d
A
&
15,

Universiteit

Q) { 75-

Ndlid Leiden

5 &

'M’y The Netherlands

o

An electronic health record text mining tool to collect real-world drug
treatment outcomes: a validation study in patients with metastatic

renal cell carcinoma
Laar, S.A. van; Gombert-Handoko, K.B.; Guchelaar, H.].; Zwaveling, ].

Citation

Laar, S. A. van, Gombert-Handoko, K. B., Guchelaar, H. J., & Zwaveling, J. (2020). An
electronic health record text mining tool to collect real-world drug treatment outcomes: a
validation study in patients with metastatic renal cell carcinoma. Clinical Pharmacology &
Therapeutics, 108(3), 644-652. doi:10.1002/cpt.1966

Version: Publisher's Version
License: Creative Commons CC BY 4.0 license
Downloaded from: https://hdl.handle.net/1887/3181911

Note: To cite this publication please use the final published version (if applicable).


https://creativecommons.org/licenses/by/4.0/
https://hdl.handle.net/1887/3181911

’.) Check for updates

ARTICLE

An Electronic Health Record Text Mining

Tool to Collect Real-World Drug Treatment
Outcomes: A Validation Study in Patients With
Metastatic Renal Cell Carcinoma

Sylvia A. van Laar!, Kim B. Gombert-Handoko', Henk-Jan Guchelaar! and Juliétte Zwavelingl’*

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 (EHRs) for treatment
evaluation 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. We investigated CDC as a real-world data (RWD) collection
method, through application of CDC queries for patient inclusion and information extraction on a cohort of patients
with metastatic renal cell carcinoma (RCC) receiving systemic drug treatment. Baseline patient characteristics,
disease characteristics, and treatment outcomes were extracted and these were compared with MR for validation.
One hundred patients receiving 175 treatments were included using CDC, which corresponded to 99% with MR.
Calculated median overall survival was 21.7 months (95% confidence interval (Cl) 18.7-24.8) vs. 21.7 months (95%
Cl 18.6-24.8) and progression-free survival 8.9 months (95% Cl 5.4-12.4) vs. 7.6 months (95% Cl 5.7-9.4) for CDC
vs. 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 metastatic RCC
database criteria (51.4-100). Mean data collection time was 12 minutes (CDC) vs. 86 minutes (MR). In conclusion,

CDC is a promising tool for retrieving RWD from EHRs because the correct patient population can be identified as
well as relevant outcome data, such as overall survival and progression-free survival.

Study Highlights

WHAT IS THE CURRENT KNOWLEDGE ON THE
TOPIC?

M Real-world data can provide necessary insights into drug
treatment outcomes in clinical practice. The electronic health
record (EHR) is one of the potential data sources.

WHAT QUESTION DID THIS STUDY ADDRESS?

M Can efficiency of EHR information extraction on oncologic
treatment outcomes be improved by use of the text mining soft-
ware tool Clinical Data Collector (CDC)?

WHAT DOES THIS STUDY ADD TO OUR KNOW-
LEDGE?

M Using a test population of patients with metastatic renal
cell cancer receiving a range of systemic treatments, we were

Randomized controlled trials (RCTs) are the gold standard to
investigate efficacy of novel drug therapies and, therefore, RCTs
are pivotal for drug marketing authorization zlpplications.l_3
However, in the accelerated approval pathway of the US Food

and Drug Administration (FDA) and in the conditional

able to select 99% of the manual population, extract survival
data, and structurally stored data as laboratory results with no
significant difference to manual review (MR). We were also
able to collect comorbidities, cancer-related variables, and side
effects with medium to high accuracy. Compared with MR,
the use of CDC resulted in a sevenfold reduction of time per
patient.

HOW MIGHT THIS CHANGE CLINICAL PHARMA-
COLOGY ORTRANSLATIONAL SCIENCE?

4| Using CDC, which is a more efficient method for data ex-
traction, continuous treatment evaluation in clinical practice
can be facilitated and effectiveness of new drugs in clinical prac-
tice can be assessed.

marketing approval pathway of the European Medicines Agency
(EMA), new and mostly expensive anticancer drugs are increas-
ingly approved based upon studies with surrogate end points
such as progression-free survival (PFS) or objective response
rate, and a large part of these studies lack a standard-of-care
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control arm.* 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 se-
lected 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 complementary information."®™!* 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).*”! It contains individual longitudinal patient data col-
lected during routine clinical practice and includes information
about patients’ demographics, health behavior, vital signs, en-
counters, laboratory data, medication orders, procedures, imaging,
health problem lists, and free-text notes.'? 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, because these free-text
notes are unstructured, they are less suitable for automated infor-
mation extraction.'>'* Therefore, manual chart review is still the
standard method for dara collection from EHRs.'? Unfortunately,
this manual method is laborious, time-consuming, and er-
r01‘—prone,12’l3’15 and thus, not a durable approach for the struc-
tural collection of RWD from EHRs. Therefore, more advanced
methods are highly warranted.

Natural language processing (NLP) and text mining tech-
niques are advanced methods of information extraction of free-
text data.!>!4
not yet casily applicable as an alternative method to evaluate

Although these methods are promising, they are

the 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 informati-
cians can be combined with knowledge of clinicians.'® For exam-
ple, an NLP pipeline to extract urinary incontinence and erectile
dysfunction was developed for patient-centered outcomes of
prostate cancer treatment.'’ Additionally, a method combining
NLP and machine learning techniques was developed by Sohn
et al. to collect adverse drug events from psychiatry and psy-
chology medical records.'® 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. '

The Clinical Data Collector (CDC; CTcue B.V., Amsterdam,
The Netherlands) is an NLP and text mining-based tool, which
is built to collect structured as well as unstructured data from
EHRs and is currently available in hospitals in the Netherlands
and Belgium. In contrast to other tools, CDC is designed for
usage by medical and pharmaceutical professionals, enabling to
casily build queries themselves for information extraction on
their topic of interest. Using these queries, only relevant parts
of the EHRSs are shown and results are directly collected into a
dataset, thereby potentially improving the efficiency of retrieval
of patient data.”?
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CDC may be a useful extraction tool for retrieving RWD from
EHRs. Therefore, we designed a validation study to assess the in-
formation extraction of clinical trial parameters from the EHRs by
CDC with customized queries. Because we are interested in the ef-
fectiveness data of specific oncologic drug treatments, we choose to
perform this study in patients with metastatic renal cell carcinoma
(mRCC) receiving systemic treatment.

METHODS

In this observational, retrospective validation study, CDC was applied
to collect patient characteristics, treatment outcomes, and adverse
drug events (ADEs) during drug treatments for mRCC from EHRs.
These data were compared with manually obtained data from the
EHRs. Patient inclusion, patient characteristics, treatment outcomes,
ADEs, 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.

Study population

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

Collected variables

Variables that are generally presented in RCTs evaluating new drug
therapies in mRCC were collected,”*** namely general patient related
characteristics (sex, age, length, weight, estimated glomerular filera-
tion rate, alanine aminotransferase (ALAT), and aspartate amino-
transferase (ASAT)) and disease-related characteristics (histological
RCC subtype and prior nephrectomy) at baseline, including also four
common comorbidities (hypertension, cardiovascular comorbidities,
diabetes mellitus, and chronic obstructive pulmonary disease) and the
International Metastatic Renal cell carcinoma Database Consortium
(IMDC) criteria to predict prognostic categories (hypercalcemia,
neutrophilia and thrombocytosis, anemia, performance status below
80% Karnofsky, and time from diagnosis to systemic drug treatment
below 1 year). Furthermore, treatment outcomes were collected, in-
cluding tumor progression and OS since the start of treatment and
four common ADEs (hand-foot syndrome, liver toxicity, diarrhea, and
hypertension).

Manual reference

To create a gold standard, manual chart review was performed by a phar-
macist 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 and recorded in an electronic case report form (eCRF;
Castor EDC, Amsterdam, The Netherlands). For cach patient, the time
to collect data manually in the cCRF was recorded.

Clinical data collector
CDC is a software tool that is linked with the EHR in the hospital. EHR
data are transformed by an application programming interface, to en-
able structured search using the search engine by medical professionals
(users). Figure 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

645



ARTICLE

Hospital
On-premises Platform

MSSQL data warehouse - Host 1
()
Data warehouse
—O =

Application server - Host 2

(d)
Client
CTcue Frontend | g

A

-
EHR User
Search server - Host 3
(b) (c) ‘
NLP Transformation — Search Eng?ne
Natural Language API L Search Engine API
Centralised Suggestion Service Y

, (e) UMLS
E Suggestion API

Storage

Figure 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 MSSQL Server relational database. (b) Natural language processing (NLP) transformation application
programming interface (API) pseudonymizes data. (¢) 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. [Colour figure can be viewed at wileyonlinelibrary.com]

queries per datatype (e.g., medication requests and laboratory results).
Additionally, information extraction from unstructured text is enabled
through text mining based on keywords. After running the designed que-
ries, all data are combined in a generic dataset. When a data point s selected,
the EHR context is shown, which enables the user to manually validate re-
sults. The handling of structured and unstructured EHR data is shown in
Figure 2. The results can be exported into a CSV-file or XLSXfile.

Queries for patient inclusion and data collection were defined as fol-
lows. Patients were included only in CDC for data extraction with both a
Diagnosis Treatment Combination (DTC) code for kidney tumors as well
as an initial prescription of at least one of the five drug treatments. ADTC
is a code used for hospital costs reimbursement in The Netherlands.” As
both variables were stored as structured data, corresponding structured
data queries were applied. The remaining structured data (e.g., age, sex,
and laboratory test results) were extracted using these queries as well. For
example, the last known measurement result before the start of drug treat-
ment could be automatically 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 programming inter-
face, commonly known synonyms, variants, abbreviations, and typing er-
rors were manually set for this free-text search. In addition, combinations
of queries to select structurally stored data and free-text search queries
were used to improve recall of some variables. An overview of used queries
is provided in Supplementary File S1. The completeness of the queries
was assessed inspecting the test results section in CDC of 10 random pa-
tients and a set of test results was compared with a test set of manual results
before finalizing the queries.

After applying patient inclusion criteria using CDC, preselected pa-
tients were screened for final inclusion. Subsequently, for data extraction,
all variables fully based on structured data were automatically extracted.
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Variables fully or partially based on unstructured data were manually ver-
ified before extraction, using the selected parts of the EHR shown in the
results display of CDC, resulting in a semi-automatic extraction proce-
dure. The time spent on final patient inclusion and verification of data was
measured for CDC. This was compared with the time that was spent per
patient task for manual chart review.

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 2 Data extraction approach from structured and unstructured
data using Clinical Data Collector.
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Analysis and statistics

To establish accuracy of data retrieval, results were compared with
manual review (MR). For categorical patient characteristics and ADEs,
precision, recall, and Fl-scores were calculated. There is no consensus
on thresholds for accuracy scores that an information extraction tool
should meet. However, we set thresholds for both precision and recall at
90%, to limit the chance on incorrect conclusions when data are used for
treatment evaluation. This is in line with thresholds set by Hernandez-
Boussard et al.** Because a part of the IMDC criteria are measurement
values, with the answer being a binary question, these will also be ana-
lyzed 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% ———— 88—
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. In addition, mean differences between data col-
lected using CDC and MR were determined. Kaplan—Meier plots for PES
and OS were composed for all treatments combined. Data were combined
because the aim of our study was to validate whether CDC PES and OS
results are equivalent to MR. For PFS, time from start of treatment until
signiﬁcant tumor progression during treatment according to Response
Evaluation Criteria in Solid Tumors 1.1%° was used, or death from any
cause. Patients were censored when treatment ended without tumor pro-
gression or when patients were still on treatment at the end of inclusion.
Furthermore, for OS, time from start of treatment until death from any
cause was calculated. Patients were censored when alive at the end of the
inclusion period. Because the included patients could have received multi-
ple lines of treatments, patients could occur multiple times in both plots.

Statistical analysis was performed in SPSS version 25 (IMB, Armonk, NY).

RESULTS

Patient inclusion

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 MR, 119 patients were
initially selected 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 the defined inclusion period.

A total of 99 of 100 patients selected using CDC corre-
sponded with the patients included manually. This difference
was caused by an incorrectly registered DTC code in the EHR
of an unselected patient. Figure 3 shows the complete patient
inclusion flowchart.

Information extraction

Validation parameters were collected and accuracy scores were cal-
culated in order to qualify the usefulness of CDC with respect to
manually retrieved outcome data. Table 1 presents an overview
of the collected variables per drug treatment for both methods.
First, both MR 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 man-
ually recorded, whereas 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 MR and 151
patients by CDC. Fourteen patients were manually identified as
rarer subtypes, whereas nine remained unclear. CDC reported 6
and 18 patients, respectively. The reported values of other can-
cer-related variables were also similar. The most reported ADE
by MR was liver toxicity (7 = 69), however, diarrhea was mostly
reported by CDC (7 = 51). Hand-foot syndrome was the least re-
ported by both methods (MR: 26; CDC: 19). Furthermore, the
number of reported ADEs showed the largest difference between
both data retrieval methods for liver toxicity (MR: 69; CDC: 39)
and the smallest for hand-foot syndrome (MR: 26; CDC: 19).
Further, of all IMDC score parameters used to determine the
mRCC prognosis, the incidence of anemia was by far the most
reported by both methods (MR: 103; CDC: 105). The reported
incidence is quite similar between methods for anemia and throm-
bocytosis (absolute difference of 0.4% and 0.6%. respectively).
Although, an absolute difference of 22% was shown in reported

| Patients selected for inclusion in CDC = 133

Patients selected for inclusion manually =119 |

Patients excluded:

Everolimus used for kidney transplants = 7

All treatments started outside inclusion period = 20
Therapy continued in other hospital = 1

Patient did not have metastases = 1

Too few patient/treatment data available = 1
Patient did not use treatment = 1

Patient only got a second opinion = 1

Patients excluded:

Last treatment started before January 2015 = 16

Patient did not use treatment = 1

Therapy continued in other hospital = 1

Multiple lines of therapy did not meet inclusion criteria = 1

Patients included in manual data set = 100

Patients included in CDC data set = 100

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

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

i

|

Patients included in validation study = 99

Figure 3 Flowchart of patient inclusion of manual inclusion and inclusion with Clinical Data Collector (CDC). The two approaches yielded
patient samples that were very similar and therefore use of CDC is satisfactory for the intended purpose. DTC, Diagnosis Treatment

Combination.
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Table 1 Collected variables for each treatment per method Table 1 (Continued)

Manual review Clinical Data

Manual review Clinical Data

(n = 175)° Collector (n = 175)° (n = 175)° Collector (n = 175)°
Drug treatment Continuous variables
Cabozantinib, n (%) 27 (15.4) 27 (15.4) Age, years, mean 5.0 55.2
Everolimus, n (%) 17(9.7) 17(9.7) Length, cm, mean 176.2 (n = 173) 176.6 (n = 169)
Nivolumab, n (%) 40 (22.9) 41 (23.4) Weight, kg, mean 80.6 (n = 164) 81.2 (n = 148)
Pazopanib, n (%) 70 (40.0) 70 (40.0) ALAT, U/L, median 21 (n = 173) 21 (n = 174)
Sunitinib, n (%) 21 (12.0) 20 (11.4) ASAT, U/L, median 22 (n=172) 22 (n = 174)
Male, n (%) 128 (72.7) 129 (73.3) eGFR, mL/minute/ 64.9 (n = 174) 62.0 (n = 155)
Cancer-related variables 1.73/m2, mean
Histological subtype of renal cell carcinoma ALAT, alanine transaminase; ASAT, aspartate aminotransferase; COPD, chronic
obstructive pulmonary disease; eGFR, estimated glomerular filtration rate;
Clear cell (%) 152 (86.9) 151 (86.3) IMDC, International Metastatic Renal Cell Carcinoma Database Consortium;
Papillary, n (%) 7 (4.0) 3(1.7) U/L, units/Liter.
_ ?ln case of missing data, number of known variables is presented.
Sarcomatoid, n (%) 3(1.7) 3(1.7)
Mixed, n (%) 4123 0 patients who received systemic treatment within a year after diag-
Unclear, n (%) 9 (5.1) 18 (10.3) . s ‘oo
nosis. A substantial amount of missing data was reported on the
Prior nephrectomy, 114(65.1) 117 (66.9) IMDC-criteria calcium (MR: 9; CDC: 9), neutrophil (MR: 22;
n (%) _ CDC: 13), and performance status (MR: 19; CDC: 64). Finally,
:gﬁtrezs('o(/);] on treat 101 (57.7) 98 (56.0) the means of all continuous variables were similar. Values for age
. (years), length (cm), weight (kg), ALAT (U/L), and ASAT (U/L)
tDrgz:?n;nt?i S(E/Srt 99 (86.7) 99 (56.7) all differed less than one measurement unit. The reported means
Comorbidities for estimated glomcrulz;r filtration rate showed a difference of
2.9 mL/minute/1.73 m”. Moreover, for all variables some miss-
Hypertension, n (%) 91 (52.3) 114 (65.1) ing data was found, however, length (CDC: 6), weight (MR: 11;
Cardiovascular comor- 43 (246 27 (15.4) CDC: 27), and kidney function (CDC: 20) were most prominent.
b|.d|t|es, ! (%)_ To assess the quality of data extraction of categorical variables by
rl:))lg/i))etes mellitus, 39 (22.3) 34 (19.4) CDQC, the precision, recall, and F1-scores, summarizing both preci-
sion and recall, were calculated and presented in Table 2. In general,
COPD, n (%) ii (572) 15(®8.6) the highest scores on data retrieval were established in cancer-related
Adverse drug events variables and lowest in ADEs. Besides, results for IMDC-criteria
were most diverse with higher scores for continuous structured vari-
Sa((%j»foot syndrome, 26 (14.8) 19(10.8) ables. The highest score for precision of 100% was obtained for sex
Liver toxicity, 1 (%) 69 (39.2) 39 22.2) and platelet levels above normal, and the lowest precision of 39.1%
' was obtained for performance status. Similar, the highest recall of
Diarrhea, n (%) 43 (4.4 51 (29.0) 100% was reached for sex, platelet levels, and cardiovascular disease,
Hypertension, n (%) 64 (36.4) 46 (26.1) and the lowest score of 63.2% was obtained for hand-foot syndrome.
IMDC score parameters Outcome parameters were validated by determining PFS and
Hypercalcemia, n (%) 28 (16.9, 24 (14.5, n = 166) OS. Progression during treatment could be predicted with a pre-
n = 166) cision of 93.1% and recall of 96% by CDC (Table 2). In addi-
Anemia, n (%) 103 (59.2, 105 (60.0, n = 175) tion, calculated median PFS was 8.90 months (95% confidence
n=174) interval (CI) 5.38-12.43) vs. 7.59 months (95% CI 5.74-9.44)
Neutrophilia, n (%) 32 (20.9, 40(24.9, n = 162) for CDC vs. MR, respectively (Figure 4a), which was not sig-
n=153) nificantly different. Until the seventh month, the curves for PFS
Thrombocytosis, n (%) 23 (13.4, 22(12.8,n=172) overlap, subsequently they split slightly. Death after start treat-
n=172) ment was 100% similar extracted by CDC as by MR (Table 2)
ff;fgrggzcsaf;i}sky isz(igg)' 13 (11.7, n=111) and calculated median OS was 21.72 months (95% CI 18.69-
n (%) ' 24.75) vs. 21.72 months (95% CI 18.59-24.84), which was
Time from diagnosis 89 (50.9) 49 (28.0) equal for both methods (Figure 4b). Although CDC reports 77

to systemic therapy
< 1 year, n (%)

648

(Continued)

events with respect to 75 for CDC vs. MR, the curves almost
fully overlap.

Bland-Altman plots with mean values of the continuous vari-
ables plotted against difference per value were composed to assess
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Table 2 Performance scores on collection of categorical
variables

F1-score
Precision (%) Recall (%) (%)
Sex 100° 100°8 1008
Cancer-related variables
Death since start 100° 1002 100°?
treatment
Prior nephrectomy 96.5° 94.0° 95.2°
Progression during 93.1° 96.0% 94.5%
treatment
Histological sub- 89.3 88.5 88.1
type of renal cell
carcinoma
Comorbidities
Diabetes mellitus 84.6 97.1° 90.4°
COPD 91.6° 73.3 81.1
Cardiovascular 62.8 1002 771
comorbidities
Hypertension 80.2 64.6 71.5
Adverse drug events
Diarrhea 81.4 68.6 74.5
Liver toxicity 49.3 87.2 63.0
Hypertension 51.6 71.7 60.0
Hand-foot syndrome 46.2 63.2 53.3
IMDC-criteria
Thrombocytosis 100° 1002 1002
Anemia 99.0° 98.1° 98.6%
Hypercalcemia 80.1 91.3° 85.7
Neutrophilia 90.0°? 72.9 80.5
<1 year from diag- 53.9 98.0° 69.6
nosis to systematic
treatment
Karnofsky perfor- 39.1 75.0 51.4

mance status < 80%

COPD, chronic obstructive pulmonary disease; IMDC, International Metastatic
Renal Cell Carcinoma Database Consortium.
®Meet the set threshold for accuracy of 90%.

the quality of continuous data extraction by CDC (Figure 5).
Because all Cls include 0, differences of means were not signifi-
cant. Data for age, ALAT, and ASAT showed the best concurrence
between both methods.

Extraction time

The total time spent on patient inclusion and information ex-
traction using CDC was 12 minutes per patient, in contrast to
86 minutes spent per patient during MR. This indicates that use
of CDC could result in a sevenfold time reduction for the infor-
mation extraction.

DISCUSSION

This study shows that main treatment outcomes, such as PES and
OS, can be accurately collected using CDC as NLP and text min-
ingsoftware. 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 con-
sistent and timely data collection.?® 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 nephrec-
tomy, thrombocytosis, or anemia before start of treatment met our
standard of > 90% for recall and precision. Although not all cate-
gorical 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 vari-
ance in free-text registration options in the EHR (e.g., the struc-
tured IMD C-criteria), such as laboratory values and cancer-related
variables, showed higher accuracy. When data are retrieved using
CDQC, 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. In addition, variables that are stable (e.g., histo-
logical subtype of a tumor), seem to be more accurately extracted
by CDC than variables of a temporary nature (e.g., comorbidities
and ADEs). Wang ez al ' already stated that ADE identification is
complex, although identification tools such as CDC can be com-
plementary to MR. Additionally, variables registered in the EHR
with typing errors could be missed, unless they are specifically
entered as a search key. Because 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 characteristics and adverse events. However, for follow-up
studies focusing on these secondary outcome parameters, improve-
ment 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 retrieving RWD. In the 12 min-
utes spent per patient, verification of preselected patients and ver-
ification of variables was performed. Time spent for preparation
of both methods was not taken into account. MR was prepared by
constructing an ¢CRF and for applying CDC, queries were built.
Whereof the latter was perceived as more time-consuming, espe-
cially 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. First, we observed that the information re-
garding an event in structured data was occasionally not consistent
with the description in free-text notes. This led to differences in
data retrieval, because some structurally stored variables were ex-
tracted by CDC from their dedicated location only, whereas the
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Figure 4 Kaplan—Meier survival plots determined from manual review and Clinical Data Collector data for cabozantinib, everolimus, nivolumab,
pazopanib and sunitinib combined. (a) Overall survival, (b) Progression-free survival. Cl, confidence interval.

same variables extracted by MR could be verified consulting free-
text notes. For example, errors in using DTC codes could be man-
ually corrected, which was the case in one of our patients. This also
applies for inconsistencies between the structured medication list
and free-text notes. Because information extraction by CDC was
directly linked to the treatment period as deduced from the medi-
cation 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 struc-
tured and free-text notes for 72 treatments and differed from 1 day
(34 cases) to > 1 year (1 case). Bowman (2013) also described the
discrepancies between structured data fields and free-text, for ex-
ample, for drug dosing instructions.”” Furthermore, variables such
as length, weight, and performance status had to be extracted from

650

unstructured text because these data are not stored in an ecasily
accessible EHR file for CDC. As the CDC extracts information
exactly meeting the search criteria only, data can be missed, intro-
ducing differences. This may explain the large fraction of missing
data and low accuracy scores for the Karnofsky performance status,
because these scores are often not literally stated in the EHR. This
was also recognized by Hanauer ez al.,*® who underlined the vari-
ety and errors of numerical values registered in clinical notes. For 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 RWD, and not a clean data
file, such as an ¢CRF created for research.' Therefore, discrepancies
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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 vari-
ables, as reported in RCTs. Comparison to the gold standard man-
ual 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. In addition, 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 ~ 4 years, therefore, notall end
points were reached by the time of inclusion ended.

CONCLUSION

We conclude that by using CDC the efficiency of RWD col-
lection can be improved considerably, because patients could be
adequately included and treatment outcomes and all structured
data could be collected with no significant difference from MR.
Although information extraction of unstructured data showed
varying results on accuracy, we assume that with some effort sub-
optimal queries can be optimized for data collection. In the fu-
ture, 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
multicenter patient cohorts.
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