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ABSTRACT

Introduction:  New maintenance therapies to 
treat advanced ovarian cancer have added com-
plexity to identifying lines of therapy (LOTs) for 
real-world evidence (RWE) studies. This study 
evaluated the performance of a claims-based 
algorithm that identifies LOTs among patients 
with ovarian cancer using medical chart review 
validation.
Methods:  The algorithm was developed pre-
viously utilizing the Optum Research Data-
base (ORD), a US database that contains 

administrative claims data. To validate the algo-
rithm, LOT results generated using claims data 
vs chart data were compared at the patient level 
by calculating the percent agreement between 
total number of active and maintenance LOTs, 
type of therapy (neoadjuvant vs adjuvant classi-
fication), and type of regimen (individual drugs). 
Patients with a diagnosis of ovarian cancer who 
initiated chemotherapy between December 1, 
2014, and September 15, 2017, were included 
in the study. We report descriptive statistics, the 
percentage correspondence between medical 
records and claims data, and kappa statistics to 
measure the magnitude of agreement.
Results:  A total of 294 patients were included 
in the analysis; 164 received only chemotherapy 
and no maintenance, 77 received bevacizumab, 
and 53 patients received poly (ADP-ribose) 
polymerase inhibitors (PARPi). Mean age was 
64.9 years, and 47.3% had stage III cancer. The 
algorithm demonstrated substantial agreement 
between claims and medical records for total 
number of lines of active and maintenance ther-
apy (weighted kappa 0.65 and 0.62 p < 0.0001). 
There was moderate-to-substantial agreement 
for neoadjuvant and adjuvant therapy (kappa 
0.56 and 0.62 p < 0.0001). The algorithm per-
formed best at identifying early treatment with 
a regimen match of 82% and 88% agreement 
for first-line active and first-line maintenance, 
respectively.
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Conclusion:  We validated an administrative 
claims-based algorithm that demonstrates strong 
concordance with medical records for identify-
ing LOT among patients with ovarian cancer. 
The algorithm can be applied in future studies to 
analyze treatment patterns and outcomes.

PLAIN LANGUAGE SUMMARY

We created a method to identify treatments pre-
scribed to patients with ovarian cancer in health 
insurance claims databases, and then reviewed 
patients’ medical records to evaluate the level of 
accuracy. On a scale from 0 to 1, agreement for 
the number of treatments was 0.62–0.65, which 
represents substantial agreement. The name of 
the medication was also matched 82–88% of the 
time. This method using claims databases pro-
vides accurate information that can be utilized 
in the future.

Keywords:  Algorithm; Ovarian cancer; 
Validation; Line of therapy; Administrative 
claims data

Key Summary Points 

Why carry out this study?

With the advent of new maintenance thera-
pies to treat advanced ovarian cancer, bet-
ter methods of identifying lines of therapy 
(LOTs) for real-world evidence (RWE) studies 
are needed

The objective of this study was to evaluate 
the performance of a claims-based algorithm 
that identifies LOTs among patients with 
ovarian cancer using medical chart review 
validation

What was learned from the study?

Substantial agreement between the claims 
data and medical record dataset was observed 
for total number of lines of active and main-
tenance therapy (weighted kappa 0.65 and 
0.62, p < 0.0001)

There was moderate-to-substantial agreement 
for neoadjuvant and adjuvant therapy (kappa 
0.56 and 0.62, p < 0.0001)

The algorithm performed best at identifying 
early treatment with a regimen match of 82% 
and 88% agreement for first-line active and 
first-line maintenance, respectively

INTRODUCTION

Ovarian cancer is one of the leading causes of 
cancer mortality among women in developed 
countries, with an estimated 12,810 attribut-
able US deaths predicted to occur in 2022 [1]. 
Because of the nonspecific nature and lack of 
awareness of ovarian cancer symptoms, most 
patients present with advanced disease at the 
time of diagnosis [2]. For more than 2 decades, 
primary management of ovarian cancer has been 
comprised of cytoreductive surgery accompanied 
by platinum and taxane-based chemotherapy 
administered before or after surgery (neoadju-
vant and adjuvant chemotherapy, respectively) 
[3]. Most patients with ovarian cancer respond 
well to chemotherapy treatment [4]; however, 
the disease has a high recurrence rate, with up 
to 80% of patients experiencing relapse within 
5 years, following treatment with platinum-
based chemotherapy [5]. Recently, treatment 
options for ovarian cancer have expanded to 
include targeted therapies such as angiogenesis 
inhibitors and poly (ADP-ribose) polymerase 
inhibitors (PARPi), both of which have been 
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consistently shown to improve progression-
free survival in clinical trials [3]. The success of 
these new drug classes has effected an important 
shift in the ovarian cancer treatment landscape, 
either alone or in combination as a front-line 
maintenance therapy option for many patients 
[6].

While the introduction of new ovarian can-
cer therapies has improved patient outcomes, 
it has also added considerable complexity to 
the clinical decision-making process. Surgery 
plus adjuvant or neoadjuvant platinum com-
bination therapy remains the most common 
front-line treatment for ovarian cancer [7, 8]; 
however, less is known about treatment pat-
terns for subsequent lines of therapy or how 
clinical endpoints are affected by different regi-
men combinations [9, 10]. In light of the rapid 
pace at which treatment options for ovarian 
cancer are evolving, data on the use and effec-
tiveness of new regimens have been identified 
as a research priority [10]. Head-to-head con-
trolled clinical trials are considered the gold 
standard for evaluating treatment efficacy [11], 
but real-world evidence may provide additional 
insights on populations not included in trials 
especially with the ever-increasing number of 
possible regimen combinations that may not 
have been compared in randomized controlled 
trials (RTCs) [12]. Moreover, results obtained 
from clinical trials may differ from those seen 
in real-world practice, given that clinical trial 
populations are highly selected and tend to be 
younger, healthier, and more likely to have bet-
ter outcomes than real-world populations [13, 
14].

Because of these limitations, real-world evi-
dence is becoming increasingly important to 
help bridge evidence gaps that clinical trials are 
less able to address [15–17]. One commonly used 
source of real-world data today is administrative 
claims, which are created to document the inter-
actions of insurance plan members with health-
care systems and typically include information 
such as patient demographics, dates and sites 
of service, diagnosis and procedure codes, phar-
macy fills, and cost information [17, 18]. Admin-
istrative claims offer a rich source of longitudi-
nal health data with large sample sizes; however, 
an important limitation is that, because they are 

generated for medical billing purposes and not 
for research, they often lack detailed clinical 
information [17]. Regarding oncology research 
in particular, characteristics such as cancer stage, 
biomarker testing results, and mainly lines of 
treatment are difficult to glean from administra-
tive claims alone.

In recent years, administrative claims-based 
algorithms for identifying ovarian cancer cases 
have been used to describe patient characteris-
tics and healthcare resource utilization in this 
population [7, 19, 20], but to date, no validated 
algorithm has been available for identifying 
and characterizing the treatment lines to which 
patients were exposed—a critical tool for mean-
ingful evaluation of the real-world outcomes 
associated with different regimens. To address 
this need, the objective of the present study was 
to evaluate the performance of a claims-based 
algorithm that we previously developed to iden-
tify line of therapy (LOT) among patients with 
ovarian cancer using medical chart review vali-
dation [21]. This algorithm can be applied by 
researchers and payers to analyze ovarian cancer 
treatment patterns and patient outcomes using 
administrative claims data.

METHODS

Study Design and Data Sources

This was a retrospective observational study con-
ducted using administrative claims data linked 
with abstracted medical chart data to create an 
individual-level analytic database to support the 
study objectives.

We previously developed an algorithm [21] 
utilizing the Optum Research Database (ORD), 
a deidentified database containing medical and 
pharmacy claims data with linked enrollment 
information for individuals enrolled in health 
plans across the US. It is generally similar to the 
US insured population regarding age, race, sex, 
and geographic distribution. The ORD includes 
data from approximately 8% of US commer-
cial health plan enrollees and 18% of Medicare 
Advantage enrollees. Medical claims in the ORD 
include diagnosis and procedure codes from the 
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International Classification of Diseases, Ninth 
and Tenth Revisions, Clinical Modification (ICD-
9-CM and ICD-10-CM); Current Procedural Ter-
minology or Healthcare Common Procedure 
Coding System codes; site of service codes; paid 
amounts; and other information. Pharmacy 
claims in the ORD include drug name, National 
Drug Code, dosage form, drug strength, fill date, 
and financial information for outpatient phar-
macy services.

For each patient, one healthcare provider was 
identified from the administrative claims data 
and subsequently targeted for medical chart 
abstraction using a hierarchical process. Spe-
cifically, eligible providers were required to be 
oncologists, with priority given to those with 
the highest number of medical claims (with a 
diagnosis of epithelial ovarian, fallopian tube, or 
primary peritoneal cancer) for the given patient, 
with a claim date most proximal to the date of 
the first chemotherapy treatment. Upon pro-
curement, some charts may not have been eligi-
ble for abstraction. To be included, charts were 
required to indicate diagnosis of and treatment 
for ovarian cancer and to have at least 365 days 
of data available to abstract. Medical chart data 
were collected from a convenience sample of 
patients with providers willing to participate in 
the chart review process.

The study protocol was reviewed and 
approved by the New England Institutional 
Review Board (15 June 2020, #20,201,707). The 
study obtained a waiver of informed consent 
and a waiver of authorization under 45 CFR 
164.512(i).

Study Population and Cohort Assignment

The study population included adult female 
commercial and Medicare Advantage health 
plan enrollees who had a diagnosis of ovar-
ian cancer (at least 2 nondiagnostic medical 
claims ≥ 30 days apart for epithelial ovarian, fal-
lopian tube, or primary peritoneal cancer [ICD-
9-CM 183.0x, 183.2x; ICD-10-CM C56*, C570*]) 
and initiated a systemic chemotherapy (Supple-
mental Table S1) during the period of December 
1, 2014, through September 15, 2017 (initial 
identification period, Supplemental Fig.  S1). 

This initial identification period was used to 
identify initial LOTs for each patient. The date 
of the first chemotherapy treatment for ovarian 
cancer during the initial identification period 
was designated as the index date. Subsequent 
LOTs were identified during the remainder of 
the full identification period (September 15, 
2017, through November 30, 2019; Supplemen-
tal Fig. S1). Included patients were also required 
to have continuous health plan enrollment for 
the 6 months prior to the index date and at least 
6 months after the index date; patient identi-
fying information available to support medical 
chart abstraction; and medical charts eligible 
for abstraction. Patients were excluded if they 
had any of the following: a claim for pregnancy 
during the full identification period; a claim for 
systemic chemotherapy (Supplemental Table S1) 
during the baseline period; at least 2 non-diag-
nostic medical claims with a diagnosis for any 
cancer excluding epithelial ovarian, fallopian 
tube, primary peritoneal, genitourinary, exter-
nal genitalia, or intra-abdominal at least 30 days 
apart during the baseline period; medical chart 
evidence of any distal cancers that were not a 
metastasis of the ovarian cancer; or claims or 
medical chart evidence of clinical trial partici-
pation involving an active intervention such as 
medication or surgery.

Patients were assigned to study cohorts based 
on claims for ovarian cancer treatment dur-
ing the full identification period. Patients with 
a claim for PARPi (olaparib, niraparib, ruca-
parib) during the full identification period were 
assigned to the PARPi cohort; these patients may 
also have had a claim for bevacizumab during 
the identification period. Patients with a claim 
for bevacizumab but no claim for PARPi during 
the full identification period were assigned to 
the bevacizumab cohort. Finally, patients with 
no claims for PARPi or bevacizumab during the 
full identification period were assigned to the 
chemotherapy-only cohort.

Study Variables

Claims-based study variables were assessed dur-
ing the 6 months prior to the index date and 
for at least 6 months post-index (claims baseline 
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and follow-up periods, respectively; Supplemen-
tal Fig. S1). Chart-based study variables were 
assessed during the 3 months prior to the index 
date and for at least 12 months post-index (chart 
baseline and follow-up periods, respectively; 
Supplemental Fig.  S1). For both claims and 
chart data, the duration of the variable follow-
up period was a minimum of 6 months, a mean 
of 22 months, and a maximum of 33 months 
post-index. Baseline variables assessed from 
claims data included age, sex, insurance type, 
geographic region, baseline Charlson comorbid-
ity index score [22], and comorbid conditions 
identified using Clinical Classifications Software 
from the Agency for Healthcare Research and 
Quality [23]. Cancer stage at index date and 
cancer history and surgical history during the 
3-month baseline period were assessed from 
chart data. LOTs during follow-up were iden-
tified separately for claims and chart data, as 
described below.

Line of Therapy Identification

The claims algorithm was designed to identify 
LOTs based on the timing of events, therapies, 
and treatment gaps in a three-step process: (1) 
identify discrete treatment episodes of systemic 
therapy using treatment start dates and stop 
dates calculated from days’ supply; (2) iden-
tify neoadjuvant and adjuvant therapy among 
patients with evidence of surgery; (3) identify 
active and maintenance treatment. Detailed 
descriptions of each algorithm step are pre-
sented in Fig. 1. After treatment episodes had 
been identified using the three-step algorithm, 
all adjuvant and active treatment LOTs were cat-
egorized as Active LOT 1, Active LOT 2, etc., for 
up to five LOTs per patient. Maintenance lines 
following an active LOT were classified as Main-
tenance LOT X, with X corresponding to the 
number of the active LOT.

LOTs from chart data were identified similarly, 
with the following differences:

•	 Treatment start and stop dates were identi-
fied from medical charts. For dates that had a 
missing value for day but known month and 

year, the day was assigned as the 15th of the 
month.

•	 Identification of active and maintenance 
treatment was based on mention of the words 
“active” and “maintenance” in medical charts 
to describe treatment status or from other 
chart information sufficient to deduce treat-
ment status if “active” or “maintenance” was 
not mentioned.

Statistical Analysis

Baseline patient characteristics were analyzed 
descriptively and stratified by treatment cohort. 
To validate the algorithm, LOT results generated 
using claims data vs chart data were compared 
at the patient level by calculating the percent 
agreement between several characteristics, 
including total number of active and mainte-
nance LOTs, type of therapy (neoadjuvant vs 
adjuvant classification), and type of regimen 
(individual drugs). The magnitude of agreement 
between total LOT results and type of therapy 
for claims vs charts was assessed using Cohen’s 
kappa statistic (κ) or weighted k (to account for 
the presence of off-diagonal counts [24]), both of 
which were interpreted as follows: ≤ 0, no agree-
ment; 0.01–0.20, slight agreement; 0.21–0.40, 
fair agreement; 0.41–0.60, moderate agreement; 
0.61–0.80, substantial agreement; 0.81–1.00, 
almost perfect agreement. P-values ≤ 0.05 were 
considered to indicate statistical significance. 
All analyses were performed using SAS 9.4 (SAS 
Institute, Cary, NC, USA).

RESULTS

Study Sample

Among 3833 patients in the ORD with an ovar-
ian cancer diagnosis and systemic chemotherapy 
during the initial identification period, 820 met 
the remaining study criteria and were eligible for 
study participation (Supplemental Fig. S2). From 
these, 451 charts were procured. A total of 157 
charts were found to be ineligible for abstraction 
upon screening (< 365 days of chart data, n = 81; 
no ovarian cancer diagnosis, n = 34; no evidence 
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of ovarian cancer treatment, n = 20; other rea-
sons, n = 22). Having no ovarian cancer diag-
nosis or evidence of ovarian cancer treatment 
does not mean that the patient did not have 
these; rather, they were not documented during 
the observation period available in the chart. 
In these cases, the patient’s chart data were not 
included in the validation study. The remaining 
294 charts were abstracted and constituted the 

study population (PARPi, n = 53; bevacizumab, 
n = 77; chemotherapy only, n = 164).

Characteristics among the 294 patients whose 
charts were abstracted (mean [standard devia-
tion (SD)] age 64.9 [12.3] years) are presented 
in Table  1. Overall comorbidity burden was 
high, with 69.7% of patients having a Charlson 
score of ≥ 5. Common comorbidities included 
gastrointestinal disorders (77.6%), secondary 

Fig. 1   Three-step line of therapy algorithm. After treat-
ment episodes are identified using the algorithm, adjuvant 
and active treatment episodes (lines of therapy; LOTs) are 
categorized as Active LOT 1, Active LOT 2, etc. Mainte-
nance lines following an active LOT are classified as Main-
tenance LOT X, with X corresponding to the number of 
the active LOT. aSystemic chemotherapies are listed in 
Supplemental Table  S1. Leucovorin was not identified as 

a chemotherapy, even though it may be given in conjunc-
tion with chemotherapy. bSwitching between platinum 
agents (cisplatin, oxaliplatin, and carboplatin) or switch-
ing between docetaxel and paclitaxel was not considered 
to constitute the end of a treatment episode. cPoly (ADP-
ribose) polymerase inhibitor (olaparib, niraparib, or ruca-
parib)
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Table 1   Baseline patient characteristics by treatment cohort

Characteristic Total,
N = 294

PARPi,
n = 53

Bevaci-
zumab,
n = 77

Chemo. only,
n = 164

Age, years, mean (SD) 64.9 (12.3) 66.0 (10.8) 66.9 (9.5) 63.6 (13.7)

 Region, n (%)

 Northeast 38 (12.9) 5 (9.4) 7 (9.1) 26 (15.9)

 Midwest 102 (34.7) 19 (35.9) 30 (39.0) 53 (32.3)

 South 129 (43.9) 24 (45.3) 34 (44.2) 71 (43.3)

 West 25 (8.5) 5 (9.4) 6 (7.8) 14 (8.5)

Insurance type, n (%)

 Commercial 111 (37.8) 14 (26.4) 28 (36.4) 69 (42.1)

 Medicare 183 (62.2) 39 (73.6) 49 (63.6) 95 (57.9)

Charlson comorbidity score category, n (%)

 0 8 (2.7) 2 (3.8) 1 (1.3) 5 (3.1)

 1–2 53 (18) 7 (13.2) 11 (14.3) 35 (21.3)

 3–4 28 (9.5) 5 (9.4) 11 (14.3) 12 (7.3)

 5 +  205 (69.7) 39 (73.6) 54 (70.1) 112 (68.3)

Top 10 AHRQ comorbiditiesa, n (%)

 Other gastrointestinal disordersb 228 (77.6) 43 (81.1) 48 (62.3) 137 (83.5)

 Secondary malignancies 200 (68.0) 42 (79.3) 53 (68.8) 105 (64.0)

 Diseases of female genital organs 172 (58.5) 25 (47.2) 31 (40.3) 116 (70.7)

 Hypertension 165 (56.1) 27 (50.9) 40 (52.0) 98 (59.8)

 Other lower respiratory diseasec 151 (51.4) 26 (49.1) 41 (53.3) 84 (51.2)

 Diseases of the urinary system 151 (51.4) 25 (47.2) 34 (44.2) 92 (56.1)

 Diseases of the heart 132 (44.9) 23 (43.4) 36 (46.8) 73 (44.5)

 Disorders of lipid metabolism 126 (42.9) 20 (37.7) 33 (42.9) 73 (44.5)

 Other nutritional, endocrine, metabolic disordersd 122 (41.5) 23 (43.4) 29 (37.7) 70 (42.7)

 Other nervous system disorderse 108 (36.7) 21 (39.6) 26 (33.8) 61 (37.2)

Cancer stage on index date, n (%)

 Stage I 34 (11.6) 0 (0.0) 2 (2.6) 32 (19.5)

 Stage II 21 (7.1) 1 (1.9) 0 (0.0) 20 (12.2)

 Stage III 139 (47.3) 36 (67.9) 38 (49.4) 65 (39.6)

 Stage IV 50 (17.0) 10 (18.9) 20 (26.0) 20 (12.2)
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malignancies (68.0%), hypertension (56.1%), 
other lower respiratory disease (51.4%), and 
heart disease (44.9%). Nearly half of patients 
(47.3%) had stage III cancer at the index date, 
45.9% had undergone ovarian cancer-related 
surgery during the 3-month baseline period, 
20.8% had recurrent ovarian cancer, and 19.1% 
had a history of other genitourinary, external 
genital, or intra-abdominal cancer.

Algorithm Performance

The claims algorithm demonstrated substantial 
agreement with medical records for identify-
ing total number of LOTs. Percent agreement 
and weighted kappa statistics for identifying 
the total number of active and maintenance 
LOTs are presented in Table 2; weighted kap-
pas for active and maintenance LOTs were 0.65 
and 0.62, respectively (p < 0.001 for both). The 
algorithm demonstrated moderate-to-substan-
tial agreement with medical records for iden-
tifying the type of therapy. Kappa statistics for 
identifying neoadjuvant and adjuvant therapy 

among patients with surgery were 0.56 and 
0.62, respectively (p < 0.001 for both) (Table 3).

Active and maintenance treatment regi-
mens identified from claims were the same as 
those identified from charts for 50–86% and 
88–100% of patients, respectively, depending 
on LOT number (Fig.  2). Algorithm perfor-
mance for regimen match was best for iden-
tifying early vs later regimens; for example, 
percent agreement for active LOTs 1 and 2 was 
82% and 86%, respectively, compared with 
78% and 75% agreement for active LOTs 3 and 
4, respectively, and 50% for LOT 5.

DISCUSSION

Real-world evidence is a valuable tool for evalu-
ating ovarian cancer outcomes in an increas-
ingly complex treatment landscape; however, 
the utility of administrative claims for this 
purpose has been limited by the unavailability 
of certain clinical information in claims data. 
We developed an algorithm to identify and 

AHRQ Agency for Healthcare Research and Quality, chemo. chemotherapy, PARPi poly (ADP-ribose) polymerase inhibitor, 
SD standard deviation
a Excluding cancer of ovary and other female genital organs
b Includes constipation, dysphagia, and other/unspecified gastrointestinal disorders
c Includes postinflammatory pulmonary fibrosis, painful respiration, and other/unspecified lower respiratory disease
d Includes disorders of mineral metabolism; obesity; and other/unspecified metabolic, nutritional, and endocrine disorders
e Includes disorders of the peripheral nervous system and other central nervous system symptoms/disorders
f Includes genitourinary, external genitalia, and intra-abdominal cancers; patients with any other cancer type during the base-
line period were previously removed from the analysis

Table 1   continued

Characteristic Total,
N = 294

PARPi,
n = 53

Bevaci-
zumab,
n = 77

Chemo. only,
n = 164

 Not available 50 (17.0) 6 (11.3) 17 (22.1) 27 (16.5)

Cancer and surgical history during
3-month baseline period, n (%)

 Ovarian cancer–related surgery 135 (45.9) 18 (34.0) 18 (23.4) 99 (60.4)

 Recurrent ovarian cancer 61 (20.8) 14 (26.4) 27 (35.1) 20 (12.2)
 History of other cancerf 56 (19.1) 6 (11.3) 13 (16.9) 37 (22.6)
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characterize ovarian cancer LOTs from insur-
ance claims data by identifying discrete treat-
ment episodes, distinguishing neoadjuvant 
from adjuvant therapy, and categorizing LOTs 
as active or maintenance treatment. Valida-
tion of this algorithm against abstracted medi-
cal chart data revealed substantial concordance 
with medical records for both the total number 
of LOTs identified and the type of therapy. There 
was a better match for earlier LOTs, in particu-
lar LOT 1. After first-line therapy, there is more 
heterogeneity in treatments and patients may 
switch more often. We also had smaller num-
bers in the later LOTs. For active LOTs 1 through 
3—the LOTs that included the highest patient 

numbers—regimens identified via the claims 
algorithm matched those identified from medi-
cal chart data for 78–86% of patients. Similarly, 
maintenance treatment regimens identified via 
claims matched those identified via chart for 
88% of patients in LOT 1 and 89% of patients 
in LOT 2.

While validated algorithms to identify inci-
dent or advanced-stage ovarian cancer from 
administrative claims data have been reported 
previously [25, 26], this study is the first to our 
knowledge to present a validated claims-based 
algorithm for characterizing ovarian cancer 
LOTs, treatment type, and treatment regimens. 
A similar algorithm was recently utilized by 

Table 2   Algorithm performance: total active and maintenance LOTs identified by both claims algorithm and chart abstrac-
tion

LOT line of therapy
Data are presented as n (%) where the % is calculated from the total number of patients (active N = 293, maintenance 
N = 294). Bolded cells in the diagonal indicate exact matches between claims and chart
a The kappa statistic (κ) is interpreted as follows: ≤ 0, no agreement; 0.01–0.20, slight agreement; 0.21–0.40, fair agreement; 
0.41–0.60, moderate agreement; 0.61–0.80, substantial agreement; 0.81–1.00, almost perfect agreement
b P-values test whether the estimated kappa is not due to chance. They do not test the strength of agreement. Also, p-values 
are sensitive to sample size
c One patient had > 5 total active LOTs and is not included in this analysis

Total LOTs identi-
fied by claims 
algorithm

Total LOTs identified by chart abstraction Κa Weighted 
κa

P-valueb

Active (N = 293)c None (n = 17) 1 (n = 178) 2 (n = 52) 3 (n = 31) 4 (n = 8) 5 (n = 7)

 None 1 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0.57 0.65  < 0.001

 1 13 (4%) 153 (52%) 8 (3%) 0 (0%) 3 (1%) 1 (0%)

 2 2 (1%) 18 (6%) 40 (14%) 5 (2%) 0 (0%) 0 (0%)

 3 1 (0%) 4 (1%) 3 (1%) 22 (8%) 3 (1%) 0 (0%)

 4 0 (0%) 2 (1%) 1 (0%) 3 (1%) 1 (0%) 2 (1%)

 5 0 (0%) 1 (0%) 0 (0%) 1 (0%) 1 (0%) 4 (1%)

Maintenance 
(N = 294)

None (n = 262) 1 (n = 19) 2 (n = 11) 3 (n = 2)

 None 247 (84%) 3 (1%) 2 (1%) 1 (0%) – – 0.62 0.62  < 0.001

 1 8 (3%) 13 (4%) 1 (0%) 0 (0%) – –

 2 5 (2%) 3 (1%) 8 (3%) 0 (0%) – –
 3 2 (1%) 0 (0%) 0 (0%) 1 (0%) – –
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Simmons et al. (2022) to describe healthcare 
resource utilization and costs associated with 
progression of ovarian cancer [21]. In the Sim-
mons et al. study, the start of a new LOT was 
used as a proxy for disease progression; however, 
this approach required data review by clinical 
experts to verify that active and maintenance 
treatment lines had been accurately identified 
[21]. The validated algorithm presented here 
will allow researchers to identify LOT among 
patients with ovarian cancer from administrative 
claims data with less need for medical review, 
facilitating the conduct of population-level stud-
ies based on claims databases in the future. In 
addition, the present algorithm was shown to 
discriminate neoadjuvant from adjuvant ther-
apy, which previous claims algorithms have not 
incorporated [7, 21]. However, the claims algo-
rithm may overestimate adjuvant and underes-
timate neoadjuvant. Of the LOTs identified by 
the chart as neoadjuvant (56), less than half [26] 
were identified by the algorithm, and of the 208 
charts identified as adjuvant by the algorithm, 
approximately one-third (48) were not identi-
fied by charts. In the future, it may be possible 
to adjust this algorithm to better identify this 
classification. While the current algorithm has 
limitations, it does provide a method to identify 
lines of therapy in this patient population.

Given the increasing importance of real-world 
evidence for informing treatment decisions in 
oncology [17, 18], this LOT algorithm repre-
sents a valuable tool for leveraging administra-
tive claims to conduct robust analyses of ovar-
ian cancer treatments in clinical practice. Data 
from such studies could be leveraged to deter-
mine current treatment patterns and treatment 
sequencing for ovarian cancer both overall and 
among particular patient groups—for example, 
patients who had a short time to progression 
after first-line treatment or who are on more-
advanced lines of therapy—to help identify 
treatment pathways that are associated with 
better clinical and economic outcomes.

Study Strengths and Limitations

Strengths of this study include a sample drawn 
from the ORD, which represents both commer-
cial and Medicare Advantage enrollees and has 
a broad geographic distribution across the US, 
and the inclusion of treatment and healthcare 
utilization information from all of a patient’s 
healthcare providers to capture the full impact 
of care for ovarian cancer.

This study also has several limitations. First, 
as this analysis included abstraction of charts 

Table 3   Algorithm performance: identification of neoadjuvant and adjuvant therapy

LOT line of therapy
a The kappa statistic (κ) is interpreted as follows: ≤ 0, no agreement; 0.01–0.20, slight agreement; 0.21–0.40, fair agreement; 
0.41–0.60, moderate agreement; 0.61–0.80, substantial agreement; 0.81–1.00, almost perfect agreement
b P-values test whether the estimated kappa is not due to chance. They do not test the strength of agreement. Also, p-values 
are sensitive to sample size
c Percentages are calculated among the total study population (N = 294)

LOTs identified in claims LOTs identified by chart abstraction κa P-valueb

Neoadjuvant, n (%)c Yes No

 Yes 26 (9%) 2 (1%) 0.56  < 0.001

 No 30 (10%) 236 (80%)

Adjuvant, n (%)c Yes No

 Yes 160 (54%) 48 (16%) 0.62  < 0.001

 No 5 (2%) 81 (28%)
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from a single oncology provider per patient, 
some clinical data may have been missing for 
patients treated by multiple providers. In addi-
tion, only a subset of patients identified in the 
claims was available for chart review (1378 out 
of 1773), and only a proportion of patients’ 
providers agreed to participate (451 out of 
820 agreed to participate and 294 charts were 
eligible). Second, although up to 33 months 
of follow-up data were collected in the chart 
review, not all charts had this length of fol-
low-up. Third, patient numbers in later LOTs 

were small. Results may not be generalizable 
to uninsured populations because the study 
sample was selected from among patients with 
commercial or Medicare Advantage insur-
ance. The sample included more patients with 
Medicare Advantage insurance (62%) and may 
have been skewed more towards how Medicare 
Advantage patients are treated, but we do not 
know the impact of this. Finally, the algorithm 
has not been tested outside of the ORD. Future 
work could test this algorithm in different data 
sources.

CONCLUSION

We developed and validated an administrative 
claims-based algorithm that demonstrates sub-
stantial concordance with medical records for 
identifying LOT among patients with ovarian 
cancer. The algorithm can be applied in future 
studies to analyze treatment patterns and out-
comes in this patient population using admin-
istrative claims data.
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