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Abstract

Background Randomized controlled trials (RCTs) are a critical component of evidence-based medicine

and the evolution of patient care. However, the costs of conducting a RCT can be prohibitive. A promising approach
toward reduction of costs and lessening of the burden of intensive and lengthy patient follow-up is the use of rou-
tinely collected healthcare data (RCHD), commonly called real-world data. We propose a scoping review to identify
existing RCHD case definitions of breast cancer progression and survival and their diagnostic performance.

Methods We will search MEDLINE, EMBASE, and CINAHL to identify primary studies of women with either early-
stage or metastatic breast cancer, managed with established therapies, that evaluated the diagnostic accuracy

of one or more RCHD-based case definitions or algorithms of disease progression (i.e., recurrence, progression-free
survival, disease-free survival, or invasive disease-free survival) or survival (i.e., breast-cancer-free survival or overall
survival) compared with a reference standard measure (e.g., chart review or a clinical trial dataset). Study charac-
teristics and descriptions of algorithms will be extracted along with measures of the diagnostic accuracy of each
algorithm (e.g,, sensitivity, specificity, positive predictive value, negative predictive value), which will be summarized
both descriptively and in structured figures/tables.

Discussion Findings from this scoping review will be clinically meaningful for breast cancer researchers globally.
Identification of feasible and accurate strategies to measure patient-important outcomes will potentially reduce RCT
budgets as well as lessen the burden of intensive trial follow-up on patients.
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Background
Significant advances have been made in the treatment
of early-stage breast cancer through the performance of
large, randomised controlled trials (RCTs). However, tra-
ditional, large RCTs comparing adjuvant interventions
are challenging and expensive to conduct, with the aver-
age per-study cost for a Phase III US oncology trial esti-
mated to be $22.1 million USD [1]. Historically in breast
cancer trials, the gold standard for collecting well estab-
lished efficacy endpoints [2] related to disease progres-
sion, including recurrence, disease-free survival (DES),
invasive disease-free survival (iDFS), overall survival
(OS), progression-free survival (PFS), and invasive breast
cancer-free survival (iDFS) has been prospective, individ-
ual patient follow-up. However, low occurrence rates of
these outcomes often result in limited numbers of events
over long follow-up periods, high financial costs of study
staff and testing regimens, and significant burdens on
trial participants. Novel trial designs may reduce some of
these challenges and the expense of intensive individual
patient follow-up. One potential strategy is the exploita-
tion of routinely collected healthcare data (e.g., adminis-
trative data) from one or more source databases [3—7].
Routinely collected healthcare data (RCHD; or real-
world data) are data that have been systematically col-
lected for reasons other than research or without specific
research questions. Examples of RCHD include infor-
mation from electronic health records (EHRs), health
administration data, disease registries, and epidemiologic
surveillance systems [6]. Administrative data have been
shown to be a compelling source of long-term compara-
tive effectiveness data in registry based RCTs, demon-
strating minimal losses to follow-up for rare outcomes
that require long follow-up periods [8]. In cardiovascular
research, investigators have used RCHD by integrating
administrative data and EHRs to create a cardiovascular-
specific database that supports data analytics in their
field [9]. Similarly, harmonized data sets such as the
administrative datasets housed at the Institute for Clini-
cal Evaluative Sciences (ICES) in Ontario, Canada, have
been shown to have the potential to improve the econ-
omy and quality of data collected in clinical trials, while
minimizing data collection burdens on patients [10, 11].
Furthermore, with patient consent, prospective link-
age of personal data with health administrative records
was both feasible and accurate [11, 12]. Another study
of the utility of health administrative data to identify
breast cancer recurrence in reproductive-aged women
found that recurrence could be detected with moderate
validity using a case definition of greater than or equal
to 10 months between original diagnosis date and the
subsequent appearance of two or more cancer diagno-
sis codes [13]. The validity of detection of breast cancer
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recurrence in administrative datasets may be further
improved using computer-coded algorithms of high sen-
sitivity and specificity.

Breast cancer recurrence is not directly captured in
RCHD sources with a diagnostic code [14], such as an
ICD-9/10 code, and instead must be inferred from the
accumulation of other diagnostic codes and health sys-
tem contacts made by the patient during the investigation
of potential disease progression. The presence of diag-
nostic codes—including additional diagnoses, laboratory
tests, imaging evaluations, and drug prescriptions—in
a patient’s electronic health information and their tim-
ing relative to the initial breast cancer diagnosis may be
analysed to identify patterns indicative of incident dis-
ease progression. Detection of such codes or patterns can
identify a patient for follow-up by the study team to con-
firm if a disease progression event has occurred. The tar-
geted follow-up of only trial participants that likely have
experienced disease progression reduces the high costs
and burdens of scheduled follow-up at regular intervals
required of all RCT participants in order to collect data
on both disease progression and survival. Additionally,
case definitions for disease progression based upon diag-
nostic codes in RCHD can be used to inform outcome
identification for the purposes of data analysis. This strat-
egy can also reduce costs and provide an advantageous
source of long-term follow-up information.

The use of RCHD also has limitations [10, 11, 15, 16].
Generally, only quantitative data are available for specific
outcomes, such as survival or hospital visits, which lim-
its the scope of research objectives that can be addressed.
Qualitative health behaviours and other endpoints of
importance in oncology studies, such as the occurrence
of and date of disease recurrence for calculations of DFS
or PFS, cannot be routinely analysed. Systematic reviews
of the use of administrative data for non-cancer condi-
tions such as sepsis, heart failure, and neurologic con-
ditions have shown that the diagnostic performance of
endpoint detection algorithms can vary notably in rela-
tion to the number of codes used [17—-19]. We will extend
previous review strategies to breast cancer by conduct-
ing a scoping review to map the features and diagnostic
performance of existing case definitions and algorithms
using RCHD that have been used to define recurrence,
DFS, iDFS, OS, and breast-cancer-free survival (BCFS)
in early-stage breast cancer patients (ie., neo/adjuvant
patients), as well as PFS and OS in metastatic breast can-
cer patients.

Methods

This scoping review will be performed in consideration of
methods guidance from JBI (formerly the Joanna Briggs
Institute) [20, 21]. This protocol has been registered with
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the Open Science Framework (https://doi.org/10.17605/
OSEIO/6DIRS); given the iterative nature of scoping
reviews, protocol amendments with their rationale will
be documented in the completed review. This protocol
has been reported with consideration of the Preferred
Reporting Items for Systematic Review and Meta-Anal-
ysis Extension Statement for Protocols (PRISMA-P) [22,
23] and reporting of the final review will be guided by
the PRISMA Extension Statement for Scoping Reviews
(PRISMA-ScR) [24]. We will address the following review
questions:

1. What existing case definitions in terms of diagnostic
and billing codes within RCHD sources, their tim-
ing relative to original breast cancer diagnosis, or
other features have been studied to identify disease
progression and survival events in breast cancer
patients?

2. What was the diagnostic performance of these case
definitions compared to a reference standard, as
measured by sensitivity, specificity, positive predic-
tive value (PPV), negative predictive value (NPV)
and/or other measures?

Study eligibility criteria

We will use the following selection criteria to identify rel-
evant studies for the planned review, guided by the Popu-
lation — Concept — Context (PCC) framework.

Population

Women with either early-stage or metastatic breast can-
cer managed with established breast cancer therapies
(e.g., chemotherapy, radiation, repeat surgery). Sample of
mixed cancer populations (e.g., breast cancer and colon
cancer) will be excluded unless separate findings have
been reported specific to breast cancer.

Concept

Primary studies examining the diagnostic accuracy of
one or more case definitions or algorithms of disease pro-
gression (i.e., recurrence, PFS, DFS, or iDFS) or survival
(i.e., BCFS or OS) compared with a reference standard
measure (e.g., chart review, clinical trial dataset). Diag-
nostic accuracy is anticipated to be reported as sensitiv-
ity, specificity, PPV, NPV, or an estimate of area under the
curve (AUC), however other measures of agreement will
also be considered. Case definitions and algorithms must
have been applied to RCHD/administrative data sources
or EHRs, with the goal of detection or estimation of time
of occurrence of one or more of the progression or sur-
vival events above. Studies involving the use of machine
learning methods such as natural language processing to
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process unstructured data (e.g., clinician notes from elec-
tronic health records) for use in case definitions will also
be of interest. Algorithms or models developed to pre-
dict future survival or another endpoint will be excluded.
Studies focusing on differences in algorithm diagnostic
accuracy with different data sources will be excluded.

Context

Studies from any geographic region will be of interest.
Only studies published in English will be sought, without
restriction on date of publication.

Information sources and searching the literature
Literature search strategies will be developed for MED-
LINE, EMBASE, and CINAHL using controlled vocabu-
lary (e.g., MEDLINE subject headings) and free-text
words by an experienced information specialist with
input from the project team (see Appendix). A second
information specialist will peer review the strategies
using the Peer Review of Electronic Search Strategies
(PRESS) Checklist [25]. Searches will be restricted to the
English language and animal records will be removed.

Processes for study selection

Records will be downloaded and deduplicated using End-
Note version 9.3.3 (Clarivate Analytics) and uploaded
to the online systematic review software DistillerSR®
(Evidence Partners Inc, Ottawa, Canada). Screening of
citations will be conducted by two independent review-
ers first using titles and abstracts (Stage 1 screen). The
full texts of the potentially relevant citations identified
at Stage 1 will be further screened by two independent
reviewers (Stage 2 screen). A calibration exercise will pre-
cede both stages of screening to ensure consistency in the
application of eligibility criteria by reviewers (batches of
50 to 100 citations at Stage 1 and batches of five full texts
at Stage 2, until conflicts are less than 5% and all review-
ers are comfortable with the screening criteria). Conflicts
during screening will be resolved by discussion until con-
sensus is reached or by consultation with a third review
team member. In the final review report, we will docu-
ment the study selection process using a PRISMA flow
diagram and include a list of studies excluded at Stage 2
screening, with reasons for exclusion [26].

Use of artificial intelligence - stage 1 screening

The artificial intelligence/machine learning (AI/ML) fea-
ture of DistillerSR® will be used to perform prioritized
Stage 1 screening [27]. The AI/ML algorithm will be
trained by the reviewers, who will begin by screening a
small number of known relevant citations along with an
additional random sample of citations from the search
results to a total of 200 citations. This will expose the Al/
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ML tool to both relevant and non-relevant citations. The
AI/ML tool will subsequently generate relevance scores
for the remaining citations (i.e., an estimate of the prob-
ability of relevance), which will be used to order the cita-
tions from high to low potential relevance as they are
presented to the review team for screening. The tool
will continue to learn and re-order citations through-
out Stage 1 screening. The study team will monitor and
resolve conflicts frequently throughout Stage 1 screen-
ing to ensure the AI/ML tool continues to be trained on
accurate selection decisions. The study team will moni-
tor the proportion of predicted relevant references that
have been found (a measure approximated by the Al/
ML tool) as well as the decline in new relevant citations
identified over time. Once 95% of predicted relevant ref-
erences have been identified and the yield of new relevant
citations is minimal, the AI/ML tool will be used as a
single reviewer to exclude all remaining unscreened cita-
tions. A single human reviewer will continue to screen
all citations and will re-engage a second human team
member at any time there is a disagreement with the Al/
ML screener. This process will allow for efficiencies in
Stage 1 screening, while ensuring two reviewers can still
be involved as needed to minimize the risk of omissions
related to use of the AI/ML tool. Members of the study
team (BH, DW) have several years of experience in the
use of DistillerSR’s AI/ML tool and will lead its imple-
mentation in this scoping review.

Data collection

Once all relevant studies have been identified, data
extraction will be performed by two reviewers using a
standardized extraction form in DistillerSR® software.
A pilot extraction exercise will first be performed on a
selection of three studies to ensure consistency between
reviewers. Data collection will consist of gathering the
following information from each included publication:
study characteristics (e.g., authors, year/journal of pub-
lication, country of study performance, breast cancer
population [early-stage versus metastatic]), treatment
characteristics (e.g. endocrine therapy, chemotherapy,
biological-targeted therapies), data source characteristics
(e.g. name, location, type), study methods (e.g., descrip-
tion of algorithms/case definitions assessed, data link-
age information, type of reference standard group,
years of data studied, description of enrolment criteria
of study population, statistical methods used to assess
performance characteristics), data summaries related
to diagnostic accuracy of each algorithm evaluated
(e.g., sensitivity, specificity, PPV, NPV, or related data
if these measures are not reported, but information to
inform their calculation are available), and a summary of
authors’ cited limitations and conclusions. No risk of bias
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appraisals will be performed, in alignment with common
practice for scoping reviews [21].

Data analysis

Given the chosen scoping review design and data types
extracted, we will employ a descriptive approach to syn-
thesis to summarize the methods and findings of the
included studies, supplemented by use of tables and fig-
ures to convey key data. Presentation of results will be
stratified by outcome. We will use tables to present infor-
mation regarding study populations (i.e., key clinical fea-
tures, years of study data and geographic setting), study
design characteristics (e.g., nature of reference standard,
study size, relevant information regarding data linkages),
and details regarding the algorithm employed to assess
the outcome(s) of interest (e.g., ICD codes used and other
pertinent information). Diagnostic accuracy for each
of the algorithms or case definitions used per outcome
(i.e., sensitivity, specificity, PPV, NPV) will be summa-
rized both descriptively and in structured figures/tables
as determined to be most intuitive by the research team.
Comparisons with clinical trial data (if discussed) and
study limitations will be similarly summarized. Quantita-
tive results will also be described in tables and figures.

Discussion

Findings from this scoping review will be clinically mean-
ingful for breast cancer researchers. Our research team,
the RE-thinking Clinical Trials Program (REaCT; https://
react.ohri.ca), is Canada’s largest pragmatic oncology
trials program based in Ontario, Canada. In addition
to performing pragmatic trials, the REaCT mandate is
to identify feasible and accurate strategies to measure
patient-important outcomes in ways that lessen burden
for patients. To date this has included strategies such as
implementing oral consent, avoidance of trial-mandated
clinic visits and the use of virtual visit techniques to make
trial participation available for patients irrespective of
how far they live from a cancer centre [28]. Despite these
strategies, long-term follow-up of patients remains a
costly component of performing clinical trials and can
be cost prohibitive for obtaining peer-reviewed funding
for innovative studies that could significantly improve
the care of cancer patients. Hence, if the using real-world
data enables patients to be reliably followed for various
clinical trial endpoints, it could provide a paradigm shift
that will reduce study budgets and make study partici-
pation easier for patients and their families. Such ben-
efit would be a major improvement both in Canada and
globally.
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Appendix
Search strategy
Ovid MEDLINE(R) ALL - search strategy

1 exp Breast Neoplasms/ (328438)

2 ((breast* or mamma or mammar*) adj3 (cancer* or
carcinoid* or carcinoma* or carcinogen* or adenocar-
cinoma* or adeno-carcinoma* or malignan* or neopla-
sia* or neoplasm* or sarcoma* or tumour* or tumor*)).
tw,kw,kf. (400011)

31or2 [BREAST CANCER] (461908)

4 “International Classification of Diseases”/ (9120)

5 ((international classification adj2 disease?) or ICD
or ICD9* or ICD-9* or ICD10* or ICD-10* or ICD11 or
ICD-11%).tw,kw,kf. (53024)

6 “Datasets as Topic”/ (7262)

7 “Databases as Topic”/ (9689)

8 “Databases, Factual”/ (95378)

9 (data or database* or data base* or databank* or
data bank* or dataset? or data set? or data warehouse?).
ti, kw,kf. (338996)

10 ((admin* or billing* or claim? or diagnos* or dis-
charg* or factual or hospital* or insurance or link* or
managed care or patient* or utili#ation) adj3 (data or
database* or data base* or databank* or data bank* or
dataset? or data set? or data warehouse?)).tw,kw,kf.
(327596)

11 exp Medical Records/ (156584)

12 Hospital Records/ (3391)

13 Records/ (6443)

14 (chart* or code or coded or codes or coding* or
record?).ti,kw,kf. (125184)

15 ((admin* or billing* or claim? or clinical or diag-
nos* or discharg* or health or health care or healthcare
or hospital* or insurance or link* or managed care or
medical* or patient* or utili#ation*) adj3 (chart* or code
or coded or codes or coding* or record?)).tw,kw,Xkf.
(295753)

16 ((EHR or EMR or EPR) adjlO (electronic* or
record*)).tw,kw,kf. (11051)

17 ((admin* or billing* or claim? or diagnos* or dis-
charg* or hospital* or insurance or link* or managed care
or utili#ation) adj3 (data or database* or data base* or
databank* or data bank* or dataset? or data set? or data
warehouse?)).tw,kw,kf. (140677)

18 Registries/ (104981)

19 (register? or register-based or registry* or regis-
tries*).tw,kw,kf. (239758)

20 (eregister® or e-register* or eregistr* or e-registr*).
tw,kw, kf. (114)

21 (rRCT or rRCTs).tw,kw,kf. (20)

22 Classification/ (10588)
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23 (classify* or classification* or misclassify* or mis-
classify* or misclassification* or mis-classification®).
tw,kw,kf. (456876)

24 case definition*.tw,kw,kf. (6615)

25 Routinely Collected Health Data/ (74)

26 (routine* adj3 (data or database* or data base* or
databank* or data bank* or dataset? or data set? or data
warehouse?)).tw,kw,kf. (13111)

27 (real-world adj3 (data or database* or data base* or
databank* or data bank* or dataset? or data set? or data
warehouse?)).tw,kw,kf. (11814)

28 ((RCHD or RWD) adj10 (real or routine* or data)).
tw,kw,kf. (333)

29 Health Information Systems/ (1549)

30 Health Surveys/ (66301)

31 *“Surveys and Questionnaires”/ (49904)

32 survey*.ti,kw,kf. (190635)

33 Population Surveillance/ (62371)

34 surveillance®.ti,kw,kf. (61469)

35 ((epidemiolog* or population* or disease* or breast
or cancer* or carcinoid* or carcinoma* or carcinogen®
or adenocarcinoma* or adeno-carcinoma* or malignan®
or neoplasia* or neoplasm* or sarcoma* or tumour® or
tumor*) adj3 (survey* or surveillance*)).tw,kw,kf. (89183)

36 “Surveillance, Epidemiology, and End Results”
tw,kw,kf. (12432)

37 SEER.tw,kw,kf. (104:33)

38 or/4-37 [DATA/RECORDS/REGISTRIES ETC]
(2154144)

39 3 and 38 [BREAST CANCER - DATA/RECORDS/
REGISTRIES ETC] (47801)

40 Validation Study.pt. (109068)

41 Validation Studies as Topic/ (2394)

42 valid*.tw,kw,kf. (905538)

43 exp “Reproducibility of Results”/ (450043)

44 reproducib®*.tw,kw,kf. (182545)

45 reliab®.tw,kw,kf. (562582)

46 exp Data Collection/st [standards] (45243)

47 “Datasets as Topic”/st [standards] (225)

48 “Databases as Topic”/st [standards] (232)

49 “Databases, Factual”/st [standards] (2081)

50 “International Classification of Diseases”/st [stand-
ards] (653)

51 exp Records/st [standards] (15423)

52 Data Accuracy/ (3604)

53 (accura* adj3 (data or database* or data base* or
databank* or data bank* or dataset? or data set? or data
warehouse?)).tw,kw,kf. (19842)

54 (accura* adj3 (chart* or code or coded or codes or
coding* or record?)).tw,kw,kf. (3129)

55 (accura* adj3 classif*).tw,kw,kf. (22721)

56 (accura* adj3 ICD*).tw,kw,kf. (238)

57 exp “Forms and Records Control”/ (10170)
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58 ((defin* or gold or reference) adj standard*).tw,kw,kf.
(104286)

59 ascertain®.tw,kw,kf. (103232)

60 Algorithms/ (289567)

61 algorithm*.tw,kw,kf. (318830)

62 ((chart* or note* or record*) adj3 (audit* or review*)).
tw, kw,kf. (129096)

63 (crosscheck* or cross-check*).tw,kw,kf. (2444)

64 agreement®.ti,kw,kf. (13086)

65 agree*.ab. /freq=2 (84904)

66 concordan®.tw,kw,kf. (78278)

67 or/40-66 [VALIDITY] (2482105)

68 39 and 67 [BREAST CANCER - RECORDS/DATA/
REGISTRIES ETC - VALIDITY] (12586)

69 exp Animals/ not Humans/ (5023939)

70 68 not 69 [ANIMAL-ONLY REMOVED] (12536)

71 limit 70 to english (12198) [LANGUAGE LIMIT
APPLIED]

72 exp Breast Neoplasms/mo [mortality] (24987)

73 Mortality/ (48915)

74 Fatal Outcome/ (66244)

75 (fatalit* or mortalit* or death*).tw,kw,kf. (1691608)

76 Recurrence/ (195320)

77 Neoplasm Recurrence, Local/ (137394)

78 (recur* or recrudescenc* or relaps* or recidive* or
secondar* or relaps* or progressive or progression* or
exacerbat® or advanc® or deteriorat®).tw,kw,kf. (3419392)

79 Survival/ (4909)

80 Disease-Free Survival/ (80595)

81 Progression-Free Survival/ (7735)

82 Survival Analysis/ (145011)

83 surviv*.tw,kw,kf. (1327137)

84 (DFS or iDFS).tw,kw,kf. (21220)

85 exp Disease Progression/ (203039)

86 or/72-85 [OUTCOMES OF INTEREST] (5602390)

87 71 and 86 (5067) [BREAST CANCER - RECORDS/
DATA/REGISTRIES ETC — OUTCOMES - VALIDITY]

Abbreviations

Al/ML Artificial intelligence/Machine learning
AUC Area under the curve

BCFS Breast cancer-free survival

DFS Disease-free survival

EHR Electronic health record

ICD International Classification of Diseases
ICES Institute for Clinical Evaluative Sciences
iDFS Invasive disease-free survival

NPV Negative predictive value

0sS Overall survival

PCC Population-concept-context framework
PFS Progression-free survival

PPV Positive predictive value

PRESS Peer Review of Electronic Search Strategies
PRISMA  Preferred Reporting Items for Systematic Review and Meta-analysis
RCHD Routinely collected healthcare data

RCT Randomised controlled trial

usb United States dollars
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