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Summary

This study is motivated by the potential problem of using observational data to draw inferences about treatment
outcomes when experimental data are not available. We compare two statistical approaches, ordinary least-squares
(OLS) and instrumental variables (IV) regression analysis, to estimate the outcomes (three-year post-treatment
survival) of three treatments for early stage breast cancer in elderly women: mastectomy (MST), breast conserving
surgery with radiation therapy (BCSRT), and breast conserving surgery only (BCSO). The primary data source was
Medicare claims for a national random sample of 2907 women (age 67 or older) with localized breast cancer who
were treated between 1992 and 1994.
Contrary to randomized clinical trial (RCT) results, analysis with the observational data found highly significant

differences in survival among the three treatment alternatives: 79.2% survival for BCSO, 85.3% for MST, and
93.0% for BCSRT. Using OLS to control for the effects of observable characteristics narrowed the estimated
survival rate differences, which remained statistically significant. In contrast, the IV analysis estimated survival rate
differences that were not significantly different from 0. However, the IV-point estimates of the treatment effects were
quantitatively larger than the OLS estimates, unstable, and not significantly different from the OLS results. In
addition, both sets of estimates were in the same quantitative range as the RCT results.
We conclude that unadjusted observational data on health outcomes of alternative treatments for localized breast

cancer should not be used for cost-effectiveness studies. Our comparisons suggest that whether one places greater
confidence in the OLS or the IV results depends on at least three factors: (1) the extent of observable health information
that can be used as controls in OLS estimation, (2) the outcomes of statistical tests of the validity of the instrumental
variable method, and (3) the similarity of the OLS and IV estimates. In this particular analysis, the OLS estimates
appear to be preferable because of the instability of the IV estimates. Copyright # 2002 John Wiley & Sons, Ltd.
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Introduction

Cost-effectiveness analysis and evidence-based
medicine are increasingly being used as tools to
help decide ‘what works best’ in medicine [1].
Randomized clinical trials (RCTs) generally pro-
vide the best information on clinical outcomes for
use in cost-effectiveness and evidence-based studies
[2]. However, for ethical, practical, and cost
reasons, it is often not feasible to conduct RCTs
of alternative treatments. Rather, observational
data are frequently used as a substitute [2]. Some
even envision a national health outcomes data
base that would record medications used and
results for people treated in non-experimental
settings [3].

As is well known, however, analyses of observa-
tional data face a fundamental difficulty. The
treatment received may be correlated with un-
observed health or other characteristics that also
influence subsequent health outcomes, costs, and
health utilities. Where such correlations exist, it is
difficult to disentangle the effects of the treatment
from the effects of unobserved characteristics that
influence both the treatment received and subse-
quent outcomes. This problem is typically referred
to as observational data bias or selection bias.

Instrumental variable (IV) methods have been
used to overcome selection bias and provide
consistent estimates of the causal relationship
between treatment and outcome for several con-
ditions and treatments [4–7]. Analyzing observa-
tional data on the outcome of localized breast
cancer treatments provides a good opportunity to
explore further the potential value of IV methods
because extensive RCTs of alternative breast
cancer treatments were conducted during the
1980s.

Several RCTs compared survival rates for breast
conserving surgery with radiation therapy
(BCSRT), breast conserving surgery only (BCSO),
and mastectomy (MST) in the treatment of women
with localized (stage 1 or 2) breast cancer.
The largest trial (1843 women of all ages evenly
divided among the three treatment arms)
found that there were no statistically significant
differences in five-year survival rates, which were
75.9% for MST, 79.8% for BCSRT, and 84.2%
for BCSO [8]. Other RCTs, which had smaller
enrollments and compared only MST and BCSRT
survival over (6–15) years, also found statistically
insignificant survival differences ranging from
�3% to 8% [9].

The RCT results create a strong prior hypoth-
esis of no difference in outcomes between the
treatments of BCSRT, BCSO, and MST. If
analysis of observational data finds survival
differences between these treatments, there would
be reason to believe that these differences are
driven by selection bias rather that a true causal
relationship between treatment and survival.
Further, if the estimates of the observational data
using IV methods were similar to those of the
RCTs, this example would reinforce the use of IV
methods as a substitute for RCTs in situations
where they are too costly, too impractical, or
unethical. Alternatively, if the estimates using the
IV methods are substantially different from those
suggested by the RCTs, the analysis would
demonstrate the limits of IV analysis.

Specifically, we hypothesize that IV estimates of
the differences in outcomes of alternative breast
cancer treatments in elderly women should be
small and statistically insignificant. We also
hypothesize that if treatment selection is correlated
with underlying health in the observational data,
then the treatment received by the healthiest
women should be associated with the best survival,
and the treatment received by the sickest women
should be associated with the worst survival.

We analyze data for a sample of Medicare
beneficiaries (age 67 and older) who were treated
for localized breast cancer between 1992 and 1994.
Our goal is to assess the validity of an IV approach
to specifying treatment received by comparing the
IV and observational data results of an analysis of
the effect of treatment (BCSRT, BCSO, or MST)
on survival. We conduct the standard statistical
tests for the quality of the IV estimates [10,11]. We
also test the sensitivity of our results to different
specifications of the functional form and the
exogenous identifying instruments used to con-
struct the IV treatment estimates.

Methods

Sample

The sample was constructed in two steps because it
was drawn from Medicare claims, which neither
confirm a cancer diagnosis nor identify disease
stage. First, potentially eligible cases were
drawn based on reported diagnosis and surgical
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procedures. Second, we surveyed the physicians
who performed the breast surgery to verify
diagnosis and determine disease stage.

Initial patient sample selection

Following selection strategies used in earlier
studies [12–14], we obtained all inpatient, out-
patient, and physician Part-B claims which had
either a breast cancer diagnosis or surgery
procedure code (Table A1 of Appendix A) for
calendar years 1992–1994 from the Health Care
Financing Administration’s (HCFA) national
claims data base for a 5% random sample of all
Medicare beneficiaries.

In order to limit the sample to women for whom
clinical conditions do not strongly favor either
BCS or MST, we excluded cases for the following
reasons: history of cancer diagnosis (4.5%), CIS
diagnosis (3.0%), metastasis diagnosis (0.6%), or
bilateral procedure (0.1%). We also excluded cases
without a surgical procedure code (4.0%) or
missing a physician identifier (1.7%), and if age
was less than 67 (14.2%). (The lower age boundary
was selected in order to have up to two years of
prior Medicare claims for another analysis.) We
also followed earlier studies and deleted cases for
whom breast surgery was not the primary proce-
dure code (16.2%) or breast cancer was not the
primary diagnosis (13.9%), because they are less
likely to be bona fide cases of new breast cancer.
Lastly, we excluded 5.5% of cases because the
physician provider number could not be matched
to an identifiable individual physician in HCFA’s
provider data base. Applying these exclusion
criteria resulted in a preliminary sample of
10 695 women from HCFA’s 5% random sample
for 1992–1994.

Physician survey to determine patient eligibility

We surveyed the physicians identified on the
surgical claims to verify study eligibility based on
the presence of localized invasive disease (tumor
size T1 or T2; nodal status N0, N1, or N2; and
metastasis status M0) and the absence of the
exclusion criteria listed above. The patient sample
generated 6698 unique physicians who had per-
formed surgery on at least one sample patient. Our
goal was to identify approximately 3000 eligible
women who would serve as the sampling frame for

a follow-up telephone survey in 1997. Physicians
received two mailings, with subsequent follow-up
contacts made by telephone. 80.7% provided
information for at least one patient, 8.6% were
unable to provide the information, 3.6% could not
be reached, and 7.1% refused. After deletions for
post-facto exclusions, 2907 women with complete
data for all variables were classified as eligible.

Other data sources

We used Medicare’s 100% National Claims
History file for 1994 to extract all breast surgery
claims to construct average Medicare payments to
physicians for mastectomy and breast conserving
surgery across geographic areas defined by 3-digit
zip codes. The Medicare program was also the
source of information for physicians’ year of
graduation from medical school, which was
obtained from Medicare’s Provider of Services file
for physicians, and the geographic input price
index. Information on hospitals with radiation
therapy facilities was obtained from the American
Hospital Association’s Annual Survey of Hospi-
tals. We used 1990 Census data by zip code to
construct area-level data on per capita income and
the percentage of the population with a college
education, which were linked to sample cases by
zip code.

Model specification

Equation (1) summarizes the outcome model:

Oi ¼ b0 þ b1Ti þ b2Yi þU0i ð1Þ

where outcome, O, is a linear function of the
treatment received, T, observable health and
sociodemographic characteristics, Y, and a ran-
dom error term U0. Outcome is measured by
survival status three years after the date of surgery.
The error term U0 captures unobserved health
characteristics. If selection bias affects the treat-
ment received, T and U0 will be correlated,
resulting in a biased estimate of b1.

To correct for this bias we employ, two-stage
least squares (2SLS), an instrumental variables
approach. Equations (2a) and (2b) summarize the
2SLS treatment and outcome models. In Equation
(2a) we assume that the actual treatment received,
T (MST – mastectomy, BCSRT – breast con-
serving surgery with radiation therapy, or
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BCSO – breast conserving surgery only) can be
characterized by a latent-index framework [4],
where the index, T�, depends linearly on a vector,
Y, of observable health and sociodemographic
factors, a vector, X, of exogenous factors (i.e. the
instrumental variables) that are unrelated to the
woman’s health condition (i.e. uncorrelated with
U2) but influence the treatment received, and a
random error term, U1, that captures unobservable
health and other factors that influence treatment
received.

In Equation (2b), Outcome, O, is assumed to
depend linearly on the estimate of treatment from
the first stage, the same vector of observable health
and sociodemographic characteristics, Y, and a
random error term U2. The estimate of b1iv is
consistent because the error term U2 is uncorre-
lated with T� as a result of the fact that the
instrumental variables used in the first stage
prediction of T are uncorrelated with U2..

For patient i,

T�
i ¼ a0 þ a1Xi þ a2Yi þU1i;

and

Ti ¼
1 if T�

i > 0; ðpatient gets treatmentÞ

0 if T�
i 40

(
ð2aÞ

Oi ¼ b0 þ b1ivT
�
i þ b2Yi þU2i ð2bÞ

The exogenous identifying variables in the vector
X include:

* Medicare’s average physician fees (payments) in
1994 for breast conserving surgery and mas-
tectomy, calculated for treating physicians’
3-digit zip code areas.

* The distance between the population centroids
of the woman’s 5-digit residential zip code and
the 5-digit zip code of the nearest hospital with
a radiation therapy facility (as a proxy for
travel and inconvenience costs to receive radia-
tion therapy).

* A regional dummy variable to represent regio-
nal variations in practice patterns.

* A measure of input prices faced by physicians,
the Geographic Adjustment Factor used by
Medicare to calculate fees paid under the
Medicare Fee Schedule.

* Two dummy variables indicating when the
treating surgeon graduated from medical school

(post-1979, or between 1965–1979, relative
to pre-1965).

* Two dummy variables for the year of surgery
(1992 or 1993) to capture secular changes in
treatment patterns.

Medicare fees are exogenous and independent of
unobservable health because they were determined
by a combination of the resource-based fee
specified by the Medicare Fee Schedule, which is
independent of any particular physician’s or
patient’s characteristics, and the average historical
Medicare payment in the geographic area. Im-
plementation of the Medicare Fee Schedule began
in 1992 and was carried out over five years, with
the weight for local component of the fee going to
zero over the transition period [15].

The woman’s place of residence is also plausibly
independent of underlying health. It is highly
unlikely that a woman will change her residence,
as recorded in Medicare’s administrative data
base, in the time between diagnosis and treatment
of breast cancer in order to be closer to a radiation
therapy hospital or to seek a particular treatment
in another region. The distance to the nearest
hospital with radiation therapy represents the time
and inconvenience costs of follow-up radiation
therapy, which usually consists of multiple treat-
ments over several weeks. Greater distance, there-
fore, should be associated with a greater likelihood
of receiving mastectomy or breast conserving
surgery without radiation as the local treatment.
A second geographic factor that is plausibly
independent of underlying health but appears to
influence treatment, perhaps through a historical
practice style effect, is geographic area. In parti-
cular, we observe that women residing in the
Northern half of the US (Northeast and Midwest
census regions) and the Pacific census division are
more likely to receive BCSRT and less likely to be
treated by MST.

Another exogenous factor that might influence
the surgeon’s treatment decision is the price of
inputs. Although the Medicare payment is de-
signed to incorporate variations in input prices,
this adjustment may be imperfect for specific
procedures. Since mastectomy and breast conser-
ving surgery differ in their use of both physician
time inputs and hospital inputs, variations in input
prices may affect the treatment received indepen-
dently of the woman’s health. Input prices are
measured by Medicare’s Geographic Adjustment
Factor (GAF), which is a weighted average of
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hospital salaries, office rents, and the value of
physician time, that Medicare uses to determine
payments under the Medicare Fee Schedule.

Finally, we assume that both the surgeon’s year
of graduation from medical school and the year
the woman was treated may influence the treat-
ment received independently of the woman’s
health. Surgeons who graduated from medical
school more recently may have adopted the NIH
consensus guidelines more quickly than physicians
who entered practice when mastectomy may have
been the preferred treatment alternative. Similarly,
the diffusion of the NIH guidelines may have
caused secular changes in treatment patterns
across all patients and surgeons.

The observable health and sociodemographic
measures in the vector Y include age, race, disease
stage, dummy variables for different levels of
Medicare payments in the year prior to treatment,
and area-level measures of income and education.
The variables measuring prior Medicare payments
reflect women’s prior use of medical services,
which we hypothesize is correlated with their
comorbidities and prior health status.

Statistical analysis

Although the treatment and outcome variables are
dichotomous, we used linear probability specifica-
tions, rather than nonlinear functional forms such
as the logistic transformation. We chose the linear
specification because conventional two-stage least
squares using a linear probability model in the first
stage is consistent whether or not the first-stage
conditional expectation function is linear, while a
nonlinear first stage equation is inconsistent unless
the nonlinear function is correct [16]. In a
sensitivity analysis, however, we did estimate the
first stage using a multinomial logit specification to
see if the results are sensitive to this particular
nonlinear functional form. Finally, both models
were estimated using White’s efficient estimator to
correct for heteroskedasticity of the error terms.

It has been shown that if the exogenous factors
used to construct the instrumental variable are
only weakly related to the endogenous variable
replaced by the instrument, then the resulting
parameter estimates will be biased toward the
ordinary least-squares (OLS) (observational data)
estimates, even if the instrumental variable is not
correlated with the error term of the health
outcome equation [10,11]. To evaluate whether

there may be a bias from weak instruments, we
performed an F-test of the null hypothesis that the
exogenous identifying variables have no power to
predict the treatment choice.

We then tested the assumption that the instru-
ment is uncorrelated with the error term of the
health outcome model using a test of the over-
identifying restrictions [17]. We regressed the
residual from the second-stage model estimated
with the instrumental variables against all of the
exogenous variables from the first- and second-
stage equations. The test statistic for the null
hypothesis of no correlation between the instru-
ments and the error term is constructed by
multiplying the R2 from this regression times the
number of observations. It has a chi-squared
distribution with degrees of freedom equal to the
difference between the number of exogenous
identifying variables and number of instrumental
variables. If the value of the test statistic exceeds
the critical value for the chi-squared, then one
rejects the null hypothesis that the instrument is
uncorrelated with the error term.

The OLS model, however, is more efficient than
the IV model. If treatment choice was not found to
be endogenous, then the OLS estimates might be
preferred. To evaluate this possibility, we per-
formed the augmented Hausman specification test
[18]. Rejecting the null hypothesis of no endo-
geneity would suggest there is sufficient difference
between the coefficients of the IV and OLS models
to reject the OLS model in favor of the alternative.

Results

Descriptive comparisons

Table 1 defines all of the study variables and
reports their means for the full sample of all
eligible women and by treatment received. Ap-
proximately 65% of women received MST, 25%
BCSRT, and 10% BCSO. Overall, 86.6% of the
women were still alive three years after surgery.
However, the survival rates differed significantly
by treatment received. Women who received
BCSO had the lowest survival rate, 79.2%.
Survival was 6.1% higher for MST cases, and
13.8% higher for BCSRT cases. In comparison,
the randomized trials reported very small and
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Table 1. Variable definitions and mean values, by treatment received

Variablea All cases Treatment received

Mastectomy
(MST)

Breast
conservation
& radiation
therapy
(BCSRT)

Breast
conservation
only
(BCSO)

Number of cases 2907 1875 715 317

Endogenous
Treatment received
Mastectomy 0.645 1.00 0.00 0.00
Breast conserving and radiation therapy 0.246 0.00 1.00 0.00
Breast conservation only 0.109 0.00 0.00 1.00

Survival three years post-treatment 0.866 0.853 0.930 0.792
Exogenous identifying variables
Medicare fee for breast conserving surgery ($)b 369.44 363.92 379.50 379.45
Medicare fee for mastectomy ($) 843.18 838.80 847.40 859.64
Distance to nearest hospital with a radiation
therapy Capacity (mi.)c

17.2 18.6 13.8 16.7

Treated in 1992 0.357 0.363 0.307 0.435
Treated in 1993 0.336 0.330 0.364 0.306
Treated in 1994d 0.308 0.308 0.329 0.259
North/Pacific areas 0.615 0.588 0.675 0.634
Other areas 0.385 0.412 0.325 0.366
Input price index 0.990 0.985 0.999 1.004
Surgeon’s medical school graduation
Pre-1965d 0.296 0.289 0.284 0.360
1965–1979 0.444 0.433 0.482 0.426
Post-1979 0.260 0.277 0.234 0.215

Other exogenous variables
Percent of population who are college graduates (%)e 0.191 0.184 0.198 0.208
Per capita income ($)e 13 848 13 489 14 492 14 514
Age 67–74d 0.561 0.543 0.668 0.429
Age 75–79 0.232 0.239 0.221 0.218
Age 80+ 0.207 0.219 0.111 0.353
Disease stage 1d 0.573 0.510 0.714 0.628
Disease stage 2a 0.330 0.367 0.241 0.312
Disease stage 2b 0.097 0.123 0.045 0.059
Nonwhite race 0.066 0.065 0.057 0.088

Medicare payments in prior year
Less than $3000d 0.479 0.388 0.665 0.596
$3000–6,000 0.224 0.261 0.161 0.142
$6000–13,000 0.192 0.236 0.112 0.114
$13000–22,000 0.059 0.066 0.031 0.082
$22000 or more 0.047 0.050 0.031 0.062

aAll variables are dichotomous unless otherwise noted.
bCalculated for 3-digit zip code of treating physicians.
cCalculated from the population centroids of the woman’s 5-digit residential zip code and the hospital’s 5-digit zip code.
dOmitted reference group.
eFrom 1990 census data for the woman’s 5-digit zip code of residence.
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statistically insignificant differences in survival
rates (for women of all ages) after three years [8].

The data in Table 1 also suggest that there were
substantial differences among treatment groups in
the observable health indicators. The BCSRT
group had the highest proportions of cases in the
youngest age group (67–74), with stage 1 disease,
and with the lowest Medicare payments in the
prior year. In contrast, women treated by BCSO
were much more likely to be in the very oldest age
group and in the two highest prior year’s Medicare
spending categories, 14.4% compared to 6.2% for
BCSRT. Women who received MST had the
highest proportions of stages 2a and 2b disease.

In Table 2, we divided the sample into groups
based on their values of two of the exogenous
variables used to construct the instrumental
variable treatment measures. These comparisons
illustrate the logic underlying the IV estimation
approach. In columns 1 and 2, the sample was
grouped by whether they lived ‘near’ (less than 10
miles) or ‘far’ (more than 10 miles) from a hospital
with a radiation therapy facility. In columns 3 and
4, cases were grouped by whether or not they lived

in the Northern or Pacific areas of the US. If these
factors are satisfactory exogenous identifying
variables, then the treatment pattern should vary
between the groups, but observable (and presum-
ably unobservable) health characteristics should be
similar, thereby approximating the effect of
randomizing people to treatment groups in an
RCT [8, Table 3]. While unobservable health
characteristics are, by definition, unobserved, if
observable health characteristics are similar we
would expect unobservable characteristics to be
similar as well.

Looking first at the observable health character-
istics, we see that the distributions of women by
age, disease stage, and prior Medicare spending
are very similar across each of the groupings and
are not significantly different from each other. For
example, the proportion of women 80 or older
ranged between 20.1 and 21.4%, compared to a
more than threefold difference (11.1–35.3%) by
actual treatment received (Table 1). Similarly, the
proportion of women with stage 1 disease was
between 57.0% and 57.7%, compared to a
difference of more than 20 percentage points by

Table 2. Mean value of selected observable health measures, treatment received, and survival, by distance to nearest
radiation therapy hospital and by geographic area

Distance to radiation
therapy hospital

Geographic area

Neara Far North or
Pacific

Other

Exogenous identifying variable
Distance to radiation therapy hospital (mi.) 3.8 35.1 14.9 19.5
North/Pacific areas 0.672 0.539 1.000 0.000

Observable health measureb

Age 67–74 0.551 0.575 0.555 0.571
Age 80+ 0.211 0.201 0.214 0.201
Disease stage 1 0.570 0.577 0.571 0.576
Disease stage 2b 0.098 0.096 0.100 0.093
Prior medicare payments
Less than $3000 0.484 0.471 0.475 0.485
More than $13 000 0.103 0.110 0.105 0.108

Treatment receivedc

Mastectomy 0.608 0.696 0.618
Breast conservation and radiation 0.279 0.201 0.270 0.207
Breast conservation only 0.114 0.103 0.113 0.104

Three-year survivalb 0.860 0.873 0.862 0.871

aLess than 10 miles.
bp>0.29 for all tests of significant differences.
cDifferences in treatment patterns are significantly different from 0, p50.01.
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Table 3. Treatment received, first stage linear probability models

Variable Parameter estimates (standard errors) by treatment received
(N=2907)

Mastectomy
(MST)

Breast
conservation
and radiation
(BCSRT)

Breast
conservation
only
(BCSO)

Identifying variables
Distance to radiation therapy hospital 0.00083a �0.00103b 0.00020

(0.00040) (0.00035) (0.00027)
Medicare fee for breast conserving surgery �0.00075b 0.00078b �0.00003

(0.00022) (0.00020) (0.00015)
Medicare fee for mastectomy 0.00029c �0.00051b 0.00022a

(0.00017) (0.00015) (0.00011)
Input price index �0.17449 0.08819 0.08630

(0.16749) (0.15080) (0.11366)
Physician graduated post-1979 �0.04234c �0.00591c �0.03643a

(0.02256) (0.02031) (0.01531)
Physician graduated 1965–1979 �0.01210 0.03435 �0.02225c

(0.01993) (0.01794) (0.01352)
North or pacific areas �0.03910a 0.04553b �0.00643

(0.01853) (0.01669) (0.01258)
Treated in 1992 0.01577 �0.06046a 0.04469b

(0.02066) (0.01860) (0.01402)
Treated in 1993 �0.00557 �0.00411 0.00968

(0.02093) (0.01885) (0.01421)
Other exogenous variables
Age 75–79 0.04089b �0.06220b 0.02131

(0.02073) (0.01866) (0.01407)
Age 80+ 0.05410b �0.15942b 0.10532b

(0.02165) (0.01949) (0.01469)
Nonwhite race 0.00123 �0.04452 0.04329c

(0.03410) (0.03070) (0.02314)
Percent with college degrees �0.03151 �0.08986 0.12137c

(0.012461) (0.09225) (0.06953)
Per capita income �1.20E-6 2.55E-6 �1.36E-6

(1.89E-6) (1.70E-6) (1.28E-6)
Prior year medicare payments
$3000–6000 0.23972b �0.17463b �0.06509b

(0.02145) (0.01931) (0.01455)
$6000–13 000 0.26743b �0.19753b �0.06991b

(0.02264) (0.02038) (0.01536)
$13 000–22 000 0.18713b �0.195178b 0.00805

(0.03653) (0.03289) (0.02479)
$22 000+ 0.15029b �0.17241b 0.02212

(0.04060) (0.03655) (0.02755)
Disease stage 2a 0.14626b �0.12271b �0.02355c

(0.01835) (0.01652) (0.01835)
Disease stage 2b 0.24563b �0.18603b �0.05960b

(0.02913) (0.02623) (0.01977)
Intercept 0.65710b 0.48797b �0.14506c

(0.12785) (0.11511) (0.08676)
Adjusted R2 0.115 0.113 0.039
F-test for overidentifying restrictions (9, 2886) 6.13 7.76 3.53

aSignificantly different from 0, p5 0.05.
bSignificantly different from 0, p50.01.
cSignificantly different from 0, p5 0.10.
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actual treatment. In the RCTs, the proportion of
women with tumors less than 2 cm in size ranged
from 49.4–52.9% across the three treatment
groups [8].

Comparing the distributions of treatments
shows that there were significant differences in
the proportions receiving either BCSRT or MST,
but smaller differences in the proportion receiving
BCSO. About 28% of women living either ‘near’ a
hospital with a radiation therapy facility or living
in the North or Pacific areas received BCSRT,
compared to about 20% in the ‘far’ distance or
‘other’ areas groups, who were treated by BCSRT.
The proportion receiving MST shows the opposite
pattern. The fact that the BCSO proportion does
not vary as much is consistent with the possibility
that the decision to pursue the least aggressive
therapy depends primarily on the woman’s clinical
condition and preferences, rather than on external
factors that influence the convenience or payment
associated with the alternative surgeries [19].
Finally, the differences in the three-year survival
rates are much smaller across the groups in Table 2
than they are in Table 1. The survival difference
was 1.3 percentage points for the groups stratified
by distance to a hospital with radiation therapy,
and 0.9 percentage points when stratified by
region.

First-stage treatment choice models

Table 3 reports the coefficients of the first-stage
linear probability regression models used to
construct the instrumental variables for treatment
received. Although the models did not explain a
high proportion of the variation in treatments
received (11% for the MST and BCSRT models,
and 4% for the BCSO model), several of the
exogenous identifying variables were statistically
significant. Increasing the distance to the nearest
hospital with a radiation therapy facility increased
the probability of receiving MST. The Medicare
fee variables have opposite and statistically sig-
nificant effects in the BCSRT and MST equations.
Living in the North or Pacific areas and having
been treated in 1992 are also statistically signifi-
cant in the BCSRT and MST equations, while the
year of surgery and the physician’s graduation era
are significant in the BCSO equation. The input
price index was not statistically significant in any
of the models.

The observable health variables were highly
significant and had the expected effects. Increasing
age, advanced disease stage, and greater Medicare
payments in the year before treatment all had
substantial negative effects on the probability of
receiving BCSRT, which clearly suggest that the
healthiest women were most likely to be treated by
BCSRT. Age, disease stage, and prior Medicare
payments had different effects on the other two
treatments, with age having the strongest impact
on the probability of receiving BCSO, while
disease stage and prior Medicare spending had
greater positive effects on the probability of MST.

The F-statistics are reported at the bottom of
Table 3. The null hypothesis that the parameters of
the exogenous identifying variables are jointly
equal to 0 is rejected in all three cases. However, as
a conservative rule of thumb, an F-statistic less
than 10 is an indicator of a weak instrument [11].
All three F-statistics are less than 10. The test
statistics for MST and BCSRT were 6.13 and 7.76,
while the F-statistic for the BCSO model was only
3.53. The bias from weak instruments may be an
issue, particularly for BCSO.

Second-stage survival rate models

Table 4 shows the parameter estimates for the
linear probability models of three-year survival.
Column 1 reports the OLS results using the
observational data on treatment received and
column 2 reports the IV estimates of the effects
on survival of receiving BCSRT or BCSO (relative
to MST, as the omitted reference treatment).
Adding the observable health characteristics to
the observational data reduced, but did not
eliminate the differences in survival rates between
the three treatments. The survival rate was 4.5%
lower for women treated by BCSO, and 3.4%
higher for women who received BCSRT relative to
treatment with MST. The unadjusted differences
were �6.1% and 7.7%, respectively. From these
results, one would still conclude that there are
significant differences in survival among the three
treatment alternatives.

The effects of the observable health character-
istics were as expected. Survival declined signifi-
cantly with increasing age, greater Medicare
spending in the prior year, and more advanced
disease stage. The sociodemographic variables and
year of treatment did not appear to be associated
with survival, although education and income are
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measured with error, since they are area rather
than the individual level variables.

The IV point estimates of the treatment effects
(column 2) reverse the order of the survival rates
and suggest that BCSRT has the lowest survival
and BCSO the highest. Moreover, the standard
errors of the estimates increased substantially.
Although the ordering of the treatment effects
changes, they do not approach statistical signifi-
cance and one cannot infer that the treatments
have significantly different survival rates. Lastly,
the IV estimates reinforce the inference that the
observational results are subject to selection bias,
and that the significantly better survival associated

with BCSRT may largely reflect differences in
unobservable health. The other parameter esti-
mates in the IV model change only slightly.

The second major test for the quality of an IV is
that it be uncorrelated with the error term in the
second-stage model. The chi-squared test statistic
has a value of 5.2, which is less than the critical
value of 14.1 with 7 degrees of freedom at the 0.05
level of confidence. Thus, we can be reasonably
confident that the instruments satisfy the second
test criterion. We also conducted the augmented
Hausman test for the difference between the
observational and IV parameter estimates. Given
the large standard errors of the IV estimates, we

Table 4. Three year survival, linear probability models

Parameter estimates (standard errors) by estimation method

Variable Observational Instrumental variable

Treatment received
Breast conservation only (�0.061a) �0.04500b 0.08537

(0.02030) (0.19630)
Breast conservation and radiation (0.077a) 0.03433b �0.05252

(0.01520) (0.09979)
Age 75–79 �0.03291b �0.04027c

(0.01502) (0.01540)
Age 80+ �0.19115c �0.21814c

(0.01593) (0.02884)
Nonwhite race �0.00591 �0.01570

(0.02455) (0.02612)
Percent with college degree 0.05897 0.03777

(0.07423) (0.07527)
Per capita income �1.60E-6 1.17E-6

(1.33E-6) (1.46E-6)
Prior year Medicare payments
$3000–6000 0.00366 �0.00312

(0.01588) (0.02941)
$6000–13 000 �0.00901 �0.01773

(0.01678) (0.03101)
$13 000–22 000 �0.05147b �0.07050b

(0.02662) (0.03603)
$22 000+ �0.13621c �0.15297c

(0.02950) (0.04215)
Disease stage 2a �0.04723c �0.05453c

(0.01344) (0.01911)
Disease stage 2b �0.13685c �0.14456c

(0.02137) (0.03655)
Intercept 0.95960c 0.98104c

(.01733) (0.05157)
Adjusted R2 0.084 0.058

aUnadjusted difference.
bSignificantly different from 0, p50.05.
cSignificantly different from 0, p50.01.
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cannot reject the hypothesis that the two sets of
parameters are significantly different from each
other.

Alternative IV estimates

For the first stage of the two-stage least-squares
model, if the logistic distribution is indeed the
correct conditional expectation function then the
multinomial logistic would also produce consistent
estimates and it would be preferred over the linear
probability specification. We explored this alter-
native specification of the first-stage model. The
first-stage estimates (available on request) were
qualitatively similar, with the same pattern of
statistically significant exogenous identifying vari-
ables as in the linear probability models. In Table 5
we report the resulting IV treatment effects and
statistical tests for the validity of the IV estimates.
Using a multinomial logistic specification reverses
the sign of the BCSO treatment effect and
increases the magnitudes of the point estimates
for both treatments relative to MST. BCSO now
has the poorest estimated survival. The fact that
the point estimates of the multinomial logistic
differ from the linear model suggests that the
conditional expectation function of the multi-
nomial logistic may not be the appropriate

functional form. However, even with the greater
magnitudes of the point estimates, their standard
errors remain large and the estimates are not
significantly different from 0.

We also estimated a specification without the
input price index, which was never statistically
significant. Dropping the input price index from
the first-stage models improves the outcomes of
the weak-instrument and over-identification tests.
However, the estimated treatment effects remain
statistically insignificant with relatively large in-
creases in the magnitudes of the BCSO estimates.
None of the IV estimates are significantly different
from the more efficient OLS estimates. In fact, the
OLS point estimates of differences in survival,
3.4% and �4.5%, are closest in magnitude to the
statistically insignificant differences found by the
RCTs. Thus, while the alternative set of IV
estimates appears to do better with respect to the
statistical tests for over-identification and inde-
pendence, ambiguity regarding the values of the
point estimates remains.

Discussion

Our study was motivated by the potential problem
of having to use observational data to draw

Table 5. Comparison of alternative IV parameter estimates (and standard errors), by first-stage functional form and
specification (with and without input price measure

LPMa with
input price

LPMa without
input price

MNLb with
input price

MNLb without
input price

Estimated IV treatment effectsc

BCSO 0.085 0.141 �0.214 �0.164
(0.196) (0.198) (0.165) (0.166)

BCSRT �0.052 �0.032 �0.103 �0.090
(0.100) (0.101) (0.084) (0.085)

Weak instrument test
F-statistic/chi-square

BCSO 3.53 (F-test) 3.90 (F-test) 30.27 (chi-sq.) 29.68 (chi-sq.)
BCSRT 7.76 8.69 69.74 68.61
MST 6.13 6.76 } }

Exogeneity test
Chi-square 5.23 2.32 7.84 4.65

Augmented Hausman test
Chi-square 1.70 1.90 1.45 }

aLPM – linear probability model in first stage.
bMNL – multinomial logistic model in first stage.
cEstimated difference in survival compared to MST, from second-stage linear probability model.
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inferences about treatment outcomes when experi-
mental data are not available. We compared two
statistical approaches, ordinary least-squares
(OLS) and instrumental variables (IV) regression
analysis, to estimate the outcomes of three
treatments (mastectomy, MST, breast conserving
surgery with radiation therapy, BCSRT, and
breast conserving surgery only, BCSO) for early
stage breast cancer in elderly women. The OLS
approach assumes that the treatments received are
independent of any unobserved differences among
patients, while the IV approach ‘simulates’ rando-
mization by creating variations in treatment
patterns based on factors that are plausibly
unrelated to differences in patients’ characteristics.
The advantage of comparing these approaches
with data on breast cancer treatment outcomes is
that experimental data from several RCTs provide
a benchmark for assessing the OLS and IV
statistical approaches.

The RCTs found that differences in survival
rates among the three treatment groups are
quantitatively small (�3–8 percentage point
differences in the percentage of patients surviving
from 5 to 18 years) and not statistically significant
[9]. The largest trial, which included just over 1800
women of all ages divided approximately evenly
among the three treatments, found statistically
insignificant differences in survival rates of 8.4%
for (BCSO–MST) and 3.9% for (BCSRT–MST).

We found evidence of selection bias based on
underlying health into the treatment options.
Tabular comparisons of women grouped by actual
treatment received clearly indicated that women
who received BCSRT had the best observable
health characteristics, suggesting that their unob-
servable health characteristics were probably also
better than those of women who received the other
treatments. Controlling for observable health
characteristics (age, disease stage, and prior
Medicare spending) reduced the apparent observa-
tional data bias, from �6.1% to �4.5% for
(BCSO–MST), and from 7.7 to 3.4% for
(BCSRT–MST). However, with some important
health characteristics remaining unobserved, the
differences remained statistically significant and
BCSRT, the treatment associated with better
underlying health, still had the best survival rate.

Using a standard parametric instrumental vari-
able method (two-stage least squares) to adjust for
observational data bias reversed the order of the
treatment outcomes, but increased the magnitudes
of the differences in survival rates, to 8.5% for

(BCSO–MST) and to �5.2% for (BCSRT–MST).
However, because IV is generally less efficient than
OLS, the estimated differences were no longer
statistically significant. While the lack of statistical
significance is consistent with the RCT results in a
narrow statistical sense, we were also unable to
reject the hypothesis that the IV results were
different from the OLS results, even though the
instrumental variables used appeared reasonable
in that they were not correlated with observable
health characteristics and they were predictive of
the treatment received.

What conclusions can we draw from these
comparisons? First, the similar magnitudes of the
OLS and IV-point estimates of the differences in
survival rates, and their similarity to the RCT
estimates of survival differences, suggest that
neither approach clearly dominates the other in
this case. While there was clear evidence of
selection bias in the unadjusted observational
data, controlling for observable differences in
health and other characteristics reduced the extent
of bias. Other research suggests that detailed
clinical information from medical records can in
fact provide adequate controls [20]. The quantita-
tive similarity of the OLS and IV-point estimates
suggests that investigators could, and perhaps
should, use both sets of estimates to establish a
range of effectiveness outcomes.

Second, several aspects of the IV results are
troubling. For one, the lack of statistical signifi-
cance was due primarily to the substantial inflation
in the values of the standard errors, which is a
result typically associated with the use of IVs.
Thus, the lack of statistical significance by itself
should not be used to infer that the IV results are
truly closer to the RCTs than are the OLS results.
Moreover, the fact that the point estimates of the
treatment effects generally increased in magnitude,
rather than moving closer to 0 in value, and were
sensitive to the specification of the first-stage
model should make investigators very cautious.
Thus, this particular (IV) application could not
produce reliable estimates of the true, presumably
small and insignificant differences in survival rates
among the alternative treatments.

Although the ultimate results or our IV analysis
may be ambiguous with regard to the objective of
obtaining a precise point estimate of the treatment
effect, we believe that several useful implications
can be drawn. First, it is important to remember
that the consistency of IV estimates is a large
sample property. Our sample of 2907 cases, of
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whom only 317 received one of the treatments
(breast conserving surgery without radiation ther-
apy), may simply have been too small to produce
unbiased and stable point estimates of the true
treatment effects. In contrast, the IV analysis of
treatments for acute myocardial infarction was
based on over 200 000 observations [4]; and
the IV analysis of longer postpartum stays on
outcomes for newborns employed over 100 000
observations [6].

Second, instrumental variables that are predic-
tive of treatment choice, but are considered to be
weak instruments based on established criteria are
unlikely to produce stable results [11]. In the
absence of convincing and statistically sound
exogenous identifying factors, the IV approach is
unlikely to be successful. One should have greater
confidence in the IV results if the collateral
statistical tests are strong, and if the IV results
are significantly different from the potentially
biased OLS results. If the OLS and IV results are
similar, then either the remaining unobservable
bias is small, or the IV instruments are too weak to
be reliable.

Third, the IV analysis of multiple treatment
alternatives may be considerably more complex
than a bivariate analysis of whether a single
particular treatment or set of related treatments
is received. In particular, our instrument for BCSO
appeared to be much weaker than the instruments
for BCSRT and MST. We have speculated else-
where that this may reflect the fact that the initial
treatment decision is between a less aggressive
therapy (BCSO) and more aggressive therapy
(MST or BCSRT), and that this decision is largely
driven by the woman’s health condition [19].

Fourth, this analysis highlights the importance
of having access to information on fees, distances
to available services, and other factors, such as
insurance coverage and provider characteristics,
that are plausibly unrelated to people’s unob-
served health states and can be used to construct
instrumental variables for treatments received.
Traditionally, little attention has been given to
collecting this type of information as part of cost-
effectiveness or evidence-based studies of medical
treatments. Although there are significant issues of
data confidentiality, cost, and complexity, it is
clear that simply using observational data may
result in highly erroneous conclusions.

Finally, results from observational studies
should not be dismissed merely because they do
not agree with results from randomized clinical

trials. Trial results may not be generalizable to the
time period or the subgroup of the observational
study. During the time period of this study, 1992–
1994, breast conserving surgery was widely dif-
fused [13], which may have resulted in improved
outcomes relative to the clinical trials when breast
conserving surgery was still relatively new [12].
Also, this study looks exclusively at the surgery
outcomes of elderly women which could differ
from the surgery outcomes of the general popula-
tion of women with breast cancer sampled in the
clinical trials. The trials did not have the power to
analyze whether the treatment effect for the
subgroup of elderly women was consistent with
the trial-wide effect [21]. Finally, it may be control
over the choice itself that has an influence on the
treatment effect [22, 23]; randomization eliminates
this effect.

While potential selection bias needs to be
addressed in any study using observational data,
results should not be dismissed only because they
do not agree with earlier trial evidence. Nor should
observational data be dismissed automatically in
the absence of any RCT evidence. Clearly,
researchers using observational data need to assess
the relationship between observable characteristics
and treatment received. Our analysis suggests that
if one exists, controlling for observable character-
istics in a regression model may reduce the extent
of bias, and other research suggests that the more
detailed the controls, the greater the probable
reduction in bias [20].

At the same time, in the absence of sufficient
sample size and strong exogenous predictors of
variations in treatment received, IV methods may
not be a surefire cure. If the two approaches
produce similar, albeit not identical estimates, and
if the IV results are based on ‘strong’ instruments,
then the combination of OLS and IV approaches
may provide useful boundaries on the magnitude
of the true effect. Conversely, if there is strong
evidence of selection bias, but limited direct
controls for underlying health differences, and if
the OLS and IV results are very different, then the
IV estimates, if based on strong instruments, may
be preferred [24].
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