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A clinical registry is defined as a collection of information about individuals, usually for a
public health and focused around a specific diagnosis or condition.

®  The quality of data collection is crucial in registry studies, it has an impact on registry study
credibility and is emphasize by clinical researchers.

®  Good Clinical Practice requires that data must be accurate, complete and verifiable to ensure
patient safety and data quality.

°

Electronic case report forms (eCRFs), which guarantee the quality of data collection to a certain
degree, are employed in some registry studies. Paper-based CRFs are still used in many registry
studies as they better fit busy clinical environment and traditional working habit of clinicians.

Tian et al., 2019
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»  The transcription procedure of data from paper-
based CRFs to eCRFs is error-prone

v" Double data entry: Initial entry step and a
verification step; each step is performed by a
separate data entry clinician. However, it is
time-consuming, labor-intensive and ineffective
for detecting recording errors.

v" Source data verification (SDV): A verification
of conformity of the data recorded in case report
forms with source.

Tian et al., 2019
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Due to the restrictions in applying an electronical data capture system and traditional work habit of

data recording are still using paper- based CRFs and then transcribe them into an eCRFs.

®  For data verification, base original data is not enough to improve data quality of registry data because
it only reveals data errors happening in the data transfer procedure. Using multiple data sources like
original paper-based CRFs and EMRs could enhance the effect of verification and discovery for more
error or missing data.

°

To verify registry data they used automated verification approach such as Machine learning enhanced

optical character recognition (OCR) and Natural Language Processing (NLP) techniques.

Tian et al., 2019
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_______________________________________

Automated °©
Registry verification

Paper-based Data recognition Recognition data procedure
CRFs (OCR + ML) data implementation.
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DOCUMENT
SCAN

SCANNED
IMAGE FILE

Scan the paper-based CRFs
to transform to image files
in PNG format

PDF s
wd
W, Word
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OCR
(Optical Character
Recognition)

Segment scanned images into
smaller pictures where the content
need to be recognized with OCR.

TEXT
DOCUMENT

»Marks of checkboxes (with Machine
learning)

»Hand-written numbers (with
convolution neural network model)

Tian et al., 2019
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p@e EMR data extraction

Computer
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Artificial
Intelligence

Human
Language

Image/Pdf

NLP is a processing of a computer
algorithm to identify and extract
information from unstructured data

(1) Pre-processing Module

Spelling

Plain text

Handwritten
Notes

Extracted
Information
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Select the value of the
data field from different

data sources.

Tian et al., 2019
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Compare whether these values are
consistent with each other.

JAVA language to verify data automatically by

retrieving values of one data field from different Give a conclusion based on the
data source based on application interfaces or query result of the previous step.
language. Then, this procedure compares the

consistency of those data values and synthesizes the
results accordingly

Data errors possibly occurring in a data collection are of four types:

Entry data missing: data missing in transcribed data from paper-based CRF to registry database

Entry data Errors: data error in transcribed data from paper-based CRF to registry database

Recording data Missing: data missing in recording data on paper-based CRF

Recording data Errors: data error in recording data on paper-based CRF
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: Registry data is null 1

I Registry data not nulll

CRF data EMR data Consistency situation Conclusion
existence status  existence status
False False Data not exist /
False True / Recording data missing
True False / Entry data missing
True True CRF data consistent with EMR data Entry data missing
CRF data inconsistent with EMR data Entry data missing
False False / Entry data error
False True Registry data consistent with EMR data Entry data error
Registry data inconsistent with EMR data Entry data error
True False Registry data consistent with CRF data Correct
Registry data inconsistent with CRF data Entry data error
True True Data element consistent with each other Correct

Registry data consistent with CRF data,
but inconsistent with EMR data

CRF data consistent with EMR data, but
inconsistent with registry data

Registry data inconsistent with CRF data,
but consistent with EMR data

Data element inconsistent with each other

Recording error or correct, more data analysis is needed.
Entry error
Entry error

Recording error or correct, more data analysis is needed

Tian et al., 2019
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» Automated approach has applied to a Chinese Coronary Artery Disease Registry (CCADR) to assess the feasibility

of the approach

In this study they identifying data quality errors, designed an experiment to evaluate the effectiveness and accuracy of
the automated approach and manual verification

For this Study they selected 150 enrolled patients randomly from the registry. Then, invited two professional data
experts to verify the data of the 150 patients carefully and one clinical expert confirmed the results. the verification

results of experts as the gold standard in experiment

Selected three clinicians who are relevant to the registry topic to verify the data of the same 150 patients manually.

Then, used the automated approach to verify the same data
Finally, calculated the accuracy and recall of the average manual approach and the automated approach

Tian et al., 2019
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Data corresponding results between registry data and EMRs. = I: Results of data extraction from EMRs. E

Bt fiekts ey 3’"0""‘ o Comesponding  Comesponding Data fields category Amount of data fields ~ Amount of extraction rules ~ Amount of extracted data items ~ Error extraction ~ Accuracy (%)
ata fields in EMRs rate (%)
Body signs 5 4 80.00 Body signs 4 4 432 6 98,61
?isefl’:es hiséo? s 23 ;4 gggg Diseases history 14 17 876 12 98.63
wenoi s : Smoking and alcohol history 8 10 453 10 9779
1y o

Exercise history 2 0 0.00 Exercise history 0 0 0 0 0.00
Medication history 4 4 100.00 Medication history 4 1 214 1 94.86
Fag‘i;'t{) fheaes i 2 o0 Family disease history 6 2 276 7 9746
ot 2 5% o, Amounts % 4 251 % 979

FrTTITTTTITITTITITITITIITITT T T T T I I TITTTTTTTITTITY T

beitrlie i O Average manual approach vs automatic approach:
Experiment Data errors found ~ Accurate counts  Miss inspections ~ Consumption of time (h)
Clnican A 0 w 0 60 Method name Accuracy (%) Recall (%) Consumption of time (h)
(Clinician B 569 527 9 90
Clinician € 79 53 168 75 Manual approach 92.03 76.17 75
Automated approach 641 598 U 05 Automated approach  93.29 96.14 0.5

Tian et al., 2019
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v' Automated data verification with data from paper-based CRF and EMRs was developed which reveal data quality

problems and improve the data quality of registry data.

v" Compared to the manual data verification approach, the automated approach has a higher recall of identified data

errors and accuracy. At the same time, the time consumed is far less.

v" Chinese Coronary Artery Diseases results suggest that the automated approach is more effective and efficient for

identifying incomplete data and incorrect data in a registry.

v" Further studies to enhance the accuracy and recall of this approach and correct some data errors automatically should

be carried out.
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