© Health Research and Educational Trust
DOI: 10.1111/§.1475-6773.2006.00596 .x

Explaining Variations

Variation in Chemotherapy Ultilization
in Ovarian Cancer: The Relative
Contribution of Geography

Daniel Polsky, Katrina A. Armstrong, Thomas C. Randall,
Richard N. Ross, Orit Even-Shoshan, Paul R. Rosenbaum,
and Jeffrey H. Silber

Objective. This study investigates geographic variation in chemotherapy utilization
for ovarian cancer in both absolute and relative terms and examines area characteristics
associated with this variation.

Data Sources. Surveillance, Epidemiology, and End Results (SEER) Medicare data
from 1990 to 2001 for Medicare patients over 65 with a diagnosis of ovarian cancer
between 1990 and 1999. Chemotherapy within a year of diagnosis was identified by
Medicare billing codes. The hospital referral region (HRR) represents the geographic
unit of analysis.

Study Design. A logit model predicting the probability of receiving chemotherapy by
each of the 39 HRRs. Control variables included medical characteristics (patient age,
stage, year of diagnosis, and comorbidities) and socioeconomic characteristics (race,
income, and education). The variation among HRRs was tested by the x? statistic, and
the relative contribution was measured by the o statistic. HHR market characteristic are
then used to explain HRR-level variation.

Principal Findings. The average chemotherapy rate was 56.6 percent, with a range
by HRR from 33 percent to 67 percent. There were large and significant differences in
chemotherapy use between HRRs, reflected by a y” for HRR of 146 (df = 38, p<.001).
HRR-level variation in chemotherapy use can be partially explained by higher chem-
otherapy rates in HRRs with a higher percentage of hospitals with oncology services.
However, an o analysis indicates that, by about 15 to one, the variation between patients
in use of chemotherapy reflects variations in patient characteristics rather than unex-
plained variation among HRRs.

Conclusions. While absolute levels of chemotherapy variation between geographic
areas are large and statistically significant, this analysis suggests that the role of geog-
raphy in determining who gets chemotherapy is small relative to individual medical
characteristics. Nevertheless, while variation by medical characteristics can be medi-
cally justified, the same cannot be said for geographic variation. Our finding that density
of oncology hospitals predicts chemotherapy use suggests that provider supply is pos-
itively correlated with geographic variation.
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Each year in the United States, 24,000 women are newly diagnosed with
ovarian cancer and over 14,000 die of the disease (American Cancer Society
2004). Ovarian cancer is the fifth most common and fourth most deadly ma-
lignancy in U.S. women. While overall 1-year survival of patients with newly
diagnosed ovarian cancer is 80 percent, survival varies greatly by age and
cancer stage (SEER 2000). Nearly 50 percent of diagnosed cases occur in
women over age 65 (Yancik et al. 1986). Chemotherapy is recommended for
all women with ovarian cancer except those with ovary-limited disease that is
well or moderately histologically differentiated (McGuire et al. 1996; McGuire
and Ozols 1998).

Ovarian cancer treatment has changed greatly in the past decade. Sur-
vival has improved with the introduction of platinum agents and the use of
platinum/paclitaxel regimens (Neijt 1996). However, chemotherapy use still
varies significantly (Ries 1993; Devesa, Grauman, and Blot 1994; Hightower
et al. 1994; Sundararajan et al. 2002). Little is known about which nonclinical
factors determine these treatment variations. One study found a lower rate of
chemotherapy for ovarian cancer among black patients (Sundararajan et al.
2002) which suggests that nonmedical factors, including sociodemographic
characteristics and geography, may play a role. The absolute and relative
contribution of these factors is unknown.

While geographic variation in chemotherapy has received minimal at-
tention (Earle, Venditti, and Neumann 2000), many have identified geo-
graphic differences in cancer treatment (Farrow, Hunt, and Samet 1992; Lu-
Yao and Greenberg 1994; Lai et al. 2001; Baxter et al. 2004). No studies have
assessed the relative importance of geography as a driver of treatment deci-
sions compared with individual medical factors. Further, the factors respon-
sible for the geographic variation are still uncertain.
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We sought to evaluate chemotherapy use among elderly patients with
ovarian cancer to parse out the relative and absolute contribution of geog-
raphy as a determinant of chemotherapy. Using Surveillance, Epidemiology,
and End Results (SEER) Medicare data and hospital referral regions (HRRs)
as the geographic unit, we explored the role of geography relative to the
medical factors of stage and age, and the non-medical factors of race, edu-
cation, and income. We also explored the role of market characteristics of a
geographic area as a predictor of area variation.

METHODS
Data

We studied patients from the 11 tumor registries that participated in the SEER
program of the National Cancer Institute between 1990 and 1999. About 97
percent of the incident cases of cancer diagnosed in the registry regions were
captured (Zippin, Lum, and Hankey 1995). The SEER sites, covering 14 per-
cent of the U.S. population (Ries et al. 1997), are representative of the U.S.
population (Nattinger, McAuliffe, and Schapira 1997). The SEER records
include stage, histology, date of diagnosis and death, and patient sociodemo-
graphic characteristics. Medicare claims through 2001 were linked to SEER
cases with a 94 percent match rate (Potosky et al. 1993).

We studied Medicare patients who were older than 65 and had an
ovarian cancer diagnosis between 1990 and 1999 in the SEER registries
(N=10,986). We excluded the following: women enrolled in a Medicare
health maintenance organization (HMO) at baseline (n=1,778) (because
complete treatment information is unavailable); women who died in the first
30 days (n= 811) (because they had insufficient opportunity to receive chem-
otherapy); patients in HRRs with fewer than 20 patients (n= 404) (to remove
those referred to SEER sites from outside the defined region); and patients
missing key descriptive data (n= 15). The final sample size was 7,978.

We used Medicare billing codes from Medicare claims to identify chem-
otherapy within a year of diagnosis. Postsurgery chemotherapy was identified
by service codes in inpatient, outpatient, and physician part B files: Interna-
tional Classification of Diseases, 9th revision (ICD-9), procedure codes for
therapy (99.25); Healthcare Common Procedure Coding System (HCPCS)
codes 964xx, 965xx and Common Procedural Terminology (CPT) codes 36640
and 36260 for chemotherapy administration; and HCPCS codes for ovarian
cancer-specific chemotherapy drugs (J8999-J9999 and Q0163-Q0185).
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We modeled comorbidity severity using a pool of potential variables
(Elixhauser et al. 1998; Silber et al. 2001). We coded 47 comorbidities using
ICD-9 diagnostic codes recorded 90 days before each patient’s ovarian cancer
diagnosis on the Medicare portion of the SEER/Medicare file. We used SEER
to obtain other disease characteristics (e.g., stage, age, and date of diagnosis)
and race/ethnicity. Other socioeconomic characteristics (median per capita
income and education attainment) were based on links between patients’
census tracts and the 1990 Census (Krieger 1992).

The geographic unit of this analysis was the patient’s HRR, a geographic
area defined by The Dartmouth Atlas of Health Care (Wennberg et al. 1998). It
represents a regional health care market for tertiary medical care. The SEER
site comprises both metropolitan regions (San Francisco/Oakland, Detroit,
Seattle/Puget Sound, Atlanta, San Jose/Monterey, and Los Angeles) and en-
tire states (Connecticut, Hawaii, lowa, New Mexico, and Utah). The use of
HRRs allowed for comparably scaled geographies and alignment of residence
with the likely area of receipt of health care services. There are 306 hospital
referral regions in the United States and 39 HRRs in SEER.

We also linked health system characteristics of the HRR, such as HMO
penetration, density, oncologists per MD, percentage of hospitals with an
oncology facility, percentage of teaching hospitals used by SEER patients,
MDs, and hospitals from the Area Resource File of the Federal Bureau of
Health Professions. We chose these HRR characteristics on the basis of lit-
erature about the determinants of health care supply and demand in a health
care market. We used the HRR density characteristic because demand is
typically higher when travel distances are shorter (Goodman et al. 1997). We
used the number of hospitals, MDs, oncologists per MD, and percentage of
hospitals with oncology facilities because demand increases when more fa-
cilities are available (Ginsburg and Koretz 1983; Rohrer 1990; Roemer 1991;
Brown and Barnett 1992). We used both the number of hospitals and MDs and
the more chemotherapy-relevant measure of percentage of hospitals with
oncology facilities and percentage of oncologists. We also included HMO
penetration because although these are Medicare fee-for-service patients,
some reports support spillovers to non-HMO patients in areas with higher
HMO penetration (Baker 1997).

Statistical Methods

The first analysis assessed determinants of chemotherapy variation and es-
tablished whether geography is a significant determinant. The second analysis
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identified area characteristics associated with geographic variation in chem-
otherapy use. Both analyses assessed the relative contribution of various fac-
tors to variation in chemotherapy use via the omega (w) statistic (Silber,
Rosenbaum, and Ross 1995).

The first analysis evaluated variation in chemotherapy rates by HRR
using logistic regression with HRR fixed effects. We performed four regres-
sions. The first contained only the fixed effects so that the raw variation be-
tween HRRs could be measured. The second added disease-specific
characteristics (stage, age, comorbidities, and time) to assess the contribution
of these characteristics to chemotherapy use and to assess their contribution
relative to geographic area. The third added sociodemographic characteristics
(race, education, and income). The fourth removed income and education to
parse out the relationship between race and socioeconomic status (SES) as a
determinant of chemotherapy use. In the second analysis we replaced the HRR
indicator variables with HRR characteristics (HMO penetration, density, on-
cologists per MD, percentage of hospitals with an oncology facility, and pop-
ulation). We used the robust estimator of variance assuming correlation among
observations within HRRs but independence between them (White 1980).

We then repeated the first analysis separately for patients diagnosed
between 1990 and 1995 and those diagnosed between 1996 and 1999. The
stratified analysis permits investigation of how HRR variation changed from
the “pre” time period (1990-1995), when knowledge of effective chemother-
apy for ovarian cancer was sparse, to the “post” time period (1996-1999),
when effective treatment became widely adopted following the January 1996
report of McGuire et al. demonstrating improved outcomes after paclitaxel
chemotherapy for advanced ovarian cancer. We hypothesized that HRR
variation would be greater before the demonstration of effective treatment.

The extent to which the set of HRRs or HRR characteristics contribute
to chemotherapy variation was tested by the likelihood ratio y? test for the set
of variables. The contribution of individual medical, socioeconomic, or HRR
characteristics was measured by their odds ratio (OR). These effects were
identified as statistically significant at a two-sided p-value of .05.

An o analysis (Silber, Rosenbaum, and Ross 1995) can be used to meas-
ure the relative contribution toward the explanation of variation among dif-
ferent sets of variables. Here we used @ to measure the relative contribution of
the set of HRRs (or HRR characteristics) compared with the set of disease and
sociodemographic characteristics in explaining variation in chemotherapy use.

More formally, » measures the relative contribution of the x’s and the Zs
to predicting B where, for example, xi, . . ., x; describe patient characteristics;
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Z,. .., 2 describe HRR characteristics; and Bis the binary outcome of chem-
otherapy use for patient . (For notational convenience, xi,. . ., X and z;,. .., %
were centered by subtracting their means.) If

log{Pr(B; = 1)/ Pr(B; = 0)} = o+ (B x1; + - - + ;X))
+ (11200 + -+ VR218)
=a+m;+0;

where 7; = fix;+---+ ﬁ]-xlj and 6;=y,z1,+ - +7yxzix then o=
(3260%)/(> 72) Each patient i has a 7, and a 0 and fitting the logit model
yields estimates of these quantities. The distribution of 7 and 0 is displayed
in the left panel of Figure 1 on a log scale to the base of 2. If w =0, all the
variation between HRRs in chemotherapy use is predicted by characteristics
of patients in the HRRs. If w = 1, the HRR characteristics predict as much
variation in chemotherapy use as do patient characteristics.

Although o describes variation among patients, it is often of interest to
describe the variation among groups of patients, for example the variation
among HRRs. For this analysis, one examines the average 7;in an HRR and
the average 0;in an HRR. &, the HRR-level o (Silber, Rosenbaum, and Ross

Figure 1: The Degree to Which Characteristics Explain Chemotherapy Use
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Parallel Boxplots of the 0;is and 7;’s. The ratio of 20? and =7? forms w and @
for the patient- and hospital referral region [HRR]-based analyses, respec-
tively. The boxplots are of the 25th and 75th percentile, with the whiskers at
5 percent and 95 percent. The first three boxplots come from Model [3], and
the HRR characteristics (HRR Chars.) boxplot comes from Model [4]. SES,

socioeconomic status.
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1995), is computed from these averages. Each HRR jhas 7; and 0;. Fitting the
logit model yields estimates of these quantities (Figure 1 shows the distribution
of 7 and 0).

RESULTS

Table 1 shows the patient characteristics. Most patients had stage 3 or 4 ovar-
ian cancer. Most (49 percent) were in their 70s, 27 percent were 80 or older;
and 24 percent were 65-69. Patients were fairly evenly distributed across
SEER sites. The chemotherapy rates by HRR ranged from 33 percent in Des
Moines, Iowa, to 63—-67 percent in the HRRs representing the cities of Everett,
Seattle, and Olympia in Washington. The average rate of chemotherapy use
was 56.6 percent. This is lower than other published rates for this population
(Sundararajan et al. 2002) because we excluded patients who died within 30
days rather than 120 days.

Table 2 displays results of the four logistic regression models. In Model
[1], with HRR indicators only, geographic variation was a highly significant
predictor of chemotherapy variation (x* = 146, df = 38; pvalue<.0001). In
Model [2], when disease characteristics, risk factors, and time trend are added,
geographic variation became a more significant predictor (x> = 168; df = 38;
pvalue <.0001). In Model [3], with the addition of individual socioeconomic
characteristics, the significance of geographic variation was slightly reduced
(x* = 149; df = 38; p-value <.0001).

Disease and risk characteristics were strong predictors of chemotherapy
use. Patients with stage 3 disease had the highest odds of chemotherapy use
and those with stage 1 disease had the lowest. The odds of receiving chem-
otherapy declined with age. Comorbidities, as a group, were highly significant
determinants of chemotherapy use. A positive time trend was observed be-
tween 1990 and 1999 (annual odds, 1.04); chemotherapy use was increasing
over this period.

Black patients had lower odds than white patients, and odds increased
with income. When income and education were removed from the model
(Model [3b]), the OR for black patients dropped to 0.48 from 0.66 and became
more strongly significant, suggesting that the lower average income among
black patients partially explains lower rates of chemotherapy in this group.

To better explain the factors that contribute to geographic variation,
we replaced the 38 HRR indicators with seven HRR characteristics in the
logistic regression. Table 3 displays the chemotherapy use ORs for these
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Table 1: Patient Characteristics

N= 7978

Chemotherapy rate 56.6%

Stages
1 19.2%

2 7.3%
3 33.8%
4 30.4%
Unknown 9.3%
Age (years)
65-69 23.7%
70-74 26.3%
75-79 22.8%
80-84 15.1%
85+ 12.2%

Race
White 90.4%

Black 6.2%
Other 3.5%

Education
Less than high school degree 18.5%

High school degree 26.6%
Some college 28.1%
College 26.7%

Household income $ 43,451

SEER site
San Francisco 9.7%

Connecticut 12.5%
Detroit 15.9%
Hawaii 1.8%
Iowa 14.2%
New Mexico 3.6%
Seatle 11.5%
Utah 5.2%
Atlanta 5.7%
San Jose 4.7%
Los Angeles 15.3%

HRR characteristics Mean Standard deviation
Population density (square miles per pop) 0.84 0.71
Population (millions) 3.20 3.19
Hospitals (n) 37.57 23.68
Physicians (per 1,000 population) 2.28 0.67
Oncologists (per 1,000 physician) 6.15 1.41
Oncology facilities (per hospital) 0.56 0.20
HMO penetration (%) 31.6 14.0
Teaching hospitals (per SEER hospital) 0.41 0.15

HMO, health maintenance organization, HRR, health referral region; SEER, Surveillance,

Epidemiology, and End Results.
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Table2: Adjusted Odds Ratios of Chemotherapy Use

Models
1] 2] 3] [36]
Stages
1 — 1.00 1.00 1.00
2 — 6.68*** 6.87%* 6.75%%*
3 — 10.7 1%+ 10.86%* 10.83%**
4 — 7.08% 7.26%% 7.22%%
Unknown 2.79%* 2.897* 2.87%k*
Age (years)
65-69 — 1.00 1.00 1.00
70-74 — 0.86™* 0.85%* 0.85%*
75-79 — 0.53%* 0.547%%* 0.53%**
80-84 — 0.277%%% 0.27%%* 0.27%%*
85+ — 0.10%* 0.10%* 0.10%*
Time trend — 1.047%%* 1.02%* 1.047%%*
Race
White — — 1.00 1.00
Black — — 0.66%* 0.4+
Other — — 1.38 1.27
Education
Less than high school degree — — 1.00 —
High school degree — — 0.44 —
Some college — — 1.00 —
College — — 0.97 —
Household income — — 1.08* —
x? for group of variables
Comorbidity controls (df = 46) — 2267 2167 2207
HRR controls (df = 38) 1467+ 168 149 160
Fit of model
Cstatistic 0.58 0.80 0.81 0.80

*.05 < p-value <.10,

** 001 < p-value <.05,
#pvalue <.001.

HRR, health referral region.

characteristics. Areas of higher population density tended to have lower
chemotherapy rates (OR = 0.82; p-value = .111). The number of hospitals was
strongly correlated with chemotherapy use (OR =1.00 for a one-hospital
change; p-value =.001), as was the percentage of hospitals with oncology
facilities (OR = 2.49 for a change from 0 percent to 100 percent; p-value <.001).
However, the density of teaching hospitals in HRRs and the other selected
HRR characteristics were not associated with chemotherapy use.



2210 HSR: Health Services Research 41:6 (December 2006)

Table3: Adjusted Odds Ratios of Chemotherapy Use For HRR Character-
istics (Model [4])

Odds Ratio p-Value

Population density (population per square) 0.82 111
Hospitals (n) 1.00 .001
Physicians (per 1,000 population) 1.09 278
Oncologists (per 1,000 physician) 0.99 .729
Oncology facilities (per hospital) 2.49 .000
HMO penetration (%) 0.58 275
Teaching hospitals (per SEER hospital) 0.96 .920
Control variables added

Age, stage, comorbidities, time Yes

Race, education, income Yes
Fit of model

Csstatistic 0.80

HMO, health maintenance organization; HRR, health referral region; SEER, Surveillance,
Epidemiology, and End Results.

Table 4 summarizes the strongly significant absolute contribution of
HRRs toward variation in chemotherapy use and reports on the relative con-
tribution of HRRs via o (with its 95 percent confidence interval). In compar-
ing one patient with another, most variation in chemotherapy use between
patients is predicted by variations in medical characteristics rather than un-
explained variations among HRRs; indeed, the estimated w of 0.066 in Model
[3] suggests patient health contributes 15 times (1/0.066) more than variations
among HRRs. However, in comparing one HRR with another, this situation is
reversed: variations in average patient medical characteristics contribute little
to the variation in average chemotherapy use among HRRs; indeed, the es-
timated & (i.e., w at the HRR level) of 6.19 in Model [3] says HRR indicators
are six times more important than average patient medical characteristics at
predicting variation among HRRs. These two very different stories result from
the fact that while there are enormous variations from patient’s medical char-
acteristics within each HRR, these variations tend to average out for compar-
isons between HRRs.

In Model [3], the w for SES versus medical (0.041) suggests a minor
marginal contribution of SES. However, whether typical chemotherapy rates
by HRR can be explained by typical medical risks or by typical SES of the
population in that HRR requires an evaluation of @. From this perspective,
SES variation is 0.88 times as important as medical variation or 20 times the
0.041 value for o Thus, while SES plays a relatively minor role in explaining
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Table4: Summary of HRR Variation in Chemotherapy Use

Models
[1] 2] 3] 4
w2
HRR indicator variables 146 168 149
HRR characteristics 47
pvalue <.001 <.001 <.001 <.001
Control variables added
Medical: age, stage, comorbidities, time No Yes Yes Yes
SES: race, education, income No No Yes Yes
o statistics at the patient level (95% Ci)
HRR versus medical* — 0.066 0.066 0.026
(0.0481, 0.091) (0.046, 0.093) (0.014, 0.046)
HRR versus (medical+SES)* — — 0.062 0.024
(0.044, 0.087) (0.014, 0.042)
HRR versus SES* — — 1.610 0.557
(0.092, 2.821) (0.294, 1.055)
SES versus medical — — 0.041 0.046

(0.024, 0.068) (0.037, 0.057)
o statistics at the HRR level (95% CI)

HRR versus medical* - 6.164 6.186 1.776
(3.315,11.461) (3.362,11.381) (0.963,3.274)

HRR versus (medical+SES)* — — 2.972 0.819
(1.526,5.787) (0.489,1.370)

Household income — — 7.026 1.799
(2.765,17.856) (0.916,3.529)

SES versus medical — — 0.880 0.987

(0.393,1.970) (0.739,1.319)

*HRR refers to HRR characteristics for Models [1]-[3], and HRR characteristics for Model [4].
HRR, health referral region; SES, socioeconomic status.

variation in chemotherapy use among individual patients, it does play a rel-
atively large role in explaining variation in chemotherapy use among regions.

Figure 1 summarizes the o story with boxplots of the 07s and 7;’s. The
ratio of X¢60” and Z{n” forms w and @. The left panel describes individual
patients and the right, HRRs (i.e., averages over all patients in an HRR). See
“Methods” for details. For instance, the boxplots labeled “med” refer to var-
iables that describe patients’ medical condition. Although medical variables
are important to the treatment of individual patients (the “med” boxplot in the
patient-based panel), most of this variation averages out within HRRs; thus,
variation in the average health of patients in HRRs contributes little to var-
iations among treatment between HRRs.
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Table5: Summary of HRR Variation in Chemotherapy Use Stratified by
Date of Diagnosis

Model [3] “Pre” Period Model [3] “Post” Period
Diagnosis 1990-1995 Diagnosis 1996-1999

(N= 4,802) (N=3,172)
&
of HRR indicator variables 127 63.4
pvalue <.001 0.006
Control variables added
Medical: age, stage, comorbidities, time Yes Yes
SES: race, education, income Yes Yes
o statistics at the patient level (95% Ci)
HRR versus medical 0.093 0.069
(0.063,0.135) (0.041,0.116)
HRR versus (medical+SES) 0.089 0.063
(0.061,0.129) (0.038,0.106)
HRR versus SES 2.717 1.242
(1.319,5.596) (0.574,2.688)
SES versus medical 0.034 0.056
(0.017,0.068) (0.027,0.114)
o statistics at the HRR level (95% CI)
HRR versus medical 4.367 8.888
(2.411,7.910) (4.260, 18.544)
HRR versus (medical+SES) 3.191 3.266
Household income (1.712,5.948) (1.437,7.424)
HRR versus SES 13.148 6.264
(3.616,47.803) (2.152, 18.236)
SES versus medical 0.332 1.419
(0.094, 1.174) (0.550,3.663)
Fit of model
(-statistic 0.80 0.83

CI, confidence interval; HRR, health referral region; SES, socioeconomic status.

Finally, Table 5 summarizes the stratified analysis by diagnosis date.
Variation by HRR was reduced in the “post” period with adoption of effective
treatments for ovarian cancer, shown by the lower y (127 in the “pre” period
and 63 in the “post” period) and by the @ of HRR relative to medical char-
acteristics. The HRR versus medical o in the “post” period (0.069) was 75
percent of the  in the “pre” period (0.093).

DISCUSSION

Our study indicates that 56 percent of patients with newly diagnosed ovarian
cancer over age 65 received chemotherapy within 1 year of diagnosis. As
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expected, medical factors were the primary determinant of this chemotherapy
use. Race, income, and geographic location also were significant in predicting
chemotherapy use, although far less so than medical characteristics.

The role of stage, age, and comorbidities in the choice to administer
chemotherapy is well known. Chemotherapy is not a primary therapy for
stage 1 ovarian cancer but is increasingly recommended for stages 2 and 3
(Chen and Berek 2001). The odds of chemotherapy use by stage estimated
here reflect these recommendations. A decreased likelihood of chemotherapy
as patients’ age has been shown for ovarian cancer (Sundararajan et al. 2002)
and other cancers (Greenfield et al. 1987; Ries 1993; Hightower et al. 1994;
Hillner et al. 1996). That comorbidities typically reduce the odds of chem-
otherapy use has been shown elsewhere (Desch et al. 1996; Extermann et al.
1998; Earle, Venditti, and Neumann 2000). These factors are often related to
the probability of tolerance or complications of chemotherapy. Finally, time
trend has been grouped with medical factors to account for changes in practice
patterns and technology. Chemotherapy use increased in the 1990s, consistent
with the growing application of new chemotherapy technologies (Chen and
Berek 2001).

Less understood is the role of geography (Wennberg and Gittelsohn
1973) and SES (Bradley, Given, and Roberts 2002; Madison et al. 2004) in
determining treatment rates. Consistent with the literature, we found a robust,
statistically significant relationship between geography and chemotherapy
use. This relationship was slightly stronger after adjustment for medical factors
and was slightly weaker after adjustment for socioeconomic factors. SES was
also important: being black or poor was correlated with lower rates of chem-
otherapy for ovarian cancer. A previous paper found lower chemotherapy
rates for ovarian cancer in Hispanic but not black patients (Sundararajan et al.
2002). The lower rates for black patients are consistent with findings in lung
and colorectal cancers (Shavers and Brown 2002).

Although HRRs were a strongly significant determinant of chemother-
apy use, their influence was small relative to that of medical characteristics.
Figure 1 best describes this finding. Studies of determinants of use typically do
not separate the contribution of the various factors toward the variation be-
tween patients or between regions. The o statistic provides this perspective.
The o of 0.066 between HRRs and medical characteristics (Table 4, Model
[3]) suggests that characteristics of individual patients are 15 times more im-
portant than HRRs in predicting which patients will receive chemotherapy. If
medical characteristics are the determinants of use at the patient—physician
encounter and HRR is a marker for where that encounter occurs, this suggests
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that, to the degree that chemotherapy use can be explained, it is mostly de-
termined at the patient-physician level. The HRR in which the patient lives
does not seem to be a determinant, a somewhat reassuring finding.

The systematic variation among regions that does exist may still offer
opportunities for improving practice, even if dwarfed by patient-level factors.
This is most dramatically demonstrated in the stratified analysis by time. Prac-
tice improvements due to use of paclitaxel led to a remarkable reduction in
HRR variation. Other opportunities to improve practice through market fac-
tors may also exist. We found that more hospitals with oncology facilities in a
market predicted greater use of chemotherapy. It is unclear whether oncology
providers induce excess use of chemotherapy or whether the lack of oncology
facilities in a market leads to underuse. However, the manner in which health
systems are organized clearly influences the probability that patients residing in
those systems will receive treatment—but again, these effects are small when
compared with seemingly appropriate medical considerations.

In addition, the HRR level of variation in SES relative to medical var-
iation has an @ of 0.40, while the same ® at the patient level was 0.04. Taken
together, these data suggest that an individual’s SES contributes little to the
odds of receiving chemotherapy in ovarian cancer, but patients in higher-SES
regions are more likely to receive chemotherapy than patients in lower-SES
regions. The small role of individual SES may be partially explained by the
fact that all patients studied had Medicare coverage for treatment. However,
these patients may still have differences in supplemental coverage which could
still play a role in chemotherapy use. A region’s average SES predicts the
degree of intensive treatment in the HRR. A region’s market characteristics
also appear to matter. However, the largest part of the variation remains
unexplained.

Our study had several limitations. First, the findings for the Medicare non-
HMO patients may not be generalizable to all elderly patients or all patients
with ovarian cancer. Similarly, the SEER sites are not entirely representative of
the U.S. population. Finally, our use of the HRR may not completely reflect the
region by which health care delivery decisions are made. In some areas, a
narrower or wider geographic definition may be more appropriate.

CONCLUSIONS

The factors influencing the decision to administer chemotherapy are generally
based on appropriate variables. One could argue that all the variation in
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chemotherapy use should be explained by patient’s medical factors and not by
the patient’s geographic region. However, this may be unrealistic. The policy
question may be what amount of variation across regions is acceptable. We are
reassured that racial and SES disparities inside the HRR do not seem to be
great. However, the SES of the HRR does slightly influence decision making,
which raises equity concerns.

As for the effects of oncologist providers on the practice of receiving
chemotherapy, why should the accessibility of a hospital with oncology fa-
cilities influence the chance of receiving chemotherapy? On the surface, this
implies that oversupply drives demand or that insufficient supply leaves some
without needed chemotherapy. However, if this finding denotes a relationship
between MD/oncologists and other regional variables not fully defined, then
physician- or hospital supply-driven demand may not be the only explanation.
Whatever the reason, it remains reassuring that this effect is small compared
with the influence of medical characteristics.
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