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Algorithm to Identify Systemic Cancer
Therapy Treatment Using Structured
Electronic Data

abstract

Purpose With the shift in the majority of oncology clinical care in the United States from paper records to
electronic health records, researchers need efficient and validated processes to obtain accurate data
about the entire treatment history of patients diagnosed with cancer. The objective of this study was to
develop and validate an algorithm that is agnostic to the source of data but that can identify specific
regimens in the entire course of systemic therapy treatment for patients diagnosed with breast, colorectal,
or lung cancer.

Methods A cohort of patients with incident breast, colorectal, and lung cancer were randomly distributed
into six groups. The algorithm was iteratively modified, and the performance was assessed until no
additional modifications could be identified in the first three groups. The performance of the algorithmwas
confirmed in the three groups that remained.

Results The final model produced ranges of sensitivity between 97.2%and 100% for first-course systemic
therapy across all cancers, with a false-positive rate of 0%. The algorithm matched the exact number of
courses and the exact regimens of systemic therapy agents as captured by infusion, pharmacy, and
procedure electronic medical record data for all courses of therapy 88% to 100% of the time.

Conclusion Use of our validated algorithm that characterizes entire courses of systemic therapy treatment
in patients diagnosedwith breast, colorectal, and lung cancerwill allow researchers in a variety of settings
to conduct comparativeeffectiveness studies related to theuptake, safety, outcomes, andcosts associated
with the use of both novel and standard regimens.

Clin Cancer Inform. © 2017 by American Society of Clinical Oncology

INTRODUCTION

Toconductcomparativeeffectiveness researchon
treatment options commonly used in community-
based oncology practices, researchers need gen-
eralizable and accurate data about the entire treat-
ment history of patients diagnosed with cancer.1,2

Tumor registries generate extensive informa-
tion about the first course of systemic therapy
in patients, but they do not capture the full course of
treatment, including the number of courses, discon-
tinuation of therapy, or the use ofmultiple courses of
therapy. Of the studies that have evaluated the
receipt of systemic therapy, most did not extend
beyond the first course, andmanyusedonly SEER-
Medicare data and/or did not include oral chemo-
therapy agents (ie, those covered by Medicare
Part D).1,3-10Other studies have lookedat second-
or third-course therapies, but the algorithms were
cancer specific or had strict inclusion or exclu-
sion criteria.7-9,11,12

In 2009, Kaiser Permanente Colorado (KPCO)
added a medical oncology module to its Epic-
based ambulatory integrated electronic health
record (EHR; Epic Systems, Verona, WI). Al-
though the addition of the oncology module
improved the ability to evaluate entire courses
of systemic therapy, it still had limitations. It did
not include data about patients who received
systemic therapy or pharmacy dispenses out-
side of KPCO (eg, contract providers who sub-
mitted claims data), and it did not include all oral
therapies that were dispensed in outpatient
pharmacies. In addition, the systemic therapy
data for patients who received treatment before
2009 existed in separate files that contained
National Drug Codes (NDCs), procedure codes,
and Healthcare Common Procedure Coding
System (HCPCS) codes.

The objective of this study was to construct and
validate an algorithm that combined all data sources
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to characterize entire courses of systemic therapy
treatment in patients diagnosedwith breast, colorec-
tal, or lung cancer. Specifically, we wanted an algo-
rithm that (1) could characterize not only first-course
therapy but all subsequent courses the patient re-
ceived after diagnosis and (2) would be agnostic to
anydata source. The algorithmwas validated against
gold standards of the KPCO Virtual Tumor Registry
(VTR) and manual chart review.

METHODS

Data Sources

The primary data source for this analysis was the
KPCO Virtual DataWarehouse (VDW). The VDW is
the local research-ready database of KPCO that
contains data consistent with the standards, for-
mats, and definitions used in the Health Care
Systems Research Network and the Cancer Re-
search Network (CRN).13,14 The VDW contains
administrative, EHR, and other data that have
been extracted and loaded into relational tables
linked through a common, unique identifier.15-19

Within the VDW, the VTR contains data consistent
with the North American Association of Central
Cancer Registries standard.19a VTR data are ob-
tained from manual reviews of the medical charts
of patients by certified tumor registrars and in-
cludecodedclinical data associatedwith inpatient
and outpatient events, date of diagnosis, first-
course treatment (eg, surgery, radiotherapy, che-
motherapy), tumor characteristics, and more.
VDW diagnosis and procedure files include coded
diagnoses and procedures associated with inpa-
tient and outpatient events. These codes are
based on the International Classification of Dis-
eases (9th revision [ICD-9] and 10th revision,
clinical modification [ICD-10-CM]), HCPCS, and
the Common Procedure Terminology codes (4th
edition [CPT]). Greater than 90% of the VDW
diagnosis andprocedure data used in this analysis
were derived from EHRs. These data capture the
diagnoses and treatment associated with the sys-
temic therapy events that take place predomi-
nately in health plan–owned ambulatory infusion
centers. Claims data included in these analyses
wereassociatedwithcancer treatmentsadministered
by contract providers, including hospital-based care.
The VDW pharmacy files capture NDC-based oral
and other prescription drugs dispensed from both
outpatient pharmacies (which includes oral thera-
pies such as capecitabine) and KPCO-owned in-
fusion centers.

Exact systemic therapy treatment regimens from
the EHR were manually extracted for each patient
for chart reviewcomparisons. Each abstractor was

given the date of cancer diagnosis and abstracted
any systemic therapy treatment givenwithin 1 year
of diagnosis. All abstractors were blinded to any
VTR or electronic results. This project was de-
termined to be exempt from human subjects re-
search and was classified as quality work by the
KPCO institutional review board.

IdentificationofSystemicTherapyAgents Fromthe
VDW

As described previously,1,15,20 the cancer sys-
temic therapy look-up tables contain more than
8,000 NDCs and 300 procedure codes and di-
agnostic treatment-related codes. The systemic
therapy tables that identify the NDCs, procedure
codes, and diagnostic treatment-related codes
used in this analysis are publicly available on
the CRN website.20a These look-up tables were
linked to VDW pharmacy, infusion, procedure,
and diagnosis tables to identify all systemic ther-
apy agents received by each patient. All systemic
therapy agents identified from the VDW tables
were then compiled into one data set and sorted
by a patient identifier, the date of administration of
the systemic therapy agent, and the generic name
of the agent administered. The resulting data set
contained unique patient–day–systemic therapy
agent observational data.

Definitions for Algorithm

The first date of a VDW-captured treatment event in
one or more the VDW files (pharmacy, procedure,
infusion,ordiagnosis) thatoccurredwithin180days
of the incident cancer diagnosis dated in the VTR
wasconsidered the first systemic therapyevent, and
the patient was flagged as a recipient of first-course
systemic therapy. All systemic therapy agents re-
ceived within 10 days of the first systemic therapy
event were considered the first-course systemic
therapy regimen.1,21

Changes in systemic therapy agents were evalu-
ated longitudinally up to 1 year after cancer di-
agnosis. Consistentwithother publishedstudies, a
change in systemic therapy agents indicated a
newcourse of therapy—that is, any addition of one
ormore systemic therapy agentswas considered a
new course of treatment.5,7,8,12 Discontinuation
ofasingleagent fromaregimenwasnotconsidereda
change in a course of therapy.

For specific treatment plans that administer drugs
outside of a 10-day window, the algorithm would
look ahead in the data for receipt of the additional
systemic therapy drugs (Fig 1). There were such
adjustments in the algorithm for two specific
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breast cancer and two specific colorectal cancer
treatment plans.

Cancer Cohort

The cohort used to construct our algorithm in-
cluded patients identified in the VTRas diagnosed
with stages I to IV breast, colorectal, or lung cancer
between 2005 and 2014 and observed through
2015. Patients with previous or subsequent can-
cer diagnoses were excluded.

Sampling Strategy

A randomized, iterative sampling strategy was
implemented, and the performance of each iter-
ation of the algorithm was assessed separately for
each cancer. Patients within each cancer were
assigned and sorted by a random number. The
first 100 randomly ordered patients were pulled to
compose the first group and determine baseline
results. The algorithm was applied, and the per-
formance was assessed; algorithm results were
compared with the chart review and the VTR.
Modifications were made to the algorithm on the
basis of these comparisons. The next 50 randomly
ordered patients were pulled to compose the
second group. The refined algorithm was applied,
andtheperformancewasassessed.Thenext50ran-
domly ordered patients composed the third group,
and the refined algorithmwas applied. Performance
measures showed that no additional modifications

wereneeded,so thealgorithmwasapplied toa fourth
group of the next 50 randomly ordered patients to
confirm results. Again, performance measures in-
dicated that no modifications were needed to the
algorithm. Because the quality and completeness of
the data (eg, treatment protocols, plans) increased
after implementation of the EHR oncology module,
wepulled twoadditional groupsof randomly ordered
patients whose treatments were completed after
2009. Performance specifically related to en-
tire courses of therapy was determined in these
groups (groups 5 and 6). Figure 2 shows a di-
agram of this iterative sampling strategy and
performance assessment.

Statistical and Sensitivity Analysis

Patient demographics and characteristics were
evaluated at the date of cancer diagnosis. Vari-
ables were reported as a percentage of the group.
All analyses were descriptive and were conducted
with SAS 9.4 (SAS Institute, Cary, NC). No tests of
statistical significance were planned or performed
because of the descriptive nature of the study.

The algorithm was evaluated for three different
elements: (1) the ability to identify receipt of any
systemic therapy (yes/no), (2) the ability to
accurately identify the first-course therapy reg-
imen, and (3) the ability to accurately identify
the number and exact regimens of all courses of
therapy up to 1 year after cancer diagnosis. For
each cancer occurrence, we compared the re-
sults from the algorithm to both the VTR and the
chart review; the VTR was the gold standard in
the comparison with the VTR, and chart review
results were the gold standard in the compar-
ison with the chart review. Sensitivity, false
positive rate, and accuracy by cancer site were
computed.

Algorithm Refinement

Specific components of the algorithm were exam-
ined. These included deletion of specific CPT or
HCPCS codes that generated false-positive re-
sults, deletion of administrations of systemic ther-
apy drugs that were prescribed for a noncancer
indication, and adjustment of the algorithm for
specific treatment plans that administer drugs
outside of the 10-day window.

RESULTS

A total of 450patientswere randomlyassigned into
six groups for colorectal and lung cancer. A total
of 449 patients were randomly assigned into six
groups for breast cancer. One patient was ex-
cluded from the breast cancer cohort, because

Identify cancer diagnosis date.

With systemic therapy look-up tables, merge to 
   all ancillary data post-diagnosis date and 
   combine into a single data set.
     Procedures/HCPCS
    Pharmacy
     Infusion

Identify first-course therapy.
    First dispense is index date.
    Identify all systemic therapy drugs 
       within 10 days of index date to define 
        first-course therapy.

Look for subsequent courses of systemic therapy. 
       Look for systemic therapy drugs not 
          administered in first course.
      If new drug is found outside of 10-day period for 
          first course, start second course. Index date for 
         second course is dispense date of new drug.
        Second course includes all systemic therapy 
         drugs within 10 days of second-course therapy 
          index date.
        Repeat until no additional systemic therapy 
         dispenses identified.

Fig 1. Algorithm
processing flow diagram.
HCPCS, Healthcare
Common Procedure
Coding System.
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no systemic therapy information was available in
the VTR. Demographic characteristics of patients
for all groups are listed in Table 1. Of note, almost
half of the patients were 65 years of age or younger
at the time of diagnosis, and cancer diagnoses
were distributed evenly across American Joint
Commission on Cancer stages I through IV for
all three cancer sites.

Algorithm performance measures for the identifica-
tionof first-coursesystemictherapyrelative to thegold
standard of the VTR and chart review are listed in
Table 2.Baseline results showedahigh sensitivity for
all three cancers; however, the false positive rate was
alsohighand ranged from4.3%forcolorectal cancer
to 13.0% for breast cancer compared with the VTR
and from 0% for lung cancer to 9.1% for breast

Patients diagnosed with breast, lung, or
colorectal cancer: randomly ordered

First group of patients
(n = 100)

Second group of patients
(n = 50)

Third group of patients
(n = 50)

Fourth group of patients
(n = 50)

Fifth group of patients
(numbers varied)

Sixth group of patients
(numbers varied)

Run algorithm

Assess performance

Refine algorithm to
optimize outcomes

Run refined
algorithm

Assess performance

Refine algorithm to
optimize outcomes

Run refined
algorithm

Assess performance

Refine algorithm to
optimize outcomes

Run refined
algorithm

Assess performance

Run refined
algorithm

Assess performance

Run refined
algorithm

Assess performance

Fig 2. Randomized
sampling strategy for
refinement and evaluation
of the algorithm.
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Table 1. Demographic Characteristics of Cohorts

Characteristic by Cancer Population

Patients by Group

Group 1* Group 2 Group 3 Group 4 Group 5 Group 6

Breast cancer

Total No. of patients 99 50 50 50 100 100

Female sex, % 99 100 98 100 100 100

Ethnicity, %

White 74 84 68 64 80 75

Nonwhite 26 16 32 36 20 25

Age, years, %

, 55 47 42 40 32 31 25

55-64 27 26 34 30 31 24

65-74 18 22 14 24 26 34

> 75 7 10 12 14 12 17

AJCC stage, %

I 46 38 44 42 62 57

II 30 34 34 34 29 24

III 11 18 18 20 6 34

IV 12 10 4 4 3 17

Colorectal cancer

Total No. of patients 100 50 50 50 100 100

Female sex, % 45 48 38 40 45 40

Ethnicity, %

White 71 66 72 80 71 74

Nonwhite 29 34 28 20 29 26

Age, years, %

, 55 39 37 22 20 34 27

55-64 21 16 30 16 17 22

65-74 25 24 22 38 25 31

> 75 15 22 26 26 24 20

AJCC stage, %

I 14 12 16 18 24 26

II 15 18 20 26 13 20

III 48 46 36 28 28 12

IV 23 24 28 28 19 22

Lung cancer

Total No. of patients 100 50 50 50 100 100

Female sex, % 48 38 52 60 61 60

Ethnicity, %

White 78 64 82 76 80 81

Nonwhite 22 36 18 24 20 19

Age, years, %

, 55 15 10 6 10 5 6

55-64 23 38 20 18 19 23

65-74 28 32 44 42 34 35

> 75 34 20 30 30 42 36

(continued on following page)
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cancercomparedwith thechart review.Thepercent-
age matches for exact agents in first-course therapy
were 73.7% for breast cancer, 79.0% for colorectal
cancer, and 96.0% for lung cancer.

Resultsof ourevaluationof thealgorithm to identify
the entire course of systemic therapy in the subset
of those patients who received treatment after
implementation of the EHR oncology module
are listed in Table 3. The percentage matches of
agents in first-course therapy increased to 87.2%
for breast cancer, 86.8% for colorectal cancer, and
100% for lung cancer.Matches of all regimens and
all coursesof therapywere87.2%forbreastcancer,
86.8% for colorectal cancer, and 95.7% for lung
cancer.

We determined from the baseline assessments
that two modifications needed to be made to the
algorithm: (1) exclusion of any bevacizumab that
was prescribed for ophthalmic indications and
(2) exclusion of evaluation and management
CPT codes that were coded during ambulatory
visit consultations to determine treatment after a
cancer diagnosis. Reassessment of the algorithm
performance after refinement of the algorithm
showed that the sensitivity slightly decreased
for breast cancer and lung cancer but increased
for colorectal cancer compared with the VTR
and chart review. Improvements to the algo-
rithm came in the form of a decreased false-
positive rate for all cancers (decreased to 0%)

Table 1. Demographic Characteristics of Cohorts (continued)

Characteristic by Cancer Population

Patients by Group

Group 1* Group 2 Group 3 Group 4 Group 5 Group 6

AJCC stage, %

I 8 14 12 24 23 21

II 2 4 8 6 7 7

III 32 24 38 28 15 16

IV 58 58 42 42 55 56

Abbreviation: AJCC, American Joint Commission on Cancer.
*Data from one patient in the breast cancer group were deleted because no information was entered into the Virtual Tumor Registry.

Table 2. Algorithm Performance Measures for First-Course Therapy Compared With Tumor Registry and Chart Review

Measure by

Cancer Population

Algorithm Versus Tumor Registry Algorithm Versus Chart Review

Group 1

(baseline)

Group 2

(modification 1)

Group 3

(modification 2)

Group 4

(confirmatory)

Group 1

(baseline)

Group 2

(modification 1)

Group 3

(modification 2)

Group 4

(confirmatory)

Breast cancer

No. of patients 99 50 50 50 99 50 50 50

Sensitivity 100 97.6 100 100 100 97.1 100 100

False-positive rate 13.0 0 0 0 9.1 0 0 0

Accuracy 97.0 98.0 100 100 98.0 98.0 100 100

Match to first course 73.7 92.0 86.0 90.0 82.8 84.0 94.0 90.0

Colorectal cancer

No. of patients 100 50 50 50 100 50 50 50

Sensitivity 98.7 100 97.2 100 97.4 100 97.2 100

False-positive rate 4.3 0 0 0 8.7 0 0 0

Accuracy 98.0 100 98.0 100 96.0 100 98.0 100

Match to first course 79.0 90.0 90.0 90.0 87.0 94.0 84.0 88.0

Lung cancer

No. of patients 100 50 50 50 100 50 50 50

Sensitivity 98.8 97.3 100 97.4 100 100 100 100

False-positive rate 5.0 0 0 0 0 0 0 0

Accuracy 98.1 98.0 100 98.1 100 100 100 100

Match to first course 96.0 98.0 98.0 93.6 95.0 98.0 98.1 94.0
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compared with both the VTR and the chart re-
view (Table 2). Specifically, for data after EHR
oncology module implementation, the percent-
agematches in first-course therapy increased to
93.9% in breast cancer, increased to 87.0% in
colorectal cancer, and slightly decreased to
95.5% in lung cancer. Matches on all regimens
were 87.9% for breast cancer, 82.6% for co-
lorectal cancer, and 95.5% for lung cancer
(Table 3).

Evaluation of the refined algorithm on the second
group of patients illuminated that the algorithm
was not capturing several treatment plans that
administer drugs outside of a 10-day window
correctly. For example, patients with colorectal
cancer are administered FOLFOX (fluorouracil,
leucovorin, and oxaliplatin) or FOLFIRI (fluoroura-
cil, irinotecan, leucovorin) and then, 4weeks later,
are administered bevacizumab. Breast cancer
treatment plans include a regimen of cyclophos-
phamide, doxorubicin, and a taxane, in which the
patient is administered cyclophosphamide plus
doxorubicin and then, 4 to 6 weeks later, is ad-
ministered paclitaxel and/or a maintenance treat-
ment of trastuzumab. The algorithmwas altered to
look ahead for these additional agents after the
initial agentswereadministered. Sensitivity remained
extremely high and ranged from 97.2% to 100%
across all cancers, whereas the false-positive rate
remainedat 0%.Thepercentagematchesof first-

course therapy deceased slightly for breast can-
cer but stayed the same for colorectal and lung
cancers (Table 2). Data compiled for treatment
received after EHR oncology module implemen-
tation showed an increase in both the first-course
therapy matches and the matches to all courses
(Table 3).

We assessed performance in group 4 with no
additional modifications to the algorithm. The per-
centage match of first-course therapy for breast
cancer increased, it stayed the same for colorectal
cancer, and it slightly decreased for lung cancer.
Sensitivity and false-negative rates remained the
same (Table 2). The subset of patients in group 4
who received treatment after EHR oncology mod-
ule implementation showed an increase in the
percentage match for all regimens in breast can-
cer and a slight decrease for both colorectal and
lung cancers (Table 3).

Additional evaluations of the algorithm compared
with data compiled after EHR oncology module
implementation were assessed in groups 5 and 6
and are listed in Table 3. Across groups 4 through
6 (all confirmatory assessments of the algorithm),
the algorithm matched exact first-course therapy
92.3% to 100% of the time and matched all
courses of therapy in groups 5 and 6 92.3% to
100% of the time for breast cancer. The algorithm
matched exact first-course therapy 94.1% to

Table 3. Algorithm Performance Measures for All Courses of Therapy After EHR Oncology Module Implementation

Measure by Cancer Population

Group 1

(baseline)

Group 2

(modification 1)

Group 3

(modification 2)

Group 4

(confirmatory)

Group 5

(confirmatory)

Group 6

(confirmatory)

Breast cancer

No. of patients 47 33 24 28 91 96

Match to first-course therapy 87.2 93.9 95.8 93.0 92.3 100

Match to No. of courses 87.2 93.9 91.7 96.0 92.3 100

All-regimen match 87.2 87.9 91.7 93.0 92.3 100

Colorectal cancer

No. of patients 38 23 17 17 98 94

Match to first-course therapy 86.8 87.0 94.1 94.1 98.0 98.9

Match to No. of courses 89.5 82.6 94.1 88.2 96.9 95.7

All-regimen match 86.8 82.6 94.1 88.2 96.9 95.7

Lung cancer

No. of patients 46 22 23 29 99 94

Match to first-course therapy 100 95.5 100 100 100 98.9

Match to No. of courses 97.8 95.5 100 96.6 97.9 95.7

All-regimen match 95.7 95.5 100 96.6 97.9 95.7

NOTE. Data shown as percent, except rows where No. of patients is noted.
Abbreviation: EHR, electronic health record.
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98.9% of the time for colorectal cancer and
matched all courses of therapy 88.2% to 96.9%
of the time. The algorithm matched exact first-
course therapy 98.9% to 100% of the time and
matched all courses of therapy 95.7% to 97.9%of
the time. Across all courses of systemic therapy,
52 distinct regimens for breast cancer, 66 distinct
regimens for colorectal cancer, and 43 distinct
regimens for lung cancer were detected (Data
Supplement).

DISCUSSION

To our knowledge, this is the first algorithm that
combines widely available structured EHR,
claims, and administrative data to determine all
courses of treatment across any cancer diagnosis.
By using an iterative sampling strategy, we con-
structed analgorithmwith a0% false-positive rate,
high sensitivity, and high accuracy that captured
the entire course of treatment in patients after a
cancer diagnosis. Although not a main outcome
for this project, higher sensitivity and specificity
were observed when chart review was the gold
standard versus the VTR. Because of the window
of time postdiagnosis (eg, 6 to 9 months) that
tumor registrarsmanually reviewmedical records,
tumor registries often have incomplete ascertain-
ment of systemic therapy data for patients whose
treatment startsmore than6months after an initial
diagnosis.2

There were several strengths to this study. KPCO
data have the ability to capture oral systemic
therapies at a time when Medicare Part D phar-
macy data are not currently available via linked
SEER-Medicare files. Second, this study includes a
representative population of patients with cancer
who are younger than 65 years of age. Third, the
algorithm was validated with data from patients
diagnosed with three different cancer sites and at
multiple stages of diagnosis. Fourth, the EHR data
show the actual administration of systemic ther-
apy agents, some of which are prescribed outside
of standard protocols, that provides insights to

real-world use of systemic therapy for treatment
of cancers. Last, the algorithm code is flexible
enough that it may be used on any structured
data, including SEER-Medicare data, the national
Patient-CenteredClinicalResearchNetworkcommon
data model, or the Food and Drug Administration–
funded Sentinel distributed database that cap-
tures a date of administration and anNDC,HCPCS
code, or ICD-9/ICD-10 identifier for each agent of
interest.

We also note a few limitations to the algorithm
development and validation. First, some claims
from contract providers include only nonspecific
systemic therapy codes, so the exact agent ad-
ministered was not identified in all cases. Second,
this study was limited by the number of chart
reviews used for comparisons that could be com-
pleted within the scope of this project. Third,
changes in courses of therapy were defined that
may not be applicable to all community settings.
However, we believe the algorithm is flexible
enough toadjust for different definitionsof a switch
or discontinuation in systemic therapy. Fourth, if a
patient was enrolled in a clinical trial, the specific
agents administered to the patient may not have
been captured. If the trial drug was administered
by a KPCO infusion center, the trial drug may not
have been captured or included in the traditional
pharmacy system. Last, the scope of this project
was limited to expansion and improvement of the
initial algorithmanddid not allow ascertainment of
the number of cycles administered in each course
of therapy.

In conclusion, we constructed a highly sensitive
and accurate algorithm that was able to match
entire courses of treatment in patients diagnosed
with breast, colorectal, or lung cancers. Future
work includes the identification of the number of
cycles within each course of therapy and/or the
dose of systemic agents received.
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