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Summary

Despite the importance of adverse event (AE) reporting, AEs are under-reported on clinical trials. 

We hypothesized that electronic medical record (EMR) data can ascertain laboratory-based AEs 

more accurately than those ascertained manually. EMR data on 12 AEs for patients enrolled on 

two Children’s Oncology Group (COG) trials at one institution were extracted, processed and 

graded. When compared to gold standard chart data, COG AE report sensitivity and positive 

predictive values (PPV) were 0–21.1% and 20–100%, respectively. EMR sensitivity and PPV were 

>98.2% for all AEs. These results demonstrate that EMR-based AE ascertainment and grading 

substantially improves laboratory AE reporting accuracy.

Introduction

Side effects on oncology clinical trials are captured in adverse event (AE) reports using the 

National Cancer Institute (NCI) Common Terminology Criteria for Adverse Events 
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(CTCAE).(https://ctep.cancer.gov/protocolDevelopment/electronic_applications/ctc.htm) 

Clinical research associates (CRAs) manually review the medical record to report AEs. 

Although comprehensive and accurate AE ascertainment is crucial for oncology trials, our 

prior work has demonstrated dramatic under-reporting of AEs.(Miller, et al 2016)

We and others have sought to improve AE reporting with automated data extraction from the 

electronic medical record (EMR).(Lencioni, et al 2015, Mandelblatt, et al 2014) Mandelblatt 

et al. (2014) ascertained AEs in breast cancer patients with an overall sensitivity of 89% 

(range 0–100%), but did not report positive predictive value (PPV). Lencioni et al (2015) 

incorporated EMR AE capture in one hospital system to streamline AE collection, but did 

not provide a methodology for improving AE reporting on multi-centre trials.

This study sought to automate EMR data extraction and grading for laboratory-based AEs at 

a single institution and to compare this approach to manual AE assessment. We 

hypothesized that EMR-based AE ascertainment and grading would have a higher sensitivity 

and PPV than manual review.

Methods

Cohort and Data Source

Retrospective EMR data from all patients enrolled on two phase III Children’s Oncology 

Group (COG) trials for acute myeloid leukaemia (AML: AAML0531, AAML1031) between 

December 2006 and March 2015 at the Children’s Hospital of Philadelphia (CHOP) were 

included.(Gamis, et al 2014) COG permitted use of trial data. Prospectively and manually 

collected COG trial AE data were received from COG in a de-identified spread-sheet listing 

each reported AE by course. Data were extracted from the vendor-supplied EMR (Epic 

Systems, Inc., Verona, WI). Laboratory data are stored in the Epic Clarity clinical data 

warehouse. For each patient, EMR data during the on-protocol period through August 2015 

were extracted; this end date was determined from COG AE reports. Nine chemistry and 

haematology laboratory results were evaluated: potassium, glucose, sodium, alanine 

aminotransferase (ALT), aspartate aminotransferase (AST), bilirubin, haemoglobin, platelet 

count and absolute neutrophil count (ANC). Manual chart abstraction was performed by a 

paediatrician to determine the AE gold standard.

EMR Data Extraction

Structured Query Language queries extracted data on nine laboratory tests that correspond to 

twelve CTCAEs from Clarity into comma-separated values (CSV) files for each patient. 

Data included: medical record number; the ordered, collected and resulted times and dates; 

the test component (e.g. “potassium”) and name (e.g. “comprehensive metabolic panel”); the 

results, including units, narrative and comment fields; and the reference range. An iterative 

process of data extraction and review to verify completeness, and re-extraction ensured all 

results were extracted.
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Processing and Grading

Data extracted from different Clarity data tables were concatenated. Reference units were 

standardized across all types of test for the same laboratory component. Appropriate 

numerical data in comment fields were extracted programmatically. Each laboratory result 

was graded using automated code based on cut-off values in CTCAE v4 definitions.(https://

ctep.cancer.gov/protocolDevelopment/electronic_applications/ctc.htm) CTCAE definitions 

were interpreted as follows: non-fasting glucose values were used because fasting glucose is 

not routinely obtained in paediatric inpatients and, given that Grade 1 “neutrophil count 

decreased” is defined as a lower limit of normal (LLN) – 1.5 × 109/l,”(https://

ctep.cancer.gov/protocolDevelopment/electronic_applications/ctc.htm), when ANC LLN 

was absent, an ANC of 2.0 × 109/l was used. Grade 4 anaemia is not numerically-based and 

could not be graded.(https://ctep.cancer.gov/protocolDevelopment/electronic_applications/

ctc.htm) Finally, total bilirubin was graded.

Electronic data quality filtering was performed after grading to ensure that abnormal results 

were not due to laboratory error. Filtering removed results with the following error types: 1) 

haemolysed specimens based on text fields; 2) tests with multiple laboratory abnormalities, 

indicating improper specimen collection (e.g. inadequate discard volume prior to collection); 

3) results that normalized on repeat testing within one hour.

Statistical Analyses

The highest AE grade in each course was determined. The distribution (frequency, 

percentage) of results and of courses with each grade was tabulated for each AE at each 

processing step.

Sensitivity, specificity, PPV and negative predictive value (NPV) were determined for COG 

AE reports and for EMR-based AE ascertainment using chart data as the gold standard. As 

the trials did not require haematological AE reporting (Gamis, et al 2014), analyses for COG 

AE reports were restricted to non-haematological AEs Chart review evaluated COG AE 

reporting error types. Institutional Review Board approval was obtained.

Results

EMR data on 49 patients (173 chemotherapy courses) were extracted. Three courses were 

excluded because the patient received chemotherapy at another hospital prior to transfer to 

CHOP. The number of total tests for each AE ranged from 946 to 6,326 (944 to 6,322 after 

false positive results were removed). As expected, >94% of courses had grade 3 or 4 

haematological AEs. The percentage of courses with each chemistry AE ranged from 0 to 

20.6% for grade 3 and 0 to 16.5% for grade 4.

The sensitivity of COG AE reports ranged from 0% to 21.1% and PPV ranged from 20% to 

100% while the sensitivity and PPV of EMR-based AE ascertainment were >98.2% for all 

AEs (Table I). The median number of AEs missed per patient per course was one to two. 

COG AE reporting errors were due to one of three categories: incorrect reporting, reporting 

of false positive laboratory results, or incorrect grading (Table II).
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Discussion

This study demonstrates that EMR-based AE ascertainment at a single institution using an 

automated data extraction, cleaning and grading process dramatically improves the accuracy 

of AE laboratory ascertainment. Notably, the automated processing steps to remove potential 

laboratory errors, which were not previously reported by Lencioni et al.,(2015) are crucial to 

ensuring accurate laboratory AE identification.

These results have several direct implications. First, automated laboratory AE ascertainment 

and grading may be able to replace the current manual ascertainment process. Given the 

extensive time required for manual ascertainment, the limited CRA time available for AE 

reporting, and the limited resources available to reimburse manual reporting, such an 

automated system may be of substantial benefit.(Nass, et al 2010, Roche, et al 2002)

Secondly, such course-level data can provide a more accurate estimate of true laboratory AE 

rates. Given that COG AE rates were substantially lower than in EMR data, published 

laboratory AE rates probably substantially underestimate the true laboratory AE rates with 

AML therapy. Accurate rates could serve as baseline estimates in the evaluation of new 

agents combined with standard AML chemotherapy backbones.

Finally, automated EMR-based laboratory AE reporting may substantially decrease the 

variation in clinical trial AE reports.(Huynh-Le, et al 2014, Lencioni, et al 2015, Thomas, et 
al 2002) Many CTCAE definitions use “life-threatening consequences” and a numerical cut-

off.(https://ctep.cancer.gov/protocolDevelopment/electronic_applications/ctc.htm) In our 

experience, some CRAs report laboratory AEs only when accompanied by life-threatening 

consequences, while others report solely based on numerical values. EMR-based AE 

ascertainment can standardize grading by enforcing a uniform interpretation of CTCAE 

numerical criteria. Furthermore, the processing code could transparently be adjusted to a 

desired sensitivity and specificity for a particular clinical trial. Moreover, multiple thresholds 

could be applied to evaluate a potential laboratory data toxicity signal. Additional processing 

incorporating other EMR components, such as medication interventions (i.e. kayexalate), 

may also improve AE ascertainment.

The primary limitation of this study is that it was performed at one hospital. Future work 

needs to demonstrate that EMR-based laboratory AE ascertainment is generalizable across 

institutions using Epic and other EMRs. This should be feasible based on the work of other 

investigators.(Deakyne, et al 2015, Fiks, et al 2015) Furthermore, this study did not 

incorporate non-numerical CTCAE definitions. However, automated extraction of medical 

intervention data should be possible. Finally, this study did not include laboratory results 

reported as free text that would require natural language processing (NLP) for extraction. 

Querying free text using NLP has substantial challenges, however we believe that processing 

AE results with NLP should be feasible.(DeLisle, et al 2010, Friedlin et al 2008)

In summary, this single institution study shows that EMR-based AE ascertainment and 

grading substantially improves laboratory AE reporting. If incorporated into prospective 

clinical trials, EMR-based laboratory AE ascertainment may substantially improve 

laboratory AE reporting efficiency. This may free CRAs to ascertain complex AEs, which 
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may improve the accuracy of complex AE reporting as well. Work is ongoing to test this 

EMR-based AE ascertainment at other institutions.
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Table II

Types of adverse event (AE) reporting errors

Area of Error Types of Error

Incorrect reporting Reported the wrong AE (e.g. hypokalaemia instead of hyperkalaemia)

Laboratory data was not identified to match the AE report

Reporting of false positive laboratory results Reported AE was due to haemolysed potassium specimen

Reported hyperkalaemia or hyperglycaemia AE had concurrent hyperglyceamia
or hyperkalaemia, indicating improper specimen collection

Reported AE normalized when re-checked within 1 h

Incorrect grading Reported the first date of any grade 3 or 4 AE in the course rather than highest
grade for the course

Incorrect grading according to numerical cut-offs

Grading definition includes calculations compared to reference range and was
not correctly graded
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