Effectiveness of Chemotherapy for Advanced Lung
Cancer in the Elderly: Instrumental Variable and
Propensity Analysis
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Purpose: To compare the effectiveness of chemo-
therapy given to elderly patients in routine practice for
stage IV non-small-cell lung cancer (NSCLC) with the
efficacy observed in randomized trials.

Patients and Methods: We used instrumental vari-
able analysis (IVA) and propensity scores (PS) to simu-
late the conditions of a randomized trial in a retrospec-
tive cohort of patients over age 65 from the Survival,
Epidemiology, and End Results (SEER) tumor registry.
Geographic variation in chemotherapy use served as
the instrument for the IVA analysis, and propensity
scores were calculated with a logistic model based on
patient disease and sociodemographic characteristics.

Results: Among 6,232 elderly patients, the instru-
mental variable estimate indicated an increase in me-
dian survival of 33 days and an improvement in 1-year
survival of 9% atiributable to chemotherapy. In a Cox

regression model, chemotherapy administration was
associated with a hazard ratio of 0.81 (95% confidence
interval, 0.76 to 0.85). When survival was analyzed
separately within propensity score quintiles, the haz-
ard ratios were all similar, ranging from 0.78 to 0.85.
These results are comparable with those of a large
meta-analysis, which found a hazard ratio of 0.87 in
the subgroup of patients over age 65.

Conclusion: Chemotherapy for stage IV NSCLC
seems to have effectiveness for elderly patients and
those with comorbid conditions that is similar to the
efficacy seen in randomized trials containing mostly
younger, highly selected patients. All suitable patients
should be given the opportunity to consider palliative
chemotherapy for metastatic NSCLC.

J Clin Oncol 19:1064-1070. © 2001 by American
Society of Clinical Oncology.

OES CHEMOTHERAPY for advanced lung cancer Although there is no treatment with curative potential,

improve survival when given to elderly patients systemic chemotherapy is often given to NSCLC patients in
outside of a clinical trial setting? The answer to this the hope of temporary disease control, improved quality of
question has important public health implications. Lunglife, and a modest increase in survival. In 1995, the
cancer is the leading cause of cancer death in NortiNon—-small-cell Lung Cancer Collaborative Group
America. Non—-small-cell lung cancer (NSCLC) is the dom- (NSCLCCG) reported a meta-analysis of randomized trials
inant histology, and almost half of those patients present'Sing individual patient data. They found that patients with
with metastatic (stage V) diseasé€ven among patients advanced NSCLC who were treated with cisplatin-contain-
initially presenting in earlier stages, most will eventually N9 chemotherapy regimens had an increase in median

develop metastatic disease. Consequently, the managemetit’Vival of about 6 weeks and a 10% improvement in 1-year
of metastatic NSCLC will affect over 130,000 Americans survival compared with those managed with supportive care

diagnosed with lung cancer this year, of whom about half_only' However, randomized clinical trla_ls, such as those
included in the NSCLCCG meta-analysis, are usually car-
are over age 65.

ried out on highly selected patients, in centers of excellence,
and under optimal protocol-driven conditions. While a trial
may have been well conducted, and thus be internally valid,
the results may not be generalizable, or externally valid.
From the Center for Outcomes and Policy Research, Departments oPUtcomes may be different when other chemotherapeutic
Adult Oncology and Biostatistical Science, Dana-Farber Cancer Insti- regimens are used in a real world setting, in patients who
tute; and the Program on the Economic Evaluation of Medical may be older, have less favorable health characteristics, and
Technology, Center for Risk Analysis, Harvard School of Public,ypq may receive doses that must be compromised to avoid
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Although standard statistical methods can adjust nonran-
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ences in case-mix between groups of patients, such methodsated the effectiveness of chemotherapy when applied in
are unable to account for as yet unknown prognostiche general population of elderly patients, and have com-
features. As a result, a bias could result if the two groupspared these effectiveness results to the efficacy observed in
differed in an unmeasured characteristic that affects outrandomized trials.
come. Several analytic methods have been developed to try
to minimize this bias. Instrumental variable analysis (IVA)
is a technique borr(_)wed from econo_metrlcs that attempts_t(bata Sources
simulate a randomized controlled trial when such a trial is ) ) o S
not feasible because of cost or entrenched practice patternﬁ.\’\_’e studied patients from the 11 tumor registries participating in the
h Ireadv b lied full | oth ational Cancer Institute’s (NCI) Surveillance, Epidemiology, and End
It has already een_ ar_)%'e S_ucceSSL_‘ y to sgvera_ Othegesuits (SEER) program: San Francisco/Oakland, Connecticut, De-
health-related questioris® The idea behind IVA is to find  troit, Hawaii, lowa, New Mexico, Seattle/Puget Sound, Utah, Atlanta,
a variable, the instrument, that is associated with a patient’San Jose/Monterey, and Los Angeles. These registries collect uniform
likelihood of receiving an intervention, but is independentinformation on all cancers diagnosed within their geographic regions,
! - . 0 > ;
of the outcome of therapy. If the instrument is well chosen,¢2Pturing about 97% of all incident cases in those atéaBhe
both k d K ic f b geographic areas covered by SEER contain approximately 14% of the
ot nown_an un nOW_n prognostic eat_ures can e_ aCAmerican populatiot® and are demographically fairly representa
counted for in the analysis. For example, in a randomizedive *° Disease-related data collected include the cancer site, stage,
trial, the process of randomization is the instrument, as ithistology, date of diagnosis, and date and cause of patient death. The
completely determines the treatment received. However, theegistries also record patient sociodemographic characteristics such as
randomization process itself does not influence outcome?9e: Sex, and race/ethnicity, and link census data on each patient's
v th i . ff Il oth ¢ensus-tract or zip-code of residence, including median and per capita
only the _a(ftua intervention affects outcome. All other jy.ome and wealth, educational levels, and racial mix.
characteristics, both known and unknown, should be evenly The Health Care Financing Administration (HCFA) Medicare data-
distributed between the groups. In an observational studyhase includes files through 1998 for inpatient and outpatient care,
examples of instruments include the type of physician gphysician and laboratory billings, as well as bills for home health and
patient sees or the region of the country in which the patienPOSplce care. Each patient in the SEER and Medicare databases has a

I d . ¢ I Kk b unique case identification number that permits matching and merging
ives. Based on our previous wotkas well as work by of the different files. In this way, cases diagnosed at age 65 and over

others;**® demonstrating significant unexplained geo have been linked between the databases with a 94% matcH rate.
graphic variation in the use of palliative chemotherapy for )

advanced lung cancer, we have chosen geographic locatidn@tient Selection

as an instrument. Because the effectiveness of chemother-To be included in the analysis, patients had to have been diagnosed
apy should be similar no matter where in the country it jswith stage IV NSCLC between January 1, 1991 and December 31,
given, comparison of the survival of elderly lung cancer 1996; Medicare eligible on the basis of age (ie, age 65 or older); and not

. livi . f hiah ch h ilizati enrolled in an HMO at any time during that period. Patients were
patients living in areas of high chemotherapy utilization excluded if the dates of diagnosis and death reported in the SEER and

with those living in areas of low chemotherapy utilization wmedicare databases differed by more than 2 months or if they survived
can indicate the effectiveness of the treatment. less than 2 months from the time of diagnosis. To examine the strategy
Another way to adjust for treatment selection bias is toof giving front line chemotherapy and to avoid the bias that patients
stratify patients based on propensity scdrer propensity who live longer may be more likely to receive chemotherapy, patients
. L . . . were considered to have received chemotherapy only if they started
sco_re Isa mgasure _Of the probability that a patient il rece_“’%reatment within 2 months of diagnosis. We also repeated the analysis
an intervention, which is usually derived from a regressionysing patient selection criteria similar to those usually used in clinical
analysis of that patient’'s sociodemographic and disease chairials, with patients excluded if they had had a myocardial infarction in
acteristics. In this way, the propensity score summarizes thegge year before diagnosis or if they had more than two comorbid
features into a single composite variable. Patients can then tﬁgnditipns. The results of this latter evaluation were similar to the main
stratified based on this score, and their outcomes comp.slrea}:?aIySIS and are not reported.
within strata. Prognostic characteristics should be randomlydentification of Chemotherapy Use
distributed W'th'n_eaCh st.ratum bgtween those who did and did SEER collects information on initial cancer-directed surgery and
not actually receive the interventidn:® radiation, defined as those treatments applied within 4 months of
In this study, we have used instrumental variable analysisliagnosis. However, the NCI does not release chemotherapy treatment
to compare regions of high and low chemotherapy utiliza-data because outpatient chemotherapy usage may be missed by SEER
tion, and have created propensity scores for patients basé?aart abstraction®) Therefore, we identified chemotherapy use from

iod hi d di h teristics i d edicare claims. The International Classification of Disease Version 9
On Socioaemagraphic and diSEase CNaraciCrisSucs in oracr D-9) diagnostic code V58.1 and procedure code 9,925, and the

stratify patients into cohorts with comparable likelihood of giagnosis related group (DRG) code 410 for chemotherapy adminis-
receiving treatment. From these procedures, we have estiration were used to detect chemotherapy use in the inpatient setting.

PATIENTS AND METHODS
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For the outpatient files and physician billing claims, HCFA Common  Table 1. Characteristics of Patients Who Did and Did Not Receive
Procedure Coding System (HCPCS) codes for chemotherapy adminis- Chemotherapy
tration (Q0083-Q0085, J7150, or J8999-J9999), Current Procedural

. Variable No Chemotherapy Chemotherapy
Terminology (CPT) codes (96400, 96408, 96410, 96412, 96414, and
96545), as well as the relevant revenue center codes (0331, 0332, afgtients
0335) were also used where applicable. No. 4,220 2,012
% 68 32
Definitions of Explanatory Variables Mean age,"t years 734 717
Female, T % 43 39
Patients were classified by age at diagnosis (65 to 74, 75 to 84, 85 tdlon-white, T % 18 15
94, and 95 to 104 years) and by race/ethnicity (non-Hispanic white Without comorbidity,t % 74 77
non-Hispanic black, Hispanic, Asian, or other). Region-specific socio-SES quintiles, f %
economic quintiles were developed based on the availability of infor- 1 23 16
mation, according to the following hierarchy: (1) race- and age-specific 2 21 18
median household wealth by census tract (86.5% of patients); (2) 3 19 23
unadjusted median household income by census tract (9.7%); and (3) 4 19 23
median household wealth by census tract or zip code (2.8%). Conse- 5 19 21

quently, almost all patients were classified with census level data
whereas less than 1% were socioeconomically unclassifiable.

We calculated the Charlson comorbidity ind&x>by examining the
ICD-9 diagnostic codes recorded in months 1 to 13 before the diagnosis
of lung cancer in each patient, following the method described by
Deyo2® We also used outpatient and physician bills to identify
comorbidities, requiring a diagnosis to appear on at least two occasions )
separated by at least a month, as described by Klabif applied were reasonably well matched for prognostic features, we then com-

the Charlson weights to each comorbidity. Cancer-related codes ma! ?Ir_edt_the samel Ch"éraCte”St'c‘:'_ forl Eaﬂer;jts In dthle ':]r:ghh andthlow
inadvertently capture some of the initial diagnostic work-up for lung lization areas. In a Lox proportional hazards model with chemotner-

cancer; therefore, the Charlson score was calculated excluding cancefPy Initiation as a tlme-va_trylpg covarlatg, age, sex, gnd socloeconomic
related diagnoses, again as suggested by Klabfhde. status were found to be significant predictors of survival. Therefore, the

model used in the IVA was adjusted for these factors, with the Charlson

comorbidity score forced in as well. The baseline characteristics

assumed were those of a 65-year-old white male with median socio-
The probability that a patient would receive chemotherapy was€conomic characteristics and no comorbid conditions. The instrumental

calculated with a |ogistic regression model that incorporated age, Se)é’/ariable estimate was calculated as the difference between the survival

race, number of comorbid conditions, socioeconomic status, geoln the highest and lowest geographic quintiles, divided by the differ-

graphic location, year of diagnosis, and whether the patient was treatefince in the probability of receiving chemotherapy for patients living in

in a teaching hospital. As Rubithas shown, subclassification using those regions, as indicated by the following formula:

five or more groups removes approximately 90% of the bias seen in raw ) . . .

comparisons. Consequently, we created five propensity strata and |y estimate= Adjusted Survwa.ii — Adjusted Survivak

compared survival within each stratum using a Cox proportional P(chemotherapii) — P(chemotherapp)

hazards model.

' *Total no. of patients = 6,232.
tP < .05.
$SES = socioeconomic status. Quintiles range from 1 (low) to 5 (high).

Propensity Score Analysis

where “Hi” indicates a geographic area with a high rate of chemother-

. . apy utilization and “Lo” indicates an area of low chemotherapy use.

Instrumental Variable Analysis Bootstrapping. The precision of the instrumental variable estimate
Instrument. Based on our previous demonstration of significant Was assessed by bootstrapping. One thousand subsamples of 100%

unexplained geographic variatibnye divided Health Care Service Sample size were drawn with replacement from the original population,

Areas (HCSA) into quintiles of chemotherapy utilization. HCSAs are and the instrumental variable analysis was performed on each sub-

groupings of Metropolitan Statistical Areas that represent self-con-sample. The 5% and 95% percentiles of this analysis were used as the

tained regions of medical care delivery that have been identified base@onfidence limits.

on patterns of patient flow in Medicare billing filés HCSAs with

fewer than five patients in either cell (chemotherapy, no chemotherapy) RESULTS

were excluded, leaving 38 out of the original 77 HCSAs, which — tap16 1 compares the characteristics of patients who

contained 6,232 patients. The HCSAs were then divided into quintiles . . .

based on the prevalence of chemotherapy. To assess for bias of ﬂ{gcelved cher_’nothe_rap_)y \_N'th those _Who did .not. _AS e)_(-

instrument, we incorporated geographic location into a Cox propor-Pected, there is an indication of possible selection bias, with

tional hazards model to see whether it predicted survival independentlpatients who received chemotherapy being significantly

of chemotherapy use. We also assessed the strength of the instrumepyunger, more likely to be white, and of higher socioeco-

through the correlation between geographic location and the Ilkellhoo%omic status. Table 2 indicates the comorbid conditions of

of receiving chemotheraif-2® . . .
Analytic approach. We first compared the characteristics of pa- the patient population. As expected, smoking-related co-

tients who received chemotherapy with those who did not. To estimatdnorbidities such as chronic obstructive pulmonary disease
the magnitude of selection bias, and to confirm that the two groupsand vascular conditions were prominent.
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Table 2. Comorbid Conditions in the Study Population of Patients With 1.10 for each incremental decade; 95% Cl, 1.05 to 1.15) and
Metastatic Non-Small-Cell Lung Cancer higher socioeconomic status (HR 0.98 for each increasing
Patients quintile; 95% CI, 0.96 to 0.99) were found to be signifi-
Comorbidity AH(?,/:)'ed cantly associated with better survival. Female patients also
Previ Jial infarction 0.9 tended to do better (HR 0.89; 95% CI, 0.84 to 0.94), as did
revious myocardia . . . .
Congestive heart failure 36 those patients treated in a teaching hospital (HR 0.92; 95%
Peripheral vascular disease 25 Cl, 0.88 to 0.97). Race, number of comorbid conditions,
Cerebro-vascular disease 3.2 year of diagnosis, and geographic location did not signifi-
Dementia 0.3 cantly predict survival.
Chronic obstructive pulmonary disease 14.0
Rheumatologic disorders 1.3 . .
Peptic ulcer disease 10 Propensity Score Analysis
Mild lver disorder 02 As seen in our previous analy$igatients of younger
Severe liver disease 0.0 ’ .
Diabetes 6.7 age, male sex, nonblack race, who were treated in a teaching
Diabetic complications 0.4 hospital, and who were living in certain geographic regions
Paralysis 03 were significantly more likely to receive chemotherapy.
iTI;‘;' disease gg Based on these features, the estimated propensity to receive

chemotherapy ranged from 0% to 63%. Figure 2 shows that
prognostic characteristics were well balanced within each
) ] ) ~propensity quintile. When survival was analyzed separately

Figure 1 shows the unadjusted Kaplan-Meier survivalyithin each propensity score quintile, the hazard ratios for
curves for patients who did and did not receive Chemomer'patients receiving chemotherapy compared with those not

apy. The median survival was 30 weeks for patientSecejving chemotherapy ranged from 0.78 to 0.85 (Table 3).
receiving chemotherapy and 23 weeks for patients receiving

supportive care alone, a difference of 7 weeks. The 1-yeaj,strumental Variable Analysis

unadjusted survival was 24% for chemotherapy-treated

patients but only 17% for those not receiving treatment. In As designed, the instrument of geographic location sig-
a Cox proportionaj hazards mode|, Chemotherapy adminisniﬁcantly predicted the likelihood of receiVing chemother-
tration was associated with a hazard ratio (HR) of 0.81 (959@PY, With a partial? of 0.71 (F statistic 7,792), yet it was not

confidence interval [CI], 0.76 to 0.85). Younger age (HR independently associated with survival in the Cox regres-
sion model. These results support the validity of the

instrument. Table 4 compares the characteristics of patients
in areas of high chemotherapy utilization with those in areas
of low chemotherapy utilization. Here, the two groups are
well balanced for most prognostic features, similar to the
distribution of factors one might hope for in a randomized
trial. There were more nonwhite patients and more patients
with comorbidity in the high chemotherapy regions; how-

ever, as previously described, these factors did not influence
survival. Only 21.2% of the 1,109 patients in the lowest
chemotherapy quintile received chemotherapy. The ad-
justed median survival for this group was 171 days, and
18.9% were alive at 1 year. Thirty-nine percent of the 2,059
patients in the highest chemotherapy quintile received
chemotherapy. Their adjusted median survival was 177
0.0 i — ) . days, and the adjusted 1-year survival rate was 20.5%.

0 20 40 60 80 100 120 140 160 180 200 220 Consequentl_y, the |_nstrume_ntal variable analysis indicated

an increase in median survival of 33 days (95% CI, 14 to

Weeks 105 days by bootstrapping) for the marginal patients treated

Fig 1. Kaplan-Meier unadjusted survival curves comparing patients who with _chemotherapy In the high utilization regions. One year
received chemotherapy (dashed line) with those receiving supportive care survival was increased by 9% (95% Cl, 4% to 23%, also by

only (solid line). bootstrapping).

1.0
0.9
0.8
0.7 -
0.6
0.5
0.4 -
03 -
0.2
0.1

Probability of Survival

Information downloaded from jco.ascopubs.org and provided by at MCGILL UNIVERSITY on September 24, 2012 from
Copyright © 2001 American SIR2eAD6f2a4nicx Oncology. All rights reserved.



1068

50 4
40 4
30 4
20 4
10
04 .

% women % non-white % teachmg Med income
hospital ($000)

60 -
50
40
30 4
20
10
0 4 v

% women % non-white % teachmg Med income
hospital ($000)

3 70 |
60 1
50 -
40
30 1
20 4
10
0 .

% women % non-white % teachmg Med income
hospital ($000)

60

50

40 -

30

o] ﬂ
10

0 e ,

% women % non-white % teachmg Med income
hospital ($000)

60
50
40
30
10
0 BN

v T

% women % non-white % leachmg Med income
hospital ($000)

Fig 2. Distribution of explanatory variables between patients receiving
chemotherapy (black bars) and those not receiving chemotherapy (white
bars) for propensity score quintiles ranging from 1 (least likely to receive
chemotherapy) to 5 (most likely to receive chemotherapy).

DISCUSSION

Published in 1995, the NSCLCCG meta-analysis incor-

EARLE ET AL

Table 3. Propensity Score Analysis: Comparison of Survival Across Strata
Based on the Propensity to Receive Chemotherapy

Method Hazard Ratio 95% Cl

Cox proportional hazards model 0.81 0.76-0.85
Propensity score

1, lowest Pgemo 0.78 0.67-0.91

2 0.81 0.72-0.93

3 0.85 0.76-0.96

4 0.80 0.71-0.90

5, highest Pgomo 0.78 0.70-0.87

ratio of death at 1 year of 0.73 (95% CI, 0.63 to 0.85) for
patients treated with cisplatin-containing chemotherapy reg-
imens compared with those managed with supportive care
only. The absolute survival benefit at 1 year was 10% (95%
Cl, 5% to 15%), increasing from 16% to 26%. The gain in
median survival was 1.5 months (95% ClI, 1 to 2.5 months).
Although subgroup analysis was unable to identify groups
of patients less likely to benefit from treatment based on
age, sex, histology, performance status, or stage of disease
(Il v 1V), 78% of those patients were under 65 years of age,
and all trials excluded patients with poor performance status
(ECOG> 2, Karnofsky<t 50). For the subgroup of patients

in that meta-analysis over age 65 with stage IV disease, the
hazard ratio was 0.87, although this number is based on only
120 patients (personal communication, L. Stewart). Conse-
quently, it was not clear whether the efficacy seen in these
randomized trials could be translated to the elderly patient

Table 4. Instrumental Variable Analysis: Characteristics of Patients in the
Lowest P ,emo Versus the Highest Py, Health Care Service Area
Quintiles

Patients

Variable Low Pehemo HCSA High Pehemo HCSA

Patients*

No. 1109 2059

% 21 39
Chemotherapy,t % 21 39
Mean age, years 72.5 727
Female, % 41 40
Non-white, T % 15 19
Without comorbidity,t % 78 73
SES quintiles, %

1 20 20

2 19 20

3 20 20

4 20 20

5 21 20

Abbreviations: P_peme, the probability of receiving chemotherapy based on
geographic area of residence; SES, socioeconomic status.

porated individual patient data from 11 trials of chemother- «1eiq] no. of patients = 3,168.

apy in advanced lung cancét.t found a pooled hazard

tP < 05.
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with comorbid conditions who commonly presents in thenot currently treated, at least up to the 39% who were
real world clinic. treated in the high utilization areas.

Our results indicate that chemotherapy given in the Our application of the instrumental variable technique
nontrial setting is effective for elderly patients with stage IV was only possible because we had previously demonstrated
NSCLC, with a modest magnitude of benefit consistent withsignificant unexplained practice variation based on nonmed-
that observed in randomized trials. To our knowledge, thisical factors, including geographical location. It is a neces-
is the first study to use instrumental variable analysis andary condition that, like the coin toss of a randomized trial,
propensity scores to examine the outcomes of chemotherapy good instrument should not be a known prognostic factor
for advanced lung cancer in routine practice. The bootstrafor the outcome of interest. We found that despite large
analysis indicated some lack of precision in the instrumentatlifferences in the rates of chemotherapy use across geo-
variable estimates, most likely because of the small samplgraphic regions, the prognostic features of patients in high
size used to compare the highest and lowest quintiles odnd low utilization areas were remarkably similar. This
chemotherapy use. However, the findings using this obsersimilarity, coupled with the fact that geographic region did
vational method were remarkably similar to the resultsnot independently predict survival once chemotherapy use
reported in the meta-analysis of randomized trials. Thehad been controlled for, indicates that geographic location
change we observed in median survival of 33 days ismay be a relatively unbiased instrument in this situation.
consistent with the 6 weeks noted in the NSCLCCG study Whether location is such can never be proven absolutely,
and the 9% change in survival at 1 year is similar to the 10%however>°
reported by that group. As is expected when treatments are Chemotherapy for advanced lung cancer has been con-
brought into routine practice, these effectiveness differencetroversial, especially for elderly patients. This analysis
are less than the efficacy differences seen in clinical trialssuggests that the results of randomized clinical trials in lung
Yet this loss of benefit is very small. We selected patients taccancer can be transferred to the real world setting. Elderly
be similar to those seen in randomized trials by restrictingpatients treated with chemotherapy outside of a clinical trial
analysis to those with a minimum of 2 months survival. appear to receive modest survival benefits from treatment
Still, patients in our study were older, and did not have tosimilar in magnitude to the benefits experienced by
meet the rigid selection criteria of a prospective trial. younger, highly selected patients reported in clinical trials.
Furthermore, treatment consisted of a variety of chemotherFurthermore, patients who are usually not treated seem to
apy regimens given without protocol guidance as to admin-derive the same benefits from chemotherapy as those with
istration and dose modifications. greater propensity to receive chemotherapy. Most do not

A very important finding of this study was that patients receive it, though. This may be appropriate if it is truly the
with less propensity for treatment appear to realize the sampreference of those patients. However, Raby &t falund
benefits when they receive chemotherapy as those witlthat only 20% of Canadian physicians surveyed thought that
greater propensity. Stratification of patients based on theitreating advanced NSCLC with chemotherapy was worth-
propensity to receive chemotherapy did not affect thewhile. Furthermore, Crook et#lin Great Britain found an
hazard ratios obtained by receiving chemotherapy. Thisage bias when they reported that only 11% of clinicians
suggests two possibilities: either physicians are accuratelywould recommend chemotherapy for advanced lung cancer
able to select out those patients from each stratum who arpatients, increasing to 26% if the patient was less than 50
going to benefit from chemotherapy, or the effectiveness ofjears of age. Our analysis indicates that such bias cannot be
chemotherapy may not be restricted only to those patientsefended unless based on patient preferences and that all
who, with their physicians, most commonly decide to appropriate patients should be given the option of receiving
receive treatment. However, the findings of the instrumentathemotherapy in addition to supportive care.
variable analysis, that the additional marginal patients who
receive chemotherapy solely on the basis of where they live ACKNOWLEDGMENT
also deriye t?e”eﬁt from treatment' ?ndicates Fhat the latter We thank the Non-Small-Cell Lung Cancer Collaborative Group
explanation is true: the relative survival benefits of chemo-ang pr. Lesley Stewart for providing the meta-analysis subgroup data
therapy may be able to be realized by many patients who arr our analysis.
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