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Abstract

Administrative claims data are big data generated from healthcare encounters. Claims data contain
information on insurance payment as well as clinical diagnoses and procedure codes to ascertain
medical conditions and treatments, making them valuable sources for economic evaluation
research. This paper offers an introductory overview of the use of claims data for oncology-related
cost-of-illness, cost comparison, and cost-effectiveness analyses. We reviewed analytical methods
commonly employed in these analyses, such as the phase of care approach and net costing method
for cost-of-illness studies, propensity score matching methods for cost comparison studies, and net
benefit regression models for cost-effectiveness studies. We used published studies to explain each
method and to discuss methodological challenges of conducting economic studies using claims
data.

Introduction

The complexity of modern medicine produces a massive amount of data at each medical
care encounter, from body measurement and laboratory test readings to health outcomes and
payment associated with medical services received during the encounter. One type of big
data generated from healthcare encounters that are valuable for economic evaluation
research are administrative claims data. These data gather information on services received
by patients enrolled in a health insurance plan, diagnoses related to these services, and costs
associated with each service item.

In the United States, claims data can be obtained from public and private insurance or
healthcare systems. Commonly used claims data from public insurance are Medicare and
Medicaid claims. A further enhancement of Medicare claims data is the linked Surveillance,
Epidemiology, and End Results (SEER)-Medicare claims data.l The SEER-Medicare data
provide both clinical and economic information for elderly cancer patients and have been the
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primary resource for oncology health services research since its inception. Claims data from
private insurance are often proprietary and can be licensed from commercial vendors, such
as MarketScan data distributed by IBM Corporation, LifeLink data by the IMS Health, and
Optum data by Optum Life Sciences. Examples of claims data from healthcare systems are
data from Kaiser or Blue Cross Blue Shield. Outside the United States, national claims data
are available for several countries with national health insurance programs, such as Taiwan,
Sweden, and Korea.2 A detailed overview of large databases, along with their strengths and
limitations, can be found in Jagsi et al. (2014).3

Economic evaluation research using claims data typically encompasses two types of studies:
cost and cost-effectiveness analysis. Payment information recorded in claims data form the
basis for cost analyses whereas the combination of payment and outcomes information
extracted or derived from claims offers useful data for cost-effectiveness analyses. In this
article, we discussed the use of administrative claims data in oncology-related cost and cost-
effectiveness analyses. We drew examples from published studies to explain analytical
methods used in these analyses and discuss methodological challenges commonly
encountered in this line of research.

Use of Claims Data for Cost Analyses

Claims data are used in two types of cost analyses: cost-of-illness (COI) and cost
comparison studies. COI studies estimate the economic burden of a specific disease or
medical condition whereas cost comparison studies assess treatment costs and associated
downstream costs between therapeutic alternatives.

Cost-of-illness Studies

COl studies are important for budget planning purposes as they inform policy makers of the
financial burden of specific illnesses. Among a wide array of illnesses, costs of cancer care
are of immerse interest to policy makers because of the rapidly growing cost of cancer
treatments and the anticipated rising incidence of cancer due to aging demographics.
Researchers at the National Cancer Institute (NCI) have routinely used the linked SEER-
Medicare data to estimate costs of cancer care.*8 Estimates from this research contribute to
the Financial Burden of Cancer Care section of the Cancer Trends Progress Reports released
by the NCI annually.” For example, the latest estimates reported that national medical costs
of cancer were $124.6 billion in 2010 and projected to be $157.8 billion by 2020.8

Two analytical approaches commonly used to estimate the costs of cancer care are the
prevalence and incidence approach. The prevalence approach reports costs of cancer for a
specific time period, whereas the incidence approach follows a newly diagnosed cohort to
keep track of costs throughout the cancer care continuum.®19 Each costing approach
provides different but equally important information to policy makers. Estimates of
prevalence costs are helpful in that knowledge of cancer care costs in the current and
previous calendar years can be used to project future healthcare expenditures, whereas
incidence costs inform policy makers regarding the effect of cancer prevention, treatment, or
intervention on the cost trajectory of an incident cohort of cancer patients.10
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Studies reporting cost of cancer care often stratified the cost estimates by phase of care, with
the initial care phase covering the first 12 months following cancer diagnosis, the terminal
care phase occupying the last 12 months of life, and the continuing care phase capturing all
the months in between. An analytical challenge is to determine the extent to which the costs
data captured in the claims of cancer patients were attributable to cancer care. This is
accomplished by employing the incremental costing method (also known as net costing
method) in which a matched control cohort of non-cancer patients was constructed for a
cohort of cancer patients to form the basis of what costs would be had these patients not had
cancer. Matching factors commonly found in the literature included age (often at 5-year
intervals), sex (for cancers that are not gender specific), race, and SEER area strata.*>
Cancer-related costs (or “net costs”) are then calculated as the difference between the mean
cost of the cohort of cancer patients and that of the matched non-cancer control. Table 1
describes the net costs of breast cancer patients from a recent analysis of SEER-Medicare
data.1! It shows that the net costs were higher for initial and terminal care phases and tended
to be higher for cancer diagnosed at more advanced stages. It is worth noticing that the
reporting of terminal care phase costs made a distinction between cancer patients who had
cancer as the cause of death vs. those who did not. The logic behind such a distinction is that
the end-of-life care for cancer patients who did not die of cancer likely resembles the care
for their counterparts in the matched non-cancer cohort; thus the net costs in terminal care
phase for these patients would be lower than for patients who die from cancer.

A more sophisticated way to present cost information is to show the cost trajectory
throughout patients’ lifetime. Not surprisingly, research examining the longitudinal cost of
cancer patients often reported that the cost trajectory of cancer care exhibited a U-shape
curve as treatment tended to be most intense at the beginning as well as toward the end of
the cancer care continuum. Figure 1 illustrates the cost trajectory of patients whose breast
cancer was diagnosed between 1980 and 1998 based on an earlier analysis of SEER-
Medicare data.® Analyses fitting cost trajectories with cross-sectional data while neglecting
the longitudinal cost data structure could lead to inefficient and sometimes inaccurate
inferences as important information, such as the time pattern of critical medical events, can
be lost in models using snapshots of cross-sectional data. More advanced and statistically
rigorous analyses of cost trajectories should consider the correlation between monthly
(quarterly or yearly) costs with the longitudinal data structure 2 and also account for
censoring.13

Cost Comparison Studies

When it is feasible to differentiate treatments using billing codes such as the Current
Procedural Terminology (CPT) or ICD-9 or ICD-10 procedure codes, claims data can
provide useful information to compare costs between treatments. In addition, because claims
data collect information on the date medical services rendered, researchers can construct a
clinically meaningful time period (e.g., 3 months) subsequent to the treatment receipt date to
keep track of downstream events, such as treatment-related complications, and the
associated costs. This information is important in assessing the cost impact of new medical
technologies as new treatments are almost always more expensive than current standard of
care and drug or medical device companies often cite better health outcomes (e.g., fewer
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complications, better survival) to justify their higher costs. Therefore, cost comparison
studies that compared treatment costs alone provide limited information to decision makers.

The study by Pan et al. (2018) offered an example of more comprehensive cost comparison
studies.* In this study, the authors analyzed 2008-2015 MarketScan Commercial Claims
and Encounters database to compare toxicities and cost of three forms of radiation therapy,
proton radiation, stereotactic body radiotherapy (SBRT), and intensity-modulated
radiotherapy (IMRT), for privately insured prostate cancer patients under the age of 65.
Radiation therapy was identified from claims data using a combination of CPT and ICD-9
procedure codes. Using the first date indicative of radiation as the index date, the authors
defined the receipt of radiation therapy as having at least 3 fractions of SBRT or 20 fractions
of IMRT or proton radiation within 90 days of the index date and modeled cumulative
incidence of various types of toxicities and the associated costs at 6, 12, 24, and 36 months
after the index date. The comparison between IMRT and proton therapy showed that at 2
years total healthcare cost of proton therapy was substantially higher than that of IMRT
($133,220 v $79,209; P<0.001), although a portion of the higher treatment cost was offset by
lower complication costs ($1,737 v $2,730; P = 0.008). The comparison between SBRT and
IMRT showed similar mean total cost ($80,786 vs. $77,539; P = 0.36) and complication cost
($3,084 vs. $2,079; P = 0.25) at 2 years.

An analytical strategy employed in this paper warranted more discussions. The authors used
propensity score-matched case-control study design to balance the observable covariates
between treatment groups. This adjustment is important because it created more comparable
cohorts of patients to compare the costs and downstream events between treatments. For
example, if healthier patients were more likely to receive proton therapy, such favorable
selection could lead to a better toxicity profile, which then translates to lower complication
costs for patients in the proton therapy group. The use of a propensity scored-matched
method helped mitigate biases arisen from treatment selection. Alternatively, one could
conduct regression analysis to adjust for covariate effects on costs and report results of cost
comparison as the “adjusted” difference. An example of this approach can be found in
Guadagnolo et al. (2013).1% In this article, the authors analyzed claims data in the SEER-
Medicare database for over 200,000 patients who died of lung, breast, prostate, colorectal
and pancreas cancers between 2000 and 2007 to compare end-of-life Medicare payment for
four groups of cancer patients classified by whether the patient received radiation therapy
(yes vs. no) and/or hospice care (yes vs. no) in the last month of life. The study found that
costs were highest for the group of patients who received end-of-life radiation therapy but
did not receive hospice care, the mean “adjusted” cost for this group was $3,453 (95% CI:
$3,176 - $3,730, in 2009 US dollars) higher than that of the group of patients who did not
receive radiation therapy nor hospice care in the last month of life. Without covariate
adjustment, the “unadjusted” cost difference was $2,483 (95% CI: $2,092 - $2,874). The use
of regression-based methods in cost comparison studies often encounters a statistical issue
that the medical cost data are highly skewed to the right because a small number of patients
tend to consume a rather large proportion of healthcare expenditures. To deal with this issue,
the authors applied an econometric technique called the extended estimating equations
method.16
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It should be noted that even after applying the propensity score method or the regression-
based approach, there could still be unobserved factors contributing to treatment selections
(e.g., preference toward newer technologies among well-informed patients). The
econometric literature recommends the use of instrument variables (1) method to address
the issue of selection bias. However, successful implementations of this method rely
critically on finding the appropriate 1Vs, which is often challenging empirically. Further,
with weak Vs, the performance of the IV method is worse than the standard least squared
models, as demonstrated in the study by Hadley et al. (2003).17 The authors analyzed
Medicare claims to compare three-year survival of three treatments for women with early
stage breast cancer: mastectomy, breast conserving surgery (BCS) plus radiation therapy,
and BCS alone. Using both ordinary least squares and 1V methods, this study demonstrated
that if the 1\VVs were weak, estimates from the IV method would not only be biased but also
inconsistent, which could result in misleading conclusion in hypothesis testing. Given the
practical and technical difficulties in executing IV methods, it is our opinion that when it is
not feasible to apply IV methods in cost comparison studies, researchers should present
findings from both unadjusted and adjusted analyses to better understand the impact of
observable covariates.

Use of Claims Data for Cost-Effectiveness Analyses

Cost-effectiveness analysis (CEA) has been referred to as the fourth hurdle for new
technologies and interventions, following the traditional three hurdles for licensing
requirements: safety, efficacy, and quality.18 CEA helps decision-makers understand the
tradeoffs between costs and health outcomes associated with new interventions.1?
Conventional CEA reports study findings in terms of the incremental cost-effectiveness ratio
(ICER).1920 The ICER, calculated as the difference in mean costs between the new and
standard treatment divided by the difference in mean effectiveness between the two,
estimates additional resources needed to achieve an increase in units of effectiveness. The
ICER is then compared with a threshold value (such as $100,000 per QALY) to determine
whether a new treatment is cost-effective.

The analytical approach employed in CEA depends on the type of data available. Overall, a
statistical approach is applied when patient-level data are available from clinical trials or
observational data, whereas a modeling approach is used to synthesize information from a
mix of data sources, such as published literature, patient-level data, and expert opinions.2
Claims data contribute to CEA indirectly or directly. Indirectly, costs estimated from claims
data can be incorporated into models designed for CEA. For example, the stage- and phase
of care-specific net costs of breast cancer estimated from SEER-Medicare data (see Table 1
above) were used to populate the treatment cost portion of a microsimulation model to
assess the cost-effectiveness of breast cancer screening guidelines from different
professional societies.11 Directly, researchers can obtain both health outcomes and costs
information of comparators from claims data, and use such information to estimate
incremental costs and incremental effectiveness for the calculation of the ICER.

An example of claims data-based CEA can be found in Shaya et al. (2014).22 The authors
constructed an incident cohort of hepatocellular carcinoma (HCC) patients diagnosed
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between 2000 and 2007 from SEER-Medicare and compared the cost-effectiveness of HCC
treatment modalities by stage. Treatment modalities considered in the analysis included:
transplant, resection, liver-directed therapy, radiation, chemotherapy, and no treatment.
“Effectiveness” was measured as years survived and estimated using Cox proportional
hazards model. “Cost” was quantified as cumulative Medicare expenditures and the authors
applied the partitioned inverse probability weighted method to account for right-censored
data. This study concluded that resection was the most cost-effective treatment modality for
early stage or unstaged HCC patients, whereas liver-directed therapy was more cost effective
than chemotherapy or radiation for stage 1V patients. A methodological concern was that the
ICER reported in this study did not consider the correlation between costs and effectiveness
as it was obtained from the incremental costs and incremental effectiveness estimated from
regression models separately, not jointly.

More advanced CEA will transform ICER into net benefit, defined as NB(A)= A*AE — AC,
where A represents a societal willingness-to-pay (WTP), AC represents the incremental
costs, and AE represents the incremental effectiveness, and report findings as the cost-
effectiveness acceptability curve (CEacc).23:24 The CEacc informs decision makers of the
probability that the new intervention is more cost-effective than the standard treatment
corresponds to various levels of societal WTP. An advantage of the net benefit
transformation is that the net benefit can be incorporated into a regression framework to
allow for covariate adjustments and the examination of interaction effects.2> Another
advantage is that the correlation between costs and effectiveness is automatically considered
in this transformation.

An application of the net benefit regression framework to claims data can be found in Shih
et al. (2009).26 The authors applied this method to breast cancer patients identified from
claims data in the National Health Insurance Research Database in Taiwan to compare the
cost-effectiveness of two commonly prescribed first-line chemotherapy regimens for breast
cancer patients in Taiwan: CMF (cyclophosphamide, methotrexate, fluorouracil) vs. CEF
(cyclophosphamide, epirubicin, fluorouracil). Net benefit (NB;) for each patient was
constructed as A ¢ Ej—C;j and used as the dependent variable in the net benefit regression. In
addition to treatment, other covariates included in the NB regression model were age,
geographic region, type of surgery (mastectomy vs lumpectomy), facility type, and
comorbidities. Findings from this study are summarized in Figure 2. It indicates (a) a strong
interaction effect between treatment cost-effectiveness and geographic region, and (b) the
cost-effectiveness of CMF vs. CEF was sensitive to covariate adjustments. More in-depth
discussions of the application of regression-based approaches in patient-level data for CEA
are provided in Goto et al. (2017).27

Concluding Remarks

With advances in information technology in automated data collection and management
techniques, claims data are expected to become available more quickly. In addition,
increasing availability of genetic and biomarker data can further enrich the content of claims
data with clinical information gathered in electronic medical records. To ensure the
analytical rigor and the accuracy of statistical inferences, researchers who are interested in
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ing claims data for economic evaluation research should become familiar with methods

discussed in this paper and understand the strengths and limitations of these methods when
interpreting their study findings.
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Figure 1: Average Monthly Costs of Cancer, by Survival Time
Data adapted from Brown et al. (2002)
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Data adapted from Shih et al. (2019)
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Table 1:
Net Costs of Breast Cancer by Phase of Care, Cancer Stage, and First-Year Treatment Pattern (US 2017
dollars)
Stage 0 | Stagel | Stage Il | Stage Ill | Stage IV
Initial care phase
no chemo, no RT, no surgery $0 $692 $8,029 $13,645 $23,009
no chemo, no RT, lumpectomy | $3,663 $8,029 $11,244 $16,170 $27,106
no chemo, no RT, mastectomy | $10,819 | $12,246 | $15,737 | $22,304 $31,988
no chemo, RT, no surgery $5,546 $5,015 $10,913 $24,106 $41,584
no chemo, RT, lumpectomy $15,633 | $19,110 | $21,803 | $27,460 $36,420
no chemo, RT, mastectomy $19,783 | $21,073 | $26,923 $31,061 $39,258
chemo, no RT, no surgery $7,784 $7,579 | $28,439 | $32,568 $54,879
chemo, no RT, lumpectomy $10,994 | $28,660 | $35,240 $55,159 $71,826
chemo, no RT, mastectomy $26,173 | $36,826 | $41,012 | $53,042 $62,846
chemo, RT, no surgery $19,856 | $32,274 | $38,933 $55,059 $77,786
chemo, RT, lumpectomy $18,473 | $42,913 | $49,279 | $58,420 | $64,904
chemo, RT, mastectomy $26,088 | $51,413 | $55,631 $62,267 $73,118
Continuing care phase
year 1 $0 $1,270 $3,413 $8,361 $23,278
year 2 $0 $774 $2,268 $5,696 $20,811
year 3 $0 $747 $2,147 $5,372 $20,042
year 4 $0 $943 $2,438 $4,276 $17,674
year 5 $0 $669 $1,790 $3,004 $13,054
year 6+ $0 $639 $1,107 $2,968 $13,446
Terminal care phase
cause of death: breast cancer $41,822 | $47,824 | $51,228 | $57,186 | $70,603
cause of death: other $7,321 $3,263 $5,221 $11,715 $31,170

Note: initial care was defined as care incurred within the first 12 months of diagnosis, terminal care reflected the last 12 months of life, and
continuing care captured everything that happens between initial and terminal care phases. RT = radiation therapy.

Data adapted from Shih et al. (2019)
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