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Abstract
This is the second part in a two-part research study on clinical data abstraction.1 Clinical data
abstraction is the process of capturing key administrative and clinical data elements from a medical
record. Very little is known about how the abstraction function is organized and managed today. A
research study to gather data on how the clinical data abstraction function is managed in healthcare
organizations across the country was performed. Results show that the majority of the healthcare
organizations surveyed have a decentralized system, still perform the abstraction in-house as part of
the coding workflow, and use manual abstraction followed by natural language processing (NLP)
and simple query. The qualifications and training of abstractors varied across abstraction functions,
however coders followed by nurses and health information management (HIM) professionals were
the three top performers in abstraction. While, in general, abstraction is decentralized in most
enterprises, two enterprise-wide abstraction models emerged from our study. In Model 1, the HIM
department is responsible for coding, as well as all of the abstraction functions except the cancer
registry and trauma registry abstraction. In Model 2, the quality department is responsible for all of
the abstraction functions except the cancer registry, trauma registry, and coding function.
Keywords: Abstraction, electronic health record, clinical, descriptive research study, natural
language processing, query, models
Introduction
Clinical data abstraction is the process of identifying and capturing key administrative and clinical
data elements. The purpose of abstraction includes the collection of data related to administrative
coding functions, quality improvement, patient registry functions and clinical research. A previous
review of the literature which includes the abstraction methods, advantages and disadvantages of
those methods, the abstraction process, and the connection between EHR abstraction and patient
registries have been summarized in a previous manuscript.1 From this review, we found very little on
how the enterprise-wide clinical data abstraction function is managed. Therefore, we have
conducted a descriptive study that includes multiple methods of data collection such as qualitative
interviews and quantitative surveys of healthcare professionals on how the abstraction function is
managed in their organizations today. The results of this study will be shared as well as best practice
models that can be used in the organization and management of the abstraction function.
Specific Aims
The goals or specific aims of this research study include the following:
1. Examine how the abstraction function is organized and managed today.
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2. Examine the differences in quality and efficiency between manual and automated abstraction.
3. Provide best practices on how healthcare systems are organizing the abstraction function.
Methodology
A descriptive research design was conducted and included multiple methods of data collection to
include qualitative interviews with healthcare professionals responsible for the abstraction function.
This was followed up with a quantitative-based questionnaire to a larger sample of healthcare
professionals.
Participants for the interviews were gleaned from the AHIMA Engage Community, AHIMA
Component State Associations (CSAs), coding and quality communities, LinkedIn, and emails to
colleagues of the authors who were managers of clinical data abstraction. Twenty-one responses
were received, and eight healthcare organizations were interviewed in depth. Appendix A provides
the questions asked during the interview.
All interviews were conducted by the primary researchers and were recorded and transcribed.
Content analysis was performed on the transcripts by searching for patterns and themes and then
summarizing the findings by discussing them with the research team. The quantitative section of the
study included building a survey that collected responses from 50 Ciox Health clients on how they
manage the abstraction function. The questions for the survey are listed in Appendix B. IRB approval
through the University of Pittsburgh at the exempt level was obtained and the IRB number is
PRO15110055. The survey was administered through Qualtrics and initial analysis was done through
Qualtrics and more specific graphs and tables were conducted by the researchers using Excel.
Results
Qualitative Interview Results:
Demographic Information of Interview Participants
Participants of the interviews were from large healthcare organizations with complex medical
systems and employed a range of abstractors from five to 15 full-time employees (FTEs). The range
of years of experience of the leaders of the clinical abstraction function ranged from 10 to 36 years
and were primarily in senior level positions.
Management of Clinical Data Abstraction
Management of the clinical data abstraction varied from centralized and decentralized abstraction
that were separate from the medical record coding and some that were not separated from coding.
The breakdown is displayed below in Figure 1 and shows that 38 percent (3/8) implemented a
centralized abstraction function but the leader of that function did not oversee coding. Twenty five
percent (2/8) did not have the abstraction function separated from coding but did oversee the
coding function and 38 percent (3/8) did separate abstraction from coding and did oversee the
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coding function.
Advantages and disadvantages for separating abstraction from the coding function were discussed
during the interview and included increased productivity and data quality, process standardization,
leveraging electronic data sources, a focus on skill sets and not on a multidisciplinary person that
can do it all. Disadvantages include that abstractors find things that the coder may miss (and viceversa) so that a second check is not there, multiple people are handling the record multiple times,
leveraging structured fields in the EHR to reduce manual abstraction means potentially eliminating
abstractor FTEs, which can be seen as a disadvantage since the abstractor could lose their job.
Qualifications and Training
The qualifications and training of the clinical data abstractors varies across abstraction functions.
Registries tend to hire credentialed and educated professionals in the field, e.g. cancer registry
(CTR), trauma registry (CSTR), cardiac and vascular registry (RN, LPN, RHIA) etc. Quality management
departments hire educated and/or experienced abstractors with credentials, such as the RHIA,
RHIT, RN, LPN. All abstractors should have an expertise in computer skills, be detail oriented, and
have medical record knowledge (data sources, medical terminology, anatomy and physiology,
pharmacology, pathophysiology).
Data Elements Abstracted:
The data elements that are most commonly abstracted that are separate from the coding function
include:
1. CMS quality reporting measures
2. National Quality Forum (NQF) quality measures
3. The Joint Commission quality measures
4. Patient registry functions (trauma, stroke, cancer, thoracic surgery, general surgery, cardiac etc.)
5. Clinical research studies
The common data elements that are abstracted as part of the coding process include:
1. Any providers involved in the patient’s care
2. Date, time of procedure, surgical suite, time of anesthesia, results
3. CDI recommendations
4. Date of POA indicators
5. Admission/Discharge Dates
6. Discharge Disposition
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Clinical Data Abstraction Methods Used
The clinical data abstraction methods used by the eight interviewees included five used manual
abstraction, two used simple query, and one used NLP. One of the comments by the participants
stated, “We tried to do some NLP selection, optical character recognition, discrete data point
download, but we found that the medical record is so varied in responses and we have very specific
data definitions that the error rate was higher than what we were willing to tolerate, and we have a
much better success rate with the visual validation and abstraction.”
Data Validation Methods
There can be multiple methods of data validation in the abstraction process. The most common
methods used were inter-rater reliability and most of the organizations do this concurrently and as
well as retrospectively. The gold standard for the accuracy rate is 95 percent and was made part of
the abstractor’s job description and is a quality metric for performance evaluations.
Quantitative Survey Results
A variety of healthcare professionals from a number of different healthcare facilities gave valuable
information on how the abstraction function is managed in their organization. The majority of the
respondents (58 percent) hold the position of HIM director. Seventy percent are from large
comprehensive healthcare systems ranging from 100 to 500+ beds. The majority (58 percent) of
participants reported that they employed a range of abstractors from zero to nine FTEs with some
reporting as high as 30 or more (8 percent). Also, 41 percent of those that performed the abstraction
function were coders, followed by nurses (27 percent) and then HIM professionals (8 percent). (Table
1).
Other findings (Figure 2) show that manual abstraction (58 percent) is the primary abstraction
method while NLP was 18 percent; simple query 12 percent; and another 12 percent said that they
used their EHR systems/encoder to run reports.
Results also showed that the way the abstraction function is organized across an organization is
fairly split evenly between centralized and decentralized (48 percent answered that abstraction is
decentralized across the organization and takes place in different departments and 44 percent said
that abstraction is primarily centralized with some decentralization). The other 8 percent had varied
answers on the topic (Figure 3).
Seventy percent of the respondents said that abstraction is performed in-house and 78 percent said
that it is performed as a part of the coding workflow process (Figure 4 and Figure 5).
Additionally, retrospective validation using a convenience sample is the most popular validation tool
to ensure the abstraction data quality (50 percent).
The results showed that most of the healthcare organizations have fragmented abstraction
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functions. Based on the results, it seems that there is inconsistency among healthcare organizations
on how best to manage abstraction. Furthermore, while centralized abstraction services are
prevalent, more (48 percent) of the health systems surveyed have decentralized abstraction
functions.
Discussion
Results from this descriptive study that incorporated both qualitative and quantitative data about
clinical data abstraction, found that most of the healthcare organizations interviewed and surveyed
have a decentralized system but some said they were moving toward a centralized system. The
majority of healthcare organizations still perform the abstraction as part of the coding workflow, and
70 percent of those surveyed do it in-house. The majority of those healthcare organizations use
manual abstraction followed by NLP and simple query.
The qualifications and training of clinical data abstractors varies across abstraction functions as
registries and quality reporting tend to hire credentialed and educated professionals, whereas
abstraction for coding related data need less education and skills. Most common data elements
collected include required quality reporting measures, patient registry functions, clinical research
studies and data collected as part of the coding process such as POA indicators, discharge
disposition etc.
Two enterprise-wide abstraction models emerged from our study. In Model 1 (Figure 6), the HIM
department is responsible for coding, as well as all of the abstraction functions except the cancer
registry abstraction which is normally housed under the oncology department. In Model 2 (Figure 7),
the quality department is responsible for all of the abstraction functions except the cancer registry
abstraction and is not responsible for the coding function. Model 1 is centralized under HIM and still
includes coding, administrative data elements abstracted, quality measures, special study data
abstraction, and registry data abstraction. Model 2 is centralized under the quality department and
includes everything in the first model except coding.
Limitations
There were some limitations to our descriptive study as listed below:
1. Even though we received 21 responses for our interviews, we were only able to interview 8
individuals and therefore their responses could be different than what we may have received if we
were able to connect with the entire group that responded.
2. The quantitative responses from the survey we developed was limited to just 50 Ciox clients who
responded to that survey. This sample may not be a good representation of the entire population of
clients who oversee clinical data abstraction and therefore their views may then be different than
the entire population.
3. Due to our limited sample size, it was difficult to do more than basic descriptive statistics with the

Page: 6

data received.
Future Research
Future research in this area is needed to focus more on the technologies that may now be used and
how they compare to human abstraction in relation to efficiency, accuracy, and cost. There is still
limited information in this area, so more research is needed to determine the best methods for
abstraction as well as the best organizational and management methods around the abstraction
function since it varied across organizations. Also, more research is needed on the best qualifications
and training that are needed for abstractors since those performing this function varied across
organizations and new technologies could lead to more thorough and extensive training methods.
Clinical data abstraction is such a vital function that more research in this area world-wide could
determine high quality methods of implementation that can then be used by healthcare
organizations across the globe to improve the workflow and the quality of the data collected which
in turn will lead to better health outcomes for patients.
Conclusion
There is room for improving the quality of healthcare data abstracted and centralizing the
abstraction services. This could possibly be tackled by creating and implementing policies and
procedures that can outline how to and who performs the abstraction function. Ensuring that the
staff follow the abstraction policy might lead to a more consistent process among healthcare
organizations which will result in better healthcare reporting and documentation. Figure 8 shows our
root cause analysis regarding the problem of fragmented abstraction functions. Furthermore, the
advances in technology have also improved the clinical data abstraction function. NLP and machine
learning systems are able to understand the language of the textual variables within the medical
record and produce them so that the abstractor can audit them for inclusion, if appropriate. Over
time the accuracy of machine learning systems improves as larger sets of data are reviewed. There
have been several studies that have found that the use of NLP and machine learning enhance
clinical data abstraction.2-5 As more healthcare organizations use NLP, the efficiency and quality of
clinical data abstraction will increase and the need for health information management professionals
in this area at an analyst or auditor level will be needed as well. Education and training in the areas of
artificial intelligence and machine learning is important to provide to healthcare and health
information professionals so that they understand and use these tools to enhance the clinical data
abstraction function within their healthcare organizations.
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