
H26.9 Unspecified cataract
H59.021 Cataract (lens) fragments in eye following cataract surgery, right eye
H59.022 Cataract (lens) fragments in eye following cataract surgery, left eye
H59.029 Cataract (lens) fragments in eye following cataract surgery, unspecified eye
796.1 Presence of intraocular lens
298.41 Cataract extraction status, right eye
798.42 Cataract extraction status, left eye
798.49 Cataract extraction status, unspecified eye Sentinel Initiative I 74
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Results: Study Population

Study population

Continuously enrolled KPWA and KPNW members aged 50+ with any diabetes
*10-15% of population has diabetes

Study period

2011-Jan-01 to 2020-Dec-31.
* 10 years spanning the ICD-9 and ICD-10 era

The total number of unique codes is 65935, including
11950 ICD-9 codes, 36538 ICD-10 codes, 7749 CPT codes

# patients # Total code #1CD-9 #1CD-10 # CPT endorsements | # unique codes
endorsements endorsements endorsements

KPWA 87,178 57,938,353 9,381,687 17,223,847 20,290,686 53,004
KPNW 71,535 55,876,254 7,427,793 14,847,178 19,188,234 49,761

Endorsement refers to the documentation of an event via medical codes. Sentinel Initiative '



Results: Study Population
_ KPWA___KPNW __TTotal

(N=74475)
AGE
Mean (SD) 62.8 (9.95)

Median [Min, Max] 61.0[49.0, 102]

SEX
Male 37844 (50.8%)
Female 36631 (49.2%)
INSULIN
No 57291 (76.9%)
Yes 17184 (23.1%)
COMORBIDITY
Mean (SD) 3.59 (2.34)

Median [Min, Max] 3.00 [0, 19.0]

Missing 339 (0.5%)

(N=64231)

62.8 (9.91)
62.0 [49.0, 102]

32770 (51.0%)
31461 (49.0%)

52024 (81.0%)
12207 (19.0%)

3.52 (2.28)
3.00[0, 17.0]
36 (0.1%)

(N=138706)

62.8 (9.93)
62.0 [49.0, 102]

70614 (50.9%)
68092 (49.1%)

109315 (78.8%)
29391 (21.2%)

3.56 (2.31)
3.00 [0, 19.0]
375 (0.3%)

HbA1C values are not available at KPWA if paneled at contracted clinics

___________ KPWA____KPNW ___Total

Unknown
American Indian or Alaska
Native

Asian

Black or African American
Native Hawaiian or Other
Pacific Islander

White
HbA1c
Mean (SD)

Median [Min, Max]
Missing
HOSP COUNT

Mean (SD)
Median [Min, Max]

20570 (27.6%)

1300 (1.7%)
5776 (7.8%)
3328 (4.5%)

773 (1.0%)

42728 (57.4%)

7.22 (1.51)
6.80 [3.90, 18.6]

31151 (41.8%)

0.190 (0.598)
010, 13.0]

4168 (6.5%)

925 (1.4%)
3661 (5.7%)
2495 (3.9%)

855 (1.3%)

52127 (81.2%)

7.17 (1.43)
6.70[4.30, 18.0]

2916 (4.5%)

0.198 (0.622)
0[O, 15.0]

24738 (17.8%)

2225 (1.6%)
9437 (6.8%)
5823 (4.2%)

1628 (1.2%)

94855 (68.4%)

7.19 (1.46)
6.80 [3.90, 18.6]

34067 (24.6%)

0.194 (0.609)
010, 15.0]

Sentinel Initiative |



Results: Group-Level Differences Between KPWA & KPNW

Findings from group-level comparisons:

*  33% (828 out of 2523) code groups have meaningful
differences between sites

* Considerable number of code groups with large
magnitude of differences

* 119 groups (4.7%) with freq ratio > 5
* 10 groups (0.4%) with freq ratio < 1/5

CODE_TYPE

0 &
more usage in KPNW

1e-300

1e-200

p—Value

1e-100

®.
Bonferroni corrected "

ICD-09 e ICD-10 CPT

o0O@® oo e o o

more usage in KPWA

3]
@
@
6]
@ (&)
8 D
e
®
% [E] e
w7 L "
‘gg ®
N ¢ v ~
-

25 5.0

0.0 ;
frequency ratio between KPWA and KPNW (log 2)
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Results: Code-Level Differences Between KPWA & KPNW

CODE_TYPE_cbnd ¢ ICD-09 e ICD-10 e CPT else

O

o @1
Findings from code-level comparisons:

* 13% (8348 out of 65935) codes have meaningful
differences between sites

more usage in KPNW | more usage in KPWA

1e-300

* Considerable number of codes with large
magnitude of differences

* 4086 codes (6.2%) with freq ratio > 5
» 2744 codes (4.2%) with freq ratio < 1/5

1e-200

p—Value

«  KPNW has many local codes

1e-100

frequency ratio between KPWA and KPNW (log 2)
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Results: Comparison of Coding Between Years (ICD-10 Codes)

Sentinel conducts routine data quality check with a lot of manual efforts.
It is challenging to identify all abnormal changes in coding manually.

2019 vs 2020

2018 vs 2019

2017 vs 2018

2016 vs 2017

SKAT

39 out of 1151 code
groups (3.39%) have p-
values <0.05/1151

24 out of 1161 code
groups (2.07%) have p-
values <0.05/1161

23 out of 1161 code
groups (2.00%) have p-
values <0.05/1161

49 out of 1157 code
groups (4.24%) have p-
values <0.05/1157

Burden test

36 out of 1151 code
groups (3.13%) have p-
values <0.05/1151

11 out of 1161 code
groups (0.95%) have p-
values <0.05/1161

9 out of 1161 code groups
(0.78%) have p-values
<0.05/1161

21 out of 1157 code
groups (1.82%) have p-
values <0.05/1157

SKAT

48 out of 1114 code
groups (4.31%) have p-
values <0.05/1114

29 out of 1108 code
groups (2.62%) have p-
values <0.05/1108

30 out of 1116 code
groups (2.69%) have p-
values <0.05/1116

46 out of 1109 code
groups (4.15%) have p-
values <0.05/1109

Burden test

40 out of 1114 code
groups (3.59%) have p-
values <0.05/1114

22 out of 1108 code
groups (1.99%) have p-
values <0.05/1108

18 out of 1116 code
groups (1.61%) have p-
values <0.05/1116

21 out of 1109 code
groups (1.89%) have p-
values <0.05/1109

Sentinel Initiative



Results: The Most Significant Code Groups Based on SKAT

SKAT detects group-wise association even if within-group differences are of different directions

CODE TP frea KPWA | freq KPNW

ICD-9 216.1 Screening for malignant neoplasms of the skin 1408 7568 0.18 <1E-320
ICD-9 367.2 Astigmatism 23768 342 63.44 <1E-320
ICD-9 483 Acute bronchitis and bronchiolitis 10633 1297 7.65 <1E-320
ICD-10 208 Benign neoplasm of colon 76167 27101 2.64 <1E-320
ICD-10 216 Benign neoplasm of skin 16027 5333 2.82 <1E-320
ICD-10 216.1 Screening for malignant neoplasms of the skin 144276 277531 0.49 <1E-320
ICD-10 365.1 Open-angle glaucoma 33140 19056 1.63 <1E-320
ICD-10 366 Cataract /5535 68658 1.03 <1E-320
ICD-10 366.2 Senile cataract 80753 52593 1.44 <1E-320
ICD-10 367.1 Myopia 23479 801 27.20 <1E-320
ICD-10 367.2 Astigmatism 46150 1505 28.62 <1E-320
ICD-10 367.8 Hypermetropia 24280 299 73.83 <1E-320
ICD-10 427.6 Premature beats 14820 2617 5.30 <1E-320
ICD-10 733 Other disorders of bone and cartilage 20008 4904 3.83 <1E-320
CPT 193 Diagnostic ultrasound of heart (echocardiogram) 78787 40053 1.85 <1E-320

CPT 197 Other diagnostic ultrasound 78220 43947 1.67 <1E-320

Sentinel Initiative



Results: Within the “Cataract” ICD-10 Group (18 Codes)

CODE____lpescription ____________________________freq KPWA _liea KPNW

E08.36
E10.36
E11.36
H26.40
H26.411
H26.491
H26.492
H26.493
H26.499
H26.8
H26.9
H59.021
H59.022
H59.029
296.1
298.41
798.42
798.49

Diabetes mellitus due to underlying condition with diabetic cataract

Type 1 diabetes mellitus with diabetic cataract 92 117 0.75
Type 2 diabetes mellitus with diabetic cataract 3065 2996 0.96
Unspecified secondary cataract 561 1144 0.46
Soemmering's ring, right eye 11 1 1.79
Other secondary cataract, right eye 3044 771 3.67
Other secondary cataract, left eye 3129 741 3.93
Other secondary cataract, The ‘cataract’ ICD-10 group (18 codes)bilateral 3952 636 5.76
Other secondary cataract, unspecified eye 70 0 7.51
Other specified cataract 526 1323 0.38
Unspecified cataract 16704 15786 0.99
Cataract (lens) fragments in eye following cataract surgery, right eye 47 14 2.23
Cataract (lens) fragments in eye following cataract surgery, left eye 78 10 4.13
Cataract (lens) fragments in eye following cataract surgery, unspecified eye 1 72 0.13
Presence of intraocular lens 35888 44526 0.76
Cataract extraction status, right eye 3950 199 17.79
Cataract extraction status, left eye 3723 195 17.1
Cataract extraction status, unspecified eye 622 112 4.87

6.12E-3
6.06E-2
5.88E-1
<1E-6
1.26E-1
<1E-6
<1E-6
<1E-6
<1E-6
<1E-6
8.53E-1
1.31E-1
1.03E-2
1.15E-6
<1E-6
<1E-6
<1E-6
<1E-6
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Recall: Rotation-based Alignment and Directional Similarity

PX

Step 0: data preparation
extract all codes, group up all rare codes (frequency <10)

within each KP site, compute code co-occurrences followed by
dimension reduction to generate code embeddings

Step 2: space alignment

Rotation-based Alignment of all codes

Step 3: code mapping

for a source code, find nearest neighbor(s) among target codes;
“nearest” defined by largest Directional Similarity
1. calculate the cosine-similarity matrix and then update the
matrix by incorporating code frequency
2. cross-validated thresholding and additionally mark top 1-2
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Results: Rotation-based Alignment and Directional Similarity

Step 0: data preparation
p extract all codes, group up all rare codes (frequency <10)

X S KeWAL KPW

Total number of 27 167 23,766
codes
ICD-9 6,400 5,545

ICD-10 14,537 11,142
‘ CPT 4,253 3,333
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Results: Rotation-based Alignment and Directional Similarity

Fl

Step 0: data preparation
extract all codes, group up all rare codes (frequency <10)

within each KP site, compute code co-occurrences followed by
dimension reduction to generate code embeddings

AUC" 0.805 0.796
Optimal time window 1 day 1 day
Optimal dimension 250 250

*Higher AUC indicates more agreement between code embedding-based
clustering and human curated grouping
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Results: Rotation-based Alignment and Directional Similarity

Step 0: data preparation
p extract all codes, group up all rare codes (frequency <10)

within each KP site, compute code co-occurrences followed by
dimension reduction to generate code embeddings

Step 2: space alignment

Mean (higher better) 0.046 0.270 0.336

-0.005 0.115 0.176
0.044 0.247 0.323
0.094 0.402 0.479

Quantiles (25™, median,
75th)
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Results: Rotation-based Alignment and Directional Similarity

PX

Step 0: data preparation
extract all codes, group up all rare codes (frequency <10)

within each KP site, compute code co-occurrences followed by
dimension reduction to generate code embeddings

Step 2: space alignment

Rotation-based Alignment of all codes

Step 3: code mapping

for a source code, find nearest neighbor(s) among target codes;
“nearest” defined by largest Directional Similarity
1. calculate the cosine-similarity matrix and then update the
matrix by incorporating code frequency
2. cross-validated thresholding and additionally mark top 1-2
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Results: Rotation-based Alignment and Directional Similarity

Step 0: data preparation
p extract all codes, group up all rare codes (frequency <10)

within each KP site, compute code co-occurrences followed by
dimension reduction to generate code embeddings

Step 2: space alignment

Rotation-based Alignment of all codes

Step 3: code mapping

Number of non-rare 17 15
codes (freq > 10)
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Results: Directional Similarity in the “Cataract” Group

17 codes
in KPWA

15 codes in KPNW

Diabetes mellitus due to underlying condition with diabetic cataract——E08.36
Soemmering's ring, right eye——H26.411

Other secondary cataract, unspecified eye——H26.499

Type 1 diabetes mellitus with diabetic cataract——E10.36

Type 2 diabetes mellitus with diabetic cataract——E11.36

Unspecified secondary cataract——H26.40

Other secondary cataract, right eye——H26.491

Other secondary cataract, left eye——H26.492

Other secondary cataract, bilateral-—-H26.493

Other specified cataract——H26.8

Unspecified cataract——-H26.9

Cataract (lens) fragments in eye following cataract surgery, right eye——H59.021
Cataract (lens) fragments in eye following cataract surgery, left eye——H59.022
Presence of intraocular lens—-Z796.1

Cataract extraction status, right eye—-798.41

Cataract extraction status, left eye—-Z798.42

Cataract extraction status, unspecified eye—-Z298.49

S % %
Q‘Lrb@fb‘b@@@@%q 6‘7’0'7’

950° Cb Q)‘b‘b‘b
LN P LELLEL L P F S

0.59
0.56

0.730.68 0.7 0.690.66
0.740.720.67 0.63 0.760.48

0.760.710.710.640.74

0.67 0.61 0.58 0.58 0.7 0.51

0.640.63 0.63 0.61 0.64

- 0.4

- 0.2

0.8

0.6
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Results: Directional Similarity After Incorporating Code

Frequency

RADS - cosine S|m|Iar|ty (after incorporating code

Diabetes mellitus due to underlying condition with diabetic cataract-—E08.36
Soemmering's ring, right eye—-H26.411

Other secondary cataract, unspecified eye——-H26.499

Type 1 diabetes mellitus with diabetic cataract—--E10.36

Type 2 diabetes mellitus with diabetic cataract--E11.36

Unspecified secondary cataract--H26.40

Other secondary cataract, right eye—-H26.491

Other secondary cataract, left eye——H26.492

Other secondary cataract, bilateral--H26.493

Other specified cataract--H26.8

Unspecified cataract—--H26.9

Cataract (lens) fragments in eye following cataract surgery, right eye—-H59.021
Cataract (lens) fragments in eye following cataract surgery, left eye—--H59.022
Presence of intraocular lens—-Z96.1

Cataract extraction status, right eye—-798.41

Cataract extraction status, left eye--798.42

Cataract extraction status, unspecified eye--298.49

O D
Q'Lfb@fb@@@@@%q&&\

D @
O ‘b‘b‘b‘b
S ELLLLELELELEFE S

0.8
0.6

- 0.4

- 0.2

RADS - cosine similarity

q&o%%b"p@@% O R P R
FLIFFLLFLLELE S
E08.36

H26.411 ik,

H26.499 [}

0.730.68 0.7 0.690.66
H26.491 0.740.720.670.63 0.76/0.48 m
H26.492 0.760.710.710.640.74

H26.493

H59.021 [i):):)

H59.022 [}
2961

298.41
298.42
Z98.49
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Results: Mapping from KPWA (Left) to KPNW (Right)

E08.36
H26411
H26 499

E10.36

El11.36

H26.40
H26 491
H26.492
H26 493

H26.8

H269
H59.021
H59.022

796.1

798 41

798 42

798 49

..x

@ —
@ S — [

\

@ = ®
. \.
@ @
®

pe
@ @
® ®
@

®
® @

® KPWA @ KPNW

H59.029
E10.36
E11.36
H26.40
H26.491
H26.492
H26.493
H26.8
H26.9
H59.021
H59.022
796.1
798 .41
798 42
798 .49
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Results: Mapping from KPWA (Left) to KPNW (Right)

Diabetes mellitus due to underlying condition with diabetic cataract Q\
Soemmering's ring, right eye =~ @=—

Other secondary cataract, unspecified eye @ ———@ Cataract (lens) fragments in eye following cataract surgery, unspecified eye
Cataract (lens) fragments in eye following cataract surgery, right eye @ = @ Cataract (lens) fragments in eye following cataract surgery, right eye
Cataract (lens) fragments in eye following cataract surgery, left eye @ — @ Cataract (lens) fragments in eye following cataract surgery, left eye
Type 1 diabetes mellitus with diabetic cataract @ \. Type 1 diabetes mellitus with diabetic cataract
Type 2 diabetes mellitus with diabetic cataract @ ® Type 2 diabetes mellitus with diabetic cataract

Unspecified secondary cataract

< /0 Unspecified secondary cataract
——
Other secondary cataract, right eye /// @® Other secondary cataract, right eye
o—

Other secondary cataract, left eye @®  Other secondary cataract, left eye

=~ @® Other secondary cataract, bilateral
ﬁ. Other specified cataract

Other secondary cataract, bilateral

Other specified cataract @
Unspecified cataract @ ®  Unspecified cataract
Presence of intraocular lens @ ®  Presence of intraocular lens
Cataract extraction status, right eye | @ Cataract extraction status, right eye
Cataract extraction status, left eye @ Cataract extraction status, left eye
Cataract extraction status, unspecified eye| @ @® Cataract extraction status, unspecified eye

® KPWA @ KPNW

Main method (RADS) with cross-validated threshold (0.13)
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Results: Mapping from KPWA (Left) to KPNW (Right)

Diabetes mellitus due to underlying condition with diabetic cataract \
Soemmering's ring, right eye =~ @=——

Other secondary cataract, unspecified eye Cataract (lens) fragments in eye following cataract surgery, unspecified eye
Cataract (lens) fragments in eye following cataract surgery, right eye — @ Cataract (lens) fragments in eye following cataract surgery, right eye
Cataract (lens) fragments in eye following cataract surgery, left eye @ @ Cataract (lens) fragments in eye following cataract surgery, left eye

Type 1 diabetes mellitus with diabetic cataract

Type 1 diabetes mellitus with diabetic cataract .\ - \.
Type 2 diabetes mellitus with diabetic cataract \ x/. Type 2 diabetes mellitus with diabetic cataract
e

Unspecified secondary cataract @ S , S %—. Unspecified secondary cataract
\. Other secondary cataract, right eye
= @

Other secondary cataract, right eye

-

Other secondary cataract, left eye Other secondary cataract, left eye

Other secondary cataract, bilateral Q( == \. Other secondary cataract, bilateral
Other specified cataract @=
Unspecified cataract /
Presence of intraocular lens

\\‘\.
B
&
——— ‘-"—:”:ﬁ;—. Cataract extraction status, right eye

— @ Cataract extraction status, left eye

@
@

Cataract extraction status, left eye | @ ‘_________....-/
.7

Cataract extraction status, unspecified eye

Other specified cataract

Unspecified cataract

Presence of intraocular lens

Cataract extraction status, right eye

@® Cataract extraction status, unspecified eye

® KPWA @ KPNW

Main method (RADS) with cross-validated threshold (0.13)
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Results: Sensitivity Analysis Using Projection-Based

Alignment

RADS incorporating code frequency;
cross-validated threshold T = 0.13

Diabetes mellitus due to underlying condition with diabetic cataract

PADS incorporating code frequency;
cross-validated threshold T = 0.16

Diabetes mellitus due to underlying condition with diabetic cataract

Soemmering's ring, right eye

Other secondary cataract, ified eye

Cataract (lens) fragments in eye following cataract surgery, right eye
Cataract (lens) fragments in eye following cataract surgery, left eye
Type 1 diabetes mellitus with diabetic cataract

Type 2 diabetes mellitus with diabetic cataract

@ Cataract (lens) fragments in eye following cataract surgery, unspecified eye

— @ Cataract (lens) fragments in eye following cataract surgery, right eye

\f Cataract (lens) fragments in eye following cataract surgery, left eye
® Type 1 diabetes mellitus with diabetic cataract

) © 6 0 O

Type 2 diabetes mellitus with diabetic cataract

Unspecified y cataract

Other secondary cataract, right eye
Other secondary cataract, left eye

Other secondary cataract, bilateral
Other specified cataract
Unspecified cataract

Presence of intraocular lens

Cataract extraction status, right eye
Cataract extraction status, left eye

Cataract extraction status, unspecified eye

— Unspecified secondary cataract

//7/11/ @  Other secondary cataract, right eye

—— @  Other secondary cataract, left eye

|

I
//

Other secondary cataract, bilateral

_‘A. Other specified cataract
®
Py

Unspecified cataract

Presence of intraocular lens

» 990

Cataract extraction status, right eye

Cataract extraction status, left eye

'\

Cataract extraction status, unspecified eye

® KPWA @ KPNW

Soemmering's ring, right eye

Other secondary cataract, unspecified eye @

Cataract (lens) fragments in eye following cataract surgery, right eye

Cataract (Iens) fragments in eye following cataract surgery, left eye =

Cataract (lens) fragments in eye following cataract surgery, unspecified eye
@ Cataract (lens) fragments in eye following cataract surgery, right eye

@ Cataract (lens) fragments in eye following cataract surgery, left eye

Type 1 diabetes mellitus with diabetic cataract @

® Type 1 diabetes mellitus with diabetic cataract

Type 2 diabetes mellitus with diabetic cataract @

Unspecified secondary cataract
Other secondary cataract, right eye

Other secondary cataract, left eye

® Type 2 diabetes mellitus with diabetic cataract
Unspecified secondary cataract

Other secondary cataract, right eye

Other secondary cataract, left eye

Other secondary cataract, bilateral

Other specified cataract

Unspecified cataract

Presence of intraocular lens

Cataract extraction status, right eye

Cataract extraction status, left eye

Other secondary cataract, bilateral
Other specified cataract Q/
Pe
®
°
®
®
®
®

Cataract extraction status, unspecified eye

® KPWA @ KPNW

® Unspecified cataract

®  Presence of intraocular lens

® Cataract extraction status, right eye

@  Cataract extraction status, left eye

@  Cataract extraction status, unspecified eye
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Results: Sensitivity Analysis Using Projection-Based

Alignment

RADS incorporating code frequency;
cross-validated threshold T = 0.13

Diabetes mellitus due to underlying condition with diabetic cataract
Soemmering's ring, right eye

Other secondary cataract, i eye

Cataract (lens) fragments in eye following cataract surgery, unspecified eye

Cataract (lens) fragments in eye following cataract surgery, right eye @ Cataract (lens) fragments in eye following cataract surgery, right eye

Cataract (lens) fragments in eye following cataract surgery, left eye @- — \f Cataract (lens) fragments in eye following cataract surgery, left eye
=
Type 1 diabetes mellitus with diabetic cataract =\ N z ® Type 1 diabetes mellitus with diabetic cataract
Type 2 diabetes mellitus with diabetic cataract @ - Type 2 diabetes mellitus with diabetic cataract
; =

Unspecified

y cataract

%0 Unspecified secondary cataract

— — \. Other secondary cataract, right eye

Other secondary cataract, right eye

Other secondary cataract, left eye Other secondary cataract, left eye

Other secondary cataract, bilateral Other secondary cataract, bilateral

o
@ — @ | Other specified cataract
/ —o

Other specified cataract

Unspecified cataract

Unspecified cataract

Presence of intraocular lens

[ 4
Presence of intraocular lens @
e
[ 4

Cataract extraction status, right eye
Cataract extraction status, left eye .-'// Cataract extraction status, left eye
Cataract extraction status, unspecified eye @ Cataract extraction status, unspecified eye

® KPWA @ KPNW

—— Cataract extraction status, right eye

PADS incorporating code frequency;
cross-validated threshold T = 0.16

Diabetes mellitus due to underlying condition with diabetic cataract

Soemmering's ring, right eye

Other secondary cataract, unspecified eye @

Cataract (lens) fragments in eye following cataract surgery, right eye

Cataract (lens) fragments in eye following cataract surgery, left eye @ < @ Cataract (lens) fragments in eye following cataract surgery, left eye
Type 1 diabetes mellitus with diabetic cataract — - ® Type 1 diabetes mellitus with diabetic cataract
Type 2 diabetes mellitus with diabetic cataract @s - @® Type 2 diabetes mellitus with diabetic cataract

Unspecified secondary cataract Unspecified secondary cataract

Other secondary cataract, right eye Other secondary cataract, right eye

Other secondary cataract, left eye Other secondary cataract, left eye

Other secondary cataract, bilateral Other secondary cataract, bilateral

Other specified cataract Other specified cataract

Unspecified cataract @ \= Unspecified cataract
Presence of intraocular lens @ ®  Presence of intraocular lens
Cataract extraction status, right eye| @ e ® Cataract extraction status, right eye
Cataract extraction status, left eye| @ = ——— @  Cataract extraction status, left eye
Cataract extraction status, unspecified eye| @——= Cataract extraction status, unspecified eye

® KPWA @ KPNW

Sentinel Initiative

Cataract (lens) fragments in eye following cataract surgery, unspecified eye

@ Cataract (lens) fragments in eye following cataract surgery, right eye
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Results: Sensitivity Analysis Using Regression Similarity

RARS with penalty A = 0.3 incorporating code frequency;
cross-validated threshold T = 0.08

RADS incorporating code frequency;
cross-validated threshold T = 0.13

Diabetes mellitus due to underlying condition with diabetic cataract

Soemmering's ring, right eye

Other secondary cataract, ified eye @ Cataract (lens) fragments in eye following cataract surgery, unspecified eye Other secondary cataract, unspecified eye ~ @— @ Cataract (lens) fragments in eye following cataract surgery, unspecified eye
Cataract (lens) fragments in eye following cataract surgery, right eye = @ Cataract (lens) fragments in eye following cataract surgery, right eye Cataract (lens) fragments in eye following cataract surgery, right eye ./X—/ Cataract (lens) fragments in eye following cataract surgery, right eye
Cataract (lens) fragments in eye following cataract surgery, left eye — \f Cataract (lens) fragments in eye following cataract surgery, left eye Cataract (lens) fragments in eye following cataract surgery, left eye @ — /: Cataract (lens) fragments in eye following cataract surgery, left eye
Type 1 diabetes mellitus with diabetic cataract ® Type 1 diabetes mellitus with diabetic cataract Type 1 diabetes mellitus with diabetic cataract @ }\: Type 1 diabetes mellitus with diabetic cataract
Type 2 diabetes mellitus with diabetic cataract Type 2 diabetes mellitus with diabetic cataract Type 2 diabetes mellitus with diabetic cataract @ ® Type 2 diabetes mellitus with diabetic cataract

Unspecified y cataract

Other secondary cataract, right eye
Other secondary cataract, left eye

Other secondary cataract, bilateral
Other specified cataract
Unspecified cataract

Presence of intraocular lens

Cataract extraction status, right eye
Cataract extraction status, left eye

Cataract extraction status, unspecified eye

Al

/
/

I
//

P ¢ 0 ©

°\

® KPWA @ KPNW

Unspecified secondary cataract
Other secondary cataract, right eye
Other secondary cataract, left eye
Other secondary cataract, bilateral
Other specified cataract
Unspecified cataract
Presence of intraocular lens
Cataract extraction status, right eye
Cataract extraction status, left eye

Cataract extraction status, unspecified eye

Diabetes mellitus due to underlying condition with diabetic cataract

Soemmering's ring, right eye

Unspecified secondary cataract

Other secondary cataract, right eye
Other secondary cataract, left eye

Other secondary cataract, bilateral
Other specified cataract
Unspecified cataract

Presence of intraocular lens

Cataract extraction status, right eye

Cataract extraction status, left eye

Cataract extraction status, unspecified eye

—

.\

—

® KPWA @ KPNW

Unspecified secondary cataract
Other secondary cataract, right eye
Other secondary cataract, left eye
Other secondary cataract, bilateral
Other specified cataract
Unspecified cataract
Presence of intraocular lens
Cataract extraction status, right eye
Cataract extraction status, left eye

Cataract extraction status, unspecified eye
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Results: Sensitivity Analysis Using Regression Similarity

RADS incorporating code frequency;
cross-validated threshold T = 0.13

Diabetes mellitus due to underlying condition with diabetic cataract

RARS with penalty A = 0.3 incorporating code frequency;
cross-validated threshold T = 0.08

Diabetes mellitus due to underlying condition with diabetic cataract
Soemmering's ring, right eye Soemmering's ring, right eye

Other secondary cataract, i eye

Cataract (lens) fragments in eye following cataract surgery, unspecified eye Other secondary cataract, unspecified eye @

Cataract (lens) fragments in eye following cataract surgery, unspecified eye

Cataract (lens) fragments in eye following cataract surgery, right eye @ Cataract (lens) fragments in eye following cataract surgery, right eye Cataract (lens) fragments in eye following cataract surgery, right eye

o
®
: : e ——— —
Cataract (lens) fragments in eye following cataract surgery, left eye -

@ @ Cataract (lens) fragments in eye following cataract surgery, left eye

@ Cataract (lens) fragments in eye following cataract surgery, right eye
=,

Cataract (lens) fragments in eye following cataract surgery, left eye @- — \f Cataract (lens) fragments in eye following cataract surgery, left eye

< < ® Type 1 diabetes mellitus with diabetic cataract Type 1 diabetes mellitus with diabetic cataract <

Type 1 diabetes mellitus with diabetic cataract @

—-—

—>@ Type 1 diabetes mellitus with diabetic cataract

Type 2 diabetes mellitus with diabetic cataract = Type 2 diabetes mellitus with diabetic cataract Type 2 diabetes mellitus with diabetic cataract 3\ — ® Type 2 diabetes mellitus with diabetic cataract
e i § > . iE %
Unspecified y cataract ?‘ Unspecified secondary cataract Unspecified secondary cataract .\\\\\ Unspecified secondary cataract
Other secondary cataract, right eye = = \. Other secondary cataract, right eye Other secondary cataract, right eye | @ —

Other secondary cataract, left eye

Other secondary cataract, left eye

Other secondary cataract, left eye

Other secondary cataract, right eye

Other secondary cataract, left eye

Other secondary cataract, bilateral | @=—— Other secondary cataract, bilateral Other secondary cataract, bilateral Other secondary cataract, bilateral
Other specified cataract f/ — ® | Other specified cataract Other specified cataract Other specified cataract
Unspecified cataract @ \3 Unspecified cataract Unspecified cataract @ Unspecified cataract

e——
Presence of intraocular lens @ ®  Presence of intraocular lens Presence of intraocular lens 3/ Presence of intraocular lens
Cataract extraction status, right eye | @————— @ Cataract extraction status, right eye Cataract extraction status, right eye Cataract extraction status, right eye

Cataract extraction status, left eye

Cataract extraction status, unspecified eye

® KPWA @ KPNW

Cataract extraction status, left eye

Cataract extraction status, unspecified eye

Cataract extraction status, left eye

Cataract extraction status, unspecified eye

® KPWA @ KPNW

Cataract extraction status, left eye

Cataract extraction status, unspecified eye
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Validation
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Validation 1: Why KPNW Uses More “Unspecified” Codes?

«  KPNW uses “unspecified” codes, KPWA uses specific codes more frequently in the cataract group
 Specified codes are more likely used when generated externally (out of network)

« Because external providers are using coding to bill for services so tend to use more specific codes.

«  We hypothesized that KPWA has more external coding

« Validation: Optometry and Ophthalmology Dx codes distribution
«  KPWA -19.76% of Optometry Dx codes and 46.82% of Ophthalmology Dx codes are generated externally
«  KPNW - 2.57% of Optometry Dx codes and 0.49% of Ophthalmology Dx codes are generated externally
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Validation 2: Impact of Data Heterogeneity on Model Transfer
and Improvement from Code Mapping

o
S 4 —— Naive ©
(Q\
9 ——  Transferred
5 9 ——  Oracle . .
S Simulation results:
S © ©  High prediction error if directly transfer
S 8 » Reduced error by incorporating code mapping
T O |
O +
S
o
29 |
g © o
= / o—— ©
Q o o——
O —]
! | | |
5 10 15 20

% mismatch

Sentinel Initiative [ 100
Manuscript on transfer learning in preparation



Validation 3: Can We Confuse a Site Classifier After Data

Harmonization?

Harmonize w/
code mapping

X KPNW

(Y25

Classification task
Low AUC = good code mapping

Site

Predictor




Validation 3: Can We Confuse a Site Classifier After Data

Harmonization?

Harmonize w/
code mapping

X KPNW

Cross-validated AUC
0.586 (0.580, 0.592)

Site

Predictor
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Conclusion
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Summary

Comparing coding patterns between KPWA and KPNW

» Many codes and code groups have significant differences with large magnitude
« KPNW has many local codes
» Potential code substitution in “cataract” group

Mapping codes from KPWA to KPNW

* Code mapping methods can automatically map specific codes in KPWA to “unspecified” codes in KPNW
« Data driven methods are scalable and potentially less error prone compared to human annotation

» Code mapping methods are not extremely sensitive to space alignment and distance measures

All methods are based on sharable summary data to protect patient privacy

Data harmonization is an important first step that improves model transport and multi-institutional studies
Implications for Sentinel in the future

« Develop and implement more methods for semi-automated EHR data harmonization prior to downstream analysis

» Methods studied in the project can be potentially added to the Sentinel QA package in the future to routinely detect and
mitigate heterogeneity between data partners and across time
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Why Do We Need Another Framework?

Quality assessment tools

RESEARCH METHODS AND REPORTING

EEER cpenaccess ROBINS-I: a tool for assessing risk of bias in non-randomised
studies of interventions

Jonathan AC Sterne,' Miguel A Hernén,? Barnaby C Reeves,? |elena Savovié,# Nancy D Berkman,®
Meera Viswanathan,® David Henry? Douglas G Altman,® Mohammed T Ansari,® Isabelle Boutron,'®
James R Carpenter,'' An-Wen Chan,'? Rachel Churchill,’® Jonathan | Deeks,' Asbjgrn Hrébjartsson,!®
Jamie Kirkham,'® Peter Juni,” Yoon K Loke,'® Theresa D Pigott,” Craig R Ramsay,” Deborah Regidor,”!
Hannah R Rothstein,? Lakhbir Sandhu,” Pasqualina L Santaguida,® Holger | Schinemann,”
Beverly Shea, |an Shrier,” Peter Tugwell,”® Lucy Turner,2? Jeffrey C Valentine,?® Hugh Waddington,*!
Elizabeth Waters,32 George A Wells,*> Penny F Whiting,2* Julian PT Higgins®

CrossMark

RESEARCH

The GRACE Checklist for Rating the Quality of Observational
Studies of Comparative Effectiveness: A Tale of Hope and Caution

Nancy A. Dreyer, PhD, MPH; Priscilla Velentgas, PhD; Kimberly Westrich, MA; and Robert Dubois, MD

Reporting tools

RESEARCH METHODS AND REPORTING

orenaccess  The reporting of studies conducted using observational routinely
collected health data statement for pharmacoepidemiology

(RECORD-PE)

Sinéad M Langan," Sigriin A] Schmidt,? Kevin Wing, Vera Ehrenstein,” Stuart G Nicholls,**
Kristian B Filion,> Olaf Klungel,” Irene Petersen,?® Henrik T Sorensen,? William G Dixon,’
Astrid Guttmann,®** Katie Harron,'? Lars G Hemkens,” David Moher,

Sebastian Schneeweiss, ' Liam Smeeth,! Miriam Sturkenboom,*® Erik von Elm,!®

Shirley V Wang,** Eric | Benchimol*®*/-8

RESEARCH METHODS AND REPORTING

orenaccess  STaRT-RWE: structured template for planning and reporting on

the implementation of real world evidence studies

Shirley V Wang," Simone Pinheiro,” Wei Hua,” Peter Arlett,* Yoshiaki Uyama,” Jesse A Berlin,®
Dorothee B Bartels,” Kristijan H Kahler,” Lily G Bessette,! Sebastian Schneeweiss'

-

Journal of the American Medical Informatics Association, 21(8), 2020, 1331-1337
doi: 10.1093/jamia/ocaal03 A\

Perspective

REVIEW | B Open Access

The Structured Process to Identify Fit-for-purpose Data (SPIFD): A
data feasibility assessment framework

Perspective

Principles of Large-scale Evidence Generation and
Evaluation across a Network of Databases (LEGEND)

Martijn J. Schuemie (®"?, Patrick B. Ryan', Nicole Pratt®, RuiJun Chen (®*°,
Seng Chan You®, Harlan M. Krumholz’, David Madigan®, George Hripcsak®, and
Marc A. Suchard®™® Firs

Misc: Highly specific or focusing on parts of the process \

Clinical Pharmacology
& Therapeutics

Nicolle M Gatto g%« Ulka B Campbell, Emily Rubinstein, Ashley Jaksa, Pattra Mattox, Jingping Mo, Robert F
Reynolds

ned: 30 October 2021 | https://doi-org.ezp-prod1.hul.harvard.edu/10.1002/cpt.2466 /

Best practices

Real-World Data: Assessing
Electronic Health Records and
Medical Claims Data To
Support Regulatory Decision-
Making for Drug and Biological
Products

Guidance for Industry

DRAFT GUIDANCE

0 (ENGDD)

EUROPEAN MEDICINES AGENCY uropean etwork of centres for

5 . Pharmacoepide;
SCIENCE MEDICINES HEALTH Pharma

EMA/95098/2010 Rev.9

The European Network of Centres for
Pharmacoepidemiology and Pharmacovigilance (ENCePP)
Guide on Methodological Standards in
Pharmacoepidemiology

(Revision 9)
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Why do we need another framework?

What do we have?

»  Various tools exist in the literature for quality assessment, reporting, and describing best practices for pharmacoepidemiologic research

What don’t we have?

*  None of these tools offer a general framework to guide decision making at various steps when designing a study to answer a causal question

Vision for a framework to guide principled investigations using healthcare data

* The Sentinel Innovation Center is developing a causal inference framework proposing a stepwise process that systematically considers key choices with respect
to design and analysis that influence the validity of non-interventional studies conducted with healthcare data

»  Astandardized process outlined in this framework will serve as a guide to inform the conduct of non-interventional studies using healthcare data for drug-
outcome evaluation

*  Key considerations to meet the FDA need of informing regulatory decision making based on such investigations

« Limit variations in practice across investigators by outlining a general process
* Focus on repeatability of the process

« Written and endorsed by independent experts

Sentinel Initiative [ 112



Overview of the Process

Wiy

R
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Process Overview

— V STEP 1

.
Formulating a well-defined causal question via ] S
specification of the target trial protocol :

- J E=
STEP 2 ]
e ~ [ ] Fit-for-purpose data not
2a. Describing the available for the target trial Reassess the research question in
T . ... .. £y Step 1
emulation of each > Zb' |dentifying a Fit-for-purpose data available for
(o)} component of the eeeenenens fit-for-purpose Consider protocol registration,
= target trial data source v Move on to step 3
E protocol
o o J
o
>
-g v y Desired precision not
- [ STEP 3 ] ( achievable or diagnostic . . . .
(v7) criteria not met Consider alternative design choices
A ted . g duct di i . @ and data sources in Step 2 or reassess
ssess expected precision and conduct diagnostic e ' the research question in Step 1
evaluations : -
Desired precision

achievable and diagnostic
A ESRATGE T m V Move on to step 4

\ 4

[ STEP 4 ] ‘ ]
Developing a plan for robustness assessments Consider logqing outcome
including deterministic sensitivity analyses, et N4 counts and diagnostic
quantitative bias analyses, and net bias evaluation evaluqtions along with pre-
— specified robustness

assessments as amendments to
the registered protocol

— v

STEP 5

f—
N’

Inferential analysis
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Step 1: Formulating a well-defined causal question via specification of the target trial protocol’

STEP 1 ] ( )

Formulating a well-defined causal question via
specification of the target trial protocol

Sentinel Initiative [ 115
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Step 1: Formulating a well-defined causal question via specification of the target trial protocol’

' Element = | Target trial Translation using healthcare data sources

Exposure (“treatment strategies”) Initiation of antidiabetic treatments First prescription dispensing of SGLT2i (canagliflozin, dapagliflozin,
empagliflozin) or DPP4 inhibitors (Alogliptin, Linagliptin,

Uil Saxagliptin, Sitagliptin) identified based on pharmacy claims

T2: DPP4 inhibitors

Exposure assignment Randomized non-blinded Non-randomized non-blinded

Eligibility criteria Patients with type 2 diabetes mellitus, no use of Observability related: continuous Medicare A, B, D enrollment for
study medications before randomization, no 6 months and recorded HbA1c test results in EHRs before study

(Asses:sed before treatment start, aka history of end stage renal disease (ESRD), no medication initiation

Szl history of HIV Treatment related: No prior use of study medications prior to

cohort entry
Indication related: Diagnosis of type 2 diabetes based on ICD
codes recorded pre-exposure
Other: No history of ESRD or HIV based on ICD codes or
procedure codes for dialysis pre-exposure
Follow-up start (Time 0) At randomization At first prescription dispensing
Follow-up end First of administrative end of follow-up, loss to = Same as target trial
follow-up, death, treatment discontinuation, or
outcome occurrence
Primary outcome Genital infections with case adjudication Genital infections recorded in medical claims
Baseline covariates - Demographics, diabetes severity related variables including micro
and macrovascular complications, HbA1c, comorbid conditions,
comedications, markers for healthy behavior and healthcare

utilization
Causal estimand Per protocol effect (effect of receiving the Observational analogue of per protocol effect (often referred to as
treatment as stated in the protocol) "as-treated,” or “on treatment”)
Statistical analysis A Cox proportional hazards model Adjustment of baseline confounding with propensity score

stratification and weighting followed by an outcome analysis using
a weighted Cox proportional hazards model
IgerBan and Robl s. Am J Epidemiol. 2016;183:758—76§ vee . . .
ubgroup anal yses tratified by gender, age, and baseline risk Same as target trial



Step 2a: Describing the emulation of each component of the target trial protocol; 2b:ldentifying a fit-for-

purpose d[ata-sourte STEP 1 ) | 2

.
Formulating a well-defined causal question via S S
specification of the target trial protocol —

J —

STEP 2

Fit-for-purpose data not

P

2a. Describing the 4 J available for the target trial gteass1ess the research question in
M . . — . e ' e
emulation of each  prsssrees > Zb' |dentifying a | | = Fit-for-purpose data available for P
component of the | fit-for-purpose ' Consider protocol registration,
target trial data source \/ Move on to step 3
protocol _—

- /

Sentinel Initiative [ 117



Step 2a: Describing the emulation of each component of the target trial protocol

A structured protocol detailing operationalization of
variable definitions, including all codes and
algorithms used for eligibility criteria, treatment
strategies (including treatment initiation and
discontinuation), outcomes, and confounders

Other considerations including statistical analysis
plans for the primary analysis

Example of a template- STaRT RWE?2

2 Wang et al. BMJ. 2021;372:m4856

RESEARCH METHODS AND REPORTING

orenaccess - STaRT-RWE: structured template for planning and reporting on
M) cneckrorupaates| - the implementation of real world evidence studies

Shirley VWang,! Simone Pinheiro,” Wei Hua,” Peter Arlett,>* Yoshiaki Uyama,” Jesse A Berlin,®
Dorothee B Bartels,” Kristijan H Kahler,” Lily G Bessette,' Sebastian Schneeweiss’

For numbered affiliations see end
of the article.

Correspondence to: SV Wang,
Division of Pharmacoepidemiology
and Pharmacoeconomics,

1620 Tremont Street, Suite 3030,
Boston, MA 02120, USA
swangl@bwh.harvard.edu
(ORCID 0000-0001-77 61-7090)
Additional material is published
online only. To view please visit the
journal online.

Cite this as: BMJ 2021;372:m4856
http://dx.doi.org/10.1136/bmj.m4856

Accepted: 10 December 2020

In alignment with the International
Council of Harmonization’s strategic
goals, a public-private consortium has
developed a structured template for
planning and reporting on the
implementation of real world evidence
(RWE) studies of the safety and
effectiveness of treatments. The
template serves as a guiding tool for
designing and conducting reproducible
RWE studies; set clear expectations for
transparent communication of RWE
methods; reduce misinterpretation of
prose that lacks specificity; allow
reviewers to quickly orient and find key
information; and facilitate
reproducibility, validity assessment,
and evidence synthesis. The template
is intended for use with studies of the
effectiveness and safety of medical

products and is compatible with
multiple study designs, data sources,
reporting guidelines, checklists, and
bias assessment tools.

Real world evidence (RWE) generated from sources
of real world data via the application of principled
database epidemiology increasingly informs important
decisions about the clinical effectiveness of medical
products and interventions."® Unlike clinical trials,
which can leverage the power of randomisation,
or non-randomised studies with prospective data
collection for a specific research purpose, most
RWE studies make secondary use of electronic data
collected as part of routine healthcare processes (eg,
administrative claims and electronic health records).
Generating high quality evidence when analysing data
not collected for research purposes requires decision
making about many complex design and analytical
parameters to handle temporality, measurement,
confounding, and other potential sources of bias.
Compared with trials and non-experimental studies
that prospectively collect data for a research question,
RWE studies have greater variability in design and
analysis options. Owing to the current lack of structure
in studv reporting. assessment of RWE studies often
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Step 2b: Identifying a fit-for-purpose data source

Insurance claims data

Q1. Can the eligibility criteria be emulated with sufficient

Yes e.g. diabetes

Yes e.g. stroke

Yes (e.g. prescription medications)

accuracy?

Q2. Is the outcome of interest measured with sufficient

quality*2

Q3. Is the treatment measured with sufficient quality*2

Q4. Are key confounders recorded?

Yes (e.g. diagnosis of indications,
important comorbid illnesses)

Data relevance assessment

specific ejection fraction
subtype)

No (e.g. pancreatitis)

No (e.g. blood transfusion
products)

No (e.g. HbAlcresults)

Linkage to

EHRs

Algorithms not demonstrating
acceptable performance;

consider restricting the study
to linked population

Develop and
validate claims-
based algorithms

Alternate data source (eg a source
containing inpatient administration

Linkage to
EHRs

records)

Initial feasibility assessment of number of patients potentially available for the study

Derive additional
information on
unmeasured
confounders

Additional information on confounders useful
for informed robustness analyses or calibrating
the primary results :

Relevant data source(s) (

* quality = accuracy with respect to timing and completeness for interventions; PPV, sensitivity, specificity for binary outcomes; proportion missing for continuous outcomes; accurate onset for time to event outcomes; availability of long-term follow-up data for latent outcomes

.

Algorithms with acceptable performance, consider
deploying to larger claims-based network

Incorporating additional sources
No (e.g. heart failure with

Data reliability assessment

4 I

Accuracy

Quality assurance checks to ascertain
validity of the recorded data

N /
éa )

Completeness

Evaluation completeness of various fields
including diagnosis, laboratory test results,
and medication records

N\
e

Provenance
Documentation of origins of the recorded
information in the source data

\

\ Y
4 I

Traceability
Ability to clearly identify relationships

between the analytic datasets and source
data

N

/

) Reliable data source(s)

)

3 The Food and Drug Administration. Real World Data.. Guidance for Industry 2021

<
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Step 3: Assess expected precision and conduct diagnostic evaluations

STEP 1

)

Formulating a well-defined causal question via
specification of the target trial protocol

v

STEP 2

2a. Describing the
emulation of each
component of the
target trial
protocol

e

2b. Identifying a
fit-for-purpose
data source

N

P

/

f—

STEP 3

N’

Assess expected precision and conduct diagnostic

evaluations

Fit-for-purpose data not
available for the target trial

Reassess the research question in
Step 1

v

Consider protocol reqistration,
Move on to step 3

Desired precision not
( achievable or diagnostic
criteria not met

Consider alternative design choices
@ and data sources in Step 2 or reassess
the research question in Step 1

~ Desired precision
achievable and diagnostic

V Move on to step 4
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Step 3: Assess expected precision and conduct diagnostic evaluations
Assemble study population

Implement eligibility criteria
Assign eligible individuals to treatment
groups

3a. Assess expected precision®

» Based on the outcome counts
in the overall study population
without stratifying by treatment

l l

Desired precision Desired precision not
achievable achievable

3b. Dyagnostic evaluations

* General:

+ Distribution of baseline characteristics in treatment
groups being compared; evaluation of informative
censoring

* Analysis specific

+ Example 1: For propensity-score (PS) based analysis,
baseline covariate balance as a diagnostic for PS
model misspecification

+ Example 2: When using weighting for informative
censoring or time-varying confounding, distribution of
weights over time as a diagnostic for weight model
misspecificafion l

Potential issues
diagnosed that are not

Di :
addressable by refining Eresiiespekete

design modifications (e.g. relaxing

Go back to Step 2, consider

eligibility criteria)

»
>

Proceed to Step 4

4 Rothman and Greenland, Epidemiology 2018;29: 599-603
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Step 4: Developing a plan for robustness assessments including deterministic sensitivity analyses, quantitative bias analyses, and r

STEP 1

.
Formulating a well-defined causal question via S S
specification of the target trial protocol

- J =
STEP 2 ]
e ~ ( ] Fit-for-purpose data not
2a. Describing the available for the target trial Reassess the research question in
- T ‘ Step 1
---------- » = | . .
emulation of each Zb' Identifying a 7 e Fit-for-purpose data available for
component of the PR fit-for-purpose — = Consider protocol registration,
target trial data source ! \/ Move on to step 3
protocol e
N J ——
A 2 y Desired precision not
hievable or di ti : , . .
[ STEP 3 ] | gchievable or dlagnostic Consider alternative design choices
criteria not met .
. . . === . and data sources in Step 2 or reassess
Assess expected precision and conduct diagnostic I o
. the research question in Step 1
evaluations , -
Desired precision

 achievable and diagnostic " Move on to step 4

\ 4

STEP 4

Developing a plan for robustness assessments
including deterministic sensitivity analyses,
quantitative bias analyses, and net bias evaluation

f—
N’

Consider logging outcome

S \/ E counts and diagnostic
evaluations along with pre-
specified robustness
assessments as amendments to
the registered protocol
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Step 4: Developing a plan for robustness assessments including deterministic sensitivity analyses, quantitative bias analyses, and r

Robustness

evaluations

4a. Deterministic 4b. Quantitative bias 4c. Net bias
sensitivity analyses analyses assesment

Varying design
assumptions, variable

me::u;ement i For For unmeasured Trial calibration* Control analysis
methods, or analytic ‘
: exposure/outcome confounding Duplicating Negative or positive
—chaicas misclassification . . .
Bi deli inclusion/exclusion control
o las mode ':‘9 criteria and all design exposure/outcome?®
Probabilistic approaches aspects of the trial to

LI ° . 5
sensitivity analysis evaluate whether

primary outcome is
replicable in the data
source’

*such trial may not
always exist

> Fox et al. International Journal of Epidemiology 2005;34:1370-1376

6 Schneeweiss. Pharmacoepiemiology Drug Saf 2006; 15: 291-303

7 Khosrow-Khavar et al. Annals Rheum Dis. 2022 Jun;81(6):798-804.

8 Lipsitch et al. Epidemiology 2010;21: 383-388 Sentinel Initiative | 123



Step 5: Inferential analysis

— V STEP 1

.
Formulating a well-defined causal question via ] S
specification of the target trial protocol :

- J -
STEP 2 ]
e ~ [ ] Fit-for-purpose data not
2a. Describing the available for the target trial Reassess the research question in
. S Step 1
.......... > . .

emulation of each Zb' |dentifying a Fit-for-purpose data available for
g) component of the R fit-for-purpose Consider protocol registration,
o= target trial data source v Move on to step 3
E protocol
o o J
o
>
-g v y Desired precision not
- [ STEP 3 ] ( achievable or diagnostic . . . .
(v7) criteria not met Consider alternative design choices

.. . ; o and data sources in Step 2 or reassess
Assess expected precision and conduct diagnostic | _._._._._._. ' ion i
. the research question in Step 1
evaluations , -
Desired precision

achievable and diagnostic
A ESRATGE T m V Move on to step 4

\ 4

[ STEP 4 ]
Developing a plan for robustness assessments [ ] Consider logqing outcome
including deterministic sensitivity analyses, et N4 counts and diagnostic
quantitative bias analyses, and net bias evaluation evaluations along with pre-
— specified robustness

assessments as amendments to
the registered protocol

— v

STEP 5

f—
N’

Inferential analysis
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Background

« Administrative claims databases are increasingly linked to electronic health records (EHR) to improve confounding
adjustment for variables which cannot be measured in claims

« Examples:
) o
« Labs (HbA1c, LDL, etc.) .6
 Vitals (Blood pressure, BMI, etc.) @
« Disease-specific data (cancer stage, biomarkers, etc.)

 Lifestyle factors (smoking, alcohol, etc.) "

« These covariates are often just partially observed for various reasons
« Physician did not perform/order a certain test
« Certain measurements are just collected for particularly sick patients
« Information is ‘hiding’ in unstructured records, e.g. clinical notes
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0771701

101700117101

. 0771701
0771701 .& 0771701

077170117071

Knowledge Gaps and Objectives

0771701

Established missing data taxonomies

Mechanisms: Missing completely at random (MCAR), at random (MAR) and not at random (MNAR)
Patterns: Monotone, Non-monotone

Unresolved challenges for causal inference
Textbook ‘MINAR'’ definition often not helpful for causal inference: MNAR = anything that is not MCAR or MAR

How do any of these mechanisms relate to bias, given the strength of correlations of between exposure, covariates and
outcomes in high-dimensional database settings (e.g., database linkages)

Many siloed approaches have been proposed, but not much guidance on systematic end-to-end approaches

Aims of this workstream
« Integrate Rubin’s framework with multivariate missing data under causal exposure-outcome relationships:
Structural missing data assumptions

- Establish routine diagnostics for structural missingness based on causal diagrams/M-graphs which provide a more
natural way to understand the assumptions regarding missing data for a given research question

« Provide context which analytical decisions (e.g., as part of primary analysis and sensitivity analyses) may be best suited
under resulting structural missingness assumptions

* Rubin DB. Inference and Missing Data. Biometrika. 1976;63(3):581-592. doi:10.2307/2335739

* Mitra, R., McGough, S.F.,, Chakraborti, T. et al. Learning from data with structured missingness. Nat Mach Intell 5, 13-23 (2023)

* Mohan K, Pearl J, Tian J. Graphical models for inference with Missing data. In: Proceedings of the 2éth International Conference
on Neural Information Processing Systems - Volume 1. NIPS'13. Curran Associates Inc.; 2013:1277-1285.
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Development site

/ Data sources Aims \
Products

EHRSs 1. Empirical evaluation of approaches to characterize missingness for
— ) common EHR-based confounding variables in cohort studies.
! Mass General Brigham

Identify the most promising
approaches to describe and

]?etermlnlstlc 2. To compare approaches of imputation models for common EHR-based handle missing EHR-based
. linkage confounding variables based on different underlying missingness scenarios S— confounder data and
> ¢ develop programs

§ / (“toolkits”) to routinely
5 C CMS implement these methods

3. To evaluate and demonstrate the application of sensitivity analyses for on analytic cohorts
missing data approaches when assumptions for imputation approaches are

K Cl aim S violated /
Phases of this workstream . .
Testing site 1

1. Test assumptions and ability to differentiate underlying missingness v
mechanisms under best possible realistic simulated scenarios

[
2. Assess which analytical approach works best under which scenario : m DukeHealth
ukeHealt Evaluate and
3. Based on theoretical results from 1 & 2: funnel insights into an : . 1resolve .
implementable and operationalizable toolkit which will be developed i Deterministic '\ gﬁfclﬁee;ﬁz;tjﬁﬁd
|
|
|
|
|

in our group and tested/validated at Duke linkage compare

SERVICE
N oy

performance with

: development site

‘\ Cl aims — Sentinel Initiative [ 132
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Plasmode Simulation Study

Wiy

R
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Washout Window
(No Use of an SGLT-2 Inhibitor or a DPP4 Inhibitor)

Days [-180, -1]

INCL: Type 2 DM & [SOIEIREE st csults available

Days [-180, 0]

EXCL: Concurrent use of both study 5

Cohort Entry Date (Day 0)
[Dispensation of Exposure Group (SGLT2 inhibitor)] OR
[Reference Group (DPP4 inhibitor)]

drugs Days [0]

EXCL: The Following Conditions:

Type 1 DM, Gestational diabetes, Secondary diabetes, ESRD, HIV
Days [-180, 0]

EXCL: <65 years of age
Days [-180,0]

EXCL: Missing age or gender
Days [-180,0]

Covariate Assessment Window
Days [-180, 0]

1'7

Composite

EHRs

i1} Mass General Brigham

Deterministic
linkage

L SERVICE
o oy

3 /
° {C G:nw AID SLRVICES.
%,
Z
"
Lrvaza

WEALTH
TH o
4,

Claims

OUTCOME(S):

cardiovascular endpoint (MACE + HHF + Death)

2%

.’.ff.’.ff.’f.f.’.f.f!f!!f!!f!!f!!f!!f!!f!!f?
Follow Up Window: Days [1, follow-up end?] m

aFollow-up end (ITT — 1 through 5, as treated — 1 through 7)

N pwh

Occurrence of outcome

Disenrollment

Death

365 days after CED

Calendar time reached (Dec. 315, 2019)

As treated: Treatment arm switch

As treated: Discontinuation of study drug (30-day grace and exposure window)

Dayo

Time

Sentinel Initiative
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Operationalization

Patientll ~| Treatmen = Age |~| Gende~ HbAlc |~ . | T
of Plasmode .
1 SGLT2i 72 M 6
2 DPPA4i 68 M 7
3 DPPA4i 66 F 7.5
4 DPP4i 78 M 9
> SGLTZ! 87 M 8.8 Model empirical
6 SGLT2i 77 F 7.2 associations
1,498 DPP4i 69 M 7.7
1. Time to outcome (MACE) ~ ay * Treatment + 0y * COI + Y7_; ByrXk Use parameter estimates to write
2. Time to censoring ~ ay_q * Treatment + 0y_; * COI + Yy —1 Bry—1)xXk event-free survival and censoring-free
survival functions; true null
treatment effect is introduced
Stratified
reSE\l/VlIE[L})}ing 1 Sy (t) — hoy(t) . eO*Treatment+§§ij1ci+B}*;i_\
= 0xTreatment+60y—_1*HbAlci+Ly—1*Xi
replacement 2 Sy-1(8) = hoy-1y(t) x e ! s .
Simulate outcome
(100 datasets
per COI)
Patientll ~| Treatmen - Age |~| Gende~ HbAlc |~ .. |*| Eventtime - Censoring time|~|  Outcome -
1 SGLT2i 72 M 6
2 DPP4i 68 M 7
2 DPPA4i 68 M 7
4 DPP4i 78 M 9
5 SGLT2i 87 M 8.8
5 SGLT2i 87 M 8.8
COI = confounder of interest
(HbA1c, BMI, smoking) 1,498 DPP4i 69 M 7.7 o
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Assumed causal missingness structures

Causal diagrams/M-graphs provide a more

natural way to understand the assumptions
regarding missing (confounder) data for a
given research question

E Exposure/treatment

Y Outcome

C Confounder of interest

C_obs Observed portion of C

M Missingness of C (M=0 fully observed and M=1 fully missing)
cl Covariates associated with outcome and missingness

c0 Auxiliary covariates

U Unmeasured covariate/confounder

C C
C_%bs C_I bs
M M

c) d)
(o} c1

C C
C_étis/ U C_Tbs
M M

a) MCAR, b) MAR, c) MNAR (unmeasured), d) MNAR (value) Sentinel Initiative | 136



E Exposure/treatment
Y Outcome
C Confounder of interest
C_obs Observed portion of C
M Missingness of C (M=0 fully observed and M=1 fully missing)
cl Covariates associated with outcome and missingness
c0 Auxiliary covariates
U Unmeasured covariate/confounder
MCAR:

» Confounder is randomly set to missing

c1

a) MCAR

b)
c1
\ :
c /
C_j{)bs
M
d)
c1
\ E Y
&
|
C_obs
|
M
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E Exposure/treatment
Y Outcome
C Confounder of interest
C_obs Observed portion of C
M Missingness of C (M=0 fully observed and M=1 fully missing)
cl Covariates associated with outcome and missingness
c0 Auxiliary covariates
U Unmeasured covariate/confounder
MAR:

Probability of confounder of
interest to being set missing
depends on weights/weighted sum
scores (wss)

Patients with high wss will have a
larger probability of becoming NA

Wss is determined by coefficients
of C, covariates using a linear
regression model

In this simulation: every C,
covariate has the same influence

* C, covariates were used in plasmode outcome generating
model = true confounders

c1

b) MAR

b)
c1
\ E Y
c /
C_j{)bs
M
d)
c1
\ E Y
&
|
C_obs
|
M
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C_obs

ci

c0

Exposure/treatment
Outcome
Confounder of interest

Observed portion of C

Missingness of C (M=0 fully observed and M=1 fully missing)

Covariates associated with outcome and missingness

Auxiliary covariates

Unmeasured covariate/confounder

MNAR (unmeasured):

The value of a true confounder U
(age) is highly correlated with the
probability for being observed with
the confounder of interest {HbA1c,
BMI, smoking}

Age is used as a linear predictor to
introduce missingness and
subsequently dropped for all
diagnostic and imputation
approaches

As age is a true confounder, the
resulting missingness is not at
random and very likely differential

¢) MNAR (unmeasured)

b)
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Auxiliary covariate vector
(C, vector)

Co covariate vector: 62 covariates that are not associated with the
outcome but may be associated with U, the covariates in the C1 vector
and/or the EHR-derived confounder of interest and hence may be used
as auxiliary variables to increase the efficiency of the imputation model.
Examples are diagnostic codes for smoking, obesity and COPD.

c1
: Y
= /

Addition of auxiliary variables (C,) may be
particularly beneficial for scenario c)

Variable

Variable label

Variable type

rx_ prior_dm_ sulfonylureas
rx_current _dm_ GLP1
rx_current dm_insulin
rx_current__dm_metformin

rx_antibiotics
rx__estrogen
rx_oral corticoids

dx_fungal infection
dx_immune infection
dx_urinary_infection

num__microalbuminuria

num_ creatinine
visits30 internal

visits30 _endo
visits180 endo

dx_alzheimer

dx_dementia

dx_ depression
dx_htn nephropathy
dx_hyperkalemia
dx_hypertension
dx_hypotension

dx_ obesity

dx_oth dysrhythmia
dx_ psychosis
dx_pulmonary htn
dx pvd

dx_sleep apnea
dx_smoking

dx_stable angina

History of prior sulfonylureas use (baseline period)
Concurrent GLP1 use

Concurrent insulin use

Concurrent metformin use

History of antibiotics use

History of estrogen use

History of oral corticosteroid use

History of fungal infection
History of immune infection
History of fungal infection

Number of microalbuminuria (CPT4 procedures)
Number of creatinine tests

Number of internal physician visits in 30 days prior
index date

Number of endocrinologist visits in 30 days prior
index date

Number of endocrinologist visits in 180 days prior
index date

History of alzheimer disease

History of Dementia

History of depression

History of hypertensive nephropathy
History of hyperkelemia

History of hypertension

History of hypotension

History of obesity (diagnostic codes)
History of other dysythmia

History of psychosis

History of pumonary hypertension
History of PVD

History of sleep apnea

History of smoking (diagnostic codes)

History of stable angina

continuous
continuous
continuous

continuous

continuous



E Exposure/treatment

Y Outcome

C Confounder of interest

C_obs Observed portion of C

M Missingness of C (M=0 fully observed and M=1 fully missing)

cl Covariates associated with outcome and missingness

c0 Auxiliary covariates

U Unmeasured covariate/confounder
MNAR(value):

 The value of the confounder of
interest itself is used as a linear
predictor

« As, in consequence, the
information about the missing data
is missing itself, it is very hard to
predict and impute the missing
confounder of interest

b)
c1
\ :
c /
C_j{)bs
M
d)
c1
\ :
¢ _—
|
C_obs
|
M
d) MNAR (value) Sentinel Initiative | 141




Table. lllustration of Simulation Parameters.

Analysis element

Exemplary partially observed EHR confounders of interest (type)

Missingness mechanism

Degree of missingness
Strength of confounders

Ad-hoc & Imputation methods

Provided covariates for diagnostics and imputation

Modifications to causal effect estimation

Sampled cohort size (number of datasets)

Parameters altered in simulation

HbA1c value in % (continuous)
Body mass index [BMI], underweight/normal, overweight, obese (ordinal)
Smoking, current/former vs. never (binary)

MCAR

MAR

M NARunmeasured
Ile'A\RvaIue

10% - 50% (incremental increases by 10%)
As empirically observed in dataset

Complete case analysis (baseline method)
Inverse probability of missingness weighting (IPMW)
Missingness indicator
missForest (single imputation random forest algorithm)
Multiple imputation (m = 5 imputed datasets each):
= MICE defaults for variable types:
o Predictive mean matching (PMM) (HbA1c)
o Proportional odds model (Polr) (BMI)
o Logistic regression (Logreg) (smoking)
» Classification and regression tree (CART)
= Random forest (RF)

C, variables (= true confounders/variables used for outcome generation)
C, variables + Cg variables as auxiliary variables
+ Outcome (i.e. time-to-event and event indicator)

+/- treatment effect modification by EHR confounder of interest
+/- addition of missingness indicator variable in imputation and outcome
model

1000 patients (100 datasets each)
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Diagnostics

Group 1 Diagnostics

Group 2 Diagnostics

Group 3 Diagnostics

Absolute standardized mean
difference (ASMD)

P-value Hoteling/Little

AUC (are under the receiver
operating curve)

Log HR (missingness indicator)

Purpose

Averaged median SMD of
covariate distributions between
patients with vs w/o observed
confounder (across all
observed covariates)

Little chi-squared test statistic
assuming that if the missingness is
MCAR, then conditional on the
missing indicator, the null hypothesis
that there are no differences
between the means of different
missing-value patterns will hold.

Hoteling multivariate t-test with
same purpose but one variable at a
time

If missing indicator can be predicted
as a function of observed covariates,
MAR may be a likely scenario and
would imply that imputation may be
feasible

Fitting an outcome model with the
missingness indicator crude and
conditional on all other prognostic
covariates would indicate a
meaningful difference in the outcome
between patients with vs w/o the
observed confounder conditional on
other covariates that could explain
that difference.

Example value

0.025

p-value <0.001

0.8

log HR 0.1 (95% CI 0.05, 0.2)

Interpretation

<0.1: missingness is not
associated with other observed
covariates

may be completely at random

>0.1: missingness differs
between patients and
observed covariates can
explain difference

High test statistics and low p-values
would be indicative for differences in
covariate distributions and null
hypothesis would be rejected
(#MCAR)

Values around 0.5 indicate random
prediction (MCAR)

Values meaningfully above 0.5
indicate stronger correlations
between covariates (which can be
determined!) and missingness
(~MAR)

MCAR: No association in neither
crude nor adjusted model

MAR: Association in crude but not
adjusted model

MNAR: If there was a meaningful
difference also after comprehensive
adjustment (log HR), this may be
indicative of differential MNAR
scenarios




Imputation Metrics

Root mean square error (RMSE)

Coverage

Width

% Bias

Purpose

Estimation error: compromise
between bias and variance, and
evaluates the treatment effect
estimate on both accuracy and
precision based on the imputed
data

Proportion of confidence
intervals of the imputation
method that contain the true
estimate

The average width of the
confidence interval

Average amount that actual is
greater than predicted as a
percentage of the absolute
value of actual. The percent
bias is calculated by taking the
average of (actual - predicted) /
abs(actual) across all
observations.

Example value

0.135

0.96 (96%)

0.139

125 (12.5%)

Interpretation

The lower the better

< 90 percent (for a nominal 95
percent interval) indicates poor

quality

A high CR (e.g., 0.99) may
indicate that confidence
interval is too wide, so the
imputation method is inefficient
and leads to inferences that are
too conservative. Inferences
that are “too conservative” are
generally regarded a lesser sin
than “too optimistic”.

Indicator of statistical efficiency.

The length should be as small
as possible, but not so small
that the CR will fall below the
nominal level.

If a model is unbiased, the %
bias percent_bias should be
close to zero. For acceptable
performance we use an upper
limit for PB of 5%. (Demirtas,
Freels, and Yucel 2008)

https://stefvanbuuren.name/fimd/sec-evaluation.html|
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Diagnostic Results Across All HbA1¢c, BMI and Smoking

Cohorts

« Overall results, averaged across all scenarios and simulated HbA1c, BMI and smoking plasmode cohorts

« = total 48,000 plasmode datasets | 12,000 per missingness mechanism)

Missingness diagnostics results overall.

Mechanism ASMD (95% CI)* p(Hotelling) p(Little) AUC (95% CI)* log HR(crude) (95% CI) log HR (95% CI)
MCAR 0.05 (0.05-0.05) 0.50 0.50 0.50 (0.50-0.50) -0.01 (-0.33-0.32) 0.00 (-0.36-0.36)
MAR 0.20 (0.20-0.20) <.001 <.001 0.58 (0.58-0.59) 0.53 (0.23-0.83) 0.00 (-0.37-0.37)
MNAR(unmeasured) 0.09 (0.09-0.09) 0.02 0.02 0.54 (0.54-0.54) 0.43 (0.13-0.74) 0.31 (-0.03-0.66)
MNAR(value) 0.06 (0.06-0.06) 0.10 0.10 0.53 (0.53-0.53) 0.04 (-0.27-0.36) 0.10 (-0.26-0.45)

ASMD = Median absolute standardized mean difference across all covariates, AUC = Area under the curve, CI = Confidence interval

* Confidence intervals are computed based on empirical standard errors.

Group 1 diagnostics Group 2 diagnostics Group 3 diagnostics

Results snapshot Feb 12, 2023
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Diagnostic Results by HbA1¢c, BMI and Smoking

» Averaged by confounder of interest
* = 4,000 datasets per missingness mechanism and confounder of interest

Missingness diagnostics results by EHR confounder of interest.

Mechanism ASMD (95% CI)* p(Hotelling) p(Little) AUC (95% CI)* log HR(crude) (95% CI) log HR (95% CI)
HbAlc
MCAR 0.05 (0.05-0.05)  0.50 0.50 0.50 (0.50-0.50) -0.01 (-0.30-0.29) -0.01 (-0.33-0.32)
MAR 0.21 (0.20-0.21) <.001 <.001 0.59 (0.58-0.59) 0.52 ( 0.25-0.80) 0.00 (-0.34-0.33)

MNAR(unmeasured) 0.10 (0.09-0.10) 0.02 0.02 0.54 (0.54-0.54) 0.42 ( 0.15-0.70) 0.32 ( 0.01-0.63)

MNAR(value) 0.07 (0.07-0.07)  0.09 0.09 0.53 (0.53-0.53) 0.05 (-0.24-0.35) 0.12 (-0.21-0.46)
Body Mass Index

MCAR 0.05 (0.05-0.05)  0.50 0.50 0.50 (0.50-0.50) -0.01 (-0.35-0.34) 0.00 (-0.39-0.38)

MAR 0.19 (0.19-0.19) <.001 <.001 0.58 (0.58-0.58) 0.50 ( 0.18-0.82) 0.00 (-0.40-0.39)

MNAR(unmeasured) 0.09 (0.09-0.09) 0.03 0.03 0.54 (0.54-0.54) 0.45(0.12-0.77) 0.31 (-0.06-0.68)

MNAR(value) 0.06 (0.06-0.06) 0.17 0.17 0.53 (0.53-0.53) -0.01 (-0.35-0.34) -0.02 (-0.41-0.38)
Smoking

MCAR 0.05 (0.05-0.05)  0.50 0550 0.50 (0.50-0.50) 0.00 (-0.33-0.32) 0.00 (-0.37-0.36)

MAR 0.20 (0.20-0.20) <.001 <.001 0.59 (0.58-0.59) 0.57 ( 0.28-0.87) 0.00 (-0.37-0.37)

MNAR(unmeasured) 0.09 (0.09-0.09) 0.02 0202 0.54 (0.54-0.54) 0.43 (0.12-0.74) 0.31 (-0.04-0.66)

MNAR(value) 0.07 (0.07-0.07)  0.02 0.02 0.54 (0.54-0.54) 0.08 (-0.21-0.38) 0.18 (-0.16-0.52)

ASMD = Median absolute standardized mean difference across all covariates, AUC = Area under the curve, CI = Confidence interval
* Confidence intervals are computed based on empirical standard errors.

Sentinel Initiative

Results snapshot Feb 12, 2023
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Diagnostic Results Across all HbA1c, BMI and Smoking
Cohorts

« Averaged by proportion missing / = 2,400 datasets per missingness mechanism and proportion

Missingness diagnostics results by proportion of missingness.

Mechanism ASMD (95% CI)* p(Hotelling) p(Little) AUC (95% CI)* log HR(crude) (95% CI) log HR (95% CI)
Proportion (missing) 10%
MCAR 0.07 (0.07-0.07) 0.51 0.51 0.50 (0.50-0.50) -0.01 (-0.46-0.44) 0.00 (-0.51-0.50)
MAR 0.22 (0.22-0.23) <.001 <.001 0.53 (0.53-0.53) 0.61 ( 0.23-0.98) 0.00 (-0.46-0.46)
MNAR(unmeasured) 0.11 (0.11-0.11)  0.05 0.06 0.51 (0.51-0.52) 0.49 ( 0.09-0.88) 0.36 (-0.09-0.80)
MNAR(value) 0.08 (0.08-0.09) 0.16 0.16 0.52 (0.52-0.52) 0.06 (-0.36-0.48) 0.12 (-0.35-0.59)
Proportion (missing) 20%
MCAR 0.05 (0.05-0.05) 0.49 0.48 0.50 (0.50-0.50) 0.00 (-0.33-0.33) 0.00 (-0.37-0.38)
MAR 0.20 (0.20-0.21) <.001 <.001 0.56 (0.56-0.56) 0.56 ( 0.26-0.86) 0.00 (-0.37-0.38)
MNAR(unmeasured) 0.10 (0.10-0.10)  0.02 0.02 0.53 (0.52-0.53) 0.45 ( 0.15-0.76) 0.33 (-0.02-0.68)
MNAR(value) 0.07 (0.07-0.07)  0.10 0.10 0.53 (0.53-0.53) 0.05 (-0.27-0.37) 0.10 (-0.26-0.47)
Proportion (missing) 30%
MCAR 0.05 (0.05-0.05) 0.50 0.50 0.50 (0.50-0.50) -0.01 (-0.30-0.29) -0.01 (-0.33-0.32)
MAR 0.19 (0.19-0.20) <.001 <.001 0.59 (0.59-0.59) 0.51 ( 0.24-0.79) -0.01 (-0.35-0.33)
MNAR(unmeasured) 0.09 (0.09-0.09) 0.01 0.01 0.54 (0.54-0.54) 0.43(0.15-0.71) 0.31 (-0.01-0.63)
MNAR(value) 0.06 (0.06-0.06) 0.08 0.08 0.54 (0.53-0.54) 0.04 (-0.25-0.33) 0.09 (-0.23-0.42)
Proportion (missing) 40%
MCAR 0.04 (0.04-0.04) 0.50 0.50 0.50 (0.50-0.50) 0.00 (-0.27-0.27) 0.00 (-0.30-0.30)
MAR 0.19 (0.19-0.19) <.001 <.001 0.62 (0.62-0.62) 0.49 ( 0.22-0.76) -0.01 (-0.34-0.32)
MNAR(unmeasured) 0.08 (0.08-0.08) 0.01 0.01 0.55 (0.55-0.55) 0.41 ( 0.14-0.68) 0.29 (-0.01-0.60)
MNAR(value) 0.06 (0.06-0.06) 0.06 0.06 0.54 (0.54-0.54) 0.04 (-0.23-0.31) 0.09 (-0.22-0.40)
Proportion (missing) 50%
MCAR 0.04 (0.04-0.04) 0.51 0.50 0.51 (0.51-0.51) -0.01 (-0.27-0.26) -0.01 (-0.31-0.29)
MAR 0.19 (0.18-0.19) <.001 <.001 0.63 (0.62-0.63) 0.48 ( 0.21-0.75) 0.01 (-0.32-0.34)
MNAR(unmeasured) 0.08 (0.08-0.08)  0.02 0.02 0.56 (0.56-0.56) 0.39 ( 0.12-0.66) 0.28 (-0.03-0.58)
MNAR(value) 0.05 (0.05-0.05) 0.07 0.08 0.55 (0.55-0.55) 0.03 (-0.24-0.30) 0.07 (-0.23-0.38)

ASMD = Median absolute standardized mean difference across all covariates, AUC = Area under the curve, CI = Confidence interval

* Confidence intervals are computed based on empirical standard errors. ) i
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Imputation Results Across all HbA1¢, BMI and Smoking

Cohorts

« Overall results, averaged across all scenarios and simulated HbA1c, BMI and smoking plasmode cohorts

Results in line with recently published
manuscript by

Getz K, Hubbard RA, Linn KA. Performance of
Multiple Imputation Using Modern Machine
Learning Methods in Electronic Health Records

Data. Epidemiology. 2023 Mar 1;34(2):206-215.

Results snapshot Feb 12, 2023
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Imputation Results by Missing Mechanism

[ 149
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Sensitivity Analyses to Test the Robustness of Analytical
Decisions - MNAR (value)

® In reality, we will not be able to know 100% what the true

missingness mechanism is

However, we have tools that enable us to mitigate
bias/reach unbiased conclusions when data are MCAR or
MAR or (to some extent) MNAR (unmeasured)

Residual uncertainty in case of MNAR (value):

Hard to differentiate MCAR and MNAR (value)

Difficult to impossible to impute the marginal distribution
based on observed and auxiliary variables

Much stronger bias

v
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A
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Not-at-random Fully Conditional Specification (NARFCS)

Sensitivity Analysis

NARFCS tipping point analysis - how sensitive are results to a departure from MAR?

Reference — HOrejecton — True HR

1.0
0.9 A1

O

N

S 0.8

O

©

2

0.7

N

©

< M
0.6+

10 9 8 7 6 5 4 -3 2 1 0 1 2 3 4 5 6 7 8 9 10
Sensitivity parameter &

Figure: Example based on simulated data illustrating an MNAR(value) scenario in
which younger patients would be systematically more likely to be missing

Range of MI analyses are run over a range

of different conditional sensitivity
parameters 8 (x-axis)

Corresponding effect estimates show

sensitivity to potential departures from
MAR

Tipping point: 8§ where confidence interval
would cross a pre-specified threshold and
discard qualitative conclusion of main
analysis

Hard to illustrate if many variables with
sensitivity parameters are modeled

Tompsett DM, Leacy F, Moreno-Betancur M, Heron J, White IR. On

the use of the not-at-random fully conditional specification

(NARFCS) procedure in practice. Stat Med. 2018 Jul 10;37(15):2338-

2353
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Toolkit - R Package

Easy implementation of routine structural missing data

investigations (smdi)

e Selected functions (S3 method):

o smdi_diagnose() — flagship function that will return all
three group diagnostics evaluated in simulation study

o smdi_summarize() & smdi_vis() — easy and quick
visualization of proportion missingness as (variables can be
specified; if not specified, all variables with NA will be
displayed)

o More...

» Duke to implement smdi toolkit as part of the validation and
analysis of empirical study question

smd:

structural missing data investigations

0771701

101700117101

. 07717201
0??1701d.& 0771701

077170117071

0771701

janickweberpals.qitlab-pages.partners.org/smdi
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https://janickweberpals.gitlab-pages.partners.org/smdi

Practical Implementation, Principled Workflow and
Compatibility with Mice and MatchThem R Packages

Visualize and check
assumptions with smdi_vis() &
smdi diagnose() - > Data in the Dataset

Imputing the Missing

Dataset with Missing Values ——

(Amelia or mice R packages) mids object

(mids object contains
multiply imputed datasets)

b o . Matching or Weighting L.
oo Assessing Balance on the Perform sensitivity analyses
o o — the Imputed Datasets
oo Matched or Weighted Datasets <
| . (matchthem() or weightthem() functions)
a (cobalt R package)
le o
Beta,
o Analyzing the Pooling the Causal P
Betas Matched or Weighted Datasets ———————» Effect Estimates Causal
Be
e (with() function) (pool() function) Ffect
Betas

Weighting

Adapted from: Pishgar, F., N. Greifer, C. Leyrat, and E. Stuart. Matchthem: matching and
weighting after multiple imputation. RJ. 2021; 13: 292-305. doi: 10.32614. RJ-2021-073.
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Sentinel-

Thank You

Contact: jweberpals@bwh.harvard.edu
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Backup Slides
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C, vector

= additional covariates used for
outcome data generation and,
consequently, for fitting the true
outcome model in simulations

Supplementary Table 2. Overview of C1 covariates.

Variable Variable label Variable type
age Age at index date continuous
male Gender (male) binary
subsidy Medicare subsidy flag continuous
combined _score Combined comorbidity score continuous
generics Number of generics used continuous
rx_ anticoalgulant History of anticoalgulant use binary
rx_antiplatelets History of antiplatelets use binary

rx_ statin History of statins use binary
rx__antihypertensive History of antihypertensive use binary
rx_current dm_sulfonylureas Concurrent sulfonylureas use binary
num_diab meds on_index Number of unique DM generics on/overlapping continuous

index date
num_hbal test Number of HbAlc tests continuous
visits180 _internal Number of internal physician visits in 180 days continuous
prior index date

dx_afib History of atrial fibrillation binary

dx anemia History of Anemia binary

dx_ cardiomyopathy History of cardiomyopathy binary

dx diab_nephropathy History of diabetic nephropathy binary

dx D_circ Diabetes with peripheral circulatory disorders binary

dx D neur Diabetic neuropathy binary
dx_Hyperglycemia History of hyperglycemia binary
dx_stroke isch History of ischemic stroke binary
hosp adm At least one hospital admission binary

er_ visits Number of ER visits continuous
raceWhite White race (vs other) binary
index year 2013 2016 Index year between 2013-2016 (vs after 2016) binary

Sentinel Initiative
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Outcome Generation

1. Time to outcome (MACE) ~ ay * Treatment + 0y * HbAYf + Y 7—1 ByiXk
2. Time to censoring ~ a(y_q * Treatment + 6y_; * HbAlc R Yx_1 Brr-1)kXk

V

- recommended to specify a set of covariates that are believed to be associated with the outcome
- we have selected 25 covariates (C, vector) to be used for outcome data generation:

Element Covariates

Exposure SGLT2 versus DPP4

Confounder of interest —» {MCAR, MAR, MNAR} HbA1c | BMI | smoking

Predictors for outcome (= cardiovascular composite; in the following | Demographics: age, sex, race, Medicare subsidy, year of index
also referred to as C, covariate vector) date

Comorbidities at baseline: Combined comorbidity score,
hyperglycemia, cardiomyopathy, afib, anemia, stroke/ischemia,
diabetic neuropathy, diabetes with peripheral circulatory disorders,
diabetic nephropathy

Use of concomitant drugs at baseline: statin, sulfonylureas
(current use), anticoagulants, antiplatelets, antihypertensive

Healthcare utilization: number of internal physician visits,
hospital admission, generics, # diabetes rx, number of HbA1c tests
during baseline period, number of emergency room visits
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Quality Checks — Plasmode Cohorts (BMI example)

-®- Original Data @~ Plasmode Data (averaged over 100 cohorts) -®- Original Data @ Plasmode Data (averaged over 100 cohorts)

dx_afib o t } ~ T TREATSGLT2 |
rx_current_dm_metformin —e— i bmiUnderweight_Normal 4
rx_current_dm_sulfonylureas 4 —e—1 1 rx_antihypertensive
hosp_adm - S —_— 1 hosp_adm 4
num_diab_meds_on_index A '—9—'|_._| flu_shot 4
index_year_2013_2016 | —e— dx_Hyperglycemia 4
subsidy - ! ,A@_, i mellle -
rx_anticoalgulant = rd : 1 ' raceWhite -
dx_D_circ k = | |nd§x7year7201 3*.201 6 1
rx_antihypertensive - I 7 r n { num_dlabl_meds_on_mdex b
bmiUnderweight_Normal 4 [—— = dx7d|ab7nephropathy 1
rx_antiplatelets - [} FD | rx_current_dm_metform!n b ;
. rx_statin o :
dx_Hyperglycemia 4 'ﬁ' .
'ﬁ‘ dx_afib o
male 1 dx_D_circ
‘ er_visits 'ﬁi dx ;n;mia E
combined_score - .
subsidy
flu_shot A .
. ! N combined_score
K ignomias L & i rx_anticoalgulant
dx_D_neur T dise TB e
rx_statin - = e b artiplatelsis
__antiplatelets
hum_hbal_tegts = , num_hbai_test - i — a——
raceWhite 1 C—e— bmiOverweight -
bmiOverweight - g e— e— age-
generics 1 ﬁ'l visits180_internal
dx_diab_nephropathy A generics -
visits180_internal rx_current_dm_sulfonylureas -
age 7 er_visits
-2 -1 0 1 -0.5 0.0 0.5

Estimate outcome model (beta hat)
Sorted by absolute difference between the two estimates

Estimate exposure model (beta hat)
Sorted by absolute difference between the two estimates

Exposure model Outcome model
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Algorithm 1 Plasmode simulation pseudocode

Npiasmode = 100 > Plasmode datasets we created
Neonfounder = 3 (HbAlc, BMI, smoking)
Nmechanismmissmg =4 (MCAR7 MARa MNAR’u,nmeasureda MNARvalue)
Nproportion =9 (10%, 20%, 30%, 40%, 50%)
Neovarsausitiar, = 2 (With, without empirical auxiliary variables)
Nindicatormissing = 2 (With, without missing indicator in imputation)
Ninteraction = 2 (with, without treatment effect heterogeneity)
Require: Matrix that lists all combinations of above vectors
for i of 1:nrowps4¢riz doO
Select plasmode dataset[i] of confounder[i] and interaction term]i]
Compute Truegyr
Introduce missingmechanism[i) With proportionli] <— plasmode[i]missing
for plasmode[i]missing dO
DIAGNOSTICS
Compute standardized differences (SMD)
Perform Hotelling’s multivariate t-test
Fit CoxPH(Outcome ~ con founder(ilindicatormissing + Xcovariates)
Fit random forest and predict confounder|ilindicatormi.sin,
IMPUTATION
Compute HRy,on—imputed With indicator.,;ssingli]
(Multiple) imputation with indicatormissing[t] & covarsqugitiaryli]
Compute HRmputed
return Resultsli]
end for
end for

Sentinel Initiative
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Overview of Model Specifications Used in Simulation

Notation

exposure = SGLT2 versus DPP4

coi = EHR confounder of interest, i.e., HbA1c, BMI, smoking

coi:exposure = interaction term for coi and exposure

coi_missing_indicator = binary variable indicating if coi is missing (=0) or observed (=1)

C, = Covariates used to generate outcome (consequently also used as covariates in outcome model)
C, = All remaining (auxiliary) covariates + {Exposure, HbA1c, BMI, smoking, C,)

{ } = Indicates inclusion in model as a simulation parameter that is altered

Model Formula

Diagnostics

Predicting missingness coi_missing_indicator ~ exposure + TIME + EVENT + C, + {C,}

Diagnostics outcome model (differential missingness)  Surv(TIME, EVENT) ~ exposure + coi_missing_indicator + C, + {C,} (Co not considered yet)
Weighting/Imputation

Inverse probability of missing weights (IPMW)?2 coi_missing_indicator ~ exposure + TIME + EVENT + C, + {C,}

Imputation models coi ~ exposure + TIME + EVENT + {coi_missing_indicator} + C, + {C,}

Outcome models

True outcome model Surv(TIME, EVENT) ~ exposure + coi + {coi:exposure} + C,

Complete case/ITPMW outcome model Surv(TIME, EVENT) ~ exposure + coi + {coi:exposure} + C, (complete cases only)
Missing indicator outcome model Surv(TIME, EVENT) ~ exposure + coi + {coi:exposure} + coi_missing_indicator + C,
Outcome model across imputed datasets Surv(TIME, EVENT) ~ exposure + coi + {coi:exposure} + {coi_missing_indicator} + C,

aWeights are automatically trimmed to the 1% and 99% percentile; robust variance estimator is used in outcome model to estimate standard error | 162



Quality/Sanity Checks — True Outcome Model (BMI example)

Effect modification log HR (95% CI) HR (95% CI)

Simulated missingness proportion by mechanism and expected
true proportion (quality check).

Mechanism True proportion Simulated proportion

Proportion missing = 10%

MCAR 0.1 0.10
MAR 0.1 0.10
MNAR unmeasured 0.1 0.10
MNARaiue 0.1 0.10
Proportion missing = 20%
MCAR 0.2 0.20
MAR 0.2 0.20
MN ARunmeasured 0.2 0.20
MNARaiue 0.2 0.20
Proportion missing = 30%
MCAR 03 0.30
MAR 03 0.30
MNAR.unmeasured 03 0.30
MNARaiue 03 0.30
Proportion missing = 40 %
MCAR 04 0.40
MAR 04 0.39
MNARummeasured 04 0.39
MNARyaue 04 0.40
Proportion missing = 50 %
MCAR 0.5 0.50
MAR 0.5 0.50
MN. ARunmeasured 0.5 049
MNARaie 0.5 0.49

Simulated plasmode dataset

SISV RRRTLIBBS2CLLEELELES

a0

o
LW ANONROD NG RN IBOO S NB RN IBBOLBRNGIBOOINBRNGIBESIRGR NG AB DB R NS AB DS

o

Standard error

Hazard ratio (HR)

2
Hazard ratio (HR)
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FALSE 0.00 (-0.45-0.45) 1.00 (0.64-1.57) 0.23
TRUE 0.00 (-0.59-0.59) 1.00 (0.55-1.80) 0.30




Post-hoc
simulation 1
analytics g
(by proportion) -
IPMW performed very poorly i
due to extreme weights 10-
(especially when missingness
was less frequent) for some |
patients
| =

Proportion (missing) 10% Proportion (missing) 20% Proportion (missing) 30% Proportion (missing) 40% Proportion (missing) 50%
Proportion missing (%)
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Sentinel-

Thank You

Please visit www.sentinelinitiative.org for more information.
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