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• Motivation
• A general framework for scalable development

• Assessing fitness for purpose
• Creating gold standard data
• Feature engineering
• Model development
• Model evaluation and reporting

Outline
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Motivation
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• Goal: improve safety surveillance using observational data
• Active Risk Identification and Analysis (ARIA) system:

Motivation

Image courtesy of Michael Nguyen

Analytic 
Tools

Common 
Data 

Model
ARIA

Electronic claims data

Parameterized, re-usable tools and computable algorithms
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Motivation

Slide courtesy of Michael Nguyen

Serious Safety 
Concern

Sentinel ARIA 
Sufficient?

Sentinel ARIA Analysis

Postmarket Required Study 
(PMR)

NO

YES

Related ARIA Study

Observational 
Study

When is the ARIA Process Needed?

ARIA must be considered before 
a sponsor PMR can be issued
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• 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

Motivation

Example ARIA sufficient** outcomes:
• GI bleeding
• Heart failure
• Lymphoma
• Major adverse cardiac events (MACE)
• Myocardial infarction
• Multiple sclerosis relapse
• Non-melanoma skin cancer
• Seizure
• Stroke

Example ARIA insufficient* outcomes:
• Acute pancreatitis
• Anaphylaxis
• Drug-induced liver injury
• Fatal MACE
• Malignancies (several)
• Nerve injury
• Suicide or suicidal ideation

*Reasons for insufficiency are not mutually exclusive 
**Sufficiency is highly dependent on the scientific question and regulatory context
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• 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

Motivation
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Assessing Fitness for 
Purpose
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• 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
- Feature engineering
- Model development
- Model evaluation & reporting

Impact of clinical complexity?
Impact of data complexity?

Assessing Fitness for Purpose: Key Points
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Figure 1. Relationship between clinical complexity, data complexity, 
and increasing phenotyping difficulty with illustrative phenotypes.

Data complexity 
sources
• Data heterogeneity
• Data obscurity
• Data imprecision
• Data irregularity
• Data instability
• High dimensionality
• Lack of structure

Clinical complexity 
sources
• Competing diagnoses
• Lack of definitive diagnostic 

tests
• Lack of consensus about 

diagnostic criteria
• Limited knowledge, time, or 

technology

Assessing Fitness for Purpose: Complexities
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• “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
- Feature engineering
- Model development
- Model evaluation & reporting

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

• Future work
- Methods for estimating amount of training data needed for model development

Impact of clinical complexity?
Impact of data complexity?

Assessing Fitness for Purpose: Key Points
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Creating Gold Standard Data
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• 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? 

Creating Gold Standard Data
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Creating Gold Standard Data

Phenotype Setting Data type Cases Non-cases

Anaphylaxis Kaiser Washington Gold 154 85

Anaphylaxis Kaiser NW Gold 180 97

Acute pancreatitis Kaiser NW Gold 182 118

COVID-19 Vanderbilt
Silver 24,355

Gold 266 153

COVID-19 Kaiser Washington
Silver 8,329

Gold 269 168

Model training 

minority class 

issues
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Feature Engineering
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• 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

Feature Engineering
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Identify Define Implement

Propose targets

Review  knowledge

Review
code lists

Propose
codes

Propose
terms

EHR

EHR

Assemble
corpus

Specify logic

Validate
code usage

Validate
NLP

Assemble datasets

Write code Create NLP

Perform QC

= Clinicians = InformaticistsFeature Engineering: Manual
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Identify Define Implement

= Clinicians = InformaticistsFeature Engineering: Manual
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Feature Engineering: Automated

AFEP

SAFE

PheNorm

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

Principles:
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Identify & Define* Implement

= Clinicians = InformaticistsFeature Engineering: Automated

NLP

MetaMap

Medical dictionary

Anaphylaxis

Anaphylaxis

Anaphylaxis

Anaphylaxis

Anaphylaxis
(~100 to ~300)

Clinical knowledge 
articles ≥3 articles

Concepts found in ≥3 
articles

Optional:
Remove 

non-
specific 

concepts

Patient charts

NLP

MetaMap

~100 to ~300 
features per patient

Features
= counts 
of each 
concept

* Yu et al. Toward high-throughput phenotyping: unbiased automated feature extraction and
selection from knowledge sources. JAMIA 2015
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Identify & Define Implement

= Clinicians = InformaticistsFeature Engineering: Automated

Optional
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Feature Engineering: Manual vs. Automated

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?
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Feature Engineering Example: Manual Structured

GROUP1 ABDIMG_CT_14 INTEST_OBS_SD HEPATITIS_CS MYOCARD_ISCH_PY
GROUP2 ABDIMG_MR_14 INTEST_OBS_CS HEPATITIS_PY GALL_BIL_SD
GROUP3 APLAB_MAX_ULN_14BEF_14AFT INTEST_OBS_PY INFLUENZA_SD GALL_BIL_CS
UPCLASS_EDIP APLAB_MAX_GT3_14BEF_14AFT ILEUS_SD INFLUENZA_CS GALL_BIL_PY
ENRLYEARS CHR_PANCR_SD ILEUS_CS INFLUENZA_PY GB_CANCER_SD
AGE_AT_EVENT_IN_YRS CHR_PANCR_CS ILEUS_PY FOOD_POIS_SD GB_CANCER_CS
SEXF CHR_PANCR_PY CONSTIPATION_SD FOOD_POIS_CS GB_CANCER_PY
RACE_WHITE PANC_CNCR_SD CONSTIPATION_CS FOOD_POIS_PY IBD_SD
HISPANIC PANC_CNCR_CS CONSTIPATION_PY ASCITES_SD IBD_CS
SMOKE_CURR_SELF_365 PANC_CNCR_PY MESENT_ISCH_SD ASCITES_CS IBD_PY
SMOKE_FORMER_SELF_365 PEPTIC_ULCER_SD MESENT_ISCH_CS ASCITES_PY GASTRO_SD
SMOKE_DX_PX_365 PEPTIC_ULCER_CS MESENT_ISCH_PY NEPHROLITH_SD GASTRO_CS
ALC_SD PEPTIC_ULCER_PY DIVERTICUL_SD NEPHROLITH_CS GASTRO_PY
ALC_CS GASTRITIS_SD DIVERTICUL_CS NEPHROLITH_PY ESOPHAGITIS_SD
ALC_PY GASTRITIS_CS DIVERTICUL_PY DKA_SD ESOPHAGITIS_CS
HYPERTRIG_SD GASTRITIS_PY APPENDIC_SD DKA_CS ESOPHAGITIS_PY
HYPERTRIG_CS GERD_SD APPENDIC_CS DKA_PY
HYPERTRIG_PY GERD_CS APPENDIC_PY MYOCARD_ISCH_SD
ERCP GERD_PY HEPATITIS_SD MYOCARD_ISCH_CS

92 structured features manually engineered for acute pancreatitis

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



| 28Sentinel Initiative

Anaphylaxis NLP dictionary for 71 concepts (843 terms)
• BRADYCARDIA (13)
• CARDIACARRHYTH (8)
• CARDIOCOLLAPSE (2)
• COLLAPSE (2)
• END ORGAN (2)
• HYPOTENSION (77)
• PALPITATIONS (3)
• SHOCK (3)
• SYNCOPE (30)
• TACHYCARDIA (9)
• ABDOPAIN (3)
• VOMIT (1)
• AIRWAY (4)
• AIRWAY 

CONSTRICTION (4)
• ALTERED MENTATION 

(1)
• APHONIA (3)
• BREATH (6)
• 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 

(1)
• VOICE QUALITY (1)
• WHEEZE (8)

• ANGIOEDEMA (102)
• DIFFICULTY SWALLOWING 

(14)
• DYSPHAGIA (1)
• EDEMA (4)
• ERYTHEMA (42)
• EYE SWELLING (33)
• FACIAL SWELLING (20)
• FLUSH (38)
• HIVES (68)
• ITCHING (14)
• ITCHY SOFT TISSUE (15)
• METALLIC TASTE (1)
• MOUTH (1)
• MOUTHSWELL (4)
• ORALSWELL (4)
• PRURITUS (15)
• RASH (7)
• REACTION (1)
• SOFT TISSUE SWELLING (4)
• SWELLING (31)

• THROAT (4)
• TINGLING (1)
• TINGLY SOFT TISSUE 

(14)
• URTICARIA (24)
• ALLERGREACT (5)
• ANAPH (5)
• COMPLAINT (12)
• DIAGNOSIS (8)
• DIFFERENTIAL (1)
• HYPO (6)
• IMPRESSION (1)

Group: ● REDUCED BLOOD PRESSURE ● GASTROINTESTINAL ● RESPIRATORY COMPROMISE   ●
SKIN/MUCOSAL ● OTHER

Feature Engineering Example: Manual NLP*

* Improving Methods of Identifying Anaphylaxis for Medical Product Safety Surveillance Using Natural Language Processing and Machine Learning, American 
Journal of Epidemiology, Volume 192, Issue 2, February 2023, Pages 283–295, https://doi.org/10.1093/aje/kwac182

https://doi.org/10.1093/aje/kwac182
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# CONCEPT CUI
1 acetaminophen C0000970
2 Adrenal Cortex Hormones C0001617
3 air C3536832
4 Anemia, Sickle Cell C0002895
5 Angiotensin II receptor antagonist C0521942
6 animal allergen extracts C3540698
7 Anosmia C0003126
8 Antibodies C0003241
9 Antibodies, Neutralizing C0475463
10 Antibody studies (procedure) C0580327
11 Antibody Therapy C0281176
12 Antigens C0003320
13 Anti-Inflam. Agents, Non-Steroidal C0003211
14 Antimicrobial Susceptibility Result C2827758
15 Antiviral Agents C0003451
16 Arthralgia C0003862
17 Asymptomatic (finding) C0231221
18 At home C4534363
19 baricitinib C4044947
20 Blood Clot C0302148
21 Blood coagulation tests C0005790
22 Body mass index procedure C0005893
23 Brain Diseases C0006111
24 Bronchoalveolar Lavage C1535502
25 Cardiac Arrhythmia C0003811
26 Cardiomyopathies C0878544
27 Cerebrovascular accident C0038454
28 Chemical Association C0596306
29 Chest CT C0202823
30 Chest Pain C0008031
31 Chills C0085593
32 chloroquine C0008269
33 Chronic Kidney Diseases C1561643
34 Chronic Obstructive Airway Disease C0024117
35 Chronic obstructive pulm. disease C3714496
36 combination - answer to question C3811910
37 Common Cold C0009443
38 Communicable Diseases C0009450
39 Community Transmission C5392207
40 Complication C0009566

# CONCEPT CUI
41 Coronary Arteriosclerosis C0010054
42 Coughing C0010200
43 COVID19 (disease) C5203670
44 COVID-19 drug treatment C5244048
45 C-reactive protein C0006560
46 Critical Illness C0010340
47 Cystic Fibrosis C0010674
48 Death (finding) C1306577
49 Death Related to Adverse Event C1705232
50 Decreased translucency C0029053
51 Delta-Like Protein 1, human C3815527
52 Device Alert Level - Serious C1551395
53 Device Alert Level - Critical C1551396
54 dexamethasone C0011777
55 Diabetes Mellitus C0011849
56 Diabetes Mell., Non-Ins-Depend. C0011860
57 Diagnostic Imaging C0011923
58 Diarrhea and vomiting, symptom C0474496
59 Diffuse Optical Imaging C3899379
60 Down Syndrome C0013080
61 Dyspnea C0013404
62 Emergency Situation C0013956
63 Environmental air flow C0042491
64 Extracorp. Membrane Oxygen. C0015357
65 Fatigue C0015672
66 Ferritin C0015879
67 Fever C0015967
68 Fever symptoms (finding) C0424755
69 Fibrin fragment D C0060323
70 Functional disorder C0277785
71 Gastrointestinal System Finding C1333803
72 Glucocorticoids C0017710
73 Has difficulty doing (qualifier) C1299586
74 Headache C0018681
75 Heart Diseases C0018799
76 Heart failure C0018801
77 High risk of C0332167
78 Human Immunodefic. Vir. Meas. C5202935
79 hydrocortisone C0020268
80 hydroxychloroquine C0020336

# CONCEPT CUI
81 Hypersensitivity C0020517
82 Hypertensive disease C0020538
83 Hypoxemia C0700292
84 Hypoxia C0242184
85 Immune System Finding C1291764
86 Immunocompromised Host C0085393
87 Immunoglobulins C0021027
88 Improved - answer to question C4084203
89 Inflammation C0021368
90 Interferons C0021747
91 interleukin-6 C0021760
92 Isolation procedure C0204727
93 ivermectin C0022322
94 Lactate Dehydrogenase C0022917
95 lopinavir / ritonavir C0939237
96 Loss of taste or smell C5382033
97 Lung consolidation C0521530
98 Lung diseases C0024115
99 Lymphopenia C0024312
100 M Protein, multiple myeloma C0700271
101 Malaise C0231218
102 Mechanical ventilation C0199470
103 Mechanical Ventilator C0042497
104 methylprednisolone C0025815
105 Mild Adverse Event C1513302
106 Monoclonal Antibodies C0003250
107 Mucocutan. Lymph Node Synd. C0026691
108 Multiple Organ Failure C0026766
109 Muscle Fatigue C0242979
110 Muscle strain C0080194
111 Myalgia C0231528
112 Myocarditis C0027059
113 Nausea or vomiting C3843946
114 Noninvasive Ventilation C1997883
115 Nucleic Acid Amplification Tests C0200932
116 Obesity C0028754
117 Organ Transplantation C0029216
118 oxygen C0030054
119 Oxygen Therapy Care C0184633
120 Patient in hospital C0701159

# CONCEPT CUI
121 Pharyngitis C0031350
122 Plain chest X-ray C0039985
123 Plasma Product C4521445
124 Pneumonia C0032285
125 Pneumonia, Viral C0032310
126 Pressure- physical agent C0033095
127 Pulmonary (intended site) C4522268
128 Quarantine C0034386
129 receptor C0597357
130 Reduction procedure C1293152
131 remdesivir C4726677
132 Respiration Disorders C0035204
133 Respiratory distress C0476273
134 Respiratory Distress Synd., Adult C0035222
135 Respiratory Failure C1145670
136 Respiratory System Finding C0425442
137 Rhinorrhea C1260880
138 RNA, Messenger C0035696
139 Self-Quarantine C5392942
140 Septic Shock C0036983
141 Severe (severity modifier) C0205082
142 Severe Acute Resp. Syndrome C1175175
143 Severe disease C4740692
144 Shock C0036974
145 Signs and Symptoms, Respiratory C0037090
146 Sneezing C0037383
147 Steroids C0038317
148 Supplemental oxygen C4534306
149 Symptom mild C0436343
150 Symptom severe C0436345
151 Symptomatic Presentation C5238876
152 Thromboembolism C0040038
153 Thrombus C0087086
154 Tissue damage C0010957
155 tocilizumab C1609165
156 Viral Load result C0376705
157 Virus Diseases C0042769
158 Worse C1457868

Feature Engineering Example: Automated (NLP)
Symptomatic COVID-19 disease (N=158)
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# CONCEPT CUI
1 acetaminophen C0000970
2 Adrenal Cortex Hormones C0001617
3 air C3536832
4 Anemia, Sickle Cell C0002895
5 Angiotensin II receptor antagonist C0521942
6 animal allergen extracts C3540698
7 Anosmia C0003126
8 Antibodies C0003241
9 Antibodies, Neutralizing C0475463
10 Antibody studies (procedure) C0580327
11 Antibody Therapy C0281176
12 Antigens C0003320
13 Anti-Inflam. Agents, Non-Steroidal C0003211
14 Antimicrobial Susceptibility Result C2827758
15 Antiviral Agents C0003451
16 Arthralgia C0003862
17 Asymptomatic (finding) C0231221
18 At home C4534363
19 baricitinib C4044947
20 Blood Clot C0302148
21 Blood coagulation tests C0005790
22 Body mass index procedure C0005893
23 Brain Diseases C0006111
24 Bronchoalveolar Lavage C1535502
25 Cardiac Arrhythmia C0003811
26 Cardiomyopathies C0878544
27 Cerebrovascular accident C0038454
28 Chemical Association C0596306
29 Chest CT C0202823
30 Chest Pain C0008031
31 Chills C0085593
32 chloroquine C0008269
33 Chronic Kidney Diseases C1561643
34 Chronic Obstructive Airway Disease C0024117
35 Chronic obstructive pulm. disease C3714496
36 combination - answer to question C3811910
37 Common Cold C0009443
38 Communicable Diseases C0009450
39 Community Transmission C5392207
40 Complication C0009566

# CONCEPT CUI
41 Coronary Arteriosclerosis C0010054
42 Coughing C0010200
43 COVID19 (disease) C5203670
44 COVID-19 drug treatment C5244048
45 C-reactive protein C0006560
46 Critical Illness C0010340
47 Cystic Fibrosis C0010674
48 Death (finding) C1306577
49 Death Related to Adverse Event C1705232
50 Decreased translucency C0029053
51 Delta-Like Protein 1, human C3815527
52 Device Alert Level - Serious C1551395
53 Device Alert Level - Critical C1551396
54 dexamethasone C0011777
55 Diabetes Mellitus C0011849
56 Diabetes Mell., Non-Ins-Depend. C0011860
57 Diagnostic Imaging C0011923
58 Diarrhea and vomiting, symptom C0474496
59 Diffuse Optical Imaging C3899379
60 Down Syndrome C0013080
61 Dyspnea C0013404
62 Emergency Situation C0013956
63 Environmental air flow C0042491
64 Extracorp. Membrane Oxygen. C0015357
65 Fatigue C0015672
66 Ferritin C0015879
67 Fever C0015967
68 Fever symptoms (finding) C0424755
69 Fibrin fragment D C0060323
70 Functional disorder C0277785
71 Gastrointestinal System Finding C1333803
72 Glucocorticoids C0017710
73 Has difficulty doing (qualifier) C1299586
74 Headache C0018681
75 Heart Diseases C0018799
76 Heart failure C0018801
77 High risk of C0332167
78 Human Immunodefic. Vir. Meas. C5202935
79 hydrocortisone C0020268
80 hydroxychloroquine C0020336

# CONCEPT CUI
81 Hypersensitivity C0020517
82 Hypertensive disease C0020538
83 Hypoxemia C0700292
84 Hypoxia C0242184
85 Immune System Finding C1291764
86 Immunocompromised Host C0085393
87 Immunoglobulins C0021027
88 Improved - answer to question C4084203
89 Inflammation C0021368
90 Interferons C0021747
91 interleukin-6 C0021760
92 Isolation procedure C0204727
93 ivermectin C0022322
94 Lactate Dehydrogenase C0022917
95 lopinavir / ritonavir C0939237
96 Loss of taste or smell C5382033
97 Lung consolidation C0521530
98 Lung diseases C0024115
99 Lymphopenia C0024312
100 M Protein, multiple myeloma C0700271
101 Malaise C0231218
102 Mechanical ventilation C0199470
103 Mechanical Ventilator C0042497
104 methylprednisolone C0025815
105 Mild Adverse Event C1513302
106 Monoclonal Antibodies C0003250
107 Mucocutan. Lymph Node Synd. C0026691
108 Multiple Organ Failure C0026766
109 Muscle Fatigue C0242979
110 Muscle strain C0080194
111 Myalgia C0231528
112 Myocarditis C0027059
113 Nausea or vomiting C3843946
114 Noninvasive Ventilation C1997883
115 Nucleic Acid Amplification Tests C0200932
116 Obesity C0028754
117 Organ Transplantation C0029216
118 oxygen C0030054
119 Oxygen Therapy Care C0184633
120 Patient in hospital C0701159

# CONCEPT CUI
121 Pharyngitis C0031350
122 Plain chest X-ray C0039985
123 Plasma Product C4521445
124 Pneumonia C0032285
125 Pneumonia, Viral C0032310
126 Pressure- physical agent C0033095
127 Pulmonary (intended site) C4522268
128 Quarantine C0034386
129 receptor C0597357
130 Reduction procedure C1293152
131 remdesivir C4726677
132 Respiration Disorders C0035204
133 Respiratory distress C0476273
134 Respiratory Distress Synd., Adult C0035222
135 Respiratory Failure C1145670
136 Respiratory System Finding C0425442
137 Rhinorrhea C1260880
138 RNA, Messenger C0035696
139 Self-Quarantine C5392942
140 Septic Shock C0036983
141 Severe (severity modifier) C0205082
142 Severe Acute Resp. Syndrome C1175175
143 Severe disease C4740692
144 Shock C0036974
145 Signs and Symptoms, Respiratory C0037090
146 Sneezing C0037383
147 Steroids C0038317
148 Supplemental oxygen C4534306
149 Symptom mild C0436343
150 Symptom severe C0436345
151 Symptomatic Presentation C5238876
152 Thromboembolism C0040038
153 Thrombus C0087086
154 Tissue damage C0010957
155 tocilizumab C1609165
156 Viral Load result C0376705
157 Virus Diseases C0042769
158 Worse C1457868

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

Feature Engineering Example: Automated (NLP)
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• 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?)

Feature Engineering: Best Practices, Future Work
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Model Development
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• Goal: construct a useful prediction model
• Challenges:
• 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

Model Development

Image courtesy of Susan Gruber
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• Consider diverse combinations of dimension reduction 
strategies & algorithms

Dimension
reduction

1 Retain All

2 PAM

3 LASSO 

Algorithms

1 GLM

2 Elastic net

3 XGBoost v1 

4 XGBoost v2

5 BART v1

6 BART v2

7 Neural net v1

8 Neural net v2

Combinations
1 GLM-Retain-All
2 GLM-PAM
3 GLM-LASSO
4 Elastic-net-Retain-All
5 Elastic-net-PAM
6 Elastic-net-LASSO
7 XGBoost-v1-Retain-All
8 XGBoost-v1-PAM
9 XGBoost-v1-LASSO

10 XGBoost-v2-Retain-All
11 XGBoost-v2-PAM
12 XGBoost-v2-LASSO
13 BART-v1-Retain-All
14 BART-v1-PAM
15 BART-v1-LASSO
16 BART-v2-Retain-All
17 BART-v2-PAM
18 BART-v2-LASSO

19 Neural-net-v1-Retain-
All

20 Neural-net-v1-PAM
21 Neural-net-v1-LASSO

22 Neural-net-v2-Retain-
All

23 Neural-net-v2-PAM
24 Neural-net-v2-LASSO

× ꓿

Super 
Learner

25

A weighted 
combination 
of the other 
24 
combinations

+

Model Development
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• Goal: construct a useful prediction model
• Challenges:
• 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
• Use V-fold cross-validation to make use of all the data

• Future work:
• How to incorporate silver standard surrogate outcome 

labels in model training?

Model Development

Image courtesy of Susan Gruber
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Model Evaluation and 
Reporting
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• 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

Model Evaluation and Reporting

Image courtesy of Susan Gruber

Predicting Anaphylaxis
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0
20

40
60

80
10

0

AP  outcome+struct+NLP BART2−Lasso 1
 cross−validated performance metrics at different cutpoints

Quantile Cutpoint

Pe
rc

en
t

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

Specificity

Sensitivity

NPV

PPV

Cross-validated performance metrics for a best-fitting model using structured data 
and NLP-derived data, KPNW, BART2 with LASSO dimension reduction.

Quantile = 0.39
PPV = 0.90
Sens = 0.91

Model Evaluation: Acute Pancreatitis
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April 14, 202339

Anaphylaxis model performance in 1) internal KPWA data and 
2) external KPNW data at quantiles of predicted risk (BART2, retain-all)

Model Evaluation: Anaphylaxis, External Site

• Comparable
PPV

• 7% drop in 
sensitivity at 
external site
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• 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

Model Evaluation and Reporting

Image courtesy of Susan Gruber

Predicting Anaphylaxis
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41

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

Model Evaluation: Selecting a Final Model
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• 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

Model Evaluation and Reporting

Image courtesy of Susan Gruber

Predicting Anaphylaxis

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

Contact: david.s.carrell@kp.org
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Extras
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Structured Data in Sentinel CDM + labs
id, age, sex, dx1, dx2, rx1, ... 

(n observations)

0.92        CASE
0.01        CONTROL
0.84        CASE...

...

4. Obtain
Predictions,
Classifications

3. Develop
Model

2. Prescreen
Covariates

1. Collect    
Data

id, symptom1, symptom2,  ... 

(n observations)

EHR Text-based (NLP) covariates 

...

0.97        CASE
0.02        CONTROL
0.63        CONTROL...

Model Development: Approach

What’s in the 
box?
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What’s in the box?

• Logistic regression
• Elastic net
• Bayesian Additive Regression Trees
• Neural network
• Boosted Trees

Super Learner
(a weighted combination)

b0 + b1*age +b2*ICD10 + ...

x5 < c x5 ≥ c

x2 ≥ dx2 < d
µ3

µ2µ1

µ1 µ2

µ3
x5

c 

d       x2

Model Development: Approach



| 50Sentinel Initiative

50

Model Evaluation: Anaphylaxis
Table 2. Cross-validated weighted1 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 Regression2 0.584 0.584 0.564 
Elastic Net 0.587 0.573 0.606 
GBM 1 0.578 0.573 0.581 
GBM 2 0.557 0.570 0.601 
BART 1 0.586 0.560 0.594 
BART 2 0.594 0.574 0.593 
NNET 1 0.619 0.582 0.575 
NNET 2 0.559 0.531 0.567 

Super Learner3 0.581 (all strategies combined) 
B. Structured data features 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 0.672 
BART 1 0.700 0.655 0.686 
BART 2 0.710 0.652 0.704 
NNET 1 0.572 0.617 0.579 
NNET 2 0.633 0.653 0.655 
Super Learner3 0.688 (all strategies combined) 

1. Based on weighting of observations to account for biased sampling in Paths 1 and 2. 
2. Logistic regression algorithms represent a traditional, main terms regression modeling 
approach that we include as a comparator for machine learning algorithms. 
3. Weighted combination of predictions from the other 24 models using this feature set. 
Note: Bolded values are featured in the Results and Discussion sections of the paper. 

 

• All 25 models, 
structured data 
(only)

• All 25 models, 
structured and NLP 
data

• Performance 
differences revealed in 
one table
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April 14, 202351

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)

Model Evaluation: Anaphylaxis KPWA

Best of 25:

• AUC plots reveal 
where 
performance is 
improved
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Model Evaluation: Anaphylaxis KPWA

●

●

●

●

0.5 0.6 0.7 0.8 0.9 1.0

Cross−Validated AUCs for Selected KPW Anaphylaxis Models

AUC

●

●

●

●

StructOnly: NNET1−Lasso

Struct+NLP: BART2−RetainAll

Struct+NLP: BART2−Lasso

Struct+ClinicNLP: BART1−Lasso

Cross-validated AUC

0.62

0.67

0.71

0.70
• Error bars 

show overlap 
across models
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April 14, 202353

Best anaphylaxis model developed using only KPWA data implemented 
and evaluated externally using KPNW data

Model Evaluation: External Validation

• AUC plots reveal 
change in 
performance at 
external site 
(KPNW)
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Model Development: Challenges

1. 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.

2. 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.

3. 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.
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Harmonizing Electronic Health Record 
and Claims Data Across FDA Sentinel 

Initiative Data Partners: 
Case Study and Lessons Learned

Xu Shi
University of Michigan

April 12, 2023
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• 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

Outline
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Background
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Background: Sentinel’s Data Assets to Generate Real-World 
Evidence

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.

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

Sentinel through collaboration with par-
ticipating data partners. This program
enhances the capabilities of Sentinel to
support new research initiatives, moving
beyond observational assessments of
safety and effectiveness to interventional
studies embedded in real-world delivery
systems. The IMplementation of a ran-
domized controlled trial to imProve
treatment with oral AntiCoagulanTs in
patients with Atrial Fibrillation (IM-
PACT-AFib) study is the first random-
ized, pragmatic, clinical trial through
the FDA-Catalyst program. This large
trial aims to evaluate the effect of pa-
tient- and provider-level education on
the initiation of oral anticoagulants
among patients with atrial fibrillation
who may benefit from their use.30,31 In
this trial, the Sentinel infrastructure is
used to identify eligible patients and pro-
viders and to conduct the analysis, as-
sessing initiation of therapy and stroke
and bleeding outcomes.

Sentinel can also facilitate effective
collection of information directly from
patients that is not routinely collected in
administrative claims or EHRs. Aug-
menting patient-reported information
with existing health data can bring the
patient perspective into real-world evi-
dence and expand the capacity of com-
parative effectiveness and safety studies.
Sentinel has developed FDAMyStudies—
a patient-facing, mobile-device applica-
tion available in the public domain—to

serve this purpose.32–34 In compliance
with federal laws (Federal Information
Security Management Act) and the
Code of Federal Regulations (Title 21
CFR Part 11), the application facilitates
the direct input of data by patients (e.g.,
outcomes, over-the-counter medication
use, and other patient-experience data)
and secure linkage of this self-reported
data35 to their information in the Senti-
nel Distributed Database, supporting
prospective studies, registries, and ran-
domized trials.

LIMITATIONS OF SENTINEL

Although Sentinel and its capabilities
enable rapid generation of high-quality,
real-world evidence, there are some lim-
itations. The majority of the data in the
Sentinel Distributed Database are ad-
ministrative claims, which usually lack
information on potentially important
confounding factors such as body mass
index, smoking, alcohol consumption,
or other lifestyle-related factors. The
Sentinel Distributed Database also does
not have information on geneticmarkers
of disease severity, and has varying access
of laboratory test results and race infor-
mation across data partners. Linking de-
tailed inpatient hospital data, including
exposure to specific medications, with
claims data remains challenging. Indi-
viduals covered by commercial health

plans also tend to have a shorter
follow-up time than those covered by
Medicare or Medicaid, making long-
term treatment evaluations difficult.
Moreover, Sentinel analyses have un-
known generalizability to populations
without health insurance. Lastly, Senti-
nel has limited information on patients
with ESKD, for whom information on
dialysis timing, modality, and out-
comes may be incomplete. Important
variability exists in missing laboratory
results for serum creatinine across data
partners.36,37

HOW THE FDA HAS USED
SENTINEL

The FDA routinely uses Sentinel’s .10
billion pharmacy-dispensing and med-
ical encounters to evaluate the uti-
lization, safety, and effectiveness of
marketed medical products. Evidence
generated by Sentinel has informed re-
vision of product labels or issuance of
drug-safety communications. For exam-
ple, during a safety assessment promp-
ted by international evidence that
suggested a higher risk of birth defects
associated with etanercept use, the FDA
used Sentinel to study the utilization of
TNF-a inhibitors in pregnant women in
the United States.38 In 19,681 pregnancies
where the expectant mother had at least
one chronic inflammatory condition

Figure 1. An illustration of Sentinel’s data assets and enhanced capabilities to generate real-world evidence using its privacy-preserving
distributed network and infrastructure.

2508 JASN JASN 31: 2506–2516, 2020

REVIEW www.jasn.org

8441.09 billion
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Background: Sentinel’s Privacy-Preserving Distributed 
Network 

FDA Sentinel (2022). How Sentinel Works: The Sentinel Common Data Model and Sentinel Distributed Database. https://www.sentinelinitiative.org/about/how-sentinel-
gets-its-data
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Background: A Motivating Example

System ASystem A
Common Data Model Phenotyping Algorithm  

Or Causal Inference

Transport

786.05:  
shortness of breath

System B System B

786.09: dyspnea and 
respiratory abnormality

Anaphylaxis

Anaphylaxis

?
Sentinel Common Data Model unifies the “vocabulary” but not the “dialect” of medical coding
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Background: The Sentinel DATA Harmonization Project

Case study with two Sentinel Data Partners: 
Kaiser Permanente Washington (KPWA) and Kaiser Permanente Northwest (KPNW)

Heterogeneous 
Data Partners

Describe (Aim 1-2): 
What is the distribution 
of medical codes used 
at KPWA and KPNW?

Apply: 
How to harmonize data  
and share knowledge 

across all data partners?

Align (Aim 3): 
Is ICD-9 786.09 (dyspnea) at 

KPWA coded as 786.05 
(shortness of breath) at KPNW?

Transport (future work): 
How to transfer a phenotyping 
algorithm trained at KPWA to 
identify outcomes at KPNW?

Interoperability
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Methods
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Aim 1: Compare Coding Patterns Between KPWA & KPNW
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Burden test
SKAT

Significance level for codewise tests
Significance level for groupwise tests

Shi X, Pashova H, Heagerty PJ. Comparing healthcare utilization patterns via global differences in the endorsement of current procedural terminology codes. Annals of Applied 
Statistics. 2017 Sep;11(3):1349-74.

Code-wise and 
group-wise testing:

Medical codes
in a group

Genetic variants
in a region

Code-level:  Two sample T-test
Group-level: SKAT (Sequence Kernel 
Association Test) & Burden test
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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

Manuscript on privacy-preserving tests in preparation
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T-test for 1023 codes SKAT test for 30 code groups Burden test for 30 code groups

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

Aim 1 Methods: Privacy-Preserving Code/Group-Level Tests
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Aim 2: Automated Code Mapping Between KPWA & KPNW

Shi X, Li X, Cai T. Spherical regression under mismatch corruption with application to automated knowledge translation. Journal of the American Statistical Association. 2021 Oct 
2;116(536):1953-64.

=

Co-occurrence 
Matrix Singular Value Decomposition

Patient Timeline Bins

Pt bin 1

. 

. 

. 

. 

.

Co-occurrence Count

Pt bin 2

Pt bin n

Partners HealthCare Veterans Health Administration
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786.09
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Tracheostomy complications
Shortness of breath
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Cough
Painful respiration

Abnormal chest sounds

Other dyspnea andrespiratory abnormality
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Tracheostomy complications
Shortness of breath
Wheezing

Cough
Painful respiration
Abnormal chest sounds

Other dyspnea andrespiratory abnormality

Mapping
+

Space alignment
=

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

Step 1: code embedding 
within each KP site, compute code co-occurrences followed 
by dimension reduction to generate code embeddings 

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

Step 3: code mapping
for a source code, find nearest neighbor(s) among target codes

Aim 2 Methods: Automated Code Mapping with Embeddings
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Step 0: data preparation 
extract all codes, group up all rare codes (frequency <10)

Step 1: code embedding 
within each KP site, compute code co-occurrences followed 
by dimension reduction to generate code embeddings 

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

Step 3: mapping codes 
for a source code, find nearest neighbor among target codes

Aim 2 Methods: Automated Code Mapping with Embeddings
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Aim 2 Methods: Code Embedding, Param Tuning, and Cosine
Similarity

250.00  (Diabetes mellitus)
405.99 (Hypertension)

Unrelated code

cosine(250.00, 405.99) = 0.9

250.00  (Diabetes mellitus)
405.99 (Hypertension)

Unrelated code

cosine(250.00, unrelated code) = 0.1

Cosine similarity ranges between [-1, 1] 
Higher cosine = closer in embedding space = two codes 

are more related
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EHR Data 1

dm0,nm0} index the n shared codes, and let Dm[m0 = {dm,1, ..., dm,nm , dm0,1, ..., dm0,nm0�n} denote the
union of all codes from both sites. Our goal is to develop a matrix completion algorithm to estimate
the (nm + nm0 � n) ⇥ (nm + nm0 � n) PMI matrix (completed without missing value) for Dm[m0 ,
denoted as W, based on the site-specific SPPMI matrix Wm associated with Dm from site m and
Wm0 for Dm0 from site m0. To estimate W, we partition Wm and Wm0 and overlay them to form
an initial SPPMI matrix W as follows

Wm =

✓
Wm,11 Wm,12

Wm,21 Wm,22

◆
, Wm0 =

✓
Wm0,22 Wm0,23

Wm0,32 Wm0,33

◆
, and W =

0

@
Wm,11 Wm,12 Wmiss

mm0

Wm,21 WDm\m0 Wm0,23

Wmiss
mm0 Wm0,32 Wm0,33

1

A ,

(5)
where Wm,22 and Wm0,22 are the SPPMI for the overlapping codes Dm\m0 , WDm\m0 = ⇡Wm,22 +
(1�⇡)Wm0,22 with weight ⇡ chosen either as 0.5 or tuned with validation data, Wmiss

mm0 = (Wmiss
m0m)T

is unobserved and corresponds to the pairwise PMI between codes unique to site m and m0. Note
that the standard word embedding algorithm that pre-trains at one site and continues training at
the other site essentially imputes Wmiss

mm0 as 0. We instead leverage the low rank nature of W to
impute Wmiss

mm0 based on the observed sub-matrices of W.

Blockwise Missing Embedding Learning Transformer (BELT) algorithm. With M SPPMI
matrices from M sites, {Wm, m = 1, ..., M} associated with overlapping but not identical code vo-
cabulary Dm = {dm,1, ..., dm,nm}, we will develop a general BELT algorithm to estimate the PMI

Overlap
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bX<latexit sha1_base64="MV02XzLne/H+ah+57UgJKu4tSmY=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSJ4KokIeix68VjBfmAbymazaZduNmF3opTQf+HFgyJe/Tfe/Ddu2xy09cHA470ZZuYFqRQGXffbWVldW9/YLG2Vt3d29/YrB4ctk2Sa8SZLZKI7ATVcCsWbKFDyTqo5jQPJ28HoZuq3H7k2IlH3OE65H9OBEpFgFK300HsSIR9SJJ1+perW3BnIMvEKUoUCjX7lqxcmLIu5QiapMV3PTdHPqUbBJJ+Ue5nhKWUjOuBdSxWNufHz2cUTcmqVkESJtqWQzNTfEzmNjRnHge2MKQ7NojcV//O6GUZXfi5UmiFXbL4oyiTBhEzfJ6HQnKEcW0KZFvZWwoZUU4Y2pLINwVt8eZm0zmueW/PuLqr16yKOEhzDCZyBB5dQh1toQBMYKHiGV3hzjPPivDsf89YVp5g5gj9wPn8ANOWQmA==</latexit><latexit sha1_base64="MV02XzLne/H+ah+57UgJKu4tSmY=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSJ4KokIeix68VjBfmAbymazaZduNmF3opTQf+HFgyJe/Tfe/Ddu2xy09cHA470ZZuYFqRQGXffbWVldW9/YLG2Vt3d29/YrB4ctk2Sa8SZLZKI7ATVcCsWbKFDyTqo5jQPJ28HoZuq3H7k2IlH3OE65H9OBEpFgFK300HsSIR9SJJ1+perW3BnIMvEKUoUCjX7lqxcmLIu5QiapMV3PTdHPqUbBJJ+Ue5nhKWUjOuBdSxWNufHz2cUTcmqVkESJtqWQzNTfEzmNjRnHge2MKQ7NojcV//O6GUZXfi5UmiFXbL4oyiTBhEzfJ6HQnKEcW0KZFvZWwoZUU4Y2pLINwVt8eZm0zmueW/PuLqr16yKOEhzDCZyBB5dQh1toQBMYKHiGV3hzjPPivDsf89YVp5g5gj9wPn8ANOWQmA==</latexit><latexit sha1_base64="MV02XzLne/H+ah+57UgJKu4tSmY=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSJ4KokIeix68VjBfmAbymazaZduNmF3opTQf+HFgyJe/Tfe/Ddu2xy09cHA470ZZuYFqRQGXffbWVldW9/YLG2Vt3d29/YrB4ctk2Sa8SZLZKI7ATVcCsWbKFDyTqo5jQPJ28HoZuq3H7k2IlH3OE65H9OBEpFgFK300HsSIR9SJJ1+perW3BnIMvEKUoUCjX7lqxcmLIu5QiapMV3PTdHPqUbBJJ+Ue5nhKWUjOuBdSxWNufHz2cUTcmqVkESJtqWQzNTfEzmNjRnHge2MKQ7NojcV//O6GUZXfi5UmiFXbL4oyiTBhEzfJ6HQnKEcW0KZFvZWwoZUU4Y2pLINwVt8eZm0zmueW/PuLqr16yKOEhzDCZyBB5dQh1toQBMYKHiGV3hzjPPivDsf89YVp5g5gj9wPn8ANOWQmA==</latexit><latexit sha1_base64="MV02XzLne/H+ah+57UgJKu4tSmY=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSJ4KokIeix68VjBfmAbymazaZduNmF3opTQf+HFgyJe/Tfe/Ddu2xy09cHA470ZZuYFqRQGXffbWVldW9/YLG2Vt3d29/YrB4ctk2Sa8SZLZKI7ATVcCsWbKFDyTqo5jQPJ28HoZuq3H7k2IlH3OE65H9OBEpFgFK300HsSIR9SJJ1+perW3BnIMvEKUoUCjX7lqxcmLIu5QiapMV3PTdHPqUbBJJ+Ue5nhKWUjOuBdSxWNufHz2cUTcmqVkESJtqWQzNTfEzmNjRnHge2MKQ7NojcV//O6GUZXfi5UmiFXbL4oyiTBhEzfJ6HQnKEcW0KZFvZWwoZUU4Y2pLINwVt8eZm0zmueW/PuLqr16yKOEhzDCZyBB5dQh1toQBMYKHiGV3hzjPPivDsf89YVp5g5gj9wPn8ANOWQmA==</latexit>
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<latexit sha1_base64="rWUZYpNExaA1DyD8rBvbuevBFVM="></latexit><latexit sha1_base64="rWUZYpNExaA1DyD8rBvbuevBFVM="></latexit><latexit sha1_base64="rWUZYpNExaA1DyD8rBvbuevBFVM="></latexit><latexit sha1_base64="rWUZYpNExaA1DyD8rBvbuevBFVM="></latexit>

Observed PMI matrices 
from multiple sources

<latexit sha1_base64="uDrdScdwzdnbjZl0ZM6EXp3n7/Y="></latexit><latexit sha1_base64="uDrdScdwzdnbjZl0ZM6EXp3n7/Y="></latexit><latexit sha1_base64="uDrdScdwzdnbjZl0ZM6EXp3n7/Y="></latexit><latexit sha1_base64="uDrdScdwzdnbjZl0ZM6EXp3n7/Y="></latexit>

Step 1: Pairwise completion

Step 2: Joint completion

=
×

cW
<latexit sha1_base64="tKiwjvMsfUxpFiuKowWwmTqbJiA=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDabTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdgBouRcJbKFDybqo5jQPJO8H4duZ3Hrk2QiUPOEm5H9NhIiLBKFqp138SIR9RzDvTQbXm1t05yCrxClKDAs1B9asfKpbFPEEmqTE9z03Rz6lGwSSfVvqZ4SllYzrkPUsTGnPj5/OTp+TMKiGJlLaVIJmrvydyGhsziQPbGVMcmWVvJv7n9TKMrv1cJGmGPGGLRVEmCSoy+5+EQnOGcmIJZVrYWwkbUU0Z2pQqNgRv+eVV0r6oe27du7+sNW6KOMpwAqdwDh5cQQPuoAktYKDgGV7hzUHnxXl3PhatJaeYOYY/cD5/AKQ1kXk=</latexit><latexit sha1_base64="tKiwjvMsfUxpFiuKowWwmTqbJiA=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDabTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdgBouRcJbKFDybqo5jQPJO8H4duZ3Hrk2QiUPOEm5H9NhIiLBKFqp138SIR9RzDvTQbXm1t05yCrxClKDAs1B9asfKpbFPEEmqTE9z03Rz6lGwSSfVvqZ4SllYzrkPUsTGnPj5/OTp+TMKiGJlLaVIJmrvydyGhsziQPbGVMcmWVvJv7n9TKMrv1cJGmGPGGLRVEmCSoy+5+EQnOGcmIJZVrYWwkbUU0Z2pQqNgRv+eVV0r6oe27du7+sNW6KOMpwAqdwDh5cQQPuoAktYKDgGV7hzUHnxXl3PhatJaeYOYY/cD5/AKQ1kXk=</latexit><latexit sha1_base64="tKiwjvMsfUxpFiuKowWwmTqbJiA=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDabTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdgBouRcJbKFDybqo5jQPJO8H4duZ3Hrk2QiUPOEm5H9NhIiLBKFqp138SIR9RzDvTQbXm1t05yCrxClKDAs1B9asfKpbFPEEmqTE9z03Rz6lGwSSfVvqZ4SllYzrkPUsTGnPj5/OTp+TMKiGJlLaVIJmrvydyGhsziQPbGVMcmWVvJv7n9TKMrv1cJGmGPGGLRVEmCSoy+5+EQnOGcmIJZVrYWwkbUU0Z2pQqNgRv+eVV0r6oe27du7+sNW6KOMpwAqdwDh5cQQPuoAktYKDgGV7hzUHnxXl3PhatJaeYOYY/cD5/AKQ1kXk=</latexit><latexit sha1_base64="tKiwjvMsfUxpFiuKowWwmTqbJiA=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDabTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdgBouRcJbKFDybqo5jQPJO8H4duZ3Hrk2QiUPOEm5H9NhIiLBKFqp138SIR9RzDvTQbXm1t05yCrxClKDAs1B9asfKpbFPEEmqTE9z03Rz6lGwSSfVvqZ4SllYzrkPUsTGnPj5/OTp+TMKiGJlLaVIJmrvydyGhsziQPbGVMcmWVvJv7n9TKMrv1cJGmGPGGLRVEmCSoy+5+EQnOGcmIJZVrYWwkbUU0Z2pQqNgRv+eVV0r6oe27du7+sNW6KOMpwAqdwDh5cQQPuoAktYKDgGV7hzUHnxXl3PhatJaeYOYY/cD5/AKQ1kXk=</latexit>

bVi<latexit sha1_base64="GiMA14OJUXqshyJB3pQejLeJaSs=">AAACBHicbVBNS8NAEN3Ur1q/oh57CRbBU0lE0GPRi8cK9gOaGjabTbt0swm7E6WEHLz4V7x4UMSrP8Kb/8ZNm4O2Phh4vDfDzDw/4UyBbX8blZXVtfWN6mZta3tnd8/cP+iqOJWEdkjMY9n3saKcCdoBBpz2E0lx5HPa8ydXhd+7p1KxWNzCNKHDCI8ECxnBoCXPrLsPLKBjDJkbYRj7ftbNc4/duRAnntmwm/YM1jJxStJAJdqe+eUGMUkjKoBwrNTAsRMYZlgCI5zmNTdVNMFkgkd0oKnAEVXDbPZEbh1rJbDCWOoSYM3U3xMZjpSaRr7uLC5Vi14h/ucNUggvhhkTSQpUkPmiMOUWxFaRiBUwSQnwqSaYSKZvtcgYS0xA51bTITiLLy+T7mnTsZvOzVmjdVnGUUV1dIROkIPOUQtdozbqIIIe0TN6RW/Gk/FivBsf89aKUc4coj8wPn8A47yY4A==</latexit><latexit sha1_base64="GiMA14OJUXqshyJB3pQejLeJaSs=">AAACBHicbVBNS8NAEN3Ur1q/oh57CRbBU0lE0GPRi8cK9gOaGjabTbt0swm7E6WEHLz4V7x4UMSrP8Kb/8ZNm4O2Phh4vDfDzDw/4UyBbX8blZXVtfWN6mZta3tnd8/cP+iqOJWEdkjMY9n3saKcCdoBBpz2E0lx5HPa8ydXhd+7p1KxWNzCNKHDCI8ECxnBoCXPrLsPLKBjDJkbYRj7ftbNc4/duRAnntmwm/YM1jJxStJAJdqe+eUGMUkjKoBwrNTAsRMYZlgCI5zmNTdVNMFkgkd0oKnAEVXDbPZEbh1rJbDCWOoSYM3U3xMZjpSaRr7uLC5Vi14h/ucNUggvhhkTSQpUkPmiMOUWxFaRiBUwSQnwqSaYSKZvtcgYS0xA51bTITiLLy+T7mnTsZvOzVmjdVnGUUV1dIROkIPOUQtdozbqIIIe0TN6RW/Gk/FivBsf89aKUc4coj8wPn8A47yY4A==</latexit><latexit sha1_base64="GiMA14OJUXqshyJB3pQejLeJaSs=">AAACBHicbVBNS8NAEN3Ur1q/oh57CRbBU0lE0GPRi8cK9gOaGjabTbt0swm7E6WEHLz4V7x4UMSrP8Kb/8ZNm4O2Phh4vDfDzDw/4UyBbX8blZXVtfWN6mZta3tnd8/cP+iqOJWEdkjMY9n3saKcCdoBBpz2E0lx5HPa8ydXhd+7p1KxWNzCNKHDCI8ECxnBoCXPrLsPLKBjDJkbYRj7ftbNc4/duRAnntmwm/YM1jJxStJAJdqe+eUGMUkjKoBwrNTAsRMYZlgCI5zmNTdVNMFkgkd0oKnAEVXDbPZEbh1rJbDCWOoSYM3U3xMZjpSaRr7uLC5Vi14h/ucNUggvhhkTSQpUkPmiMOUWxFaRiBUwSQnwqSaYSKZvtcgYS0xA51bTITiLLy+T7mnTsZvOzVmjdVnGUUV1dIROkIPOUQtdozbqIIIe0TN6RW/Gk/FivBsf89aKUc4coj8wPn8A47yY4A==</latexit><latexit sha1_base64="GiMA14OJUXqshyJB3pQejLeJaSs=">AAACBHicbVBNS8NAEN3Ur1q/oh57CRbBU0lE0GPRi8cK9gOaGjabTbt0swm7E6WEHLz4V7x4UMSrP8Kb/8ZNm4O2Phh4vDfDzDw/4UyBbX8blZXVtfWN6mZta3tnd8/cP+iqOJWEdkjMY9n3saKcCdoBBpz2E0lx5HPa8ydXhd+7p1KxWNzCNKHDCI8ECxnBoCXPrLsPLKBjDJkbYRj7ftbNc4/duRAnntmwm/YM1jJxStJAJdqe+eUGMUkjKoBwrNTAsRMYZlgCI5zmNTdVNMFkgkd0oKnAEVXDbPZEbh1rJbDCWOoSYM3U3xMZjpSaRr7uLC5Vi14h/ucNUggvhhkTSQpUkPmiMOUWxFaRiBUwSQnwqSaYSKZvtcgYS0xA51bTITiLLy+T7mnTsZvOzVmjdVnGUUV1dIROkIPOUQtdozbqIIIe0TN6RW/Gk/FivBsf89aKUc4coj8wPn8A47yY4A==</latexit>

bX = bV
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Step 3: Knowledge graph aggregation

Word vectors

=bV
<latexit sha1_base64="syvNuJNQ7RVjJtBSirDbjxinwno=">AAACBHicbVDLSsNAFJ3UV62vqMtuBovgqiQi6LLoxmUF+4Amlslk0g6dPJi5UUrIwo2/4saFIm79CHf+jZM2C209cOFwzr3ce4+XCK7Asr6Nysrq2vpGdbO2tb2zu2fuH3RVnErKOjQWsex7RDHBI9YBDoL1E8lI6AnW8yZXhd+7Z1LxOLqFacLckIwiHnBKQEtDs+48cJ+NCWROSGDseVk3z+8ciBOMh2bDaloz4GVil6SBSrSH5pfjxzQNWQRUEKUGtpWAmxEJnAqW15xUsYTQCRmxgaYRCZlys9kTOT7Wio+DWOqKAM/U3xMZCZWahp7uLC5Vi14h/ucNUggu3IxHSQosovNFQSowxLhIBPtcMgpiqgmhkutbMR0TSSjo3Go6BHvx5WXSPW3aVtO+OWu0Lss4qqiOjtAJstE5aqFr1EYdRNEjekav6M14Ml6Md+Nj3loxyplD9AfG5w8Vj5hY</latexit><latexit sha1_base64="syvNuJNQ7RVjJtBSirDbjxinwno=">AAACBHicbVDLSsNAFJ3UV62vqMtuBovgqiQi6LLoxmUF+4Amlslk0g6dPJi5UUrIwo2/4saFIm79CHf+jZM2C209cOFwzr3ce4+XCK7Asr6Nysrq2vpGdbO2tb2zu2fuH3RVnErKOjQWsex7RDHBI9YBDoL1E8lI6AnW8yZXhd+7Z1LxOLqFacLckIwiHnBKQEtDs+48cJ+NCWROSGDseVk3z+8ciBOMh2bDaloz4GVil6SBSrSH5pfjxzQNWQRUEKUGtpWAmxEJnAqW15xUsYTQCRmxgaYRCZlys9kTOT7Wio+DWOqKAM/U3xMZCZWahp7uLC5Vi14h/ucNUggu3IxHSQosovNFQSowxLhIBPtcMgpiqgmhkutbMR0TSSjo3Go6BHvx5WXSPW3aVtO+OWu0Lss4qqiOjtAJstE5aqFr1EYdRNEjekav6M14Ml6Md+Nj3loxyplD9AfG5w8Vj5hY</latexit><latexit sha1_base64="syvNuJNQ7RVjJtBSirDbjxinwno=">AAACBHicbVDLSsNAFJ3UV62vqMtuBovgqiQi6LLoxmUF+4Amlslk0g6dPJi5UUrIwo2/4saFIm79CHf+jZM2C209cOFwzr3ce4+XCK7Asr6Nysrq2vpGdbO2tb2zu2fuH3RVnErKOjQWsex7RDHBI9YBDoL1E8lI6AnW8yZXhd+7Z1LxOLqFacLckIwiHnBKQEtDs+48cJ+NCWROSGDseVk3z+8ciBOMh2bDaloz4GVil6SBSrSH5pfjxzQNWQRUEKUGtpWAmxEJnAqW15xUsYTQCRmxgaYRCZlys9kTOT7Wio+DWOqKAM/U3xMZCZWahp7uLC5Vi14h/ucNUggu3IxHSQosovNFQSowxLhIBPtcMgpiqgmhkutbMR0TSSjo3Go6BHvx5WXSPW3aVtO+OWu0Lss4qqiOjtAJstE5aqFr1EYdRNEjekav6M14Ml6Md+Nj3loxyplD9AfG5w8Vj5hY</latexit><latexit sha1_base64="syvNuJNQ7RVjJtBSirDbjxinwno=">AAACBHicbVDLSsNAFJ3UV62vqMtuBovgqiQi6LLoxmUF+4Amlslk0g6dPJi5UUrIwo2/4saFIm79CHf+jZM2C209cOFwzr3ce4+XCK7Asr6Nysrq2vpGdbO2tb2zu2fuH3RVnErKOjQWsex7RDHBI9YBDoL1E8lI6AnW8yZXhd+7Z1LxOLqFacLckIwiHnBKQEtDs+48cJ+NCWROSGDseVk3z+8ciBOMh2bDaloz4GVil6SBSrSH5pfjxzQNWQRUEKUGtpWAmxEJnAqW15xUsYTQCRmxgaYRCZlys9kTOT7Wio+DWOqKAM/U3xMZCZWahp7uLC5Vi14h/ucNUggu3IxHSQosovNFQSowxLhIBPtcMgpiqgmhkutbMR0TSSjo3Go6BHvx5WXSPW3aVtO+OWu0Lss4qqiOjtAJstE5aqFr1EYdRNEjekav6M14Ml6Md+Nj3loxyplD9AfG5w8Vj5hY</latexit>

Word vectors

Nodewise regression

Vector-valued graphical model
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Figure 4: Pipeline of the BELT algorithm for co-
training code embeddings using multi-EHR with
overlapping but non-identical vocabulary across
sites: (Step 1) perform pairwise matrix comple-
tion for sites with su cient overlap via low rank
approximation and overlay imputed matrices to
create an initial estimate of W, cW1; (Step 2) per-
form joint completion by a performing a regular-
ized imputation to cW1 via low rank approxima-
tion.

matrix for the union of all codes based on the par-
tially overlapping SPPMI matrices. As illustrated in
Figure 4, our BELT algorithm has two key steps.

Step 1 (Pairwise completion): for any pair of
code sets Dm and Dm0 (1  m < m0  M)
with su ciently large overlap denoted by Dm\m0 =
Dm \ Dm0 , we partition Wm and Wm0 and overlay
them as in (5). Then we perform matrix comple-
tion on the missing blocks to estimate the PMI of
Dm[m0 = Dm [ Dm0 , denoted by WDm[m0 . Specifi-

cally, let fWm and fWm0 denote the upper nm ⇥ nm

and lower nm0 ⇥ nm0 submatrix of W, respectively.
We first obtain rank r approximation to fWm and
fWm0 via SVD as [UT

m,1,U
T
m,2]

TDm[UT
m,1,U

T
m,2] and

[UT
m0,1,U

T
m0,2]

TDm0 [UT
m0,1,U

T
m0,2], respectively. Then

we impute Wmiss
mm0 as

cWmiss
mm0 = Um,1D

1
2
mG(D

1
2
mUT

m,2Um0,1D
1
2
m0)D

1
2
m0U

T
m0,2,

where G(·) is a matrix operation defined as G(A) =

UVT for any A with SVD A = UDVT. Let cWDm[m0

denote the resulting imputed SSPMI for WDm[m0 and

we overlay all {cWDm[m0 , 1  m < m0  M} to create an initial incomplete estimate for W as cWini.
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Parameter Tuning: 
Selected time window = 1 day

Parameter Tuning: 
selected embedding dimension = 50

Manuscript on parameter tuning and validation for code embeddings in preparation
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Step 0: data preparation 
extract all codes, group up all rare codes (frequency <10)

Step 1: code embedding 
with in each KP site, compute code co-occurrences then 
reduce dimension to generate code embeddings 

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

Step 3: code mapping
for a source code, find nearest neighbor(s) among target codes

Aim 2 Methods: Automated Code Mapping with Embeddings
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PADS Method Main Method – RADS RARS Method

Step 0 & 1 Data preparation & Code embedding

Step 2: space 
alignment
(use all codes)

Projection-based Alignment: 
linear regression to project the 
embeddings from one system to another

Rotation-based Alignment: spherical regression to 
rotate the embeddings from one system to another

Step 3: code mapping
(within code group)

Find the largest Directional-Similarities

(unadjusted association between a pair of codes)

Find the largest Regression-
Similarities (adjusted
association between a 
pair of codes)

Aim 2 Methods: Automated Code Mapping with Embeddings
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• 𝒀 and 𝑿 are the (row-normalized) code embeddings (after space alignment) for System 1 and 
2, respectively

• Mapping from System 1 (𝒀) to System 2 (𝑿)
• RADS: directional similarity – 𝒀𝑿!

• RARS: regression similarity – 𝒀𝑿! 𝑿𝑿! "#

• RADS vs RARS – “unadjusted” vs “adjusted”
• Note: use 𝒀𝑿! 𝑿𝑿! + 𝜆𝑰 "# in the finalized RARS method

RADS VS RARS: “Unadjusted” VS “Adjusted” Association



| 73Sentinel Initiative

0

1 2

3

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

Step 1: code embedding 
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

Main Method: Rotation-based Alignment and Directional 
Similarity
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• Idea: Fine tune the estimated mapping matrix #𝜫 such that it matches code marginal frequency between sites

• #𝜞 = argmin𝒀%𝜞𝑿,𝜞𝟏!%𝟏! #𝜫 − 𝜞 * , where 𝒀 and 𝑿 are code frequencies in the two sites

𝒀 𝑿

Main Method: Incorporate Code Frequency to Improve
Mapping Matrix
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Results



| 76Sentinel InitiativeEndorsement refers to the documentation of an event via medical codes.

# patients # Total code 
endorsements

# ICD-9 
endorsements

# ICD-10 
endorsements

# CPT endorsements # unique codes

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

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



| 77Sentinel InitiativeHbA1C values are not available at KPWA if paneled at contracted clinics

KPWA KPNW Total

(N=74475) (N=64231) (N=138706)

AGE

Mean (SD) 62.8 (9.95) 62.8 (9.91) 62.8 (9.93)

Median [Min, Max] 61.0 [49.0, 102] 62.0 [49.0, 102] 62.0 [49.0, 102]

SEX

Male 37844 (50.8%) 32770 (51.0%) 70614 (50.9%)

Female 36631 (49.2%) 31461 (49.0%) 68092 (49.1%)

INSULIN

No 57291 (76.9%) 52024 (81.0%) 109315 (78.8%)

Yes 17184 (23.1%) 12207 (19.0%) 29391 (21.2%)

COMORBIDITY

Mean (SD) 3.59 (2.34) 3.52 (2.28) 3.56 (2.31)

Median [Min, Max] 3.00 [0, 19.0] 3.00 [0, 17.0] 3.00 [0, 19.0]

Missing 339 (0.5%) 36 (0.1%) 375 (0.3%)

KPWA KPNW Total
RACE

Unknown 20570 (27.6%) 4168 (6.5%) 24738 (17.8%)
American Indian or Alaska 

Native 1300 (1.7%) 925 (1.4%) 2225 (1.6%)

Asian 5776 (7.8%) 3661 (5.7%) 9437 (6.8%)

Black or African American 3328 (4.5%) 2495 (3.9%) 5823 (4.2%)
Native Hawaiian or Other 

Pacific Islander 773 (1.0%) 855 (1.3%) 1628 (1.2%)

White 42728 (57.4%) 52127 (81.2%) 94855 (68.4%)

HbA1c

Mean (SD) 7.22 (1.51) 7.17 (1.43) 7.19 (1.46)

Median [Min, Max] 6.80 [3.90, 18.6] 6.70 [4.30, 18.0] 6.80 [3.90, 18.6]

Missing 31151 (41.8%) 2916 (4.5%) 34067 (24.6%)

HOSP COUNT

Mean (SD) 0.190 (0.598) 0.198 (0.622) 0.194 (0.609)

Median [Min, Max] 0 [0, 13.0] 0 [0, 15.0] 0 [0, 15.0]

Results: Study Population
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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

more usage in KPWAmore usage in KPNW

Bonferroni corrected
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Results: Code-Level Differences Between KPWA & KPNW

Findings from code-level comparisons:
• 13% (8348 out of 65935) codes have meaningful 

differences between sites

• 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

• KPNW has many local codes

Bonferroni corrected

more usage in KPWAmore usage in KPNW
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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.

KPWA KPNW

SKAT Burden test SKAT Burden test

2019 vs 2020
39 out of 1151 code 
groups (3.39%) have p-
values <0.05/1151 

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

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

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

2018 vs 2019
24 out of 1161 code 
groups (2.07%) have p-
values <0.05/1161 

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

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

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

2017 vs 2018
23 out of 1161 code 
groups (2.00%) have p-
values <0.05/1161 

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

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

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

2016 vs 2017
49 out of 1157 code 
groups (4.24%) have p-
values <0.05/1157 

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

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

21 out of 1109 code 
groups (1.89%) have p-
values <0.05/1109 
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Results: The Most Significant Code Groups Based on SKAT

CODE_TYPE groupLabel Description freq KPWA freq KPNW freq ratio pValue
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 75535 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

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

* freq ratio = ("#$% &'()*+,)//012$# 3" 4567$/6 8$5#9 7/ &'()
("#$% &':(*+,)//012$# 3" 4567$/6 8$5#9 7/ &':(
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Results: Within the “Cataract” ICD-10 Group (18 Codes)

* freq ratio = ("#$% &'()*+,)//012$# 3" 4567$/6 8$5#9 7/ &'()
("#$% &':(*+,)//012$# 3" 4567$/6 8$5#9 7/ &':(

CODE Description freq_KPWA freq_KPNW frequency ratio pValue
E08.36 Diabetes mellitus due to underlying condition with diabetic cataract 23 0 3.1 6.12E-3

E10.36 Type 1 diabetes mellitus with diabetic cataract 92 117 0.75 6.06E-2

E11.36 Type 2 diabetes mellitus with diabetic cataract 3065 2996 0.96 5.88E-1

H26.40 Unspecified secondary cataract 561 1144 0.46 <1E-6

H26.411 Soemmering's ring, right eye 11 1 1.79 1.26E-1

H26.491 Other secondary cataract, right eye 3044 771 3.67 <1E-6

H26.492 Other secondary cataract, left eye 3129 741 3.93 <1E-6

H26.493 Other secondary cataract, The ‘cataract’ ICD-10 group (18 codes)bilateral 3952 636 5.76 <1E-6

H26.499 Other secondary cataract, unspecified eye 70 0 7.51 <1E-6

H26.8 Other specified cataract 526 1323 0.38 <1E-6

H26.9 Unspecified cataract 16704 15786 0.99 8.53E-1

H59.021 Cataract (lens) fragments in eye following cataract surgery, right eye 47 14 2.23 1.31E-1

H59.022 Cataract (lens) fragments in eye following cataract surgery, left eye 78 10 4.13 1.03E-2

H59.029 Cataract (lens) fragments in eye following cataract surgery, unspecified eye 1 72 0.13 1.15E-6

Z96.1 Presence of intraocular lens 35888 44526 0.76 <1E-6

Z98.41 Cataract extraction status, right eye 3950 199 17.79 <1E-6

Z98.42 Cataract extraction status, left eye 3723 195 17.1 <1E-6

Z98.49 Cataract extraction status, unspecified eye 622 112 4.87 <1E-6
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0

1 2

3

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

Step 1: code embedding 
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

Recall: Rotation-based Alignment and Directional Similarity
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0

1 2

3

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

Results: Rotation-based Alignment and Directional Similarity

KPWA KPNW
Total number of 
codes

27,167 23,766

ICD-9 6,400 5,545

ICD-10 14,537 11,142

CPT 4,253 3,333
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0

1 2

3

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

Step 1: code embedding 
within each KP site, compute code co-occurrences followed by 
dimension reduction to generate code embeddings 

Results: Rotation-based Alignment and Directional Similarity

KPWA KPNW
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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0

1 2

3

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

Step 1: code embedding 
within each KP site, compute code co-occurrences followed by 
dimension reduction to generate code embeddings 

Step 2: space alignment

Results: Rotation-based Alignment and Directional Similarity

Directional similarity among 
all code pairs within groups

Before 
Alignment

After 
Rotation-

based
Alignment

After 
Projection-

based
Alignment

Mean (higher better) 0.046 0.270 0.336

Quantiles (25th, median, 
75th)

-0.005
0.044
0.094

0.115
0.247
0.402

0.176
0.323
0.479
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0

1 2

3

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

Step 1: code embedding 
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

Results: Rotation-based Alignment and Directional Similarity
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0

1 2

3

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

Step 1: code embedding 
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

Results: Rotation-based Alignment and Directional Similarity

Cataract Group KPWA KPNW
Number of non-rare
codes (freq > 10)

17 15
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15 codes in KPNW

17 codes
in KPWA

Results: Directional Similarity in the “Cataract” Group
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Results: Directional Similarity After Incorporating Code 
Frequency

RADS - cosine similarity (after incorporating code 
frequency)

RADS - cosine similarity
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Results: Mapping from KPWA (Left) to KPNW (Right)
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Results: Mapping from KPWA (Left) to KPNW (Right)

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

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

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

RADS incorporating code frequency; 
cross-validated threshold 𝜏 = 0.13
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Results: Sensitivity Analysis Using Projection-Based 
Alignment

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

PADS incorporating code frequency; 
cross-validated threshold 𝜏 = 0.16
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RADS incorporating code frequency; 
cross-validated threshold 𝜏 = 0.13

RARS with penalty 𝜆 = 0.3 incorporating code frequency; 
cross-validated threshold 𝜏 = 0.08

Results: Sensitivity Analysis Using Regression Similarity
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Results: Sensitivity Analysis Using Regression Similarity

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

RARS with penalty 𝜆 = 0.3 incorporating code frequency; 
cross-validated threshold 𝜏 = 0.08
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Validation
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• 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

Validation 1: Why KPNW Uses More “Unspecified” Codes?
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Manuscript on transfer learning in preparation

Simulation results:
• High prediction error if directly transfer 
• Reduced error by incorporating code mapping

Validation 2: Impact of Data Heterogeneity on Model Transfer 
and Improvement from Code Mapping

WHAT HAPPENS IF WE DON’T HARMONIZE
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Validation 3: Can We Confuse a Site Classifier After Data 
Harmonization?

𝑿𝐊𝐏𝐖𝐀 𝑿𝐊𝐏𝐍𝐖"𝑿𝐊𝐏𝐖𝐀

Harmonize w/
code mapping

𝑿𝐊𝐏𝐍𝐖

"𝑿𝐊𝐏𝐖𝐀

1
.
.
.
.
1

0
.
.
.
.
0

Site Predictor

Classification task
Low AUC à good code mapping
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𝑿𝐊𝐏𝐖𝐀 𝑿𝐊𝐏𝐍𝐖"𝑿𝐊𝐏𝐖𝐀

Harmonize w/
code mapping

𝑿𝐊𝐏𝐍𝐖

"𝑿𝐊𝐏𝐖𝐀

1
.
.
.
.
1

0
.
.
.
.
0

Site Predictor

Cross-validated AUC
0.586 0.580, 0.592

Validation 3: Can We Confuse a Site Classifier After Data 
Harmonization?
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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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Thank You

Contact: shixu@umich.edu
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Motivation
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Why Do We Need Another Framework?
Quality assessment tools Reporting tools Best practices

Misc: Highly specific or focusing on parts of the process 
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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
• A standardized 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

Why do we need another framework?

Discussed previously- for reference only
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Overview of the Process
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Formulating a well-defined causal question via 
specification of the target trial protocol 

STEP 1

2a. Describing the 
emulation of each 
component of the 

target trial 
protocol 

STEP 2

STEP 3

See Figure for Step 2

See Figure for Step 3

Developing a plan for robustness assessments 
including deterministic sensitivity analyses, 

quantitative bias analyses, and net bias evaluation

STEP 4

St
ud

y 
pl

an
ni

ng

See Figure for Step 4

In
fe

re
nc

e

Inferential analysis

STEP 5

Fit-for-purpose data not 
available for the target trial Reassess the research question in 

Step 1
Fit-for-purpose data available for 
the target trial Consider protocol registration, 

Move on to step 3

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

Move on to step 4

Consider logging outcome 
counts and diagnostic 
evaluations along with pre-
specified robustness 
assessments as amendments to 
the registered protocol 

2b. Identifying a 
fit-for-purpose 

data source

Process Overview
See Table for Step 1

Assess expected precision and conduct diagnostic 
evaluations Desired precision 

achievable and diagnostic 
criteria met

Desired precision not 
achievable or diagnostic 
criteria not met
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Formulating a well-defined causal question via 
specification of the target trial protocol 

STEP 1 See Table for Step 1

Step 1: Formulating a well-defined causal question via specification of the target trial protocol1

1 Hernan and Robins. Am J Epidemiol. 2016;183:758-764
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Element Target trial Translation using healthcare data sources
Exposure (“treatment strategies”) Initiation of antidiabetic treatments

T1: SGLT2i 

T2: DPP4 inhibitors

First prescription dispensing of SGLT2i (canagliflozin, dapagliflozin, 
empagliflozin) or DPP4 inhibitors (Alogliptin, Linagliptin, 
Saxagliptin, Sitagliptin) identified based on pharmacy claims

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

(Assessed before treatment start, aka 
“baseline”)

Patients with type 2 diabetes mellitus, no use of 
study medications before randomization, no 
history of end stage renal disease (ESRD), no 
history of HIV

Observability related: continuous Medicare A, B, D enrollment for 
6 months and recorded HbA1c test results in EHRs before study 
medication initiation 
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 

follow-up, death, treatment discontinuation, or 
outcome occurrence

Same as target trial 

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 
treatment as stated in the protocol)

Observational analogue of per protocol effect (often referred to as 
“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

Subgroup analyses Stratified by gender, age, and baseline risk 
factors for infections

Same as target trial

Step 1: Formulating a well-defined causal question via specification of the target trial protocol1

1 Hernan and Robins. Am J Epidemiol. 2016;183:758-764
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Formulating a well-defined causal question via 
specification of the target trial protocol 

STEP 1

2a. Describing the 
emulation of each 
component of the 

target trial 
protocol 

STEP 2

See Figure for Step 2
Fit-for-purpose data not 
available for the target trial Reassess the research question in 

Step 1
Fit-for-purpose data available for 
the target trial Consider protocol registration, 

Move on to step 3

2b. Identifying a 
fit-for-purpose 

data source

See Table for Step 1

Step 2a: Describing the emulation of each component of the target trial protocol; 2b:Identifying a fit-for-
purpose data source   
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Step 2a: Describing the emulation of each component of the target trial protocol  

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

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 RWE2
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Step 2b: Identifying a fit-for-purpose data source

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



| 120Sentinel Initiative

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

STEP 1

2a. Describing the 
emulation of each 
component of the 

target trial 
protocol 

STEP 2

Assess expected precision and conduct diagnostic 
evaluations 

STEP 3

See Figure for Step 2
Fit-for-purpose data not 
available for the target trial Reassess the research question in 

Step 1
Fit-for-purpose data available for 
the target trial Consider protocol registration, 

Move on to step 3

2b. Identifying a 
fit-for-purpose 

data source

Step 3: Assess expected precision and conduct diagnostic evaluations
See Table for Step 1

See Figure for Step 3 Consider alternative design choices 
and data sources in Step 2 or reassess 
the research question in Step 1

Move on to step 4

Desired precision 
achievable and diagnostic 
criteria met

Desired precision not 
achievable or diagnostic 
criteria not met
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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 precision4

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

Desired precision not 
achievable

Desired precision 
achievable

Go back to Step 2, consider 
design modifications (e.g. relaxing 

eligibility criteria)

Proceed to Step 4

3b. Diagnostic 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 
misspecification

Diagnostics passed

Potential issues 
diagnosed that are not 
addressable by refining 

models

4 Rothman and Greenland, Epidemiology 2018;29: 599–603
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Formulating a well-defined causal question via 
specification of the target trial protocol 

STEP 1

2a. Describing the 
emulation of each 
component of the 

target trial 
protocol 

STEP 2

STEP 3

See Figure for Step 2

See Figure for Step 3

Developing a plan for robustness assessments 
including deterministic sensitivity analyses, 

quantitative bias analyses, and net bias evaluation

STEP 4
See Figure for Step 4

Fit-for-purpose data not 
available for the target trial Reassess the research question in 

Step 1
Fit-for-purpose data available for 
the target trial Consider protocol registration, 

Move on to step 3

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

Move on to step 4

Consider logging outcome 
counts and diagnostic 
evaluations along with pre-
specified robustness 
assessments as amendments to 
the registered protocol 

2b. Identifying a 
fit-for-purpose 

data source

See Table for Step 1

Assess expected precision and conduct diagnostic 
evaluations 

Step 4: Developing a plan for robustness assessments including deterministic sensitivity analyses, quantitative bias analyses, and net bias evaluation

Desired precision 
achievable and diagnostic 
criteria met

Desired precision not 
achievable or diagnostic 
criteria not met
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Step 4: Developing a plan for robustness assessments including deterministic sensitivity analyses, quantitative bias analyses, and net bias evaluation

Robustness 
evaluations

Trial calibration*
Duplicating 
inclusion/exclusion 
criteria and all design 
aspects of the trial to 
evaluate whether 
primary outcome is 
replicable in the data 
source7

*such trial may not 
always exist

4a. Deterministic 
sensitivity analyses

Varying design 
assumptions, variable 
measurement 
methods, or analytic 
choices

4b. Quantitative bias 
analyses

For unmeasured 
confounding

Bias modeling 
approaches6

For 
exposure/outcome 
misclassification

Probabilistic 
sensitivity analysis5

4c. Net bias 
assesment

Control analysis
Negative or positive 
control 
exposure/outcome8

5 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
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Formulating a well-defined causal question via 
specification of the target trial protocol 

STEP 1

2a. Describing the 
emulation of each 
component of the 

target trial 
protocol 

STEP 2

STEP 3

See Figure for Step 2

See Figure for Step 3

Developing a plan for robustness assessments 
including deterministic sensitivity analyses, 

quantitative bias analyses, and net bias evaluation

STEP 4

St
ud

y 
pl

an
ni

ng

See Figure for Step 4

In
fe

re
nc

e

Inferential analysis

STEP 5

Fit-for-purpose data not 
available for the target trial Reassess the research question in 

Step 1
Fit-for-purpose data available for 
the target trial Consider protocol registration, 

Move on to step 3

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

Move on to step 4

Consider logging outcome 
counts and diagnostic 
evaluations along with pre-
specified robustness 
assessments as amendments to 
the registered protocol 

2b. Identifying a 
fit-for-purpose 

data source

Step 5: Inferential analysis
See Table for Step 1

Assess expected precision and conduct diagnostic 
evaluations Desired precision 

achievable and diagnostic 
criteria met

Desired precision not 
achievable or diagnostic 
criteria not met
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Background
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• Administrative claims databases are increasingly linked to electronic health records (EHR) to improve confounding 
adjustment for variables which cannot be measured in claims

• Examples:
• Labs (HbA1c, LDL, etc.)
• 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

Background
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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 ‘MNAR’ 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

Knowledge Gaps and Objectives

• 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 26th International Conference 

on Neural Information Processing Systems - Volume 1. NIPS’13. Curran Associates Inc.; 2013:1277-1285. 
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Data sources

EHRs
Products

Deterministic 
linkage

Development site

Testing site 1

Claims

Aims
1. Empirical evaluation of approaches to characterize missingness for 
common EHR-based confounding variables in cohort studies.

2. To compare approaches of imputation models for common EHR-based 
confounding variables based on different underlying missingness scenarios

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

Identify the most promising 
approaches to describe and 
handle missing EHR-based 

confounder data and 
develop programs 

(“toolkits”) to routinely 
implement these methods 

on analytic cohorts

EHRs

Deterministic
linkage

Claims

Evaluate and 
resolve  

implementation 
glitches, report and 

compare  
performance with 
development site 

Toolkit deployment
Phases of this workstream

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

2. Assess which analytical approach works best under which scenario 

3. Based on theoretical results from 1 & 2: funnel insights into an 
implementable and operationalizable toolkit which will be developed 
in our group and tested/validated at Duke
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Plasmode Simulation Study
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EXCL: Missing age or gender 
Days [-180,0]

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

Covariate Assessment Window
Days [-180, 0]

EXCL: The Following Conditions:
Type 1 DM, Gestational diabetes, Secondary diabetes, ESRD, HIV

Days [-180, 0]

INCL: Type 2 DM & COI {HbA1c, BMI, Smoking} results available
Days [-180, 0] 

Part A, B, and D Enrollment with EHR activity 
Days [-180, 0]

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

Days [-180, -1]

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

[Reference Group (DPP4 inhibitor)]

Time

Follow Up Window: Days [1, follow-up enda]

Day 0

OUTCOME(S):

Composite cardiovascular endpoint (MACE + HHF + Death)

a Follow-up end (ITT – 1 through 5, as treated – 1 through 7)
1. Occurrence of outcome
2. Disenrollment
3. Death
4. 365 days after CED
5. Calendar time reached (Dec. 31st, 2019)
6. As treated: Treatment arm switch 
7. As treated: Discontinuation of study drug (30-day grace and exposure window)

EXCL: Concurrent use of both study 
drugs Days [0]

EHRs

Deterministic 
linkage

Claims
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1. Time to outcome (MACE) ~ 𝛼! ∗ 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 + 𝜃! ∗ 𝐶𝑂𝐼 + ∑"#$% 𝛽!"𝑥"
2. Time to censoring ~ 𝛼(!'$) ∗ 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 + 𝜃!'$ ∗ 𝐶𝑂𝐼 + ∑"#$% 𝛽(!'$)"𝑥"

1. 𝑆! 𝑡 = ℎ)! 𝑡 ∗ 𝑒)∗+,-./0-%/123!∗456$7"128!∗9"
2. 𝑆!'$ 𝑡 = ℎ)(!'$) 𝑡 ∗ 𝑒)∗+,-./0-%/1:3!#$∗456$7"1:8!#$∗9"

Model empirical 
associations

Use parameter estimates to write 
event-free survival and censoring-free 

survival functions; true null 
treatment effect is introduced

Stratified
resampling 

with 
replacement 
(100 datasets 

per COI)

Patient ID Treatment Age Gender HbA1c …
1 SGLT2i 72 M 6 …
2 DPP4i 68 M 7 …
3 DPP4i 66 F 7.5 …
4 DPP4i 78 M 9 …
5 SGLT2i 87 M 8.8 …
6 SGLT2i 77 F 7.2 …
… … … … … …

1,498 DPP4i 69 M 7.7 …

Patient ID Treatment Age Gender HbA1c … Event time Censoring time Outcome
1 SGLT2i 72 M 6 … … … …
2 DPP4i 68 M 7 … … … …
2 DPP4i 68 M 7 … … … …
4 DPP4i 78 M 9 … … … …
5 SGLT2i 87 M 8.8 … … … …
5 SGLT2i 87 M 8.8 … … … …
… … … … … … … … …

1,498 DPP4i 69 M 7.7 … … … …

Complex COI Datasets

Plasmode simulated dataset (1-100)

Simulate outcome

Operationalization 
of Plasmode

COI = confounder of interest 
(HbA1c, BMI, smoking)
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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
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MCAR:

• Confounder is randomly set to missing

a) MCAR, b) MAR, c) MNAR (unmeasured), d) MNAR (value)
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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 C1 covariates using a linear 
regression model

• In this simulation: every C1
covariate has the same influence

* C1 covariates were used in plasmode outcome generating 
model = true confounders a) MCAR, b) MAR, c) MNAR (unmeasured), d) MNAR (value)



| 139Sentinel Initiative

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

a) MCAR, b) MAR, c) MNAR (unmeasured), d) MNAR (value)
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Auxiliary covariate vector 
(C0 vector)

Addition of auxiliary variables (C0) may be 
particularly beneficial for scenario c)

C0 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.
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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

a) MCAR, b) MAR, c) MNAR (unmeasured), d) MNAR (value)
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Analysis element Parameters altered in simulation

Exemplary partially observed EHR confounders of interest (type) ● HbA1c value in % (continuous)
● Body mass index [BMI], underweight/normal, overweight, obese (ordinal)
● Smoking, current/former vs. never (binary)

Missingness mechanism ● MCAR
● MAR
● MNARunmeasured

● MNARvalue 

Degree of missingness 10% - 50% (incremental increases by 10%)

Strength of confounders As empirically observed in dataset

Ad-hoc & Imputation methods ● 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)

Provided covariates for diagnostics and imputation ● C1 variables (= true confounders/variables used for outcome generation)
● C1 variables + C0 variables as auxiliary variables
● + Outcome (i.e. time-to-event and event indicator)

Modifications to causal effect estimation ● +/- treatment effect modification by EHR confounder of interest
● +/- addition of missingness indicator variable in imputation and outcome 

model

Sampled cohort size (number of datasets) 1000 patients (100 datasets each)

Table. Illustration of Simulation Parameters.
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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

Diagnostics
Group 1 Diagnostics Group 2 Diagnostics Group 3 Diagnostics
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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)

Imputation Metrics

https://stefvanbuuren.name/fimd/sec-evaluation.html
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Results snapshot Feb 12, 2023

Diagnostic Results Across All HbA1c, 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)

Group 1 diagnostics Group 2 diagnostics Group 3 diagnostics
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Diagnostic Results by HbA1c, BMI and Smoking
• Averaged by confounder of interest
• = 4,000 datasets per missingness mechanism and confounder of interest

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

Results snapshot Feb 12, 2023
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Imputation Results Across all HbA1c, BMI and Smoking 
Cohorts
• Overall results, averaged across all scenarios and simulated HbA1c, BMI and smoking plasmode cohorts

Results snapshot Feb 12, 2023

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.
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Imputation Results by Missing Mechanism

Results snapshot Feb 12, 2023
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Imputation Results by Proportion Missing

Results snapshot Feb 12, 2023
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● 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

Sensitivity Analyses to Test the Robustness of Analytical 
Decisions – MNAR (value)

MNAR (value)
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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?

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 𝛅 (x-axis)

● Corresponding effect estimates show 
sensitivity to potential departures from 
MAR

● Tipping point: 𝛅 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)

• 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

janickweberpals.gitlab-pages.partners.org/smdi

https://janickweberpals.gitlab-pages.partners.org/smdi
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weighting after multiple imputation. RJ. 2021; 13: 292–305. doi: 10.32614. RJ-2021-073.

Visualize and check 
assumptions with smdi_vis() &
smdi_diagnose()

Perform sensitivity analyses

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

mids object
(mids object contains 
multiply imputed datasets)
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Thank You

Contact: jweberpals@bwh.harvard.edu 



| 157Sentinel Initiative

Backup Slides
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C1 vector

= additional covariates used for 
outcome data generation and, 
consequently, for fitting the true 
outcome model in simulations
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1. Time to outcome (MACE) ~ 𝛼! ∗ 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 + 𝜃! ∗ 𝐻𝑏𝐴1𝑐 + ∑"#$% 𝛽!"𝑥"
2. Time to censoring ~ 𝛼(!'$) ∗ 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 + 𝜃!'$ ∗ 𝐻𝑏𝐴1𝑐 + ∑"#$% 𝛽(!'$)"𝑥"

Outcome Generation

- recommended to specify a set of covariates that are believed to be associated with the outcome
- we have selected 25 covariates (C1 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 
also referred to as C1 covariate vector)

Demographics: age, sex, race, Medicare subsidy, year of index 
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)

Exposure model Outcome model
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Model Formula

Diagnostics

Predicting missingness coi_missing_indicator ~ exposure + TIME + EVENT + C1 + {C0}

Diagnostics outcome model (differential missingness) Surv(TIME, EVENT) ~ exposure + coi_missing_indicator + C1 + {C0} (C0 not considered yet)

Weighting/Imputation

Inverse probability of missing weights (IPMW)a coi_missing_indicator ~ exposure + TIME + EVENT + C1 + {C0}

Imputation models coi ~ exposure + TIME + EVENT + {coi_missing_indicator} + C1 + {C0}

Outcome models

True outcome model Surv(TIME, EVENT) ~ exposure + coi + {coi:exposure} + C1

Complete case/IPMW outcome model Surv(TIME, EVENT) ~ exposure + coi + {coi:exposure} + C1 (complete cases only)

Missing indicator outcome model Surv(TIME, EVENT) ~ exposure + coi + {coi:exposure} + coi_missing_indicator + C1

Outcome model across imputed datasets Surv(TIME, EVENT) ~ exposure + coi + {coi:exposure} + {coi_missing_indicator} + C1 

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

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)
C1 = Covariates used to generate outcome (consequently also used as covariates in outcome model)
C0 = All remaining (auxiliary) covariates ≠ {Exposure, HbA1c, BMI, smoking, C1)
{ } = Indicates inclusion in model as a simulation parameter that is altered

Overview of Model Specifications Used in Simulation
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Quality/Sanity Checks – True Outcome Model (BMI example)



| 164Sentinel Initiative

Post-hoc 
simulation 
analytics

(by proportion)
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Thank You

Please visit www.sentinelinitiative.org for more information.

https://www.sentinelinitiative.org/

