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CHAPTER 3

Abstract

Introduction: Real-world evidence can close the inferential gap between marketing
authorization studies and clinical practice. However, the current standard for real-
world data extraction from electronic health records (EHR) for treatment evalua-
tion is manual review (MR), which is time-consuming and laborious. Clinical Data
Collector (CDC) is a novel natural language processing and text-mining software tool
for both structured and unstructured EHR data and only shows relevant EHR sections

improving efficiency.

Methods: We investigated CDC as a RWD collection method, through application of
CDC queries for patient inclusion and information extraction on a cohort of metastatic
renal cell carcinoma (mRCC) patients receiving systemic drug treatment. Baseline
patient characteristics, disease characteristics, and treatment outcomes were extracted

and these were compared to manual review for validation.

Results: 100 patients receiving 175 treatments were included using CDC, which cor-
responded to 99% with manual review. Calculated median overall survival was 21.7
months (95% CI 18.7-24.8) versus 21.7 months (95% CI 18.6-24.8) and progression-
free survival 8.9 months (95% CI 5.4-12.4) versus 7.6 months (95% CI 5.7-9.4) for
CDC versus MR respectively. Highest F1-score was found for cancer-related variables
(88.1-100), followed by comorbidities (71.5-90.4) and adverse drug events (53.3-74.5),
with most diverse scores on international mRCC database criteria (51.4-100). Mean

data collection time was 12 minutes (CDC) versus 86 minutes (MR).

Conclusion: In conclusion, CDC is a promising tool for retrieving RWD from EHRs
since the correct patient population can be identified as well as relevant outcome data

as overall survival and progression-free survival.
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1. Introduction

Randomized controlled trials (RCTs) are the gold standard to investigate efficacy of
novel drug therapies and therefore RCTs are pivotal for drug marketing authoriza-
tion applications [1-3]. However, in the accelerated approval pathway of the US Food
And Drug Administration (FDA) and in the conditional marketing approval pathway
of the European Medicines Agency (EMA), new and mostly expensive, anticancer
drugs are increasingly approved based upon studies with surrogate end-points such
as progression-free survival (PFS) or objective response rate (ORR), and a large part
of these studies lack a standard-of-care control arm [4]. Consequently, the treatment
effect in terms of overall survival (OS) is unclear at approval by the authorities. In
addition, novel drugs are usually investigated in a highly selected patient population
which may not be representative for the full cohort of patients who will receive the
treatment in clinical practice [5]. This inferential gap between evidence from RCTs
and clinical practice can be closed by the use of real-world data (RWD) as comple-
mentary information [1, 6-10]. These RWD may differ from outcome data from RCTs
and may be valuable in assessing the effectiveness of a new drug in daily practice, for
example, in patients with specific characteristics such as older patients or in patients

with comorbidities.

An important source for RWD is the electronic health record (EHR) [6, 9, 11]. It
contains individual longitudinal patient data collected during routine clinical practice
and includes information about patients’ demographics, health behavior, vital signs,
encounters, laboratory data, medication orders, procedures, imaging, health problem
lists, and free-text notes [12]. These free-text notes, in particular, contain very detailed
and nuanced information about patients, their illnesses and treatment trajectory
including efficacy and side effects of drug treatment. However, since these free-text
notes are unstructured, they are less suitable for automated information extraction [13,
14]. Therefore, manual chart review is still the standard method for data collection
from EHRs [12]. Unfortunately, this manual method is laborious, time-consuming
and error-prone [12, 13, 15], and thus, not a durable approach for the structural col-

lection of RWD from EHRs. Therefore, more advanced methods are highly warranted.

Natural language processing (NLP) and text-mining techniques are advanced methods
of information extraction of free-text data [13, 14]. Although these methods are

promising, they are not yet easy applicable as an alternative method to evaluate the
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effectiveness of treatments in daily practice. Currently, these techniques are mostly
used by a few health care institutions with strong informatics departments, where
knowledge of informaticians can be combined with knowledge of clinicians [16]. For
example, an NLP pipeline to extract urinary incontinence and erectile dysfunction
was developed for patient-centered outcomes of prostate cancer treatment [17]. Addi-
tionally, a method combining NLP and machine learning techniques was developed
by Sohn et al. to collect adverse drug events from psychiatry and psychology medical
records [18]. Similar studies were performed for drug-named entity recognition,
dosage information, and drug exposure extraction and all these studies were limited

to one type of outcome [16].

The Clinical Data Collector (CTcue B.V., Amsterdam, the Netherlands) is an NLP
and text mining-based tool, which is built to collect structured as well as unstruc-
tured data from EHRs and is currently available in hospitals in the Netherlands and
Belgium. In contrast to other tools, CDC is designed for medical and pharmaceutical
professionals to easily build queries themselves for information extraction on their
topic of interest. Using these queries, only relevant parts of the EHRs are shown and
results are directly collected into a table, thereby potentially improving the efficiency

of retrieval of patient data [19].

CDC may be a useful extraction tool for retrieving RWD from EHRs. Therefore, we
designed a validation study to assess the information extraction of clinical trial param-
eters from the EHR by CDC with customized queries. Since we are interested in the
effectiveness data of specific oncological drug treatments we choose to perform this study

in patients with metastatic renal cell carcinoma (mRCC) receiving systemic treatment.

2. Methods

In this observational, retrospective validation study, Clinical Data Collector (CDC) was
applied to collect patient characteristics, treatment outcomes and ADEs during drug
treatments for mRCC from EHRs. These data were compared to manually obtained
data from the EHR. Patient inclusion, patient characteristics, treatment outcomes,
ADE:s and data collection time per patient were evaluated. The study was reviewed
by the Medical Ethics Review Committee of the Leiden University Medical Center,
who determined that the Medical Research Involving Human Subjects Act (WMO)
was not applicable to this study.
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2.1 Study population

Patients, 18 years and older, with metastatic renal cell carcinoma (mRCC) who received
drug treatment with cabozantinib, pazopanib, sunitinib, everolimus, or nivolumab were
included in the study. Patients underwent drug treatment between January 2015 until
May 2019 in the Leiden University Medical Center, the Netherlands.

2.2 Collected variables

Variables that are generally presented in RCTs evaluating new drug therapies in mRCC
were collected [20-22], namely general patient related characteristics (sex, age, length,
weight, eGFR, ALAT and ASAT) and disease related characteristics (histological RCC
subtype and prior nephrectomy) at baseline, including also four common comorbidi-
ties (hypertension, cardiovascular comorbidities, diabetes mellitus and COPD) and
the International Metastatic Renal cell carcinoma Database Consortium (IMDC)
criteria to predict prognostic categories (hypercalcemia, neutrophilia and thrombo-
cytosis, anemia, performance status below 80% Karnofsky and time from diagnosis
to systemic drug treatment below 1 year). Furthermore, treatment outcomes were
collected, including tumor progression and overall survival since start of treatment and

four common ADEs (hand-foot syndrome, liver toxicity, diarrhea and hypertension).

2.3 Manual reference

To create a gold standard, manual chart review was performed by a pharmacist, who is
experienced in working with the EHR both as healthcare professional and as reviewer.
Data were collected from the EHR (HiX, Chipsoft B.V., Amsterdam, the Netherlands),
which has no build-in term search, in an electronic case report form (eCRF) (Castor
EDC, Amsterdam, the Netherlands). For each patient the time to collect data manually
in the eCRF was recorded.

2.4 Clinical Data Collector

CDC is a software tool which is linked with the EHR in the hospital. EHR data are
transformed by an application programming interface (API), to enable structured
search using the search engine by medical professionals (user). Figure 3.1 shows the

communication lines between on-premises isolation platform.

Both the patient population and data points can be defined using CDC queries.
Structured data can be extracted from the EHR with specified queries per datatype
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Figure 3.1. Architecture of the Clinical Data Collector on-premises isolation platform. (a) Copy of
electronic health record (EHR) data transferred, stored, and cleaned in a local MS SQL Server relational
database. (b) Natural language processing (NLP) transformation application programming interface (API)
pseudonymizes data. (c) Search engine is compatible with the structure used in data warehouse. (d) Client
to build queries by a user. Results window in CDC shows only parts of EHR documents containing defined
criteria by user. (e) Text mining of (combinations of) keywords is supported by an online thesaurus.

(e.g., medication requests and lab results). Additionally, information extraction from
unstructured text is enabled through text mining based on keywords. After running
the designed queries, all data are combined in a generic dataset. When a data point
is selected, the EHR context is shown, which enables the user to manually validate
results. The handling of structured and unstructured EHR data is shown in Figure
3.2. The results can be exported into a CSV-file or XLSX-file.

Electronic health record

Medical notes, Medication requests,
discharge letters etc. lab results etc.
Unstructured data Structured data

Data extraction through Data extraction through
keyword search queries per structured
data type

Manual validation of
data points

Collection of data

Figure 3.2. Data extraction approach from structured and unstructured data using Clinical Data Collector.
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Queries for patient inclusion and data collection were defined as follows. Patients were
included only in CDC for data extraction with both a Diagnosis Treatment Combina-
tion (DTC)-code for kidney tumors as well as an initial prescription of at least one of
the five drug treatments. A DTC is a code used for hospital costs reimbursement in
the Netherlands [23]. As both variables were stored as structured data, corresponding
structured data queries were applied. The remaining structured data (e.g., medication
requests and lab results) were extracted using these queries as well. For example, the
last known measurement result before the start of drug treatment could be automati-
cally selected through linkage with the treatment initiation date. Additionally, queries
enabling keyword search were used to select relevant parts of unstructured text in EHRs
only. A combination of keywords resulting from the suggestion application program-
ming interface (API), common known synonyms, variants, abbreviations, and typing
errors were manually set for this free-text search. Also, combinations of queries to
select structurally stored data and free-text search queries were used to improve recall
of some variables. Three query examples are shown in Supplementary File S3.1. The
completeness of the queries was assessed inspecting the test results section in CDC
of 10 random patients and a set of test results was compared to a test set of manual

results, before finalizing the queries.

After applying patient inclusion criteria using CDC, preselected patients were screened
for final inclusion. Subsequently, for data extraction, all variables fully based on
structured data were automatically extracted. Variables fully or partially based on
unstructured data were manually verified before extraction, using the selected parts of
the EHR shown in the results display of CDC, resulting in a semi-automatic extraction
procedure. Patient screening and data validation was performed by the same pharma-
cist that performed the manual review. The time spent on final patient inclusion and
verification of data was measured for CDC. This was compared to the time that was

spent per patient task for manual chart review.

2.5 Analysis & statistics

To establish accuracy of data retrieval, results were compared with manual review.
For categorical patient characteristics and ADEs, precision, recall and F1-scores were
calculated. There is no consensus on thresholds for accuracy scores that an information
extraction tools should meet. However, we set thresholds for both precision and recall

at 90%, to limit the chance on incorrect conclusions when data is used for treatment
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evaluation. This is in line with thresholds set by Hernandez-Boussard et al. [24]. Since
a part of the IMDC-criteria are measurement values, with the answer being a binary

question, these will also be analyzed by calculating precision, recall and F1-score.

True positives

Precision = — "
True positives + false positives

True positives

Recall = — :
True positives + false negatives

Precision * recall

F;, — score = 2 * —
Precision + recall

Next, for all continuous patient characteristics, Bland- Altman plots were composed,
to describe agreement between CDC and MR. Per patient the difference in extracted
value was plotted against the mean value of both methods for this patient. Also, mean
differences between data collected using CDC and manual review were determined.
Kaplan-Meier plots for PES and OS were composed for all treatments combined. Data
were combined since the aim of our study was to validate whether CDC PFS and
OS results are equivalent to manual review. For PFS, time from start treatment until
significant tumor progression during treatment according to RECIST 1.1 [25] was
used or death from any cause. Patients were censored when treatment ended without
tumor progression or when patients were still on treatment at the end of inclusion.
Furthermore, for OS, time from start treatment until death from any cause was cal-
culated. Patients were censored when alive at the end of the inclusion period. Since
the included patients could have received multiple lines of treatments, patients could
occur multiple times in both plots. Statistical analysis was performed in SPSS version
25 (IMB corp., Armonk, NY, USA).

3. Results

3.1 Patientinclusion

First, we investigated whether CDC was able to trace all patients who met the inclusion
criteria. Using inclusion queries in CDC, 133 patients were initially selected based on
treatment use and DTC-code. Of these, 33 patients were excluded, which resulted in

100 patients included by CDC. For manual review, 119 patients were initially selected
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based on drug prescriptions of cabozantinib, everolimus, nivolumab, pazopanib and
sunitinib in the EHR. These drug treatments represent several treatment lines for
mRCC. Of these, 19 patients were excluded, and therefore 100 patients were included
in the manual dataset. Most of the patients who were excluded in both methods were
selected based on a new prescription of follow-up treatment, however they did not

initiate the treatment in defined inclusion period.

A total of 99 out of 100 patients selected using CDC corresponded with the patients
included manually. This difference was caused by an incorrect registered DTC-code
in the EHR of an unselected patient. Figure 3.3 shows the complete patient inclusion

flowchart.

| Patients selected for inclusion in CDC = 133 | Patients selected for inclusion manually = 119 |

Patients excluded: Patients excluded:

Everolimus used for kidney transplants = 7 Last treatment started before January 2015 = 16

All treatments started outside inclusion period = 20 Patient did not use treatment = 1

Therapy continued in other hospital = 1 Therapy continued in other hospital = 1

Patient did not have metastases = 1 Multiple lines of therapy did not meet inclusion criteria = 1

Too few patient/treatment data available = 1
Patient did not use treatment =1
Patient only got a second opinion = 1

Patients included in manual data set = 100

Patients excluded:
Not present in CTcue data, due to use of incorrect DTC
codes =1

Patients included in CDC data set = 100

Patients excluded:
Manually excluded, multiple lines of other treatments = 1

Patients included in validation study = 99

Figure 3.3. Flowchart of patient inclusion.

3.2 Information extraction

Validation parameters were collected and accuracy scores were calculated in order to
qualify the usefulness of CDC with respect to manual retrieved outcome data. Table 3.1
presents an overview of the collected variables per drug treatment for both methods.
First, both manual review and CDC identified 175 treatments, of which 174 were
identical. The two differences in treatments were due to prescribing errors. One patient
did not start treatment with nivolumab according to free-text documentation, which
was manually recorded, while documented in the structured medication overview and
therefore extracted by CDC, and vice versa for a treatment of sunitinib. Clear cell RCC
was the most frequently reported histological subtype, with 152 patients by manual
review (MR) and 151 patients by CDC. 14 patients were manually identified as rarer
subtypes, while 9 remained unclear. CDC reported 6 and 18 patients respectively. The
reported values of other cancer-related variables were also similar. The most reported

ADE by manual review was liver toxicity (n=69), however diarrhea was mostly reported
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by CDC (n=51). Hand-foot syndrome was the least reported by both methods (MR:
n=26; CDC: n=19). Furthermore, the number of reported ADEs showed the largest
difference between both data retrieval methods for liver toxicity (MR: n=69; CDC=39)
and the smallest for hand-foot syndrome (MR: n=26; CDC=19). Further, of all IMDC
score parameters, used to determine the mRCC prognosis, the incidence of anemia
was far the most reported by both methods (MR: n=103; CDC: n=105). The reported
incidence is quite similar between methods for anemia and thrombocytosis (absolute
difference of resp. 0.4% and 0.6%). Though, an absolute difference of 22% was shown
in reported patients which received systemic treatment within a year after diagnosis. A
substantial amount of missing data was reported on the IMDC-criteria calcium (MR:
n=9; CDC: n=9), neutrophil (MR: n=22; CDC: n=13), and performance status (MR:
n=19; CDC: n=64). Finally, the means of all continuous variables were similar. Values
for age (years), length (cm), weight (kg), ALAT (U/L), and ASAT (U/L) all differed
less than one measurement unit. The reported means for eGFR showed a difference of
2.9 ml/min/1.73m? Moreover, for all variables some missing data was found, however,
length (CDC: n=6), weight (MR: n=11; CDC: n=27), and kidney function (CDC:

n=20) were most prominent.

Table 3.1. Collected variables for each treatment per method

Manual review Clinical Data Collector
(n=175)2 (n=175)?
Drug treatment
Cabozantinib, n (%) 27 (15.4) 27 (15.4)
Everolimus, n (%) 17 (9.7) 17 (9.7)
Nivolumab, n (%) 40 (22.9) 41 (234)
Pazopanib, n (%) 70 (40.0) 70 (40.0)
Sunitinib, n (%) 21(12.0) 20(11.4)
Male, n (%) 128 (72.7) 129 (73.3)

Cancer-related variables
Histological subtype of renal cell carcinoma
Clear cell (%) 152 (86.9) 151 (86.3)

Papillary, n (%) 7 (4.0) 3(1.7)
Sarcomatoid, n (%) 3(1.7) 3(1.7)
Mixed, n (%) 4(2.3) 0(0)
Unclear, n (%) 9(5.1) 18(10.3)
Prior nephrectomy, n (%) 114 (65.1) 117 (66.9)
Progression on treatment, n (%) 101 (57.7) 98 (56.0)
Death since start treatment, n (%) 99 (56.7) 99 (56.7)

Table 3.1 continues on next page.
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Table 3.1. Continued

Manual review Clinical Data Collector
(n=175) (n=175)
Comorbidities
Hypertension, n (%) 91 (52.3) 114 (65.1)
Cardiovascular comorbidities, n (%) 43 (24.6) 27 (154)
Diabetes Mellitus, n (%) 39(223) 34(194)
COPD, n (%) 12 (6.9,n=172) 15 (8.6)
Adverse drug events
Hand-foot syndrome, n (%) 26 (14.8) 9(10.8)
Liver toxicity, n (%) 69 (39.2) (2 2)
Diarrhea, n (%) 43 (24.4) 1(29.0)
Hypertension, n (%) 64 (36.4) 46 (26.1)
IMDC score parameters
Hypercalcemia, n (%) 28 (16.9,n=166) 24 (14.5,n=166)
Anemia, n (%) 103 (59.2, n=174) 105 (60.0, n=175)
Neutrophilia, n (%) 32 (209, n=153) 40 (24.9,n=162)
Thrombocytosis, n (%) 23(134,n=172) 22(12.8,n=172)
Performance status <80% Karnofsky, n (%) 28(17.9,n=156) 13(11.7,n=111)
Time from diagnosis to systemic therapy <1 year, 89 (50.9) 49 (28.0)
n (%)
Continuous variables
Age, years, mean 65.0 65.2
Length, cm, mean 176.2 (n=173) 176.6 (n=169)
Weight, kg, mean 80.6 (n=164) 81.2 (n=148)
ALAT, U/L, median 21 (n=173) 21 (n=174)
ASAT, U/L, median 22 (n=172) 22 (n=174)
eGFR, ml/min/1.73m? mean 64.9 (n=174) 62.0 (n=155)

COPD: Chronic obstructive pulmonary disease; eGFR: estimated glomerular filtration rate; ALAT: alanine
transaminase; ASAT: aspartate aminotransferase; IMDC: international metastatic renal cell carcinoma
database consortium.

®n case of missing data, number of known variables is presented.

To assess the quality of data extraction of categorical variables by CDC, the precision,
recall, and Fl1-scores, summarizing both precision and recall, were calculated and
presented in Table 3.2. In general, the highest scores on data retrieval were established
in cancer-related variables and lowest in ADEs. Besides, results for IMDC-criteria were
most diverse with higher scores for continuous structured variables. The highest score
for precision of 100% was obtained for sex and platelet levels above normal, and the
lowest precision of 39.1% was obtained for performance status. Similar, the highest
recall of 100% was reached for sex, platelet levels, and cardiovascular disease and the

lowest score of 63.2% was obtained for hand-foot syndrome.
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Table 3.2. Performance scores on collection of categorical variables

Precision (%)  Recall (%) F1-score (%)

Sex 100% 100* 100%
Cancer related variables
Death since start treatment 100* 100* 100*
Prior nephrectomy 96.5*% 94.0* 95.2*%
Progression during treatment 93.1% 96.0% 94.5%
Histological subtype of renal cell carcinoma 89.3 885 88.1

Comorbidities

Diabetes Mellitus 84.6 97.1% 904
COPD 91.6* 733 81.1
Cardiovascular comorbidities 62.8 100* 77.1
Hypertension 80.2 64.6 715
Adverse drug events
Diarrhea 81.4 68.6 74.5
Liver toxicity 493 87.2 63.0
Hypertension 51.6 71.7 60.0
Hand-foot syndrome 46.2 63.2 533
IMDC-criteria
Thrombocytosis 100* 100* 100*
Anemia 99.0% 98.1% 98.6*
Hypercalcemia 80.1 91.3% 85.7
Neutrophilia 90.0* 729 80.5
<1 year from diagnosis to systematic treatment 539 98.0* 69.6
Karnofsky performance status <80% 39.1 75.0 514

* Meet the set threshold for accuracy of 90%.
COPD: chronic obstructive pulmonary disease; IMDC: International Metastatic renal cell carcinoma
Database Consortium.

Outcome parameters were validated by determining progression-free survival and
overall survival. Progression during treatment could be predicted with a precision of
93.1% and recall of 96% by CDC (Table 3.2). In addition, calculated median PFS was
8.90 months (95% CI 5.38-12.43) versus 7.59 months (95% CI 5.74-9.44) for CDC
versus manual review, respectively (Figure 3.4A), which was not significantly different.

Until the 7" month the curves for PFS overlap, subsequently they split slightly.

Death after start treatment was 100% similar extracted by CDC as by manual review
(Table 3.2) and calculated median OS was 21.72 months (95% CI 18.69-24.75) versus
21.72 months (95% CI 18.59-24.84), which was equal for both methods (Figure 3.4B).
Although CDC reports 77 events with respect to 75 for CDC versus manual review,

the curves almost fully overlap.
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Figure 3.4. Kaplan-Meier plots of overall survival (@) and progression-free survival (b) determined from
manual review and Clinical Data Collector data for cabozantinib, everolimus, nivolumab, pazopanib and
sunitinib combined.

Bland-Altman plots with mean values of the continuous variables plotted against dif-
ference per value were composed to assess the quality of continuous data extraction
by CDC (Figure 3.5). Since all confidence intervals include 0, differences of means
were not significant. Data for age, ALAT, and ASAT showed the best concurrence

between both methods.

3.3 Extraction time
The total time spent on patient inclusion and information extraction using CDC was

12 minutes per patient, in contrast to 86 minutes spent per patient during manual
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review. This indicates that use of CDC could result in a sevenfold time reduction for

the information extraction.

4. Discussion

This study shows that main treatment outcomes such as PFS and OS can be accurately
collected using CDC as NLP and text-mining software. These most important outcomes
met the set standard of 90% for recall and precision. Furthermore, the Kaplan-Meier
plots, including time to event, showed no significant differences. Therefore we conclude
that CDC can be adequately applied to retrieve RWD from EHRs in order to add
effectiveness data to complement the efficacy data already obtained from RCTs. We
conclude that CDC shows to be a technical solution for more consistent and timely
data collection [26]. To our knowledge, this is the first study that investigated the use of

an information extraction tool to assess drug treatment outcomes in clinical practice.

Of all the extracted categorical patient characteristics, disease as well as drug related
characteristics, prevalence of a prior nephrectomy, thrombocytosis or anemia before
start of treatment met our standard of >90% for recall and precision. Although not all
categorical data met the standard, in general, cancer-related variables and structured
IMDC-criteria could be extracted reliably with CDC. Recall and precision were lower
for comorbidities, ADEs, and unstructured IMDC-criteria. The differences between
both data collection methods may be explained by the characteristics in the EHR
for various types of data. First, variables with less variance in free-text registration
options in the EHR, e.g., the structured IMDC-criteria such as laboratory values
and cancer-related variables, showed higher accuracy. When data are retrieved using
CDC, parts of the EHR are presented containing the predefined keywords. When
there is low variety in words used to document variables, chances are higher that all
relevant terms are covered in the CDC-queries. Also, variables which are stable, e.g.,
histological subtype of a tumor, seem to be more accurately extracted by CDC than
variables of a temporary nature, e.g., comorbidities and ADEs. Wang et al. [16] already
stated that ADE identification is complex, although identification tools as CDC can be
complementary to manual review. Additionally, variables registered in the EHR with
typing errors could be missed, unless they are specifically entered as search key. Since
real-world oncologic treatment studies in general focus on primary outcomes as PFS

and OS to study treatment effectiveness, we can accept a larger uncertainty for patient
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characteristics and adverse events. However, for follow-up studies focusing on these
secondary outcome parameters, improvement of queries with the already available

software, or advancing CDC by automatizing synonym handling will be beneficial.

The use of CDC resulted in a sevenfold reduction in time for information extraction
per patient, therefore the use of CDC can highly improve the efficiency in retriev-
ing real-world data. In the 12 minutes spent per patient, verification of preselected
patients and verification of variables was performed. Time spent for preparation of both
methods was not taken into account. Manual review was prepared by constructing an
eCRF and for applying CDC, queries were built. Whereof the latter was perceived as
more time consuming, especially the construction of queries for unstructured data.
However, these CDC queries can be used repeatedly for example in the same patient

population at a later moment in time or in other hospitals.

We observed that inconsistencies in the EHR caused differences between both datasets.
Firstly, we observed that the information regarding an event in structured data was
occasionally not consistent with the description in free-text notes. This led to differ-
ences in data retrieval, since some structurally stored variables were extracted by CDC
from their dedicated location only, whereas the same variables extracted by manual
review could be verified consulting free-text notes. For example, errors in using
DTC-codes could be manually corrected, which was the case in one of our patients.
This also applies for inconsistencies between the structured medication list and free-text
notes. Since information extraction by CDC was directly linked to the treatment
period as deduced from the medication list (structured data), incomplete registration
of medication use may influence the extracted values. To illustrate, in our study, start
data for drug treatment was not consistent between structured and free-text notes for
72 treatments and differed from one day (34 cases) to more than one year (one case).
Bowman (2013) also described the discrepancies between structured data fields and
free-text, for example, for drug dosing instructions [27]. Furthermore, variables such
as length, weight, and performance status had to be extracted from unstructured text
since these data are not stored in an easily accessible EHR file for CDC. As the CDC
extracts information exactly meeting the search criteria only, data can be missed,
introducing differences. This may explain the large fraction of missing data and low
accuracy scores for the Karnofsky performance status, since these scores are often
not literally stated in the EHR. This was also recognized by Hanauer et al. [28], who

underlined the variety and errors of numerical values registered in clinical note. For
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a few patients, differences in length and weight between CDC and manually retrieved
data were remarkably large. We expect these data were subject to measurement errors,

typing errors or were just rough estimations by a physician.

It should be realized that EHR data are real-world data, and not a clean data file such
as an eCRF created for research [1]. Therefore, discrepancies as well as errors are not
completely unavoidable, especially when data are collected in retrospect. Awareness of
these errors is necessary when effectiveness of a drug treatment in real life is assessed
using data extracted automatically with a tool such as CDC. However, the results of
our study show that despite discrepancies in a few cases, overall, continuous variables

were the same between both methods.

This study validated the use of CDC for patient inclusion and data extraction directly
on a real-world EHR, on a wide range of variables, as reported in RCTs. Comparison
to the gold standard manual reviewed data showed accurate results. A limitation of the
study design is that it focused on one type of cancer and its treatments in one Dutch
hospital. Also, in this first study on the accuracy of CDC, data collection was initially
performed by one person. Patients were only included for a maximum of approximately

4 years, therefore not all end-points were reached by the time of inclusion ended.

5. Conclusion

We conclude that by using CDC the efficiency of real-world data collection can be
improved considerably, since patients could be adequately included and treatment
outcomes and all structured data could be collected with no significant difference
from manual review. Although, information extraction of unstructured data showed
varying results on accuracy, we assume that with some effort suboptimal queries can
be optimized for data collection. In the future these queries can be applied to obtain
RWD for several other oncologic drug treatments as well as exported to other centers,
which, in particular, can improve efficiency regarding larger and multi-center patient

cohorts.
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Supplementary material

Supplementary Table S3.1A. Patient inclusion

Type of data Time
Inclusion criterium  extraction Searched terms window  Comments
Treatment Medication Cabozantinib, Start after jan 1, 2015
prescription request Everolimus, Nivolumab,
Pazopanib, Sunitinib
DBC* renal cell DBC Specialism: 0313 with Diagnose behandel

carcinoma

Diagnosis: 834
Specialism: 0306 with
Diagnosis: 010

combinatie = diagnosis
treatment combination,
a code used for
reembursements in the
Netherlands

58



EHRTEXT MINING TOOL VALIDATION MRCC TREATMENTS

2b0d 1Xau U0 Sanuuod g| €S a)qp] Aipjuawaiddns

19113]
[e21Ul]2 10 J9113] [BDIUID

WOOUIDIeDIRIU COOJOWOIYD)
WOoOUIDIEI0UIPE GOOJOLIOIYD)

Ijod ‘Liodas Abojoipes WIOOUIDIeD[3243IU GOOJOUI0IYD) yoieas
‘Hodal Abojoyied pappe Ajlenuepy pIOMADY 210ojowoIyD
wioouledsaiu Jiejjided
wooupJedouspe Jlejjided
pappe Ajjenuepy
ewoupied
1192 |eual (jiydowoiyd) Asejjided
19119 eLIOUDIED ||9D [eUai [lydowoiyd
[EDIUI|D IO J3113] [EDIUID ewiou|DIed |19 [eual Alejjided
1jod ‘1iodas Abojolpel woouIed[aJalu Jiejjided yoJeas
"1odal Abojoyied :AJelql] WAUOUAS pIOMASY Lol plomAY Klejjided
19119 wioouldiedsalu bijjadiapiRy
[EDIUID 1O J2113] [BIIUID wooulieswouspe bijj221spay
1jod ‘1iodas Abojolpel woouied(a2a1u bijja21ap|ay yoJeas PWIOUIDIED ||9D
‘Hodal Abojoyied pappe Ajjenuepy PIOMADY| |92 183D |euas Jo adAL
oasul
Jspa1oeIRYD
1uaned
plepueis S|eway 10 3_ PEIS
SIUSWIWOD MOPUIM W1 | 01 Pa1211153l SWI3) PaydIess uondeIXS Jamsue juiod eleq
UDIeas PIOMADY elep Jo adA| pa129)|0D

Uo1393]|02 e1e *gL°€s d|qe) K1eyuswisjddng

59



CHAPTER 3

2WOU[DIED [|9D [eUdy
J95UBd |90 |RUDY
woolauIadAH
Jowni-z)imels)

131U 9P UBA WIOOUIDIEIOUIPE
|92431U LIOOUIDIBI0UIPY
UIOOU[DIBIOUIPE [9DI3IN
SENVENENY]

JENVENTERIENIN]

WINIpe)s WoouDIed|adIaIN
[IERIENIN]

WwoouIeD) [92431U
WooU|DIed|2I3IN

:AJelql] WAUOUAS PIOMASY WOIH

yoieas 20Ua1N220 sisoubelp
PIOMADY 4O 18P 153p|0 Jo 31eQ

10412 BuidAy

Buln20 Apuanbaiy
10 Buyj|ads aaieuIRl R
‘UOI1LIOU SAINRUIRY|R #

JENET
[eD1Ul]D JO 19313] [eDIUlD
1jod ‘1iodas Abojolpel

eWOUIDIED [|9D [eudy
Josued |93 [euay
woolauIadAH
Jowni-z1Imels)

131U 9P UPA WIOOUIDIRIOUSPE
|92431U WOOUIDIBI0UIPY
WIOOUIDIEI0USPE [92I3IN
JENVEENIEIY]

JENVENTERIENIN]

WINIpels WoouIDIeda2IaIN
IERIETIN]

woouDIeD) [92431U
WooUIDIed[2I3IN

yoieas

UOIIBIADIGQR (JPUIOU) » ‘1iodal Abojoyied WAUOUAS pIomASY WoI plomAy  1adAl pauyapun
SIUDWIWIOD) MOPUIM 3WI| 0} PIDISDI SULIS) PaYDIeaS uonoRIIXD Jamsue jujod eleq
UDJeas PIOMAY elep Jo adA| p3123]|0D

panunuo) ‘g L'ss ajgel A1ejuswsajddng

(=]
O



EHRTEXT MINING TOOL VALIDATION MRCC TREATMENTS

2bbd 1Xau U0 Sanuuod g €S ajqp] Aipjuawaiddns

UoISIDXa ASUplyf
AwoioaiydsN
U93IWOID3LIN

CIWORENEIN] yoieas
:AJeiql| WAUOUAS piomAay wold PIOMADY| AwoldaiydaN AwodaiydaN
‘paubisse
2I9M SWODINO pauyap
'3|q1ssod JI pue payuan
Ajlenuew alam synsal ueuwyn4 yoieas topeib
952y A|jepadsy + pappe Ajjenuepy ploOMADY pauyapun
{7 peeib uewyn4 youeas
pappe Ajjenuepy plomAY 7 9pelD
¢ peeJb uewyn4 youeas
pappe Ajjenuepy pIOMADY ¢ opein
7 peeJb ueuiyn4 youess
:pappe Ajjenuepy pIOMADY 7 9pein
| peeib uewlynd yoieas apeib
:pappe Ajjenuepy pIOMADY | 9peIn uewyn4

wooupiedsalu bijja2iap|ay
ulooupiedouspe b1jj2319p|ay
(WWelolNpI =T ERIETVRSIIIERIEISIEN
wioouldJedsalu Jie|jided
UI00UIDIBD0UIPE Ul
WIooUIDIeD[3243IU I
WIOOUIDIeDI3IU qOOJOW0IYD
UIOOUIDIeD0UIPE GOOJOWOIYD
UIOOUIDIBD[3IIU GOOJOW0IYD
pappe Ajjenuepy

61



olep lusudieall

159nbai pus uondudsaid uondunsaid
1uswieal| uonedIpapy 159107 puj
D@D utuiod elep
KI2A3 10§ S91P Pate|al 18
obe 123)|02 Ajjednewoine 159nbal | s1eaf u 1uaWwieal}
01 9|qissod s1 1 | Juswiieal] UOIBDIP3N  9NJBA [PDURWNN  JO Mels 1e aby
159nbal 9)ep 1els 1uawieal}
1uswileal| uonedipayy  uondudsaid 1sil4 91ep 1eisg
Swoj 216U yoJeas
1UBWAINSEIN w2 0GZ - W2 00| 16U PIOMADY|
wo uj
w2 QG - Wd 0oL 16U 1USWINSE3|\  dN|eA [eDURWINN yibua
31W013449u U6 youeas
pappe Ajjenuepy pIoMASY  Awoidaiydau oN
SIUSWIWIOD MOPUIM W | 01 Pa121153l SWI31 PaydIess UO[ORIIX Jamsue uiod e1eQg
UDIeas PIOMADY elep Jo adA| pa129)|0D

CHAPTER 3

panunuod ‘g L'es ajgel Areyuswsajddng

62



EHRTEXT MINING TOOL VALIDATION MRCC TREATMENTS

'9bDd 1X2U U0 SaNUU0D §1 €S 31qD| AIp)uawaiddng

,uoseal
Juswieal}
dos, jo
uol1PIUSWIND0P
Jjo9leg  1uswieas dois
OAlU
gePWN|OAIU
BN
SNWI[0IDAS
oged
qlunuezoged
uns
qlumuns
ozed
Juswnean qiuedozed
uopdposaid Aueunesa _mm@mwm 119Yy10
Ucm\mmwwm £Bojoouo uaddois 1 yieaq
[eDIpaW :wislenads dois youeas
[un Juswieal
pauBisse uondiosaid pUe 1NSUOD :ULIOH :pappe Ajjenuejy PIOMADY| | 510349 2pIS
2I9M SWODINO pauyap pu3, 21042q vodai ABojoipey 3dA1 1od3y
'3|q1ssod Ji pue payuaA sKep o€
Ajlenuew alam synsal UsaM1aq ad
952y A|jepadsy + uol1eIUBWIND0P d1ssaiboud ydJeas uoseal
UONBIASIGQE (JBLOJUI) 4 JO 91ep LIRS ‘pappe Ajjenuepy PIOMADY| Juoissalbold  Juswiealy dois

63



CHAPTER 3

10das Abojoipey 9dA3 1oday
uoyssalboid Jown|
a1ssa1boud ewisejdosu
uaJowny uea aissaibolid
Jowny uea aissaibold
Jowny aissaiboid
dlssalboid Jown
dlssalboidiown| yoJeas
WAUOUAS PIOMADY WO pIOMAY
‘passiw Ajjenuaiod pd
21042424} PUR SWI} aIssaipoud
PaYNRUSPI YHM paiou SWeuso)
10U s| Jodas Abojolpel Jowny 19016
a1 Ul uolssaiboid ased 19016
Ul ‘pawiioyiad si 1xa) UaIZ 3} $a1S9B| SMN3IU
934} Ul YDIeas payiwl| Ua1Z 31 31S3e| dMN3IU
|euonippy ‘Ajuo papnppul Jusudieall 3159P| SWPUI0]
aue spiodai Abojoipel uondudsaid pappe Ajjenuepy
ul pauyap uolssaiboud pu3, [Aun uolssaiboud sown|
2I0J21aY1 "] |SID3Y 01 Juswiealn aIssa1boud euiseidosu
Bulpiodde uoissaibold ¢ uondunsaid uaJowny uea aissaiboid
Jous buidAy pu3, 210j2q Jowny uea aissalboud
Buln20 Apuanbaiy sAep 0g Jowny aissaibolid
10 buyj|ods aaieuIRl R U99M13q a1ssauboid Jowny 1usWieall
'UOI1BIOU DA[TRUIDYE # uol1PIUBWINDOP aIssalboidiown] yoieas Buunp
UOIIBIADIGQR (JPULIOU) 4 4O 31ep 1Rl 10das Abojoipey WAUOUAS pIomASY WOI PIOMADY| O UoIssaibold uolssalbold
SIUSWIWOD MOPUIM W1 | 01 Pa1211153l SWIa) paydieas uonoeIXd Jamsue juiod eleq
UDIeas PIOMADY elep Jo adA| P3129]|0D

panunuo) ‘g L'es ajgel A1eyuswsajddng



EHRTEXT MINING TOOL VALIDATION MRCC TREATMENTS

2bpd 1xau UO SanuuUod g €S a)qp] Aipjuswajddns

e|NWIOJ UOJ1RIOgE||0D
Abojojuwapids aseasip
Aaupry 21uoiyd buisn
163:1d3-ayD 163
BINULIOJ 35BISIP [PUS)
Ul 131p 4O UoledYIpOU

Jusuiieal)
91ep 1els, se
Kep awies ay1

Buisn 63 :qyaw 462 U0 10 210499 9q ZWE/ /Ul
31eJ uonedy Jejniawolb  pjnoys a1ep 1els 1d3 ayD 462 /W uUranjeA  11eis Juswieal)
parewisa 463 JUSWIAINSBIN ayaw 4b3 JUSWIAINSEIN [[=sBENIN 1e 1463
mab
M9
‘Mab
:pappe Ajjenuewl
1699M
1Y2IMab
Hoom yoJeas
:Alelql] WAUOUAS pIOMADY WOl PIOMASY
6 00€ pue
Juswiean 0F U99M13Q SaN|eA JUSWINSeaW AJuQ
31ep Jels, se 1699M
Kep awies ay1 mb
UOI1BIASIGQE (JBLUOJUI) 4 U0 10 210§3G 39 MID
1) 99J) Ul OS|e  P|NOYS 31ep 1IelS ‘mab + By Ul 1elsusuiean
4e3S JUSWSINSeIW F JUSWIANSEIN Y2IMID JUSWIAINSE  3N|eA [edUBWNN BERUVSIETY
Juswieal
Bulnp
uoyssalboid, jo
UOoleIUBWINDOP uolssalboud

J0 21eg

J0 21eg

65



CHAPTER 3

Juswiean
31ep Jels, se
Kep awies ayy

U0 J0 210437 3] 1els
p|noys a1ep 1e1s qy 7/|oWw Ul JusWieal 1e
UONPIARIGQE (Jeuojul) 4 1USWIAINSe3N SUIO|BOWRH  JUSWINSE3\  SN|EA [EDLSWNN uigo|bowaH
Juswieal)
a1ep 1els, se
Aep aules ayy
U0 J0 210437 3]
pINOYs 1ep 1e1s P42361110299 “qle winid|ed J/l0Ww Ul el JuUswiean
UOIBIARIGQE (Jewojul) 4 JUSWIAINSEN p42961110296 duiWNge WNIDED  JUSWAINSE3|\  DN[eA [EDLIWNN 1e wnped
Juswiealy
31ep Jels, se
SSeUILESUEI] D13JB0[BXO Aep awies ayy
slwelnib 0o UO J0 210437 3]
Sseulwesues}  PNOYs a1ep 1els 1Sy J/NUl Jels Juswileal)
21eyledse ;| ySy JUSWIAINSe3N 10D 1YSY  1USWaINSeal\|  aN[eA [BOLRWINN 18 1ySy
Juswieal)
91ep Jels, se
Sseulwiesues) Kep awies ayy
-91eAnIAd-D1weIn|b i 4o U0 J0 210437 3]
95eJ3JSURLIOUIWE  PINOYS 21ep 1els Il J/NUl 1els Juswiean
auluee [y JUSWISINSEI 1dOIVIY  JUSWRINSe3)y  dN[eA [eDLSWNN 10 VY
SJUSWWIOD) MOPUIM SUI | 01 Pa12LISal SWLIS) Pay2Ieas uonIeNXS Jamsue 1uiod e1eQ
yoJeas plomAsy elep jo adAL P32123|0D

panunuo) *gL'€s ajqel Areyuswajddng

66



EHRTEXT MINING TOOL VALIDATION MRCC TREATMENTS

2bpd 1xau U0 SanuuUod g €S a)qp] Aipjuswajddns

Jusuiiealy
31ep uels, se

Kep awies ayi

U0 10 310§9G 3q

191 92Jj Ul OS[e  PINOYS 21ep LRIS

2Jeas JusWaINsea X JUSWINSEIN

001 saNnjeA 1uaWaInsesw AjuQ
ERIVENIeIIE !

21025 9JURWIIOL
2ouewIoyIad Aysjouley|

X3pUl AfSjouley|

Aysjouey|

(001-0)

SN1LIS 9DURWIOLRd A3Sjouley 10eAXS Of
GS SaN|eA JUSWINSEAW AJUO
Souewllopad

21025 9duewllopad

21025 OHM

2102S-OHM

9SSEP OHM

OSSEP-OHM

souewopad OHM

peesd OHM

OHM
(G-0) SN1LIS 2dUBLLIOMRd OYM 1DRIIXD O

JUSWINSER\  SN|RA [BDLBWINN

14e1S JUBWIRaI]
18 21005 OHM

Jusuiiealy
dlep uels, se
Kep awies ayy

U0 10 310§2q 2q
p|NOYs a1ep 1Je1s
JUSWINSEIN

uaayonnaN

T/joww Uy
JUsWlalnses|in oN|eA [edlsWnN

1Jels Juswiean
1e sjiydoainan

Jusuiieal)
91ep 1els, se
Kep awies ayy

U0 J0 310§9G 9q
P|NOYS 91ep 1Ie1s
JUSWRINSEIN

U31A00QqUIOI|

7/loww uy
JUSWIINSERY\  3N|RA [EDLDWINN

uels
jusuiiean e
sa1A00qWiol |

67



CHAPTER 3

Jous buidAy
Bunn>20 Ajpusnbaiy
10 Buljjads aapeusle

,uswieany
91ep 1els, se
Aep auies sy}
lIUN 210J99

'UOI1BIOU DAITRUIDY[E # 13k | wouj 3q yoieas ENENo) Alpiglowod
UONPIASIGQE (JBWUOJUL) ,  PINOYS 91ep 1Ie1S PIOMASY JE|NDSPAOIPIED)  JRINDSEAOIPIRD
3sasUWIRUY :uonsanb aI1sua1adAH yoieas
“}JNSUOD WO} UIYUA ‘pappe Ajjenuepy PIOMADY|
aISUaRdAH
1M JUSWINJ0p e Ul Jay1aboy
OA
SIUSP3IYDS2BI00A
‘pappe Ajjenuepy yoieas
UOI1BIASIGQE (JRLUOJUI) 4 :JO 3UO 1583| 1Y PIOMADY|
0Ot7 L < S9N[PA JUBWIAINSEAW AJUO
aInssaid adIN
pOO|Q SAISBAUI-UOU :gdIN vy
12201-BAl 14y 3NIPUSAOQ Yy JUSWIAINSEIN
ed132INIp Bulj19>-MOT
JJuswiean SIP0|g-e19g
31ep Jels, se us)siuobeluewNIDE)
Kep awies ayy ua1sjuobeIUR-|I-aUISUSI0IBUY
[AuN 210429 SIaWWI-IOY
1e9A | woly3q eAlsuaadAynue sbuanQ 15anbal A1pIQIOWoD se
pINOYys 21ep 111 eAlsuaadAynuy uonedIPaN uolsuapadAH uolsuapadAH
SIUSWIWOD MOPUIM SWI| 01 Pa12111s3l SIS} Pay2Iess uondeIXS Jamsue juiod eleq
UDIeas PIOMADY e1ep Jo adA| Pa129]|0D

panunuo) *gL'€s ajqel Areyuswajddng

68



EHRTEXT MINING TOOL VALIDATION MRCC TREATMENTS

'2bbd 1xau U0 Sanuuod g €S a)qp] Aipjuswajddns

ua|[uguuINLIe
usJ|ugywinie

uaJ9||liqy winLie
uaJs||ugywinLie

ane||uqy slele
Shejjlugywiniie

qye

usJ3||ugywInL1e

:pappe Ajjenuejy

1DJejul [eeIpIed

US1Jejul PIEdOAW
U1DJBJuIpIeD0AW

10Jejul PIBDOAU
10.RJUIPIEDOAW

10Jejul 1ey

ua12./ejullie

104BjUl Pey

10JejuneyY

|eAURELIRY

1US1s-Uou

1u1su

WENEN|

IW3LS

:AJe1ql| WAUOUAS pIomASy woly
Joauo

153 18 {YIIM JUSWNDOP e Ul J1ayrabol
OA

SIUSPIYSSBIO0A

pappe Ajjenuepy

1JO 9UO 1589] 1Y

69



CHAPTER 3

UONDIBJUI [BIPIEDOAW
UONBAIDAS 1S IINILS
Jous buldAy

Bunn>20 Apusnbaiy

10 Bul|ads aapeuI) e
'UOI1BIOU DAITRUIDY[E #
UOIRIASIGQE (JPWLOJUI)

1DJejul [eeIpIed

US12JRjUl PJEDOAW

US12JejJuIpIedOAW

1D.JBjul PIeDOAW

104ejuIpIBD0AU

1DJejuUl ey

ua12/ejulliey

1D4BJUl ey

10JRjUILIRY

|eAURELIRY

1WS15-Uou

115U

1W1s-N

3s3asUWeUY uonsanb IW3LS
INSUOD WO UIYUAA :AJeiql| WAUOUAS piomAsy wol4

yoleas
PIOMASY|

a11esuadwodapsIydal
a1resuaduwodapsyul|
anesuadwodapuiey
anesuadwodsp
sip10d> dwodap
SIpJ0D ofesusdwodap
a1uaPLYyNSUl [eelped
a1usPLYYNSUl Jiey
anuaPYNsuUey

1Ry Uajey

uajejieH

S1UsWIWIOD)

MOPUIM aWI |

01 Pa1LISal
UDIeas PIOMADY

SWial paydless

UONJRIIXD Jamsue
elep jo adA| pa123||0D

1jod ereq

panunuo) *gL'€s ajqel Areyuswajddng

70



EHRTEXT MINING TOOL VALIDATION MRCC TREATMENTS

2bbd 1xau U0 Sanuuod g| €S ajqp] Aipjuswajddns

Juswiealy
31ep Jels, se
Kep awies ayy
13UN 31043q

1eak | wouy 3
pINoys a1ep 1eis

useppIW apuabeIaAa50ON|EPa0Iq
uabojeue us saulnsu|
ua[appIwsa1ageI(]

anesuadwodapsiydal
a1esusduwodapsyul|
anesuadwodapuey
anesuadwodsp

SIp10d> dwodsp

SIp102 oiesuadwoda

91IUIDLYNSUI [BRIPIED
anuUaPYNSUI Liey
2nuUPYNSUlLIeY
1iey uaje}
udejiey
us|uqywnLie
uaJ9|liqywinie
UaJ3J|1uIqY wintye
uaJ3||ugywinie
Slejuqy ofelie
Shejjlugywiniie
qye
uaJ9||igywinLie
:pappe Ajjenuepy

159nbal
uonedIpay

AUpIQIOW0D
Se snl|joul
s919gelq s919qeq

71



CHAPTER 3

Jous buidAy

Bunndo0 Apuanbaiy

10 Bul|ads aapeusl e
'UOIILIOU DA[TRUIDI[E #
UOI1BIAIGQE (JRWOjUI)

Juswiean
31ep 1e3S, Se

Kep awies ay1
[uN 210429

1eaA | wolyaq
p|noys a1ep 1eig

BOIA|

odnedwiAsered+ednawAuwodneduwAs

edlAjodnedwAseled

159nbai
uonedIPa

AlpIgIowod
adod seddod

Jous buldAy

Bunn20 Apusnbaiy

1o Buljjads aapeus) e
'UOI1BIOU DAITRUIDY[E #
UONPIASIGQE (JPWOJUI)

3sauweUy :uonsanb
“}NSUOD {WOJ UIYIAA

Bp2IZIDYINS
¢Nd

LWa

Wa

s912qeIq
snyjjlPW sa12qeIq

:AJeigl| WAUOUAS piomAsy wol4

yoieas
PIOMADY|

199qeld

siageld

L1ING

ZINd

LWa

dNd

sa19qelq
SNIj[eW $319GeI(

:AJeiql| WAUOUAS piomAay wold

1o auo

15e9] 18 YHM JUSWINJOP € Ul Jay1abol

OA
siuapalydsabioon
1JO BUO 1583| 1Y

yoleas
PIOMASY

S1UsWWIOD)

MOPUIM oW | 0] po1ol1sal

UDIeas PIOMADY

SWal paydless

uondRIXS
e1ep Jo adA|

Jamsue HC_OQ eled
pe123)|0D

panunuo) *gL'€s ajqel Areyuswajddng

72



EHRTEXT MINING TOOL VALIDATION MRCC TREATMENTS

9bDd 1X2U U0 $aNUNU0D §1 €S 3jqQD| AIp)uawaddns

SWOIPUAS
Ayiedojeydsdus
3|qIsianal Jouisod :S3Yd
Jous buidAy

Bun220 Ajpusnbaiy

10 Buljj2ds sAneusale
‘UOIIRIOU SAIIRUIRY R #
uoneiAalqge (|eudiojul)

pyww 06 <
SNIPP0|g YDSI|oISeIp
%NIPISPUO YNIPPI0Ig
Byww oy | <

dgIN

dd

3NIPUSAOG YNIPPa0|g

JusaWlalnses|in

Jusuwiean
uondinsaid
pu3, Jaye

shep 0g [hun
uswiean

91ep 1els, Jaye
399M | WO 3q
pInNoys a1ep 1eis

ednainig
SI0|g-B1Q dAAMIIIDS
usjsiuobejuewnide)
u3siuobeIue--aUISU10IbUY
SIDWWI-IDY
eAlsualadAynue abuanQ
eAlsuaLadAynuY

AIEVE]
3SI9ApE S
uolsuaadAH

159nbai

uonedIpay uolsuaadAH

adod
Bujusopueebamiyan|

9A3112NJ15C0 YISIUOIYD
Bulusopueebuo)

9A3112NJ1SCO YISIUOIYD

:AJeigl| WAUOUAS piomAsy wol4

3sauweuy :uonsanb
“}NSUOD {WOJ UIYIAA

yoieas
pIOMADY|

adod

Buiusopueebamiyon|

SA311DNIISCO YISIUOIYD

Buiusopueebuo| 9A2119N1ISGO YISIUoIyD
:Alelql] WAUOUAS pIOMADY U014

1JO U0

1583] 18 YIM JUWNd0p e ul Jay1abol
A

SIUSPIYDSDI00A

:JO 9UO 1583)| 1y

yoleas
pIOMADY

73



CHAPTER 3

‘(uoneuiwexa [ed1skyd)
}20ZIapuo fijpweyd||

“}NSUOD {WIOJ UIYIAA

AKbojoduo
[eDIpaW wislenads
JO (Uoneulwexs

[euonIpPe) Y20ZI9puUo

pus||nAuee S3dd
pappe Ajjenuewl

3NIppa0o|g apbooian
3NIppao|g aboy
aIsuaLadAy

WAUOUAS pIomASY WOI

‘(sIsauwleur)
9sauuleue :uonsanb

yoieas
pIOMADY

95e35Ip AAISUSRAAY
ainssald poojq ybiy
UOISUSLIRAAY |elIaLIe DIWISAS
uolsusadAY DIW1SAS
ainssald poojq ybiy
uolsuauadAy

NLH

daH

EINVEWET VAV IEIETIEM
apbooyian ynippaolq
3NIppa0|g apbooyian
3NIPPa0|g PHOOYISA
uaboylan ynippaolq
pbooyian ynippa0|q
aboy ynippao|q

Hooy ynippao|q
3nippao|q booy
3nIppao|g aboy
dlsuaadAy

WAUOUAS pIomASY WOI

ABoj0dUO |edIpawW
:wsi|e1dads wold

yoieas
PIOMADY|

S1UsWWOD)

MOPUIM aWI |

0} PaIDLISDI
UDIeas PIOMADY

SWal paydleas

UonORIIXD Jamsue jujod eleq
elep Jo adA| P3129]|0D

panunuo) ‘g L'es ajgel A1eyuswajddng



EHRTEXT MINING TOOL VALIDATION MRCC TREATMENTS

'2b0d 1xau U0 Sanuuod g €S ajqp] Aipjuswajddns

Ausudieall

uondunsaid

pu3, Jaye

10419 buidAy sAep g jun
Bund0 Ajpuanbayy Jusuiieany

Jo bujjjads anieulR) e 31ep pels, Jaye
‘UOIIRIOU SAJRUISYE #  99M | WOl 3]
UOIIBIARIGQE (JeWojul) ,  PINOYS 21ep 1I.lS

‘wisieads woly s1ena|

SILI00IS 1IDUNIAD)
SIUI00ISAIIDUNLIND)
USSSIUIO01S DIDUNJIAI)
USSSIUIO0)ISDNDUNLIDAI)|
SILIOO)S DILBYDISATT

SIUIO0ISUAZURIDAI)
USSSIUIO01S WAZUIIDAI
USSSIUIOOISWAZUSIDAS)

SIUIO0ISUAZURIDAI)

11911D1X01IAAI)
uabuibliswAzualana|

BuIblsWAzZUIRAI)

Buiblis jese

1ese ueA buiblins

1ese booy

1e5e PHOOYIIA

Buib(is 1ee

1e|e ueA buibfiis

1eje booy

1e|e pHooyIaA

pbooyIan saselajsueiioulule
sasesajsuesjoulwe aboy
S9seI9jSURIIOUIWE SPBOoOYIaA
pHOOYIaA SaseUILIRSURIY
saseujwesuell aboy
SaseujwiesueIl 9pbooyIaA
PHOOYISA USPIERMIDA|
uapleemiana| sboy
udpIeRMIIAS| SPHOOYIIA
‘pappe Ajjenuepy

ABOJ0dUO |edIpaW

[ediuldrjod :uoisnpx3y

youeas
PIOMADY

A1IDIX0 I2AI

JUDAD 3SI9APE
se A1DIX0) J2AIN

75



CHAPTER 3

ol1ed9jop auunp

Jop auunp
‘pappe Ajjenuew
eayielp
Juswiean seyueIp
uondudsaid salelp
pu3, Joye alielp
1o buidAy sAep g |un souelp yoIeoS
bunndd0 Ajpusnbayy Ausuiesi WIAUOUAS pIOMASY WOl pIoMAS)|
10 Buyj|ads aaieusale 91ep 1els, 1ayje
'UOI1BIOU DA[IRUIDYR # 399M | WO 3] 1sonbai JUIAD 3SI9APE
UONBIASIGQE (JBWLUOJUL) ,  PINOYS 31ep 1IelS aplwelado] uonedIpPay eayuielg se eaylielg
TN S/L< 9ew Joy
/N GLL< 3PWa) 10§
1vsy
109 1vSY
/N SC< 9leuld Jo4
/N GLL< 9|eWs) 10
VIV
1dD V1V JUSWIAINSEIN
SIUBWIWOD MOPUIM W1 | 01 Pa1211153l SuIa) paydieas uonoeIXd Jamsue juiod eleq
D1eas pIomADY e1ep Jo adA| Pa123||0D

panunuo) ‘gL es ajgel Arejuswajddng

76



EHRTEXT MINING TOOL VALIDATION MRCC TREATMENTS

'2bbd 1Xau U0 Sanuuod g1 €S ajqp] Aipjuswaiddns

anelopxapiny
piny Bunayiyds

Buusyiyospiny

Bujusopuee aznarewayifia

piny apoi

SWEIWYSES

9501BWIBP 9ZN31eWdYIAID

EIVIEINIE]

(WESTHYSE!

EWETYSES

|esde padnpul-Adesayiowayd
aldesayiowayd

UBP J|EPUND3S WOOIPUASIZOA US -puBH
Adelaypowayd

01 A1epu0d3s SUWOIPUAS 1004 pue pueH
SUWOIPUAS 1004-pueH

UIOO0IPUAS

-3159Y159sApoiyifia auieyuejdowjed

uswiean UWOO0JPUASDISaYISISAPOIIAID

uondudsaid Jieyuteidowjed

pu3, laye eIsayisApoyifis Jerueld-rewjed

Jous buidAy sAep ¢ |nun QWIOIPUAS

Buln20 Apuanbaiy Juswiieany eIs9159esAp0IYIAIS Jrup|d-iewjed
10 buyj|ods saieuIale 91ep 1els, Jaye SWOIPUAS

‘UOIIRIOU SAIJRUISYE # 3oaMm | wol g
uolleIARIqQEe (|PULIOUL) »  PINOYS 31ep 1IRIS

eISaY1535ApoIy1AIa Jejue|d-reud|ed
:AJeigl| WAUOUAS piomAsy wo4

yoieas
pIOMADY|

SWOIPUAS
100J-pueH

JUSAD 9SI9APR
Se JUWOIPUAS
100J-pueH

77



CHAPTER 3

pINY SpUISY|IYdS
SEIETIIVRY

US120A 3p0J

uapuey apoJ

add

S

SAY

WIOOIPUAS 190A puey
190ApURY
WOOIPUASISOA-pURY
:pappe Ajjenuewl

g|inq

1915119

SES

SaIsae| 9zn3|INq
usbulwIoAIee|q
Buluion Jee|q
Bujwionee|q
uale|q

Jee|q

9€|Inq

e|ing

S1UsWIWOD)

MOPUIM aWI |

0} PaIDLISDI
UDIeas PIOMADY

SWal paydleas

uonORIXD Jamsue jujod eleq
elep Jo adA| pa129)|0D

panunuo) ‘g L'es ajgel A1eyuswsajddng

78



EHRTEXT MINING TOOL VALIDATION MRCC TREATMENTS

Abojoouo

[edIpaW :wisije1dads

JO (uoneulwEexd
[EUONIPPE)YS0ZISPUO
pus||nAuee
‘(uoneujwexa [ediskyd)
%90zI19puo yfijaueydl|
‘(sIsauuleur)
9ssulleUe :uonsanb
1INSUOD WIOJ UIYUAA

eIsay1sApoyifis Jejueld sewed
UWOO0JPUASIISaYISISAPOIIAID
Jieyuedowjed

WOO0IPUAS

9159U1595Ap0.1AI9 aureyue|dowjed
S

100} puey

SWOIPUAS 1004 pury

190A puey

190ApURY

WOO0IPUASISON puey

WIOOIPUAS 190A puey

:pappe Ajjenuepy

yoleas
PIOMASY

79





