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What is Big Data about and not about?
• It’s about the analytics—the insights gleaned
from the data; and the necessary capacities to do
so—human, technological
• One step further: it’s about knowledge: getting
near to the ‘true’ meaning of a Facebook status
update; understanding how to use CDRs to study
migration (sample biases, SIM Card not people..)
• It’s about sharing and diffusion – visualizations
• It’s highly ethnographic, and more
Gary King, Big Data is Not About the Data
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Why large-scale analysis is needed in
healthcare

All drugs

All health outcomes of interest
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What is large-scale?
• Billions of observations
Need for performance in handling structure with millions of
patients and billions of clinical observations,
focus on optimization to analytical use cases.

• Millions of covariates
No analytics software in the world can fit a regression with
>1m observations and >1m covariates on typical hardware

• Millions of questions
Systematic solutions with massive parallelization should be
designed to run efficiently for one-at-a-time AND all-by-all
4

The Data Deluge – Wired 16.07

Are clinical questions different?
• Close enough is not good enough
• Its not just money. Lives are at stake.
• Primum non nocere (First do no harm) – How
many false positives or false negatives can we
tolerate.
• The decisions made on the basis of the findings
are applied one patient at a time.
• Do not want to discover superfluous tautologies
– Kidney Cancer ≈ Renal Cancer

• Stratified variables/features still needed
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BMJ 2010; 341:c4444
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Study Design Choices
•
•
•
•
•
•
•
•
•
•

Data source: General Practice Research Database
Study design: Nested case-control
Inclusion criteria: Age > 40
Case: cancer diagnosis between 1995-2005 with 12-months of follow-up pre-diagnosis
5 controls per case
Matched on age at index date, sex, practice, observation period prior to index
Exposure definition: >=1 prescription during observation period
“RR” estimated with conditional logistic regression
Covariates: smoking, alcohol, BMI before outcome index date
Sensitivity analyses:
•
•
•

•

exposure = 2+ prescriptions
covariates not missing
time-at-risk = >1 yr post-exposure

Subgroup analyses:
•
•
•
•
•
•

Short vs. long exposure duration
Age, Sex, smoking, alcohol, BMI
Osteoporosis or osteopenia
Fracture pre-exposure
Prior diagnosis of Upper GI dx pre-exposure
NSAID, corticosteroid, H2blocker, PPI utilization pre-exposure
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Observations About These Choices
• In the design of observational studies we
– Rely heavily on “clinical judgment”
– Even worse, we do so with very limited feedback
– And with limited knowledge of operating characteristics

• Like the early days of laboratory testing – “trust me, I
measured it myself”

9

Should I trust you?
Do these choices matter?
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Range of estimates across high-dimensional propensity
score inception cohort (HDPS) parameter settings
True False False +
True +

Parameter settings explored in OMOP:
Washout period (1): 180d
Surveillance window (3): 30 days from
exposure start; exposure + 30d ; all time
• Each row represents a drugfrom exposure start
outcome pair.
Covariate eligibility window (3): 30
• The horizontal span reflects the
days prior to exposure, 180, all-time
range of point estimates observed
pre-exposure
across the parameter settings.
# of confounders (2): 100, 500
• Ex. Benzodiazepine-Aplastic
covariates used to estimate propensity
anemia: HDPS parameters vary in
score
estimates from RR= 0.76 and 2.70
Propensity strata (2): 5, 20 strata
Analysis strategy (3): Mantel-Haenszel
stratification (MH), propensity score
adjusted (PS), propensity strata
adjusted (PS2)
Comparator cohort (2): drugs with
same indication, not in same class; most
prevalent drug with same indication,
not in same class
Relative risk
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Range of estimates across univariate self-controlled
case series (USCCS) parameter settings
True False False +
True +

USCCS Parameter settings explored in
OMOP:
Condition type (2): first occurrence or all • For Bisphosphonates-GI Ulcer hospitalization,
USCCS using incident events, excluding the first day
occurrences of outcome
of exposure, and using large prior of 2:
Defining exposure time-at-risk:
• When surveillance window = length of
Days from exposure start (2): should we
exposure, no association is observed
include the drug start index date in the
• Adding 30d of time-at-risk to the end of
period at risk?
exposure increased to a significant RR=1.14
Surveillance window (4):
30 d from exposure start
Duration of exposure (drug era start through
drug era end)
Duration of exposure + 30 d
Duration of exposure + 60 d
Precision of Normal prior (4): 0.5, 0.8, 1, 2

Relative risk
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Fix everything except the database…
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Cohort
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SCCS
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JAMA 2010; 304(6): 657-663
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Does this stuff work at all?
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Observational Medical Outcomes Partnership

• Public-Private Research Partnership established to
inform the appropriate use of observational healthcare
databases for studying the effects of medical products:
– Conducting methodological research to empirically evaluate the
performance of various analytical methods on their ability to
identify true associations and avoid false findings
– Developing tools and capabilities for transforming,
characterizing, and analyzing disparate data sources across the
health care delivery spectrum
– Establishing a shared resource so that the broader research
community can collaboratively advance the science
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OMOP 2010/2011 Research Experiment
OMOP Methods Library
• Open-source
• Standards-based

Inception
cohort
Case control

Logistic
regression
Common Data Model

•
•
•
•

• 14 methods
• Epidemiology designs
• Statistical approaches
adapted for longitudinal
data

10 data sources
Claims and EHRs
200M+ lives
OSIM
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Drug

Aplastic Anemia
Acute Liver Injury
Bleeding
Hip Fracture
Hospitalization
Myocardial Infarction
Mortality after MI
Renal Failure
GI Ulcer Hospitalization

Positives: 9
Negatives: 44

OMOP 2011/2012 Research Agenda
Drug-outcome pairs
Positives Negatives
Total
165
234
Myocardial Infarction
36
66
Upper GI Bleed
24
67
Acute Liver Injury
81
37
Acute Renal Failure
24
64

Methods development
• Evaluate study design
decisions (EDDIE)

Methods enhancements
• Multivariate self-controlled case series

Increased parameterization
• Case-control, new user cohort designs

Application of existing tools
• ICTPD, OS, LGPS, DP

+ EU-ADR replication
• Improve HOI definitions
• Explore false positives

• Expand CDM for additional use cases

Observational data
Real-world
performance:

Truven MarketScan

GE

+ OMOP Distributed Partners
+ EU-ADR network

Simulated data:

signal

OSIM2

• Strength (RR)
• Type (timing)
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Ground truth for OMOP 2011/2012
isoniazid
fluticasone
experiments
Positive Negative
Acute Liver Injury
Acute Myocardial Infarction
Acute Renal Failure
Upper Gastrointestinal Bleeding
Total

controls controls
81
37
36
66
24
64
24
67
165
234

indomethacin
Total clindamycin

118
102
88
91
399

ibuprofen
pioglitazone
loratadine
sertraline
Criteria for positive controls:
• Event listed in Boxed Warning or Warnings/Precautions section of active FDA
structured product label
• Drug listed as ‘causative agent’ in Tisdale et al, 2010: “Drug-Induced Diseases”
• Literature review identified no powered studies with refuting evidence of effect
Criteria for negative controls:
• Event not listed anywhere in any section of active FDA structured product label
• Drug not listed as ‘causative agent’ in Tisdale et al, 2010: “Drug-Induced Diseases”
• Literature review identified no powered studies with evidence of potential positive
association
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Number of respondents

EDDIE results: design choice by
outcome

Study design

Exploring isoniazid and acute liver
injury
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Smith et al. 2011 study design and
results
•
•
•
•
•
•
•
•

Data source: Administrative claims from health insurance board of Quebec
Study design: Cohort
Exposure: all patients dispensed >=30d of therapy, 180d washout
Unexposed cohort: 2 patients per exposed, matched by age, gender, and
region, with no tuberculosis therapy
Time-at-risk: Length of exposure + 60 days
Events: Incident hospital admission for noninfectious or toxic hepatitis
“Event ratio” estimated with conditional logistic regression
Covariates: prior hospitalization, Charlson score, comorbidities
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Revisiting the isoniazid – acute liver
injury example
•
•
•
•

Data source: MarketScan Medicare Beneficiaries (MDCR)
Study design: Cohort
Exposure: all patients dispensed new use of isoniazid, 180d washout
Unexposed cohort: Patient with indicated diagnosis (e.g. pulmonary
tuberculosis) but no exposure to isoniazid; negative control drug referents
• Time-at-risk: Length of exposure + 30 days, censored at incident events
• Covariates: age, sex, index year, Charlson score, number of prior visits, all
prior medications, all comorbidities, all priority procedures
• “Odds ratio” estimated through propensity score stratification (20 strata)

What if this study design were
applied consistently across all the
positive and negative controls?
28

Receiver Operating Characteristic
(ROC) curve

Sensitivity

• ROC plots sensitivity vs.
false positive rate
• Rank-order all pairs by
RR from largest to
smallest
• Calculate sensitivity and
specificity at all possible
RR thresholds

Isoniazid (RR=4.04):
Sensitivity = 4%
Specificity = 98%

• Area under ROC curve (AUC)
provides probability that method
will score a randomly chosen true
positive drug-outcome pair higher
than a random unrelated drugoutcome pair
• AUC=1 is perfect predictive model
• AUC=0.50 is random guessing
(diagonal line)
• Cohort method on MDCR:
AUC = 0.64

False positive rate (1-Specificity)

Sensitivity

Setting thresholds from an ROC curve

If target sensitivity = 50%:
RR Threshold = 1.25
Specificity = 69%
If threshold set to RR=2:
Sensitivity = 26%
Specificity = 90%
If target specificity = 95%:
RR Threshold = 2.87
Sensitivity = 10%

• Cohort method on MDCR: AUC = 0.64
• AUC suggests that this method is
modestly predictive, on the low end of
diagnostic tests used in clinical practice,
but at any given threshold there is a
high false positive rate and/or false
negative rate
• Question: what strategies can be
applied to do even better?

False positive rate (1-Specificity)

Strategies to improve predictive
accuracy
•
•
•
•

Stratify results by outcome
Tailor analysis to outcome
Restrict to sufficient sample size
Optimize analysis to the data source
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Performance after applying these strategies
AUC=0.76

Sensitivity

AUC=0.92

Positives: 51
Negatives: 28

Positives: 19
Negatives: 41
AUC=0.84

AUC=0.86
• Restricting to drugs with sufficient sample
further increased AUC for all outcomes, but
the degree of change varied by outcome
• Increased prediction comes as tradeoff with
Positives:
22surveillance
Positives: 30
fewer
drugs under
Negatives:
47 design continue to be
Negatives: 48
• Self-controlled
cohort
optimal design, but specific settings
changed in all outcomes
False positive rate (1-Specificity)

Lesson 1: Database heterogeneity:
Holding analysis constant, different data may yield
different estimates

• When applying a propensity score
adjusted new user cohort design to
10 databases for 53 drug-outcome
pairs:
• 43% had substantial heterogeneity
(I2 > 75%) where pooling would not
be advisable
• 21% of pairs had at least 1 source
with significant positive effect and
at least 1 source with significant
negative effect

Madigan D, Ryan PB, Schuemie MJ et al, American Journal of Epidemiology, 2013
“Evaluating the Impact of Database Heterogeneity on Observational Study Results”
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Test cases from OMOP 2011/2012 experiment

Lesson 2: Parameter sensitivity:
Holding data constant, different analytic design
choices may yield different estimates

Holding all parameters constant,
except:
• Matching on age, sex and visit
(within 30d)
(CC: 2000205)
yields a RR = 0.73 (0.65 – 0.81)

Sertraline-GI Bleed: RR = 2.45 (2.06 – 2.92)
• Controls per case: up to 10 controls per case
• Required observation time prior to
outcome: 180d
• Time-at-risk: 30d from exposure start
• Include index date in time-at-risk: No
• Case-control matching strategy: Age and
sex
• Nesting within indicated population: No
• Exposures to include: First occurrence
• Metric: Odds ratio with Mantel Haenszel
adjustment by age and gender
(CC: 2000195)

Relative risk
Madigan D, Ryan PB, Scheumie MJ, Therapeutic Advances in Drug Safety, 2013: “Does design matter?
Systematic evaluation of the impact of analytical choices on effect estimates in observational studies”

Lesson 3: Empirical performance:
Most observational methods do not have nominal
statistical operating characteristics

• Applying the cohort design to
MDCR against 34 negative controls
for acute liver injury:
• If 95% confidence interval was
properly calibrated, then 95%*34 =
32 of the estimates should cover
RR = 1
• We observed 17 of negative
controls did cover RR=1
• Estimated coverage probability =
17 / 34 = 50%
• Estimates on both sides of null
suggest high variability in the bias
Ryan PB, Stang PE, Overhage JM et al, Drug Safety, 2013:
“A Comparison of the Empirical Performance of Methods for a Risk Identification System”
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Lesson 4: Empirical calibration can help restore
interpretation of study findings

• Negative controls can be used to
estimate empirical null distribution:
how much bias and variance exists
when no effect should be observed
• Empirical null can replace
theoretical null to estimate
calibrated p-value to test for
statistical significance
Schuemie MJ, Ryan PB, DuMouchel W, et al, Statistics in Medicine, 2013:
“Interpreting observational studies: why empirical calibration is needed to correct p-values”
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Conclusions
• Traditional p-values and confidence intervals
require empirical calibration to account for
bias in observational studies
• Advancing the science of observational
research requires an empirical and
reproducible approach to methodology and
systematic application
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Clear path forward:
systematic evaluation and calibration
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http://omop.org/node/649

What questions should we ask?
• Population-level estimation
– Safety surveillance: Does metformin cause lactic
acidosis?
– Comparative effectiveness: Does metformin
cause lactic acidosis more than canagliflozin?

• Patient-level prediction
– Given everything you know about me and my
medical history, if I start taking metformin, what
is the chance that I am going to have lactic
acidosis in the next year?
41

Patient-level predictions for personalized evidence
requires big data

Aggregated data from a large medical group of 50 providers may contain 100,000
patients

Not so big data
2 million patients seem excessive or unnecessary?
• Imagine a provider wants to compare her patient with other patients
with the same gender (50%), in the same 10-year age group (10%),
and with the same comorbidity of Type 2 diabetes (5%)
• Imagine the patient is concerned about the risk of ketoacidosis (0.5%)
associated with two alternative treatments they are considering
• With 2 million patients, you’d only expect to observe 25 similar
patients with the event, and would only be powered to observe a
relative risk > 2.0

Aggregated data across a health system of 1,000 providers may contain 2,000,000
patients

Odyssey (noun): \oh-d-si\
1. A long journey full of adventures
2. A series of experiences that give knowledge or
understanding to someone

http://www.merriam-webster.com/dictionary/odyssey
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Introducing OHDSI
• The Observational Health Data Sciences and
Informatics (OHDSI) program is a multistakeholder, interdisciplinary collaborative to
create open-source solutions that bring out the
value of observational health data through largescale analytics
• OHDSI has established an international network
of researchers and observational health
databases with a central coordinating center
housed at Columbia University
http://ohdsi.org

45 45

OHDSI’s mission
To transform medical decision making by creating
reliable scientific evidence about disease natural
history, healthcare delivery, and the effects of
medical interventions through large-scale analysis
of observational health databases for populationlevel estimation and patient-level predictions

http://ohdsi.org
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