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Can you guarantee that the results from
your observational study are unaffected by

unmeasured confounding?

The onlyThe only answer an epidemiologist can provideanswer an epidemiologist can provide
isis ““nono.”!.”!
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RCTs vs Observational studies

• Almost every empirical research question is causalcausal.

• Scientists conducting studies in medicine and
epidemiology investigate questions like "Which factors
cause a certain disease?" or "How does a certain
therapy affect the duration and course of disease?"

• Clearly, not every association is temporarily directed,
and not every temporarily directed association involves
a causal component but might be due to measurement
error, shared prior factors or other bias only.
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RCT roles

• The randomised controlled trial (RCT) is considered to be the most robust
study design for assessing treatment effects and for inferring causality.

• An advantage of RCTs is that confounders, whether measured or not, are
spread evenly between the intervention and control groups due to
randomisation.

• In many situations however, RCTs are not possible – for financial, ethical
or other reasons .

• In such situations, standard analytical epidemiological studies such as
cohort and case-control studies can be used as an alternative source of
evidence.
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Misleading results

• There are several examples in the medical
literature where the associations of treatment
effects predicted by observational studies have
been refuted by evidence from subsequent large-
scale randomised trials.

• This is because of the fact that non-experimental
studies are subject to confounding – and
confounding cannot be entirely eliminated even if
all known confounders have been measured in
the study as there may be unknown confounders.
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Example

• One example of misleading estimates of treatment effect
from observational data was that vitamin C was beneficial
for coronary heart disease (CHD).

•
• However, the subsequent randomised evidence indicated

that the vitamin C supplements had no effect on CHD risk.

• The reason proposed for the discrepancy in the
observational evidence and the RCT evidence for vitamin C
and CHD is that there is confounding between vitamin C
levels and other exposures that could affect the risk of CHD
.
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• There was considerable confounding from
factors across the life course that predict an
increased risk of CHD in the British Women’s
Heart and Health Study, in which women with
high levels of plasma vitamin C were less
likely to be in a manual social class, be a
smoker, be obese and drink alcohol on a daily
basis .

• There was considerable confounding from
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increased risk of CHD in the British Women’s
Heart and Health Study, in which women with
high levels of plasma vitamin C were less
likely to be in a manual social class, be a
smoker, be obese and drink alcohol on a daily
basis .
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• Observational studies of the effects of exposure
to treatment are also particularly prone to
confounding by indication (or by contra-
indication).

• This is due to the fact that the allocation to
treatment in observational studies is not
randomised and the indication (or contra-
indication) for treatment may be related to the
risk of future health outcomes
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Is it possible to use information from
observational studies to estimate the
intervention effect?

Is it possible to use information from
observational studies to estimate the
intervention effect?
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Epidemiologist’s Dream

• Now, imagine for a moment the existence of
an alternative method that allows one to
make causal inferences from observational
studies even if the confounders remain
unmeasured.

• That method would be an epidemiologist’s
dream! Instrumental variable (IV) estimators
were developed to fulfill such a dream.
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Instrumental variables have been defined usingInstrumental variables have been defined using
44 different representations of causal effects:different representations of causal effects:

• 1. Linear structural equations models

• 2. Nonparametric structural equations models

• 3. Causal directed acyclic graphs

• 4. Counterfactual causal models
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IVs, or instruments, in randomized experiments

• In this trial:
– ZZ is the randomization assignment indicator (eg, 1= treatment,

0=placebo),

–– XX is the actual treatment received (1 = treatment, 0= placebo),

–– YY is the outcome, and

–– UU represents all factors (some unmeasured) that affect both the
outcome and the decision to adhere to the assigned treatment.
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The variable Z is referred to as an instrument
because it meets 3 conditions:

• (i) Z has a causal effect on X ,

• (ii) Z affects the outcome Y only through X (ie, no
direct effect of Z on Y , also known as the
exclusion restriction), and

• (iii) Z does not share common causes with the
outcome Y (ie, no confounding for the effect of Z
on Y ).
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direct effect of Z on Y , also known as the
exclusion restriction), and

• (iii) Z does not share common causes with the
outcome Y (ie, no confounding for the effect of Z
on Y ).
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A double-blind randomized trial satisfies these
conditions in the following ways

• Condition (i) is met because trial participants
are more likely to receive treatment if they
were assigned to treatment,

• condition (ii) is ensured by effective double-
blindness, and

• condition (iii) is ensured by the random
assignment of Z.

• Condition (i) is met because trial participants
are more likely to receive treatment if they
were assigned to treatment,

• condition (ii) is ensured by effective double-
blindness, and

• condition (iii) is ensured by the random
assignment of Z.
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Confounding and Instrumental Variables

ConfoundersConfoundersTreatment Arm AssignmentTreatment Arm Assignment

Example: Randomized Controlled Trial with Non-Compliance

RandomizationRandomization

CCZZ

InstrumentInstrument

ReceivedReceived
TreatmentTreatment

OutcomeOutcome

BlindingBlinding

CC

XX YY

ZZ
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ITT vs IV approach

• The intention-to-treat effect (the  average  causal  effect  of Z on
Y) differs from the  average  treatment  effect  of X on Y when
some individuals do  not  comply  with  the  assigned  treatment.

• The greater the rate of noncompliance (eg, the smaller the effect
of Z on X on the risk-difference scale), the more the intention-to-
treat effect and the average treatment effect will tend to differ.

• Because the average treatment effect reflects the effect of X under
optimal conditions (full compliance) and does not depend on local
conditions, it is often of intrinsic public health or scientific interest.

• Unfortunately, the average effect of X on Y may be affected by
unmeasured confounding.
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IV methods

• Instrumental variables methods promise that if you collect data on
the instrument Z and are willing to make some additional
assumptions , then you can estimate the average effect of X on Y,
regardless of whether you measured the covariates normally
required to adjust for the confounding caused by U.

• IV estimators bypass the need to adjust for the confounders by
estimating the average effect of X on Y in the study population from
2 effects of Z: the average effect of Z on Y and the average effect of
Z on X .

•• TheseThese 22 effectseffects cancan bebe consistentlyconsistently estimatedestimated withoutwithout adjustmentadjustment
becausebecause ZZ isis randomlyrandomly assignedassigned..
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Intention-to-treat (ITT) and (Wald) IV Estimator

α

ITT Estimator =  E[Y|Z=1] - E[Y|Z=0]

E[Y|Z=1] - E[Y|Z=0]
IV Estimator = -------------------------

E[X|Z=1] - E[X|Z=0]

Effect of the Instrument on the Outcome
= ------------------------------------------------------------

Effect of the Instrument on the Exposure

α
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• To obtain the average treatment effect, one inflates the
intention-to-treat effect in the numerator of the estimator by
dividing by a denominator, which decreases as noncompliance
increases.

• That is, the effect of X on Y will equal the effect of Z on Y
when X is perfectly determined by Z (risk difference E[X|Z=1] -
E[X|Z=0] = 1).

• The weaker the association between Z and X (the closer the Z
-X risk difference is to zero), the more the intention-to-treat
effect will be inflated because of the shrinking denominator.
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IV methods for non - compliance

• A paradigmatic example in which the IV
conditions are often satisfied is in a
randomized trial with non-compliance.

• Z : treatment assignment which is randomized
so fulfill assumption 1

• X: treatment received, which affected but not
fully determined by Z
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fully determined by Z
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IV methods for non - compliance
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Compliance - confounding

• Confounding is a threat whenever people fail to
comply with their assignment (Z is not equal X)
for reasons (U) related to their outcome; (biased
selection for treatment).

• Concerns of this sort have led to
recommendations that ITT compares those
assigned to one treatment against those assigned
to another treatment without regard to actual
treatment received (X). (critics!)
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• Compliance versus co- operative! (defier)

• Treatment assignment affects X only among
co-operative people!

• Compliance versus co- operative! (defier)

• Treatment assignment affects X only among
co-operative people!
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More details

• Greenland S. An introduction to instrumental
variable for epidemiologist. International Journal of
epidemiology 2000;29: 722-729.

26H.Hosseini



IV estimator in observational setting

• Investigators can estimate the average effect of
an exposure X by identifying and measuring a Z-
like variable that meets conditions (ii) and (iii) as
well as a more general modified version of
condition (i), which we designate as condition
(i*).

• Under condition (i*), the instrument Z and
exposure X are associated either because Z has a
causal effect on X , or because X and Z share a
common cause.

• Investigators can estimate the average effect of
an exposure X by identifying and measuring a Z-
like variable that meets conditions (ii) and (iii) as
well as a more general modified version of
condition (i), which we designate as condition
(i*).

• Under condition (i*), the instrument Z and
exposure X are associated either because Z has a
causal effect on X , or because X and Z share a
common cause.
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An example

• The goal of Brookhart et al was to compare the effect of
prescribing 2 classes of drugs (cyclooxygenase 2-[COX-2]
selective and nonselective nonsteroidal antiinflammatory
drugs [NSAIDs]) on gastrointestinal bleeding.

• The authors propose the “physician’s prescribing
preference” for drug class as the instrument, arguing that it
meets conditions (i), (ii), and (iii).

• Because the proposed instrument is unmeasured, the
authors replace it in their main analysis by the (measured)
surrogate instrument “last prescription issued by the
physician before current prescription.”

• The goal of Brookhart et al was to compare the effect of
prescribing 2 classes of drugs (cyclooxygenase 2-[COX-2]
selective and nonselective nonsteroidal antiinflammatory
drugs [NSAIDs]) on gastrointestinal bleeding.

• The authors propose the “physician’s prescribing
preference” for drug class as the instrument, arguing that it
meets conditions (i), (ii), and (iii).

• Because the proposed instrument is unmeasured, the
authors replace it in their main analysis by the (measured)
surrogate instrument “last prescription issued by the
physician before current prescription.”
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Surrogate instrument
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Observational Study of Non-steroidal Anti-Inflammatory Drugs
and GI bleeding risk in an elderly population

(Brookhart et al, Epidemiology 2006)

• Compare short-term risk of GI outcomes between
– Non-selective NSAIDs
– COX-2 selective NSAIDs

• Coxibs are slightly less likely to cause GI problems
• Coxibs are likely to be selectively prescribed to

patients at increased GI risk
• Classic problem of confounding by indication

• Compare short-term risk of GI outcomes between
– Non-selective NSAIDs
– COX-2 selective NSAIDs

• Coxibs are slightly less likely to cause GI problems
• Coxibs are likely to be selectively prescribed to

patients at increased GI risk
• Classic problem of confounding by indication
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Characteristics of Cohort

Variable Coxib NS NSAID

Female Gender 86% 81%
Age > 75 75% 65%

Charlson Score>1 76% 71%

History of Hospitalization 31% 26%

History of Warfarin Use 13% 7%

History of Peptic Ulcer Disease 4% 2%

History of GI Bleeding 2% 1%

Concomitant GI drug use 5% 4%

History GI drug use 27% 20%

History of Rheumatoid Arthritis 5% 3%

History of Osteoarthritis 49% 33%
31H.Hosseini



COXIB

“Marginal Patient”

COXIBNS NSAID

Low Moderate High

Patient’s GI Risk

COXIB

COX-2 Preferring Physician

NS NSAID Preferring Physician

NS NSAID

COXIB

COXIBNS NSAID

NS NSAID
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Estimating Preference

• Volume of NSAID prescribing varies considerably among
physicians

• The approach: use the type of the last NSAID
prescription written by each physician as a measure of
current preference

• If for last patient, physician wrote a coxib prescription,
for the current patient he is classified as a “coxib
preferring physician” other he is classified as an “non-
selective NSAID preferring physician.”

• Volume of NSAID prescribing varies considerably among
physicians

• The approach: use the type of the last NSAID
prescription written by each physician as a measure of
current preference

• If for last patient, physician wrote a coxib prescription,
for the current patient he is classified as a “coxib
preferring physician” other he is classified as an “non-
selective NSAID preferring physician.”
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Index Patient’s IV is
Previous Patient’s Treatment

Treatment Treatment = ?

Previous Patient
Treated with NSAIDs

Index Patient

Time
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Instrument should be related to treatment

Last
NSAID

Prescription
(IV)

Current Prescription
(Actual Treatment)

Coxib
X=1

Non-Selective NSAID
X=0

Last
NSAID

Prescription
(IV)

Coxib
X=1

Non-Selective NSAID
X=0

Coxib
Z=1

(73%) (27%)

Non-Selective NSAID
Z=0

(50%) (50%)
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Instrument should be unrelated to
observed patient risk factors

Variable Coxib Pref
Z=1

NS NSAID Pref
Z=0

Female Gender 84% 84%
Age > 75 73% 72%

Charlson Score > 1 75% 73%Charlson Score > 1 75% 73%
History of Hospitalization 29% 27%

History of Warfarin Use 12% 10%

History of Peptic Ulcer Disease 3% 3%

History of GI Bleeding 1% 1%

Concomitant GI drug use 5% 5%

History GI drug use (e.g., PPIs) 25% 24%

History of Rheumatoid Arthritis 4% 4%

History of Osteoarthritis 45% 41% 36H.Hosseini



IV estimate of the effect of coxib exposure on GI outcome

• IV Estimate
E[Y|Z=1]-E[Y|Z=0] -0.21%
------------------------- = -------- = -0.92%
E[X|Z=1]-E[X|Z=0] 22.8%

• Crude

E[Y|X=1]-E[Y|X=0]    = +0.03%

• After multivariable adjustment
= -0.04%

• IV Estimate
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= -0.04%
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Other examples of preference-based instrument

• Clinic, hospital as IV
– Johnston SC, J Clin Epi

– Schneeweiss, Seeger, Walker NEJM 2008: Aprotinin during CABG

• Geographic region as instrument
– Wen, J & Kramer J Clin Epi 1997

– Brooks et al, HSR, Breast cancer treatment

– Stuckel T, et. al JAMA – Cardiac catheterization
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Distance to Specialty Provider as IV

McClellan, M., B. McNeil and J. Newhouse, JAMA, 1994.
"Does More Intensive Treatment of Acute Myocardial Infarction Reduce

Mortality?”

• Medicare claims data identify admissions for AMI, 1987-91

• Treatment: Cardiac catheterization (marker for aggressive care)

• Outcome: Survival to 1 day, 30 days, 90 days, etc.

• Instrument: Indicator of whether the hospital nearest to a patient’s
residence does catheterizations.

McClellan, M., B. McNeil and J. Newhouse, JAMA, 1994.
"Does More Intensive Treatment of Acute Myocardial Infarction Reduce

Mortality?”

• Medicare claims data identify admissions for AMI, 1987-91

• Treatment: Cardiac catheterization (marker for aggressive care)

• Outcome: Survival to 1 day, 30 days, 90 days, etc.

• Instrument: Indicator of whether the hospital nearest to a patient’s
residence does catheterizations.
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Dream come true!

• The IV estimator described previously looks like an
epidemiologist’s dream come true: we can estimate
the effect of the X on Y, even if there is unmeasured
confounding for the effect of X on Y !

• Many sober readers, however, will suspect any claim
that an analytic method solves one of the major
problems in epidemiologic research.

• The IV estimator described previously looks like an
epidemiologist’s dream come true: we can estimate
the effect of the X on Y, even if there is unmeasured
confounding for the effect of X on Y !

• Many sober readers, however, will suspect any claim
that an analytic method solves one of the major
problems in epidemiologic research.

40H.Hosseini



There are good reasons for skepticism
• First, the IV effect estimate will be biased unless the proposed

instrument meets conditions (ii) and (iii), but these conditions are not
empirically verifiable.

• Second, any biases arising  from violations of conditions (ii) and (iii),
or from sampling variability, will be amplified if  the association
between instrument and exposure [ condition (i*)] is weak.

• Third, our discussion so far may have  appeared  to suggest that
conditions (i*), (ii), and (iii) are sufficient to guarantee  that  the IV
estimate consistently estimates the average effect of X on Y . In
fact, additional unverifiable assumptions are required, regardless
of  whether the data were generated from a randomized experiment
or an observational study.

• Finally, most epidemiologic  exposures  are time-varying, which
standard IV  methods  are  poorly  equipped  to address.

• First, the IV effect estimate will be biased unless the proposed
instrument meets conditions (ii) and (iii), but these conditions are not
empirically verifiable.

• Second, any biases arising  from violations of conditions (ii) and (iii),
or from sampling variability, will be amplified if  the association
between instrument and exposure [ condition (i*)] is weak.

• Third, our discussion so far may have  appeared  to suggest that
conditions (i*), (ii), and (iii) are sufficient to guarantee  that  the IV
estimate consistently estimates the average effect of X on Y . In
fact, additional unverifiable assumptions are required, regardless
of  whether the data were generated from a randomized experiment
or an observational study.

• Finally, most epidemiologic  exposures  are time-varying, which
standard IV  methods  are  poorly  equipped  to address.
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Characteristics of Good Application of IVs

• IV should be have theoretical motivation

• IV should be strongly associated with
treatment

• IV should be largely unrelated to patient
characteristics

• Some consideration should be given to
generalizing the estimate

• Used in the setting of a large sample

• IV should be have theoretical motivation

• IV should be strongly associated with
treatment

• IV should be largely unrelated to patient
characteristics

• Some consideration should be given to
generalizing the estimate

• Used in the setting of a large sample
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How to Estimate the Effect of Treatment Using an IV

• IV analysis is typically done using a 22--stagestage leastleast--squaressquares estimation.
• In order to assess the strength of an instrument, an F test can be used in

first-stage regression which predictspredicts treatmenttreatment asas aa functionfunction ofof thethe
instrumentinstrument andand covariatescovariates.

• The F test is used to test the hypothesis that α1 is significantly different
from 0 .

• An F statistic >10 is often used as a ‘rulerule ofof thumbthumb’ to indicate that an
instrument is not weak , but this may not be the case if multiple
instruments are available.

• A partial r2 (the square of the correlation between the instrument and the
treatment adjusted for other covariates) can also be used to assess the
proportion of the variance explained by the addition of the IV to the
regression model. A large partial r2 is an indication that the instrument
makes a large contribution to the prediction of treatment .

• IV analysis is typically done using a 22--stagestage leastleast--squaressquares estimation.
• In order to assess the strength of an instrument, an F test can be used in

first-stage regression which predictspredicts treatmenttreatment asas aa functionfunction ofof thethe
instrumentinstrument andand covariatescovariates.

• The F test is used to test the hypothesis that α1 is significantly different
from 0 .

• An F statistic >10 is often used as a ‘rulerule ofof thumbthumb’ to indicate that an
instrument is not weak , but this may not be the case if multiple
instruments are available.

• A partial r2 (the square of the correlation between the instrument and the
treatment adjusted for other covariates) can also be used to assess the
proportion of the variance explained by the addition of the IV to the
regression model. A large partial r2 is an indication that the instrument
makes a large contribution to the prediction of treatment .
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• In the first stage, a regression estimate (ˆα1 ) is obtained by
regressing treatment (T) on the IV (Z) in equation 1 (can also
adjust for relevant measured confounders).

• In the second stage, the predicted value of the treatment (Tˆ) is
used in a regression of the outcome (Y) on treatment (Tˆ) (can
once again adjust for relevant measured confounders) to obtain an
estimate ˆϒ1 = β1ˆ/ α 1 in equation 2.

• This 2-stage approach eliminates the bias that would have occurred
in a conventional regression of outcome on actual treatment
received using our observational data.

• The estimated direct treatment effect ( β1 ) is calculated as the ratio
of ˆ ϒ1 / ˆα 1 .

• In the first stage, a regression estimate (ˆα1 ) is obtained by
regressing treatment (T) on the IV (Z) in equation 1 (can also
adjust for relevant measured confounders).

• In the second stage, the predicted value of the treatment (Tˆ) is
used in a regression of the outcome (Y) on treatment (Tˆ) (can
once again adjust for relevant measured confounders) to obtain an
estimate ˆϒ1 = β1ˆ/ α 1 in equation 2.

• This 2-stage approach eliminates the bias that would have occurred
in a conventional regression of outcome on actual treatment
received using our observational data.

• The estimated direct treatment effect ( β1 ) is calculated as the ratio
of ˆ ϒ1 / ˆα 1 .
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• if our outcome of interest was continuous and
our treatment of interest was dichotomous,
the estimated direct treatment effect would
be the ratio of the difference in mean
outcomes between treatment groups and the
difference in treatment assignment predicted
by the instrument between the two groups.
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Permutt T, Hebel JR: Simultaneous-equation estimation in a
clinical trial of the effect of smoking on birth weight. Biometrics
1989; 45: 619–622.

• They investigated the effect of an intervention
that encouraged women to stop smoking
whilst pregnant on the birth weight of the
newborn infant.

•• TheThe IVIV waswas encouragingencouraging expectantexpectant mothers tomothers to
stop smokingstop smoking..
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Statistical approach of Example
• The first-stage regression of the difference in the mean number of cigarettes

smoked was estimated for those who received the intervention and those who did
not (our estimate of ‘treatment’). The estimate was found to be –6.4 (i.e. our
estimate of ˆα1 above).

• The difference in mean birth weight of newborns between intervention-group
mothers and non-intervention-group mothers was 92 g (i.e. our estimate of β1
above).

• The direct effect of smoking is estimated to be 92 g/–6.4 .
(i.e. our estimateˆϒ1/ˆα1 above), that is –15 g. This estimate can be interpreted
as for every additional cigarette smoked the effect is to reduce the birth weight of
the newborn infant by 15 g.

• Due to the 2-stage nature of the model and the imperfect estimation of the direct
treatment effect by the IV, IV analyses will generally produce wider confidence
intervals than conventional epidemiological regression analyses.

• The first-stage regression of the difference in the mean number of cigarettes
smoked was estimated for those who received the intervention and those who did
not (our estimate of ‘treatment’). The estimate was found to be –6.4 (i.e. our
estimate of ˆα1 above).

• The difference in mean birth weight of newborns between intervention-group
mothers and non-intervention-group mothers was 92 g (i.e. our estimate of β1
above).

• The direct effect of smoking is estimated to be 92 g/–6.4 .
(i.e. our estimateˆϒ1/ˆα1 above), that is –15 g. This estimate can be interpreted
as for every additional cigarette smoked the effect is to reduce the birth weight of
the newborn infant by 15 g.

• Due to the 2-stage nature of the model and the imperfect estimation of the direct
treatment effect by the IV, IV analyses will generally produce wider confidence
intervals than conventional epidemiological regression analyses.

48H.Hosseini



Be careful!

• IV should be used carefully as the estimates
derived can be more biased than estimates
produced by conventional methods if the
instruments are not sufficiently strong predictors
of treatment !

• Several assumptions exist that need to be
satisfied when an IV analysis is used, and
departures from any of these can lead to biased
treatment effects .
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• Although situation specific, the general rules for a valid instrument
are that there must be some
–– correlationcorrelation betweenbetween thethe IVIV andand exposureexposure,,
–– thethe relationshiprelationship betweenbetween thethe IVIV andand thethe exposureexposure isis notnot confoundedconfounded

byby otherother variablesvariables,,
–– andand therethere isis nono correlationcorrelation betweenbetween thethe IVIV andand otherother factorsfactors

explainingexplaining thethe outcomeoutcome.

• In addition, large sample sizes are generally required in order to
obtain reasonable precision of the direct treatment effect estimate .

• As will be discussed in the second part of this methodological
primer, IV analysis has recently gained popularity with genetic
epidemiologists where specific genetic markers are used as
instruments in order to assess potential treatment effects in the
absence of randomized evidence to assess the causal role of
emerging risk factors or biomarkers.
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Finite sample size bias
• In small samples, IV estimators based on 2SLS possess substantial

finite sample bias. The bias results from some overover--fitting in thefitting in the
firstfirst--stagestage regression that leads to a correlationcorrelation between the truetrue
error termerror term (that includes the unmeasured confounders) and the
predictedpredicted value of treatmentvalue of treatment..

• The bias is toward the OLS estimate and decreases with sample size
but increases with the number of instruments included in the first-
stage model.

• Various approaches have been proposed to deal with this bias, such
as limited information maximum likelihood as well as approaches
based on jackknife and split-sample methods.

• Finite sample bias is likely to be more of a problem in the presence
of many weak instruments and can persist even in very large
samples.
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Dichotomous Outcomes and Relative
Measures of Effect

• The simple Wald estimator and the linear structural equation
models can be used with dichotomous outcomesdichotomous outcomes.

• The linear structural models require the use of appropriate
software to conduct inference, correctly specified models, and the
predicted values of exposure in the 0-1 range.

• However, in medicine and epidemiology interest often focuses on
ratio measuresratio measures such as relative risks or rates. IV approaches based
on the Wald estimator or linear structural equation models yield
estimates of an absolute measure of effect (e.g., a risk difference).

• A variety of IV approaches can be used to estimate relative
measures of effect, and each imposes somewhat different
assumptions.
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Dichotomous Outcomes and Relative
Measures of Effect

• Sommer and Zeger propose an IV estimator of a risk ratio appropriate for an RCT with a
specific kind of non-compliance.

• Cuziak et al. propose a more general IV estimator of the risk ratio.
• Greenland offers some discussion on these approaches.
• In the general framework of the structural nested mean model of Robins, Hernan and

Robins provide an estimator of the causal relative risk.
• IV probit models are often used in economics for dichotomous outcomes and have

been used in health research (e.g., Pracht, et al. and Bhattacharya et al). These models
use probit link functions to constrain probabilities of exposure and treatment in the
range of 0-1 and can be fit using the ivprobit function in Stata (Stata Corp., College
Station, Texas), although this procedure may not be appropriate for dichotomous
exposures. Although parameters in probit models are not readily interpretable to
epidemiologists, they can be converted to approximate odds ratios by multiplying by
1.6 and marginalized to estimate various parameters of interest.

• Parameters in generalized linear models can also be estimated using instrumental
variables by constructing moment-based estimators that are based on the assumption
that the instrument should be orthogonal to the regression error.
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Multiple Instruments

• Many applications of IV methods in economics involve settings in
which many instruments are available.

• As mentioned earlier, a large number of weak instruments can
increase finite sample bias in an IV estimator.

• Therefore, when using many instruments, the researcher should
pay close attention to the F statistic to ensure that the instruments
are making an important contribution to the first-stage model.

• Also, in theory, each instrument can identify a slightly different
treatment effect by weighting each stratum-specific estimate
differently.

• If different IV approaches yield substantively different results, the
researcher should consider whether this is due to sampling
variability, invalidity of one of the instruments, or differences in
treatment effects identified by each instrument.
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Testing for the Need of IV Methods

• There is a large literature in economics on testing for whether an IV
is necessary. These tests assume that one has available a valid IV
and the test then attempts to determine whether there is a large
enough difference between the conventional estimate and the IV
estimate to conclude that the conventional estimate is biased.

• If the conventional appears to be unbiased, then it would be
preferred given its smaller variance.  Tests of this sort have been
proposed by Durbin, Hausman, and Wu.

• One limitation of these tests is that they assume homogeneoushomogeneous
treatment effectstreatment effects. Therefore, if such a test rejects the hypothesis
that the IV is unnecessary, one cannot be sure whether it is because
of treatment effect heterogeneity or confounding.
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Longitudinal Studies

• Our discussion so far has assumed that exposure is determined at
baseline and is invariant during the follow-up period. However,
many exposures, particularly those involved with medications, are
time varying.

• Conventional IV methods do not have a facility for handling time-
varying exposures.

• RobinsRobins has proposed general IV approachesgeneral IV approaches based on nested
structural models that can use both time-varying confounders and
instruments to estimate the effects of time-varying exposures.

• These methods have been relatively understudied and represent
an important area for future research and application.
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IV as a Secondary Analysis

• Because IV methods rely on assumptions that are entirely
different from conventional methods, IV analysis may be
useful as a confirmatory or secondary analysis.

• The use of IV methods as a sensitivity analysis has been
suggested by Greenland and has been applied in various
substantive projects.

• To the extent that such approaches disagree, one must
carefully evaluate the assumptions underlying each
approach and consider the possibility that treatment effect
heterogeneity may be leading to divergent results.
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IV Estimation Using Stata

• let outcome be the outcome,

• exp be the exposure,

• iv be the instrument,

• age be a continuous age variable,

• sex be an indicator for male sex (1=male, 0=female),

• and c1, c2, and c3 be three dichotomous
confounders.
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simple crude and adjusted models
using ordinary least squares (OLS) estimation

Crude RD

Adj RD
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simple ivregivreg of exposure, instrument, and outcome

• The bold line shows the desired point estimates: an absolute risk difference of -1.2 per 100
people, with a 95% confidence interval of -0.5 to -1.9 per 100. Adding the IV has moved the
point estimate toward the null, but increased the standard error by a factor of three.
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simple model with age, sex, and three major covariates adjusted

• In this case, adjusting for covariates made little difference: the point estimate
changed from -1.2 per 100 to -1.5 per 100.
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we are interested in the first-stage regression fit
statistics, in order to know how well the instrument
predicted treatment!

. ivreg2 outcome (exp = iv), first ffirst

More detail:

• partial r-squared value and

• the first-stage F statistic,

both indicators of instrument strength
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Thanks for your attention.

Your comments….
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Your comments….
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