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ABSTRACT
Background: Real-world evidence is a valuable source of information in healthcare. This study
describes the challenges and successes during algorithm development to identify cancer cohorts and
multi-agent chemotherapy regimens from claims data to perform a comparative effectiveness analysis
of granulocyte colony stimulating factor (G-CSF) use.
Methods: Using the Biologics and Biosimilars Collective Intelligence Consortium’s Distributed Research
Network, we iteratively developed and tested a de novo algorithm to accurately identify patients by
cancer diagnosis, then extract chemotherapy and G-CSF administrations for a retrospective study of
prophylactic G-CSF.
Results: After identifying patients with cancer and subsequent chemotherapy exposures, we observed
only 12% of patients with cancer received chemotherapy, which is fewer than expected based on prior
analyses. Therefore, we reversed the initial inclusion criteria to identify chemotherapy receipt, then
prior cancer diagnosis, which increased the number of patients from 2,814 to 3,645, or 68% of patients
receiving chemotherapy had diagnoses of interest. Additionally, we excluded patients with cancer
diagnoses that differed from those of interest in the 183days before the index date of G-CSF receipt,
including early-stage cancers without G-CSF or chemotherapy exposure. By removing this criterion, we
retained 77 patients who were previously excluded. Finally, we incorporated a 5-day window to iden-
tify all chemotherapy drugs administered (excluding oral prednisone and methotrexate, as these medi-
cations may be used for other non-malignant conditions) as patients may fill oral prescriptions days to
weeks prior to infusion. This increased the number of patients with chemotherapy exposures of inter-
est to 6,010. The final cohort of included patients, based on G-CSF exposure, increased from 420 from
the initial algorithm to 886 using the final algorithm.
Conclusions: Medications used for multiple indications, sensitivity and specificity of administrative
codes, and relative timing of medication exposure must all be evaluated to identify patient cohorts
receiving chemotherapy from claims data.
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Introduction

Observational research and real-world evidence (RWE) are
valuable sources of information for stakeholders and deci-
sion-makers in the healthcare system, including clinicians,
patients, payers, and regulatory authorities1,2. In 2016, the
twenty first Century Cures Act amplified interest in RWE
through a provision recommending that the United States
Food and Drug Administration (FDA) to identify ways to
incorporate it into regulatory decisions3. Typical sources of
real-world data used to generate RWE include electronic

health records, insurance claims, disease registries, and
patient-generated data2. These sources are rich with data
generated each time an individual interacts with the health-
care system, including clinic visits and prescription claims;
however, these data are typically collected for reasons other
than research (e.g. recording a clinical encounter or submit-
ting claims for reimbursement) so there are challenges in
adapting them into the context of real-world research4.

RWE shows great promise in informing decisions for
oncology patient care given the complexity of the disease(s),
the large number of guideline-based treatment options, and
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the continually growing arsenal of therapeutic choices.
Administrative claims are commonly used in oncology
research to assess real-world outcomes and evaluate drug
utilization, which is particularly important in the US where
healthcare is often fragmented and patients may receive
care through different providers, necessitating the use of
claims to capture the full breadth of healthcare use4–8. While
there are some limitations to conducting research with
claims data, such as a lack of laboratory findings or patient-
reported outcomes, they can identify encounters and diagno-
ses, medications received, and clinical outcomes. However,
conducting observational oncology studies from administra-
tive claims presents unique challenges, particularly in
identifying appropriate patient cohorts and the receipt of
multi-agent chemotherapy regimens4,8–14.

BBCIC experience

The Biologics and Biosimilars Collective Intelligence
Consortium (BBCIC) is a non-profit, multi-stakeholder, scien-
tific collaborative of partners from industry, professional
organizations, non-profit agencies, and health care systems
in the United States, with a mission to generate reliable RWE
that examines the safety and effectiveness of biologics in
order to improve public health15. BBCIC leverages the infra-
structure built by the American Food and Drug
Administration (FDA) Sentinel System (https://www.sentineli-
nitiative.org/), and the BBCIC distributed research network
(DRN) includes curated claims data representing approxi-
mately 95 million patient years across five Research Partners
(CVS Health Clinical Trial Services, Harvard Pilgrim Health
Care Institute, HealthCore, Inc (Elevance Health),
HealthPartners Institute, Kaiser Permanente Washington
Research Institute). Curated claims are those which have
been submitted to the Research Partners for payment of
healthcare services and medications on behalf of hospitals,
clinics, and pharmacies, with duplicate claims removed prior
to analysis. While the primary mission of BBCIC is to conduct
real-world comparative safety and effectiveness research of
commercially available biologic drugs, BBCIC also drives the
evolution of observational research methodology and identi-
fies solutions to challenges and gaps in claims-based
research. Herein we review some challenges of identifying
appropriate patient cohorts and treatment regimens specific
to cancer therapy and describe our experience while con-
ducting a complex comparative safety and effectiveness
study of granulocyte colony stimulating factor (G-CSF) use.

Patient protection

Institutional Review Board (IRB) review was conducted and
found that this study did not meet the definition of human
subjects research, consistent with the Office of Human
Research Protections which deemed research conducted
using secondary claims data to be exempt from Human
Subjects Research.

Methods

We iteratively developed and tested a de novo algorithm to
use administrative claims from the BBCIC DRN to accurately
identify patients for a retrospective study of the safety and
effectiveness of prophylactic G-CSF (filgrastim, pegfilgrastim),
including G-CSF biosimilars in adults diagnosed with lung,
breast, colon, ovarian, pancreatic, testicular, cervical, uterine,
or non-Hodgkin lymphoma (NHL) cancer who received
chemotherapy regimens per National Comprehensive Cancer
Network (NCCN) guidelines.

We used an initial patient data set of binary values indi-
cating the absence or presence of criteria for each patient to
develop de novo computer code (SAS/STAT software, version
9.4; SAS Institute, Inc.) and identify patient cohorts according
to the initial protocol inclusion and exclusion criteria applied
in the order listed here:

Inclusion criteria

1. First occurrence of one inpatient diagnosis, or two out-
patient diagnoses at least 30 days apart and within a
12-month period, for a cancer of interest during the
study period (March 1, 2015-June 30, 2020).

2. Receipt of myelosuppressive chemotherapy regimens
with high or intermediate FN risk (as defined by NCCN
Guidelines) on or after the cancer diagnosis of interest
and during the study period.

3. Medical or pharmacy claims for G-CSF occurring up to 7
days after completion of the chemotherapy regimen
during the first chemotherapy cycle.

4. Minimum 365 days of health plan enrollment and con-
tinuous pharmacy coverage, with gaps of � 45 days per-
mitted, prior to the index date (defined as the first
chemotherapy administration during the study period)
and a minimum of 90 days after the index date.

5. Age 20 years or older at the index date.

Exclusion criteria
1. One inpatient or two outpatient cancer diagnoses at

least 30 days apart in the 183 days prior to the index
date for cancers that differ from the enrolling cancer
diagnosis.

2. Receipt of any chemotherapy in the 183 days prior to
the index date.

3. Any medical or pharmacy claim for a G-CSF product in
the 183 days prior to the index date.

4. Two or more medical claims at least 30 days apart for a
skilled nursing facility or hospice care in the 183 days
prior to the index date.

5. Two or more diagnoses/procedure codes at least 1 day
apart for cancer-related radiotherapy, indicators of meta-
static disease, receipt of bone-targeted agents, bone
marrow or stem cell transplant, diagnosis of HIV/AIDS,
severe hepatic disease, chronic kidney disease, or any
non-oncology related neutropenia from 183 days prior
to the index date.
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The program was tested with data from one Research
Partner to resolve coding errors. A waterfall plot mapping
attrition after each criterion was tabulated to assess the
impact of each criterion on the final cohort size. One of the
principal investigators (PP) conducted a chart review of a
small random sample of patients in the cohort to verify that
appropriate patients were included and excluded, plus medi-
cations of interest were ordered/administered. We took an
iterative approach to program modifications to test the
impact of protocol changes (i.e. revisions of inclusion and
exclusion criteria) and to find an optimal algorithm. We
describe the challenges and successes during algorithm
development to identify patient cohorts.

Results

The initial test with data from one Research Partner resulted
in unexpectedly low counts of patients across all diagnosis
cohorts (Table 1). Overall, we initially identified 22,859
patients with diagnoses for any cancer of interest as defined
in Inclusion Criterion 1, based on a diagnosis code list pro-
vided for the reader’s review (Supplemental Materials). When
we applied Inclusion Criterion 2, only 2,814 (12%) of cases
received a chemotherapy regimen of interest per NCCN
guidelines16. (Table 1) We have provided the chemotherapy
regimens of interest as well as codes used to identify medi-
cation of interests from claims in Supplemental Materials.
The final cohort included only 420 patients with cancer diag-
noses who received chemotherapy and G-CSF, which was far
lower than expected based on clinical experience and know-
ledge of the patient population (Table 1)17.

To better characterize the cohorts and to explain the
lower-than-expected patient population, we categorized
patients according to cancer diagnosis, and then applied the
algorithm to identify chemotherapy regimens of interest. The
low numbers of patients in each disease cohort receiving
chemotherapy relative to the known population at the lead
data site suggested that we were not capturing all eligible
individuals for this study. We also compared our initial
cohort to known treatment trends in national data. For
example, a recent national assessment of cancer treatment
and survivorship in the US found that among colorectal can-
cer patients, 9% of Stage I-II, 66% of Stage III, and 36% of
Stage IV patients received chemotherapy18. Furthermore, of

patients diagnosed with colorectal cancer, 20% were Stage I
at diagnosis, 22% at Stage II, 23% at Stage III, 20% at Stage
IV, and 15% unknown stage. While our data do not include
cancer stage, if we take the most conservative estimate that
all patients have Stage I-II disease, which is unlikely, we
expect at least 9% of patients with colorectal cancer identi-
fied in our cohort would receive chemotherapy. We initially
found only 21 patients comprising 1% of our population,
suggesting we failed to capture potentially eligible patients.

Several potential solutions were identified based on our
detailed investigation of the data records, including patient
chart review to confirm the algorithm approach, and subse-
quent testing in an iterative process as described in Table 2.
Table 3 lists the results of each Revision that led to the final
algorithm and cohort to include in the study. In Revision 1,
we reversed the order of the first two inclusion criteria to
first identify patients receiving chemotherapy drugs of inter-
est during the study period followed by including only
patients with a cancer diagnosis of interest any time before
chemotherapy receipt. This resulted in correctly excluding
patients who were screened for cancer, thus having a diag-
nosis code in their record even though they were found not
to have cancer. This also included eligible patients who were
previously excluded based on cancer diagnosis prior to the
study period.

The study investigators manually reviewed a random sam-
ple of medical records for patients with breast cancer, colon
cancer, or non-Hodgkin lymphoma who did not receive
chemotherapy to better understand if patients who did not
receive chemotherapy were excluded due to overly stringent
regimen algorithms. Across these three cohorts, 59 records
were reviewed. Most cases were correctly excluded for rea-
sons including chemotherapy not clinically indicated (n¼ 33),
treatment receipt prior to the index date (n¼ 10), patient
declined treatment (n¼ 6), and the chemotherapy regimen
administered was not aligned with NCCN guidelines, thus
was not of interest to the study protocol (n¼ 2). Of the
remaining eight cases, three had incomplete records (e.g.
missing diagnosis codes), two should not have been included
based on the chemotherapy administration timeline (i.e.
chemotherapy treatment was completed prior to the study
period) and incorrect diagnosis codes. Three of the colon
cancer patients received appropriate chemotherapy accord-
ing to medical records but were incorrectly excluded, which
suggested the regimen algorithms were potentially too
stringent.

We assessed each patient cohort and the chemotherapy
algorithms to identify potential approaches to alleviate the
identified data capture problem. Using the colorectal cancer
cohort, we parsed out the number of patients with a code
for at least one chemotherapy agent in the regimen includ-
ing fluorouracil, leucovorin, and oxaliplatin (FOLFOX), with or
without irinotecan (FOLFOXIRI). A total of 627 patients were
initially identified. Since the index date marked the first
receipt of a chemotherapy regimen of interest, we found
that 132 patients were incorrectly excluded due to the can-
cer diagnosis occurring prior to the study period. This left
495 patients who received at least one chemotherapy agent

Table 1. Percent of patients with diagnoses of interest who also received
chemotherapy regimens of interest based on the initial algorithm and
expected based on literature.

Chemotherapy Receipt (%)

Cancer Type Initial Algorithm Expected

Breast 15% >17%23

Cervical <1% >32%24

Colorectal 1% >9%18

Lung 20% >18%23

NHL 16% >82%23

Ovarian 33% >63%25

Pancreatic <1% >43%26

Testicular 13% >6%27

Uterine <1% >7%28

Abbreviations. NHL, non-Hodgkin lymphoma.
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and had a colorectal cancer diagnosis during the study
period. Most notably, 241 patients with records of FOLFOX
receipt, and 136 patients who received FOLFOXIRI were not
included in the original cohort but should have been. By
loosening the criteria defining multi-agent chemotherapy
regimens (e.g. if a claim for a multi-dose agent appeared on
at least one day, we assumed the patient received the com-
plete dosing regimen), which better accounted for misalign-
ment in the timing of billing claims and clinical care receipt.

In Revision 2, we widened the G-CSF dosing window to
account for patients filling outpatient G-CSF prescriptions
within a week on either side of chemotherapy administra-
tion, and removed the exclusion for prior cancer diagnoses.
Patients were also categorized according to the most recent
cancer diagnosis code prior to the index date of chemother-
apy receipt, which allows for patients who may have mul-
tiple diagnoses in their medical history, including prior
cancers treated with chemotherapy not considered high- or

Table 2. Description and rationale of iterative revisions to identify patient cohorts.
Description of Change Rationale

Revision 1 Reverse order of first two inclusion criteria � Eliminated patients screened but who do not
have cancer

� Retained patients with initial cancer diagnosis
outside 12-month look-back period

Chemotherapy claim on �1 day assumed to
receive all doses

� Timing of claims did not necessarily reflect
clinical care (e.g. colorectal patients with claim
for 5-FU on �1 day assumed to have received
a 2-day regimen in FOLFOX)

Oral prednisone and methotrexate not used for
case identification or exclusion

� Multi-indication treatments that did not
influence FN risk were not included

� Patients may fill oral prescription days to
weeks prior to infusion

Remove cisplatinþ vinorelbine in lung cancer � Removed - not commonly used in clinical
practice per clinician advisement

Remove BEP regimen in testicular cancer � Removed - potential interaction due to
bleomycin and G-CSF per clinician advisement

Revision 2 G-CSF treatment window � Patients may fill outpatient G-CSF prescriptions
separately, so allowing 7 days before and after
infusion allows for a more accurate capture of
G-CSF use

Prior cancers exclusion � This exclusion was too narrow and eliminated
patients even with early-stage or other cancers
without G-CSF or chemotherapy exposure

Categorize on most recent diagnosis � To improve the likelihood that patients are
placed in the disease cohort that most likely
reflects their chemotherapy and G-CSF use

Revision 3 5-day window to identify chemotherapy drugs � More accurately capture chemotherapy use,
accounting for differences in the timing of
claims vs. clinical care

Prior chemotherapy exclusion � Exclusions were done after initial data
extraction

Separate exclusion for prior radiation therapy � Moved to earlier in the exclusion process to
streamline data extraction

Include paclitaxel regimens for lung cancer � Were not always identified; the issue was
resolved when the 5-day window for regimen
identification was implemented

Revision 4 Metastatic disease or bone-targeting agent
exclusion �183 days

� Exclusions were done after initial data
extraction

Table 3. Waterfall describing the number of patients included after applying inclusion and exclusion criteria to data from one Research Partner.
A. Initial Algorithm B. Revised Algorithm

Inclusion Criteria No. Included Revision 1 Revision 2 Revision 3 Revision 4
1 – cancer diagnosis 22,859 1 – chemotherapy 5,320 5,182 13,600a 13,600a

2 – chemotherapy 2,814 2 – cancer diagnosis 3,645 3,396 6,010 6,010
3 – G-CSF claim 1,318 3 – G-CSF claim 1,501 1,476 1,779 1,801
4 – 365 days enrollment 843 4 – 365 days enrollment 931 916 1,093 1,116
5 – age 20 years or older 842 5 – age 20 years or older 930 915 1,086 1,109

Exclusion Criteria
– – 1a – prior radiation Not Excl. Not Excl. 1,081 1,068
1 – prior cancer 781 1b – prior cancer 853 Not Excl. Not Excl. Not Excl.
2 – prior chemotherapy 631 2 – prior chemotherapy 702 727 Not Excl. Not Excl.
3 – prior G-CSF 610 3 – prior G-CSF 668 689 962 958
4 – prior SNF or hospice 610 4 – prior SNF or hospice 668 689 962 958
5 – clinical exclusions 420 5 – clinical exclusions 449 462 620 886

Final Cohort 420 886

(A) First data run; (B) Results of each incremental revision to the cohort identification algorithm.
Abbreviations. G-CSF, granulocyte-colony stimulating factor; SNF, skilled nursing facility.
aAll records within a 5-day window; individuals may contribute more than one record.
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intermediate-risk for FN. While these changes resulted in
lower numbers than Revision 1, it increased the available
number of patients compared to the initial algorithm, and
the percentage of patients included was higher as patients
with chemotherapy in the distant past for a prior cancer
would no longer be excluded.

In Revision 3 we similarly extended the time window for
chemotherapy receipt to allow for differences between the
timing of claims, and clinical administration of medications.
We also applied some of the planned exclusion criteria
manually after initial data extraction to manage complex
cases, allowing for expert clinical judgment in categorizing
patients. Such cases were reviewed by two pharmacists with
extensive oncology training (PAP, CLM).

We further explored how the chemotherapy drugs were
coded, and if the expected day of clinical administration (e.g.
same day for multiple agents that are typically administered
together) corresponded to the day when the billing code
was recorded for the chemotherapy agents. Of 442 patients
who received all FOLFOX or FOLFOXIRI agents at some point
after a colorectal cancer diagnosis, only 355 (80%) patients
had drug codes appearing all on the same day. Of those
355, we evaluated how the fluorouracil claims were recorded,
and found that 181 (51%) had two separate fluorouracil
claims on Day 1 and none on Day 2, 167 (47%) had one fluo-
rouracil claim on Day 1 and none on Day 2, and 7 (2%) had
one fluorouracil claim on each of Day 1 and Day 2. We know
that specific medication dose is not always available in
claims, and our analysis suggests the bolus and continuous
infusion doses are not coded consistently in administrative
claims. By requiring the timeline of billing claims to match
expected clinical administration, we misclassified 377 (38%)
individuals and excluded them from the original cohort,
emphasizing that the timing of claims does not necessarily
align with the schedule of clinical care.

In Revision 4 we moved the exclusion of metastatic dis-
ease to occur after the initial cohort definition to allow for a
more accurate cohort definition as metastases are not well
characterized in administrative claims13. This definition
included the following International Classification of Disease
(ICD) codes: C79.9 (ICD-10-CM, “metastatic disease, not other-
wise specified (NOS)” and ICD-9-CM, “secondary malignant
neoplasm of specified sites.” Additionally, we used clinical
judgment and the presence of codes for common anatomical
sites of cancer metastases (e.g. brain, bone, liver) that were
not specified as primary anatomical sites for study. .

Each Revision is detailed in Table 3, resulting in a final
cohort of 886, more than double the 420 patients identified
initially. The final algorithm is illustrated in Figure 1.

Discussion

In this study we developed, tested, and applied multiple revi-
sions to an algorithm to identify and categorize cohorts of
patients receiving multi-agent chemotherapy regimens for
select cancer diagnoses where G-CSF products are commonly
used for FN prophylaxis in conjunction with chemotherapy
receipt. Through an iterative process, in collaboration with

data scientists, programmers, and clinical experts, we investi-
gated a series of algorithm revisions to improve the accuracy
of correctly categorizing patients in cohorts. These revisions
increased the cohort by over two-fold compared with the ini-
tial algorithm, and with greater confidence in the accuracy of
the final study cohort.

Proper identification of cohorts that include multi-agent
chemotherapy regimens from administrative claims is a
known challenge19,20. Following our discovery of the chal-
lenges, we identified opportunities and developed solutions
to more reliably assemble an appropriate patient cohort.
Several lessons emerged from this work: 1) Identify patients
receiving a chemotherapy treatment regimen of interest
prior to including patients with cancer diagnoses of interest;
this results in the inclusion of patients who did in fact have
an appropriate cancer diagnosis that may have initially
occurred outside of the observation period, and also retains
patients who may have administration codes for chemother-
apy that occurred prior to diagnosis, highlighting the vari-
ability in the timing of claims versus actual treatment
receipt. 2) Medications that may be administered orally with
outpatient prescriptions filled separately from the infusion
day (e.g. prednisone, methotrexate) can lead to the exclusion
of patients who may fill the prescription days to weeks prior
to infusion. Additionally, medications that may be used for
other indications can result in incorrect exclusions. For
example, methotrexate is often used alone or in combination
with chemotherapy, but is also one of the most commonly
used disease modifying drugs to treat rheumatoid arthritis
and other autoimmune disorders21. Since prednisone and
methotrexate themselves do not increase the risk of FN we
removed those from the exclusion criteria. For example,
removal of the prednisone and methotrexate exclusions
resulted in a 10-fold increase in lymphoma patients
identified.

When applying an algorithm, we cannot understate the
importance of designing clinically meaningful inclusion and
exclusion criteria and thoroughly evaluating the output rela-
tive to the population of interest. An ongoing, iterative
review between programmers, investigators, and clinicians,
plus a comparison against other data sources (e.g. EHR
review and tumor registry case counts) was critical in deter-
mining whether the output was clinically sound. We recog-
nize that such reviews can be burdensome and costly, which
is why we performed this iterative review with one data part-
ner before deployment to other sites. Our findings provided
us with information that we were accurately capturing the
population of interest. The process we detail here may be
used in future studies to avoid exhaustive clinical reviews.
Additionally, this approach can be used beyond chemother-
apy identification or use of G-CSF, so long as researchers
apply appropriate clinical context and administration guid-
ance to the medication under analysis.

It is important to emphasize that administrative claims are
created for reasons other than documenting clinical care,
such as billing and payment, and are not specifically
designed for research purposes. Therefore, the ability to use
the algorithm in claims data linked with electronic or other
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health records was essential to verifying the results of algo-
rithmic changes and increasing investigator confidence in
identified patient cohorts. We also found the criteria for
defining regimens in claims should not be overly stringent,
as claims do not always reflect the timing or mimic actual
delivery of clinical care such as not billing each day of a
multi-day chemotherapy regimen. For example, one recent
study found that 4% of chemotherapy receipt was recorded
in patient medical records, but did not appear in claims22.
Furthermore, billing codes are occasionally incomplete and
may not include every drug product in a regimen which
could be due to coding errors, billing practices (e.g. bundled
payments), or the timing of billing relative to expected

clinical treatment. Finally, while it may require more effort, it
is worthwhile to implement some exclusions manually fol-
lowing a thorough clinical review of the data output after
identification of the initial cohort to ensure appropriate
patients are excluded.

Our approach has some limitations. Administrative claims
data for observational research has inherent challenges in
that they are collected for reasons other than research,
which may lead to inaccurate or inconsistent results in
cohort identification. However, given the limitation that the
US healthcare system does not have a cohesive electronic
records system, administrative claims are a way to capture all
health care use per patient despite the known risk for coding

Figure 1. Final algorithm to identify cohorts of patients receiving multi-agent chemotherapy.
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errors that may confound, or at least complicate, cohort
identification. The BBCIC DRN represents a geographical dis-
tribution of patients across the US, it may not be nationally
representative. While some Commercial Medicare (e.g.
Medicare Advantage) data are available, government-admin-
istered Medicare or Medicaid data, or those from other gov-
ernment insurance plans are not included. Additionally, while
claims are a good resource for RWE studies, some assump-
tions may be difficult to validate based on the nature of
observational claims research. For example, as cancer stage
is not clearly delineated in claims data, identifying metastatic
disease poses additional challenges to researchers. This is of
particular importance since treatment regimens vary depend-
ing on whether the patient is receiving treatment with cura-
tive or palliative intent. Finally, in testing and iterating at
only one site there is a risk of overfitting the algorithm,
resulting in a lack of generalizability to other data sources, in
spite of our thorough understanding of all BBCIC DRN data.
We took several additional steps to avoid that risk: 1)
ensured capture of chemotherapy drugs associated with the
treatment regimen and eliminated only drugs from the algo-
rithm that would not be administered in the clinic during
the infusion, 2) widened the treatment window to allow for
lags or variations in billing relative to clinical care, and 3)
changed the order of inclusion criteria and moved some
exclusion criteria until after initial cohort extraction to allow
for data review without adding or removing criteria to satisfy
a single site.

This study provides critical information on the ability to
accurately identify patients receiving multi-agent chemother-
apy regimens for select cancers of interest. In noting our
iterative research process, we offer potential solutions for
other researchers to manage the challenges of performing
oncology studies with administrative data. Future studies
should include extrapolation of this approach to additional
data sources, and application of these algorithms to generate
cohorts for comparative safety and effectiveness studies from
administrative claims.
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