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Public Health as Scientific Discipline: subdisciplines
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Epidemiology as subdiscipline: areas of concentration
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Data Science Initiative
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Data Science Programmes
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Data Science and Big Data: Volume
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Data Science and Computing: Velocity

Commodity Computing

Michael Franklin, UC Berkeley
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Data Science and data sources: Variety

Smarter Devices

Michael Franklin, UC Berkeley
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New Science Paradigm

Jim Gray, Microsoft
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Data Science the sexiest job

“The sexy job in the next 10 years will 
be statisticians.” 

Hal Varian, Prof. Emeritus UC Berkeley 
Chief Economist, Google

Data Scientists?

“By 2018, the US could face a shortage 
of up to 190,000 workers with analytical 
skills” 

McKinsey Global Institute

Epidemiologists?Epidemiologists?
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So, how about Epidemiology?
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So, how about Epidemiology?
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and Harvard Medical School, 1620 Tremont Street (suite 3030), Boston, MA 02120, USA
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Abstract

Objective: Large health care utilization databases are frequently used in variety of settings to study the use and outcomes of therapeutics.

Their size allows the study of infrequent events, their representativeness of routine clinical care makes it possible to study real-world

effectiveness and utilization patterns, and their availability at relatively low cost without long delays makes them accessible to many

researchers. However, concerns about database studies include data validity, lack of detailed clinical information, and a limited ability to

control confounding.

Study Design and Setting: We consider the strengths, limitations, and appropriate applications of health care utilization databases in

epidemiology and health services research, with particular reference to the study of medications.

Conclusion: Progress has been made on many methodologic issues related to the use of health care utilization databases in recent

years, but important areas persist and merit scrutiny. E 2005 Elsevier Inc. All rights reserved.

Keywords: Utilization databases; Claims data; Therapeuties; Pharmaco-epidemiology; Confounding (epidemiology); Adverse drug reactions; Drug utilization

1. Introduction

It is widely accepted that randomized clinical trials (RCT)

cannot provide all necessary information about the safe and

effective use of medicines at the time they are marketed. This

stems from the inherent limitations of RCTs during drug

development: They usually have a small sample size that

often under-represents vulnerable patient groups, and they

focus on short-term efficacy and safety in a controlled envi-

ronment that is often far from routine clinical practice.

Moreover, the RCT outcome sufficient to win marketing

approval—short-term improvement in a surrogate marker

compared with the effect of placebo—often fails to answer the

more relevant questions that face doctors and patients. Such

limitations make it inevitable that epidemiologic research is

performed post marketing to define these issues [1]. Al-

though the focus of pharmacoepidemiology is on post-mar-

keting surveillance of drugs, biologics [2], and medical

devices [3], the approach has valuable applications in the

pre-marketing phase to assess the safety profile of drugs

* Corresponding author. Tel.: (617) 278-0937; fax: (617) 232-8602.

E-mail address: schneeweiss@post.harvard.edu (S. Schneeweiss).

0895-4356/05/$ – see front matter E 2005 Elsevier Inc. All rights reserved.

doi: 10.1016/j.jclinepi.2004.10.012

and put them into context of the natural history of the condi-

tion they are designed to treat [4].

Although pharmacoepidemiology makes use of all epide-

miologic study designs and data sources, in recent years

there has been enormous growth in the use of large health

care databases [5]. These are made up of the automated

electronic recording of filled prescriptions, professional ser-

vices, and hospitalizations; such data are increasingly col-

lected routinely for the payment and administration of health

services. Beyond this, electronic medical records often con-

tain detailed clinical information, patients’ reports of symp-

toms, the findings of physical examinations, and the results

of diagnostic tests. However, researchers more frequently

use insurance data on submitted claims for specific services,

procedures, and pharmaceuticals. These are usually less de-

tailed in their clinical contents but often representative and

complete for very large patient populations, including elderly

patients, children, the very poor, and those in nursing homes

who are most often under-represented in or totally excluded

from clinical trials.

Clinical epidemiologists can answer a wide spectrum of

research questions with database studies, but they must be

aware of the specific issues that can compromise their valid-

ity and of recent methodologic advances to address these

shortcomings. This article outlines the breadth of research

Conclusion
”(...) Increasing availability in electronic
medical records of even more detailed
clinical information, such as the medical
history and the results of diagnostic tests,
will further enhance the validity and
versatility of the use of electronic health
records (...).”
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Comparative Effectiveness Research

CER, defined 

…is the generation and synthesis of evidence that 

compares the benefits and harms of alternative 

methods to prevent, diagnose, treat, and 

monitor a clinical condition or to improve the 

delivery of care.  

Source: Institute of Medicine, Initial National Priorities for Comparative Effectiveness Research, 2009. 
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CER is different

Efficacy
(can it work)

 

Effectiveness
(how well does it work in 

routine care?) 

Placebo 

comparison 

Most studies 

(especially RCTs) 

Active 

comparison 

Comparative 

effectiveness 

research 

How CER is different 

p
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(h

SOURCE: Academy Health. “A first look at the volume and cost of comparative effectiveness research in the United States.” 

Academy Health, 2009. http://wwwold.academyhealth.org/files/FileDownloads/AH_Monograph_09FINAL7.pdf 
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CER is different

TYPICAL RCTs 
NEEDS OF DECISION 

MAKERS 

Comparator Placebo or usual care Active 

Patient 

population 
Highly selected 

Representative of 

typical practice 

Outcome 

measures 
Surrogate Patient centered 

Follow-up time Short Long 

Cost High Moderate 

Speed Slow Faster 

What CER seeks to do 

Source: Harvard Catalyst Comparative Effectiveness Research Course
https://catalyst.harvard.edu/services/cer/

Luque-Fernandez MA (LSHTM) BIG EPI November 2, 2017 17 / 65



CER is about New Epidemiological Methods

Exposure variation 

within patients 

Exposure variation 

between patients 

Exposure variation 

between providers 

no 

no 
yes 

yes 

yes 

Crossover trial 

Case-crossover 

study, SCCS 

Cohort study  
CCS, CCoh, 2-SS 

Randomized 

controlled trial Instrumental 

variable analysis 

Cluster randomized 

trial 

SCCS: Self-controlled Case Series

CCS: Case-control Study

CCoh: Case-cohort Study

2-SS: Two-stage Sampling

Schneeweiss S. A basic study design for expedited safety signal evaluation based on 

electronic healthcare data. Pharmacoepidemiology and Drug Safety 2010;19:858-68.  

Design choice: Source of exposure variation 
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CER is about Causal Inference
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CER is about Causal Inference
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CER is about Causal Inference
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CER is about Causal Inference

Source: Data-Adaptive Estimation for Double-Robust Methods in
Population-Based Cancer Epidemiology: Risk differences for lung cancer
mortality by emergency presentation (2017). AJE.
https://academic.oup.com/aje/article/doi/10.1093/aje/kwx317/4110407
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CER is about Causal Inference

Source: Luque-Fernandez, M.A., Zoega, H., Valdimarsdottir, U. et al. Eur J
Epidemiol (2016) 31: 613. https://doi.org/10.1007/s10654-016-0139-5
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CER is about Causal Inference
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CER is about Causal Inference

Fitzmaurice (2011). Applied Longitudinal Analysis
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CER is about Causal Inference
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CER is about Causal Inference
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Annals of Internal Medicine, 2017

The Spectrumof Subclinical Primary Aldosteronism and Incident
Hypertension
ACohort Study
Jenifer M. Brown, MD; Cassianne Robinson-Cohen, PhD; Miguel Angel Luque-Fernandez, MSc, MPH, PhD;

Matthew A. Allison, MD, MPH; Rene Baudrand, MD; Joachim H. Ix, MD, MS; Bryan Kestenbaum, MD, MS; Ian H. de Boer, MD, MS;

and Anand Vaidya, MD, MMSc

Background: Primary aldosteronism is recognized as a severe
form of renin-independent aldosteronism that results in exces-
sive mineralocorticoid receptor (MR) activation.

Objective: To investigate whether a spectrum of subclinical
renin-independent aldosteronism that increases risk for hyper-
tension exists among normotensive persons.

Design: Cohort study.

Setting: National community-based study.

Participants: 850 untreated normotensive participants in MESA
(Multi-Ethnic Study of Atherosclerosis) with measurements of se-
rum aldosterone and plasma renin activity (PRA).

Measurements: Longitudinal analyses investigated whether al-
dosterone concentrations, in the context of physiologic PRA phe-
notypes (suppressed, ≤0.50 μg/L per hour; indeterminate, 0.51
to 0.99 μg/L per hour; unsuppressed, ≥1.0 μg/L per hour), were
associated with incident hypertension (defined as systolic blood
pressure ≥140 mm Hg, diastolic blood pressure ≥90 mm Hg, or
initiation of antihypertensive medications). Cross-sectional anal-
yses investigated associations between aldosterone and MR ac-
tivity, assessed via serum potassium and urinary fractional excre-
tion of potassium.

Results: A suppressed renin phenotype was associated with a
higher rate of incident hypertension than other PRA phenotypes

(incidence rates per 1000 person-years of follow-up: suppressed
renin phenotype, 85.4 events [95% CI, 73.4 to 99.3 events]; in-
determinate renin phenotype, 53.3 events [CI, 42.8 to 66.4
events]; unsuppressed renin phenotype, 54.5 events [CI, 41.8 to
71.0 events]). With renin suppression, higher aldosterone con-
centrations were independently associated with an increased
risk for incident hypertension, whereas no association between
aldosterone and hypertension was seen when renin was not sup-
pressed. Higher aldosterone concentrations were associated
with lower serum potassium and higher urinary excretion of po-
tassium, but only when renin was suppressed.

Limitation: Sodium and potassium were measured several
years before renin and aldosterone.

Conclusion: Suppression of renin and higher aldosterone con-
centrations in the context of this renin suppression are associ-
ated with an increased risk for hypertension and possibly also
with increased MR activity. These findings suggest a clinically
relevant spectrum of subclinical primary aldosteronism (renin-
independent aldosteronism) in normotension.

Primary Funding Source: National Institutes of Health.

Ann Intern Med. doi:10.7326/M17-0882 Annals.org

For author affiliations, see end of text.

This article was published at Annals.org on 10 October 2017.

With an estimated prevalence of 5% to 20% among
patients with hypertension, primary aldosteron-

ism (PA) is the most common and modifiable form of
secondary hypertension (1–7). The disorder is charac-
terized by autonomous secretion of aldosterone, inde-
pendent of renin, which results in excessive activation
of the mineralocorticoid receptor (MR). Excessive
stimulation of the renal and extrarenal MR in PA has
been associated with hypertension and cardiovascular
disease, independent of blood pressure (8–14), high-
lighting the important role of MR antagonists in
mitigating the systemic sequelae of renin-independent
aldosteronism.

Although PA is usually described as a clinical
phenotype of severe hypertension and hypokalemia
caused by adrenal neoplasia, recent evidence points to
another potentially prevalent cause of autonomous
aldosterone secretion by abnormal cell clusters within
morphologically normal adrenal glands: aldosterone-
producing cell clusters (15–18).

Furthermore, recent physiology studies have chal-
lenged the notion that PA is a categorical disease by

showing a continuous spectrum of renin-independent
aldosteronism in normotension, ranging from subtle to
overtly autonomous (19). In this regard, the overt PA
that we currently recognize in severe hypertension (20)
may be only the “tip of the iceberg” in the spectrum
of renin-independent aldosteronism and excessive MR
activation. Recognizing a potentially milder and ex-
panded continuum of renin-independent aldosteron-
ism, one that originates in normotension and is associ-
ated with inappropriate MR activation, may allow
mitigation of MR-mediated cardiovascular disease at an
earlier stage.

We conducted a longitudinal cohort study that
used physiologic phenotypes of autonomous aldoste-
rone secretion and MR activity. We investigated un-
treated normotensive participants enrolled in MESA
(Multi-Ethnic Study of Atherosclerosis) to test the hy-

See also:

Editorial comment . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

Annals of Internal Medicine ORIGINALRESEARCH

Annals.org Annals of Internal Medicine 1

Downloaded From: http://annals.org/ by a London School of Hygiene & Tropical Med User  on 10/31/2017

Editor’s comment: RISK DIFFERENCES

”While the findings of the longitudinal
component of the analysis are based
mostly on hazard ratios, the editors also
now routinely request that in cohort studies
the authors present the findings in a way
that provide some understanding of
absolute risks or risk differences”

Luque-Fernandez MA (LSHTM) BIG EPI November 2, 2017 28 / 65



Annals of Internal Medicine, 2017

The Spectrumof Subclinical Primary Aldosteronism and Incident
Hypertension
ACohort Study
Jenifer M. Brown, MD; Cassianne Robinson-Cohen, PhD; Miguel Angel Luque-Fernandez, MSc, MPH, PhD;

Matthew A. Allison, MD, MPH; Rene Baudrand, MD; Joachim H. Ix, MD, MS; Bryan Kestenbaum, MD, MS; Ian H. de Boer, MD, MS;

and Anand Vaidya, MD, MMSc

Background: Primary aldosteronism is recognized as a severe
form of renin-independent aldosteronism that results in exces-
sive mineralocorticoid receptor (MR) activation.

Objective: To investigate whether a spectrum of subclinical
renin-independent aldosteronism that increases risk for hyper-
tension exists among normotensive persons.

Design: Cohort study.

Setting: National community-based study.

Participants: 850 untreated normotensive participants in MESA
(Multi-Ethnic Study of Atherosclerosis) with measurements of se-
rum aldosterone and plasma renin activity (PRA).

Measurements: Longitudinal analyses investigated whether al-
dosterone concentrations, in the context of physiologic PRA phe-
notypes (suppressed, ≤0.50 μg/L per hour; indeterminate, 0.51
to 0.99 μg/L per hour; unsuppressed, ≥1.0 μg/L per hour), were
associated with incident hypertension (defined as systolic blood
pressure ≥140 mm Hg, diastolic blood pressure ≥90 mm Hg, or
initiation of antihypertensive medications). Cross-sectional anal-
yses investigated associations between aldosterone and MR ac-
tivity, assessed via serum potassium and urinary fractional excre-
tion of potassium.

Results: A suppressed renin phenotype was associated with a
higher rate of incident hypertension than other PRA phenotypes

(incidence rates per 1000 person-years of follow-up: suppressed
renin phenotype, 85.4 events [95% CI, 73.4 to 99.3 events]; in-
determinate renin phenotype, 53.3 events [CI, 42.8 to 66.4
events]; unsuppressed renin phenotype, 54.5 events [CI, 41.8 to
71.0 events]). With renin suppression, higher aldosterone con-
centrations were independently associated with an increased
risk for incident hypertension, whereas no association between
aldosterone and hypertension was seen when renin was not sup-
pressed. Higher aldosterone concentrations were associated
with lower serum potassium and higher urinary excretion of po-
tassium, but only when renin was suppressed.

Limitation: Sodium and potassium were measured several
years before renin and aldosterone.

Conclusion: Suppression of renin and higher aldosterone con-
centrations in the context of this renin suppression are associ-
ated with an increased risk for hypertension and possibly also
with increased MR activity. These findings suggest a clinically
relevant spectrum of subclinical primary aldosteronism (renin-
independent aldosteronism) in normotension.

Primary Funding Source: National Institutes of Health.

Ann Intern Med. doi:10.7326/M17-0882 Annals.org

For author affiliations, see end of text.

This article was published at Annals.org on 10 October 2017.

With an estimated prevalence of 5% to 20% among
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See also:

Editorial comment . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

Annals of Internal Medicine ORIGINALRESEARCH

Annals.org Annals of Internal Medicine 1

Downloaded From: http://annals.org/ by a London School of Hygiene & Tropical Med User  on 10/31/2017

Editor’s comment: RISK DIFFERENCES

For instance, by presenting adjusted
survival curves and 5-year (or 8-year)
adjusted cumulative incidence of
hypertension, with either risk ratios or
differences, by category of plasma renin
activity and/or aldosterone levels. You can
find an example of this approach in the
paper by Chang et al in Ann Intern Med
2016;164(5):305-12, although there are
several valid approaches to this problem.
We believe that this presentation provides a
better understanding of the association
between exposure and outcomes than just
presenting of hazard ratios.
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CER is about Causal Inference

Metabolically Healthy Obesity andDevelopment of Chronic
Kidney Disease
ACohort Study

Yoosoo Chang, MD, PhD; Seungho Ryu, MD, PhD; Yuni Choi, BS; Yiyi Zhang, PhD; Juhee Cho, PhD; Min-Jung Kwon, MD, PhD;

Young Youl Hyun, MD, PhD; Kyu-Beck Lee, MD, PhD; Hyang Kim, MD, PhD; Hyun-Suk Jung, MD; Kyung Eun Yun, MD, PhD;

Jiin Ahn, MSPH; Sanjay Rampal, MD, PhD; Di Zhao, PhD; Byung-Seong Suh, MD, PhD; Eun Cheol Chung, MD, PhD;

Hocheol Shin, MD, PhD; Roberto Pastor-Barriuso, PhD; and Eliseo Guallar, MD, DrPH

Background: The risk for chronic kidney disease (CKD) among
obese persons without obesity-related metabolic abnormalities,
called metabolically healthy obesity, is largely unexplored.

Objective: To investigate the risk for incident CKD across cate-
gories of body mass index in a large cohort of metabolically
healthy men and women.

Design: Prospective cohort study.

Setting: Kangbuk Samsung Health Study, Kangbuk Samsung
Hospital, Seoul, South Korea.

Participants: 62 249 metabolically healthy, young and middle-
aged men and women without CKD or proteinuria at baseline.

Measurements:Metabolic health was defined as a homeostasis
model assessment of insulin resistance less than 2.5 and ab-
sence of any component of the metabolic syndrome. Under-
weight, normal weight, overweight, and obesity were defined as
a body mass index less than 18.5 kg/m2, 18.5 to 22.9 kg/m2, 23
to 24.9 kg/m2, and 25 kg/m2 or greater, respectively. The out-
come was incident CKD, defined as an estimated glomerular
filtration rate less than 60 mL/min/1.73 m2.

Results: During 369 088 person-years of follow-up, 906 incident
CKD cases were identified. The multivariable-adjusted differ-
ences in 5-year cumulative incidence of CKD in underweight,
overweight, and obese participants compared with normal-
weight participants were24.0 (95%CI,27.8 to20.3), 3.5 (CI, 0.9
to 6.1), and 6.7 (CI, 3.0 to 10.4) cases per 1000 persons, respec-
tively. These associations were consistently seen in all clinically
relevant subgroups.

Limitation: Chronic kidney disease was identified by a single
measurement at each visit.

Conclusion: Overweight and obesity are associated with an in-
creased incidence of CKD in metabolically healthy young and
middle-aged participants. These findings show that metaboli-
cally healthy obesity is not a harmless condition and that the
obese phenotype, regardless of metabolic abnormalities, can
adversely affect renal function.

Primary Funding Source: None.

Ann Intern Med. 2016;164:305-312. doi:10.7326/M15-1323 www.annals.org

For author affiliations, see end of text.

This article was published at www.annals.org on 9 February 2016.

Chronic kidney disease (CKD) is a major clinical
and public health problem (1). It is a precursor for

end-stage renal disease and a strong risk factor
for cardiovascular morbidity and mortality (2). Its prev-
alence is increasing worldwide along with the growing
prevalence of obesity and metabolic disease (3). In-
deed, obesity—mediated by hypertension, insulin resis-
tance, hyperglycemia, dyslipidemia, and other meta-
bolic abnormalities—is a major risk factor for
CKD (4).

Although the role of obesity-induced metabolic ab-
normalities in CKD development is well-established,
metabolically healthy obese (MHO) persons, seem to
have a favorable profile with no metabolic abnormali-
ties (5, 6). The association between MHO and CKD,
however, is largely unknown. The only study available
found no association (7), but the comparison be-
tween MHO and normal-weight participants could be
biased because the reference group included over-
weight participants, and metabolically healthy partici-
pants were defined as those with fewer than 2 meta-
bolic components. Therefore, we examined the
association between categories of body mass index
(BMI) and CKD in a large sample of metabolically
healthy men and women who had health screening
examinations.

METHODS
Study Population

The Kangbuk Samsung Health Study is a cohort
study of South Korean men and women aged 18 years
or older who had a comprehensive annual or biennial
health examination at the clinics of the Kangbuk Sam-
sung Hospital Health Screening Centers in Seoul and
Suwon, South Korea (8). More than 80% of participants
were employees of various companies and local gov-
ernmental organizations and their spouses. In South
Korea, the Industrial Safety and Health Act requires all
employees to receive annual or biennial health screen-
ing examinations, offered free of charge. The remain-
ing participants registered for the screening examina-
tions on their own.

Our analysis included all persons who had compre-
hensive health examinations from 1 January 2002 to 31
December 2009 and had at least 1 other screening ex-
amination before 31 December 2013 (that is, they all
had a baseline visit and ≥1 follow-up visit [n = 175 859])
(Figure 1). We excluded persons who had metabolic
abnormalities (5, 9, 10) or evidence of kidney disease at
baseline (n = 108 263). We excluded those with fasting
glucose levels of 100 mg/dL or greater or who used
glucose-lowering agents; blood pressure (BP) of

Annals of Internal Medicine ORIGINALRESEARCH

© 2016 American College of Physicians 305

Downloaded From: http://annals.org/ by a London School of Hygiene & Tropical Med User  on 10/31/2017
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Causal Inference: Potential Outcomes

Rubin and Heckman
This framework was developed first by statisticians (Rubin, 1983)
and econometricians (Heckman, 1978) as a new approach for the
estimation of causal effects from observational data.

We will keep separate the causal framework (a conceptual issue
briefly introduce here) and the ”how to estimate causal effects”
(an statistical issue also introduced here)
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Causal effect

Potential Outcomes
We only observe:

Yi(1) = Yi(A = 1) and Yi(0) = Yi(A = 0)

However we would like to know what would have happened if:

Treated Yi(1) would have been non-treated Yi(A = 0) = Yi(0).

Controls Yi(0) would have been treated Yi(A = 1) = Yi(1).

Identifiability

How we can identify the effect of the potential outcomes Ya if they
are not observed?

How we can estimate the expected difference between the potential
outcomes E[Y(1) - Y(0)], namely the ATE or RISK DIFFERENCE.
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Causal effect with OBSERVATIONAL data

IGNORABILITY

(Yi(1),Yi(0))⊥Ai |Wi

POSITIVITY
POSITIVITY: P(A = a |W) > 0 for all a, W

SUTVA
We have assumed that there is only on version of the treatment
(consistency) Y(1) if A = 1 and Y(0) if A = 0.
The assignment to the treatment to one unit doesn’t affect the
outcome of another unit (no interference) or IID random variables.
The model used to estimate the assignment probability has to be
correctly specified.
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G-Formula, (Robins, 1986)

G-Formula for the identification of the ATE with observational data
The ATE=

∑
w

[∑
y

P(Y = y | A = 1,W = w) −
∑

y

P(Y = y | A = 0,W = w)

]
P(W = w)

P(W = w) =
∑
y ,a

P(W = w ,A = a,Y = y)

G-Formula
The sums is generic notation. In reality, likely involves sums and integrals
(we are just integrating out the W’s).

The g-formula is a generalization of standardization and allow to
estimate unbiased treatment effect estimates.
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ATE estimators

Nonparametric
G-formula plug-in estimator (generalization of standardization).

Parametric
Regression adjustment (RA).

Inverse probability treatment weighting (IPTW).

Inverse-probability treatment weighting with regression adjustment
(IPTW-RA) (Kang and Schafer, 2007).

Semi-parametric Double robust (DR) methods
Augmented inverse-probability treatment weighting (Estimation
Equations) (AIPTW) (Robins, 1994).
Targeted maximum likelihood estimation (TMLE) (van der Laan,
2006).
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RA

Regression-adjustment

ÂTERA = N−1
N∑

i=1

[E(Yi | A = 1 ,Wi) − E(Yi | A = 0 ,Wi)]

mA(wi) = E(Yi | Ai = A ,Wi)

ÂTERA = N−1
N∑

i=1

[m̂1(wi) − m̂0(wi)]
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IPTW

IPTW (Inverse probability treatment weighting)
Survey theory (Horvitz-Thompson)

P̂i = E(Ai |Wi) ; So ,
1
p̂i
, if A = 1 and ,

1
(1 − p̂i)

, if A = 0

Average over the total number of individuals

ÂTE IPTW = N−1
N∑

i=1

AiYi

p̂i
− N−1

N∑
i=1

(1 − Ai)Yi

(1 − p̂i)
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AIPTW

AIPTW (Augmented Inverse probability treatment weighting)
Solving Estimating Equations

ÂTEAIPTW =

N−1
N∑

i=1

[(Y (1) | Ai = 1,Wi) − (Y (0) | Ai = 0,Wi)] +

N−1
N∑

i=1

(
(Ai = 1)

P(Ai = 1 |Wi)
− (Ai = 0)

P(Ai = 0 |Wi)

)
[Yi − E(Y | Ai ,Wi)]
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ATE estimators: drawbacks

Nonparametric
Course of dimensionality (sparsity: zero empty cell)

Parametric
Parametric models are misspecified (all models are wrong but some
are useful, Box, 1976), and break down for high-dimensional data.

(RA) Issue: extrapolation and biased if misspecification, no
information about treatment mechanism.

(IPTW) Issue: sensitive to course of dimensionality, inefficient in
case of extreme weights and biased if misspecification. Non
information about the outcome.
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Double-robust (DR) estimators

Prons: Semi-parametric Double-Robust Methods
DR methods give two chances at consistency if any of two
nuisance parameters is consistently estimated.

DR methods are less sensitive to course of dimensionality.

Cons: Semi-parametric Double-Robust Methods
DR methods are unstable and inefficient if the propensity score (PS)
is small (violation of positivity assumption) (vand der Laan,
2007).

AIPTW and IPTW-RA do not respect the limits of the boundary
space of Y.

Poor performance if dual misspecification (Benkeser, 2016).
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Targeted Maximum Likelihood Estimation (TMLE)

Pros: TMLE
(TMLE) is a general algorithm for the construction of double-robust,
semiparametric MLE, efficient substitution estimator (Van der Laan,
2011)

Better performance than competitors has been largely documented
(Porter, et. al.,2011).

(TMLE) Respect bounds on Y, less sensitive to misspecification and
to near-positivity violations (Benkeser, 2016).

(TMLE) Reduces bias through ensemble learning if misspecification,
even dual misspecification.

For the ATE, Inference is based on the Efficient Influence Curve.
Hence, the CLT applies, making inference easier.

Cons: TMLE
The procedure is only available in R: tmle package (Gruber, 2011).
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Targeted learning

Source: Mark van der Laan and Sherri Rose. Targeted learning: causal
inference for observational and experimental data. Springer Series in
Statistics, 2011.
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Why Targeted learning?

Source: Mark van der Laan and Sherri Rose. Targeted learning: causal
inference for observational and experimental data. Springer Series in
Statistics, 2011.
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TMLE ROAD MAP

MC simulations: Luque-Fernandez et al, 2017 (in press, American
Journal of Epidemiology)

ATE BIAS (%) RMSE 95%CI coverage (%)
N=1,000 N=10,000 N=1,000 N=10,000 N=1,000 N=10,000 N=1,000 N=10,000

First scenario* (correctly specified models)
True ATE -0.1813
Naı̈ve -0.2234 -0.2218 23.2 22.3 0.0575 0.0423 77 89
AIPTW -0.1843 -0.1848 1.6 1.9 0.0534 0.0180 93 94
IPTW-RA -0.1831 -0.1838 1.0 1.4 0.0500 0.0174 91 95
TMLE -0.1832 -0.1821 1.0 0.4 0.0482 0.0158 95 95
Second scenario ** (misspecified models)
True ATE -0.1172
Naı̈ve -0.0127 -0.0121 89.2 89.7 0.1470 0.1100 0 0
BFit AIPTW -0.1155 -0.0920 1.5 11.7 0.0928 0.0773 65 65
BFit IPTW-RA -0.1268 -0.1192 8.2 1.7 0.0442 0.0305 52 73
TMLE -0.1181 -0.1177 0.8 0.4 0.0281 0.0107 93 95
*First scenario : correctly specified models and near-positivity violation
**Second scenario: misspecification, near-positivity violation and adaptive model selection

Source: Data-Adaptive Estimation for Double-Robust Methods in Population-Based Cancer Epidemiology: Risk differences for lung
cancer mortality by emergency presentation (2017). AJE. https://academic.oup.com/aje/article/doi/10.1093/aje/kwx317/4110407
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TMLE ROAD MAP

Luque-Fernandez, MA. 2017. TMLE steps adapted from Van der Laa, 2011.
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TMLE STEPS

Substitution estimation: Ê(Y | A,W )

First compute the outcome regression E(Y | A,W) using the
Super-Learner to then derive the Potential Outcomes and compute
Ψ(0) = E(Y (1) | A = 1,W ) − E(Y (0) | A = 0,W ).

Estimate the exposure mechanism P(A=1|,W) using the
Super-Learner to predict the values of the propensity score.

Compute HAW =
(

I(Ai=1)
P(Ai=1|Wi )

− I(Ai=0)
P(Ai=0|Wi )

)
for each individual,

named the clever covariate H.
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Fluctuation step: Epsilon

Fluctuation step (ε̂0 , ε̂1)

Update Ψ(0) through a fluctuation step incorporating the information
from the exposure mechanism:

H(1)W = I(Ai=1)
P̂(Ai=1|Wi )

and, H(0)W = − I(Ai=0)
P̂(Ai=0|Wi )

.

This step aims to reduce bias minimising the mean squared error
(MSE) for (Ψ) and considering the bounds of the limits of Y.

The fluctuation parameters (ε̂0 , ε̂1) are estimated using maximum
likelihood procedures (in Stata):

. glm Y HAW, fam(binomial) nocons offset(E(Y| A,W ))

. mat e = e(b),

. gen double ε = e[1,1],
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Targeted estimate of the ATE (Ψ̂)

Ψ(0) update using ε (epsilon)

E∗(Y | A = 1,W ) = expit [logit [E(Y | A = 1,W )] + ε̂1H1(1,W )]

E∗(Y | A = 0,W ) = expit [logit [E(Y | A = 0,W )] + ε̂0H0(0,W )]

Targeted estimate of the ATE from Ψ(0) to Ψ(1): (Ψ̂)

Ψ(1) : Ψ̂ = [E∗(Y (1) | A = 1,W ) − E∗(Y (0) | A = 0,W )]
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TMLE inference: INFLUENCE CURVE

M-ESTIMATORS: Semi-parametric and Empirical processes theory
An estimator is asymptotically linear with influence function ϕ (IC) if the
estimator can be approximate by an empirical average in the sense that

(θ̂ − θ0) =
1
n

n∑
i=1

(IC) + Op(1/
√

n)

(Bickel, 1997).

TMLE inference: Bickel (1993); Tsiatis (2007); Van der Laan (2011);
Kennedy (2016)

The IC estimation is a more general approach than M-estimation.
The Efficient IC has mean zero E(ICψ̂(yi , ψ0)) = 0 and finite variance.
By the Weak Law of the Large Numbers, the Op converges to zero in a
rate 1/

√
n as n→∞ (Bickel, 1993).

The Efficient IC requires asymptotically linear estimators.
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TMLE inference: Influence curve

TMLE inference

IC =

(
(Ai = 1)

P(Ai = 1 |Wi)
− (Ai = 0)

P(Ai = 0 |Wi)

)
[Yi − E1(Y | Ai ,Wi)] +

[E1(Y (1) | Ai = 1,Wi) − E1(Y (0) | Ai = 0,Wi)] − ψ

Standard Error : σ (ψ0) =
SD(ICn)√

n

TMLE inference
The Efficient IC, first introduced by Hampel (1974), is used to apply readily
the CLT for statistical inference using TMLE.

The Efficient IC is the same as the infinitesimal jackknife and the
nonparametric delta method. Also named the ”canonical gradient” of
the pathwise derivative of the target parameter ψ or ”approximation by
averages”(Efron, 1982).
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IC: Geometric interpretation

Estimate of the ψ Standard Error using the efficient Influence Curve.
Image credit: Miguel Angel Luque-Fernandez
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Targeted learning

Source: Mark van der Laan and Sherri Rose. Targeted learning: causal inference for
observational and experimental data. Springer Series in Statistics, 2011.
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Super-Learner: Ensemble learning

To apply the EIC we need data-adaptive estimation for both, the model of the
outcome, and the model of the treatment.
Asymptotically, the final weighted combination of algorithms (Super Learner)
performs as well as or better than the best-fitting algorithm (van der Laan,
2007).

Luque-Fernandez, MA. 2017. TMLE steps adapted from Van der Laa, 2011.
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Stata ELTMLE

Ensemble Learning Targeted Maximum Likelihood Estimation
eltmle is a Stata program implementing R-TMLE for the ATE for a
binary or continuous outcome and binary treatment.
eltmle includes the use of a super-learner(Polley E., et al. 2011).
I used the default Super-Learner algorithms implemented in the
base installation of the tmle-R package v.1.2.0-5 (Susan G. and Van
der Laan M., 2007).
i) stepwise selection, ii) GLM, iii) a GLM interaction.
Additionally, eltmle users will have the option to include Bayes GLM
and GAM.
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Stata Implementation: overall structure
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Stata Implementation: calling the SL
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Stata Implementation: Batch file executing R
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Stata ELTMLE

Syntax eltmle Stata command
eltmle Y A W [, slapiw slaipwbgam tmle tmlebgam]

Y: Outcome: numeric binary or continuous variable.

A: Treatment or exposure: numeric binary variable.

W: Covariates: vector of numeric and categorical variables.
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Output for continuous outcome
.use http://www.stata-press.com/data/r14/cattaneo2.dta
.eltmle bweight mbsmoke mage medu prenatal mmarried, tmle

Variable | Obs Mean Std. Dev. Min Max
-------------+---------------------------------------------------------

POM1 | 4,642 2832.384 74.56757 2580.186 2957.627
POM0 | 4,642 3063.015 89.53935 2868.071 3167.264
WT | 4,642 -.0409955 2.830591 -6.644464 21.43709
PS | 4,642 .1861267 .110755 .0372202 .8494988

ACE:
Additive Effect: -230.63; Estimated Variance: 600.93; p-value: 0.0000;
95%CI:(-278.68, -182.58)

Risk Differences:-0.0447; SE: 0.0047; p-value: 0.0000;
95%CI:(-0.05, -0.04)
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Simulations comparing Stata ELTMLE vs R-TMLE
. mean psi aipw slaipw tmle
Mean estimation
Number of obs = 1,000
-------------------------

| Mean
-------------+-----------

True | .173
aipw | .170

slaipw | .170
Stata-tmle | .170

-------------------------
R-TMLE | .170

-------------------------
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ONLINE open free tutorial

Link to the tutorial
https://migariane.github.io/TMLE.nb.html

Stata Implementation: source code
https://github.com/migariane/meltmle for MAC users

https://github.com/migariane/weltmle for Windows users

Stata installation and step by step commented syntax
github install migariane/meltmle (For MAC users)

github install migariane/weltmle (For Windows users)
which eltmle

viewsource eltmle.ado
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eltmle

One sample simulation: TMLE reduces bias
https://github.com/migariane/SUGML
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Thank YOU
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