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Summary

Background: There is a need to develop a tool that will measure data completeness of patient rec-
ords using sophisticated statistical metrics. Patient data integrity is important in providing timely
and appropriate care. Completeness is an important step, with an emphasis on understanding the
complex relationships between data fields and their relative importance in delivering care. This tool
will not only help understand where data problems are but also help uncover the underlying issues
behind them.

Objectives: Develop a tool that can be used alongside a variety of health care database software
packages to determine the completeness of individual patient records as well as aggregate patient
records across health care centers and subpopulations.

Methods: The methodology of this project is encapsulated within the Data Completeness Analysis
Package (DCAP) tool, with the major components including concept mapping, CSV parsing, and
statistical analysis.

Results: The results from testing DCAP with Healthcare Cost and Utilization Project (HCUP) State
Inpatient Database (SID) data show that this tool is successful in identifying relative data complete-
ness at the patient, subpopulation, and database levels. These results also solidify a need for further
analysis and call for hypothesis driven research to find underlying causes for data incompleteness.
Conclusion: DCAP examines patient records and generates statistics that can be used to deter-
mine the completeness of individual patient data as well as the general thoroughness of record
keeping in a medical database. DCAP uses a component that is customized to the settings of the
software package used for storing patient data as well as a Comma Separated Values (CSV) file
parser to determine the appropriate measurements. DCAP itself is assessed through a proof of con-
cept exercise using hypothetical data as well as available HCUP SID patient data.

Correspondence to: Appl Clin Inform 2016; 7: 745-764

Varadraj Gurupur http://dx.doi.org/10.4338/ACI-2016-04-RA-0063
Department of Health Management and Informatics received: April 26, 2016

University of Central Florida accepted: July, 4 2016

Email: varadraj.gurupur@ucf.edu, published: August 3, 2016

varadrajprabhu@gmail.com Citation: Nasir A, Gurupur V, Liu X. A new paradigm to

analyze data completeness of patient data. Appl Clin
Inform 2016; 7: 745-764
http://dx.doi.org/10.4338/ACI-2016-04-RA-0063

© Schattauer 2016 A. Nasir, V. Gurupur, X. Liu. Paradigm to Analyze Completeness of Patient Data

This document was downloaded for personal use only. Unauthorized distribution is strictly prohibited.



Research Article a Applied Clinical Informatics 746

1. Background and Significance

As health care moves into the 21 century, practitioners are moving into an era where traditionally
qualitative methods of care are being complemented with quantitative research and analysis to
better understand and solve various problems [1-5]. To that end, one important problem health care
practices currently face is the strength of their patient records and databases. From basic informa-
tion such as phone numbers or email addresses to more involved information such as family history
and procedure records, there is no centralized mechanism through which data entered by health
care staff can be checked for completeness and validity [4]. Furthermore, there are no centralized
mechanisms through which various health care software database packages and health center rec-
ord-keeping measures can be compared to determine advantages and disadvantages of different sys-
tems [4]. This decentralization also has tangible effects on patient care (such as having to access out-
side clinical information to fill in gaps in information/verify patient information [5] or the actual
types of information requested [6]), often times leading to issues in timeliness of information or the
accuracy of information in leading to improper care or treatment plans. Without having a mechan-
ism that can identify strengths and shortcomings in record-keeping procedures, it becomes more
difficult to ensure the highest standard of care across health care centers. Most importantly, these
problems are being uncovered at a time where data accuracy in health care is becoming a corner-
stone for the burgeoning field of health informatics as well as a fundamental part of new models of
health care reimbursement and practice [7]. With the importance of complete patient data in mind,
this paper sets out to provide a proof-of-concept study in developing a tool that can intelligently de-
termine patient data completeness. Current systems in place either do not address patient data com-
pleteness or assess it in a very simplistic manner while this paper strives to ensure that completeness
is represented in the context of the relative importance of data fields. Alongside developing this tool,
the paper sets to develop a framework upon along subsequent clinically relevant research can be
conducted, such as analyzing underlying causes for incomplete data and specific subpopulations
that may be at risk of incomplete data.

From a foundational level, significant work has been done on understanding electronic medical
records, their advantages and disadvantages, and the effects they have in the health care environ-
ment [8, 9]. For example, previous research has focused on topics such as providing clinician’s per-
spective on electronic health care records [10], how health care records developed and became con-
nected across health care centers [11], and how health care records became data sources for hypoth-
esis driven research projects [12]. One research paper highlights the general problem of accuracy in
computer-based patient records (CPR), concluding that their ,,... knowledge of data accuracy in
CPRs is not commensurate with its importance and further studies are needed” [13]. They provide
an understanding of the mechanism involved in the actual entry of the data (» Figure 1 provides an
updated schematic detailing this mechanism and the various personnel involved) as well as a basic
mathematical analysis of completeness and correctness. Nonetheless, their work focused more on
identifying problems in CPRs and did not lead to the development of an automated tool. Another
research paper [14] however did implement a quality assessment tool that focused on accuracy of
data in a specific primary care university clinic system and noted a reduction in errors when imple-
menting the quality assessment tool. The primary focus of this work is to help personnel with errors
in database entry and produce a data quality assessment tool limited to the health center being
evaluated. The creation of a framework [15] in evaluating patient data strength (through complete-
ness, correctness, concordance, plausibility, and currency) was an important development in laying
the foundation for understanding how to evaluate data. However, this work was limited to literature
survey and did not create a program through which to assess current patient data on these axes.

Other research projects further investigate this problem as it pertains to primary care record
keeping accuracy and completeness [16], noting that completeness and accuracy of data in primary
care is highly dependent on how receptive and understanding practitioners are about the import-
ance of patient data. They also explain how there is no central reference standard for data quality for
primary care patient records, which limits their effectiveness. While providers generally understand
the importance of data, obstacles such as cost and time limit positive change. Furthermore, there re-
mains a lack of important standards in data exchange between healthcare standards that causes issue
in patient record accuracy and care timeliness. This paper is important in not only highlighting the
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issue of data inaccuracy and incompleteness but also noting some underlying issues and conse-
quences (specifically the lack of potential benefits).

Along with this paper, several studies in different specialties and different geographical areas have
examined the problem of incomplete and inaccurate data within specific databases [17, 18]. There
has also been significant work in survey and literature review of databases to understand underlying
issues on why data may be incomplete or inaccurate [19-21]. From a mathematical and statistical
perspective, understanding how to properly analyze numerical data in a medical context is an area
that has been heavily explored [22, 23]. There has also been significant analysis from a database and
computer systems perspective, specifically on how data is entered, issues with interface, and sources
of errors that stem from the connection between personnel and computer systems [24, 25]. Fur-
thermore, research focused on mining clinical data [26] and understanding how to develop robust
health care technology information systems [27] are vital areas of interest in developing strong pa-
tient databases that can be used for better delivery of care.

While these papers lay the groundwork for understanding the problem, they do little in terms of
providing solutions that could be widely implemented to ensure data completeness. For a clearer
understanding of this objective and understanding of current solutions, »Table 1 is used to com-
pare the tool generated in this project with Patient-Centered Medical Home (PCMH) quantitative
record keeping benchmark methodology [28-30] and private industry solutions [31-33].

Lanzola et al. [34] provide work in an important related area. While this paper focuses on devel-
oping a system to analyze databases in their current states, this study proposes a ‘re-engineering pro-
cess’ that improves data completeness and accuracy (which in turn provides stronger data from
which quality of care and information mining can occur). This study highlights areas of concerns,
which are covered in areas of further exploration, and provides a foundation for issues that this re-
search project addresses from the perspective of existing systems.

2. Objectives

Based on the aforementioned description of the current state of research in this area, a project was

developed with the following objectives:

e Develop a tool that can determine the completeness of individual patient records as well as aggre-
gate patient records across health care centers and subpopulations

e Equip the tool with robust statistical analysis to ensure that the importance of the various types of
data is accounted for

e Design the tool to allow health care staff to evaluate the strength of record keeping and identify
areas for improvement.

3. Methods

Focused on the objectives outlined in the Introduction, a tool is developed that analyzes health care
data and complements concept mapping as a way to thoroughly represent data stored. This tool is
termed the Data Completeness Analysis Package (DCAP).

3.1 Concept Mapping and Data Handling

One major premise to the approach invoked in this project is to use concept maps as a represen-
tation of patient record data. Concept maps are visual representations of data stored in a system, tra-
ditionally used for expressing knowledge in both a declarative and procedural sense [35]. Most con-
cept mapping tools have been previously used to express knowledge in a teaching environment to
evaluate student learning of various topics [36, 37]. An example is provided in »Figure 2. For the
purposes of this project however, concept mapping is used as a schema through which patient data
could be represented and uniformly examined independent of the platform the data was originally
stored on or other health care protocols that may make cross-examinations of data sets more diffi-
cult. These concept maps are developed manually and then converted to CSV files, which can then
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be analyzed in DCAP through a parser that allows the user to determine the strength of both indi-
vidual patient records as well as the strength of record keeping throughout the database. For this
project, IHMC (Institute for Human and Machine Cognition) CMapTools is used to create concept
maps.

This patient concept map is generated using data stored in the health care database and mapped
using a user-developed ,master map'. This master map is a schema that represents all the informa-
tion (both in terms of the data fields themselves and the proper interconnectedness amongst those
data fields) the way the user wishes them to be stored in order to be considered ,complete’ While
within a health care center this master map may be constrained by the database software used or
methods of patient data recording used by staff, when comparing data sets from various health care
centers using DCAP the master map can be broadened as necessary. An example of both this master
map and a sample patient map (P Figure 3) are shown below to highlight how the concept of com-
pleteness (and subsequently strength of individual/aggregate patient data) can be visualized. While
these examples are not comprehensive, they show how uniform concept map representations serve
as a platform through which basic shortcomings in patient data can be understood. It is also impor-
tant to note that while cross subgroup relationships and other schema complexity may be useful in
patient record applications (for example, address and phone number are concepts that can be linked
to both personal information and billing information), for the purposes of this project having the in-
formation as defined by the master map is sufficient to determine completeness. Since this research
project is a proof-of-concept exercise, the master map samples are for illustrative purposes created
by the author to explain their usage. The concept maps are also generated manually upon analyzing
the database and variables used.

Once the native patient data in the health care database is converted into concept map represen-
tations using a template master map, the concept maps are then converted into CSV documents.
> Figure 4 shows a sample CSV document which includes the concept labels (i.e. patient data fields).
A CSV analyzer then parses the documents to see which fields are filled/unfilled and then sends its
results for statistical analysis. DCAP is flexible in assigning various conditions for completeness and
can be altered for individual data fields and different subpopulations or databases. After the relevant
statistics have been generated (e.g. individual patient records, entire database completeness, etc.), a
text file is generated to display the results for the user. »Figure 5 provides a flowchart for a better
understanding of how DCAP works.

3.2 Data Analysis

Once the CSV analyzer has processed the patient data, DCAP is able to implement statistical analy-
sis in order to determine the completeness and strength of the patient data. While completeness in
each individual data field is easily identifiable by the presence (or lack thereof) of data, analyzing an
individual patient's record holistically (or an entire database or subgroup of patients) requires deter-
mining which data fields are more important than others. With this in mind, DCAP generates a
Record Strength Score (RSS) that is based upon the users input of Importance Weights (IW).

To illustrate this concept, two examples are used: one where each data field holds an equivalent
importance (and thus equivalent IWs), and another where the IWs are different. For the scoring
itself, each IW ranges from 0 to 100 points, with 100 denoting maximum importance. For a record
with all data fields of equivalent importance, 100 points are used for each data field. For a record
with data fields of various levels of importance, the IW is adjusted along the scale accordingly. It is
also important to note that while the concept map shows various grouping concepts that organizes
the data fields (such as ,personal information; ,insurance, or ,medical background"), these groupings
have no scoring. Thus the only scoring concepts are those with actual corresponding data fields.
Furthermore, note that setting an IW to 0 points effectively makes that field optional. The scoring
equation is as follows:

_ (Wh)(X1) + (IW5)(X2) +(IW3)(X3) + ..+ (IWn)(Xn)

0 — 1
RSS (%) W X 100 (1)
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Where

RSS = Record Strength Score (Total Strength of Completeness for Individual Patient Record constrained from 0 to
100%)

IW; = Importance Weight of ‘" data field

X; = Binary Completeness Variable for i"" data field (1 represents complete data field, 0 represents incomplete)

> Figure 6 shows the sample patient master map for balanced scoring. »Figure 7 follows with the
sample patient map indicating the Binary Completeness Variable for each field. Based on those
maps and the scoring equation, the RSS for the sample patient is 64%.

»Table 2 shows IWs for an unbalanced RSS, and »Figure 8 shows the new sample patient
master map with modified IWs (the Binary Completeness Variables for the sample patient shown in
» Figure 8 remain unchanged). Please note that the weights used are for purposes of example and
have no bearing on actual or perceived relative importance of data fields. Based on those maps and
the scoring equation, the RSS for the sample patient is 58%, showing that these new IWs make this
patient record ,less complete’

While there is no certain answer for an optimal scoring algorithm that can take into account vari-
ous preferences for the importance of individual patient record data fields, implementing the RSS
scoring equation in DCAP allows for the score to be tailored to the needs of the user. Further devel-
opment and use of DCAP can also lead to discoveries in better scoring algorithms, and the possibil-
ities with those improvements are elaborated upon in the ,areas of further exploration’ section of this
paper.

Another important metric to establish is the Patient Database Score (PDS), which defines the
overall strength of all records in the database and is simply the average of the various RSS scores
(Equation 2). This metric allows for comparisons between databases to determine better record
keeping software packages and strategies. Furthermore, using database segmentation techniques,
subpopulations of patient records can be compared using the Patient Subgroup Score (PSS), which
averages the RSS scores of the patients of interest (ex. by age, race, gender, insurance status, etc.) and
can allow for an in depth analysis of record strength based on patient information (Equation 3). This
topic is further elaborated upon in the ,areas of further exploration’ portion of this paper.

RS51+ RSS3+--+RS5Sp (2)
n

PDS (%) =

Where

PDS = Patient Database Score (Average of all patients RSS within the database)

RSS; = Record Strength Score (Total Strength of Completeness for Individual Patient Record constrained from 0
to 100%) for i*" patient

n = Total number of patient records

RSS;+ RSSy+--+RSSy 3)
mn

PSS (%) =
Where

PSS = Patient Subgroup Score (Average of all patients RSS within the database that meet subpopulation con-
dition)

RSS; = Record Strength Score (Total Strength of Completeness for Individual Patient Record constrained from 0
to 100%) for i*" patient that meets subpopulation condition

n = Total number of patient records that meet subpopulation condition

Individual data fields across the patient database can also be compared using the Data Field Com-
pleteness Score (DFCS), which averages the binary completeness variable of a specific data field
across all (Equation 4) (or a subgroup, Equation 5) of patients to determine how well one particular
class of data is being recorded. The DFCS allows for comparisons across databases and subgroups to
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ensure proper patient record keeping for each data field. The various scores and terms of importance
in scoring are summarized in »Table 3.

I Xk
n

DFCSy (%) = X 100 @)

Where

DFCS = Data Field Completeness Score (Percentage completeness of a certain data field among all patients
within the database)

Xy = Binary Completeness Variable for ‘i"" patient (1 represents complete data field, 0 represents incomplete)
and k" data field, where k remains constant and i iterates for individual patients

n = Total number of patient records

Ty
DFCSy (%) = ZL2% x 100 ()

Where

DFCS = Data Field Completeness Score (Percentage completeness of a certain data field among all patients
within the database that meet the subpopulation condition)

Xy = Binary Completeness Variable for ‘" patient (1 represents complete data field, 0 represents incomplete)
and kt data field, where k remains constant and i iterates for individual patients that meet the subpopu-
lation condition

n = Total number of patient records that meet subpopulation condition

4. Results
4.1 Testing DCAP through Hypothetical Data

In order to build and test DCAP, first a random population set was generated in Excel using the

same fields as shown in »-Figure 3 and »Figure 4. The Excel random function was used to intro-

duce random missing fields and the file was converted into a CSV format to be used by DCAP. In

terms of specific mechanics of DCAP itself, it reads in three CSV files:

1. Patient File — These are each of the patients records in one CSV, with columns representing fields
and rows representing individual patients

2. Template File — These are all of the field labels (one row with multiple columns matching in order
to the fields stored in the patient file)

3. Importance Weight File - These are the importance weight corresponding to the template file

DCAP then takes these files, converts them to arrays, checks for completeness (against a defined
string variable that indicates incompleteness which can range from a first character indicator to a
blank value), and then outputs the general result of the PDS for the entire database and RSS for each
patient, with each of these metrics also calculated for balanced IWs (so that one can compare a
simple average to the average weighted by user IWs in the Importance Weight file). DCAP also
automatically generates the DFCS for each field. »-Figure 9 shows a sample result. Upon request of
the user, DCAP further generates PSS and subpopulation DFCS based on either numerical bound or
text bound data field subpopulation conditions. »Figure 10 provides a sample result for the hypo-
thetical data where PSS and subgroup DFCS were generated (the subpopulation were patients be-
tween the age of 0 and 50 and the DFCS field was race).

Testing with hypothetical data served to ensure that DCAP provided accurate results and that the
framework to analyze patient data completeness was robust. After verifying its accuracy and usage
(via manual analysis in Excel), DCAP could be employed on real data sets. Hypothetical data also
allowed for DCAP speed and memory usage to be tested. At up to ~1000 patients, the program
could run within a few seconds without significant memory usage. When increasing patient size to
100,000, the program required additional virtual memory (setting maximum memory size to 3072
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Mb) and took closer to a minute to run. Running the program at a million records and above caused
DCAP to crash, showing an important limitation to the current record capacity of DCAP.

4.2 Experimenting with HCUP Data

In order to test DCAP on real patient data, de-identified data from the Healthcare Cost and Utiliz-
ation Project (HCUP) [38] was used, specifically the State Inpatient Database (SID) [39] with data
from Florida. In setting the importance weights, it was noted that many fields were used to handle
excess information (for example multiple diagnosis codes — there are 31 fields for up to 31 diag-
noses, but having a blank in those fields was not actually resultant of missing information and thus
IWs were adjusted to 0). Otherwise, importance weights were set first to balanced and then based on
general view of importance. Due to the large number of data variables contained in the HCUP data,
the IWs have been omitted but can be presented by the corresponding author to interested readers.

» Figure 11 and P> Figure 12 show the results of the HCUP data in 2012 for the balanced IWs and
unbalanced IWs respectively. Please note that the PDS generated with ‘balanced IWs’ in the result
print out incorporates fields as mentioned above such as multiple diagnosis codes and thus are not a
good measure of record completeness. This simple analysis of HCUP SID data in Florida shows both
that data is not complete to a level necessary for proper recording of healthcare service and that
when the importance of various fields are taken into consideration that measure becomes even
weaker. This data and the functionality provided by DCAP allows for multiple areas of further ex-
ploration that are discussed later in this paper.

After using DCAP on the HCUP SID data for each year, »Figure 13 shows changes over time in
PDS scores for the samples. While the unbalanced IW's that were inputted by the authors are for il-
lustrative purposes only, it is vital to note the gap between when IWs are balanced (i.e. each data
field has equal importance) and when they are not, pointing towards further research in discrimi-
nating between the importance of different data fields. It is also necessary to contextualize both the
gap in PDS between balanced and unbalanced IWs and gaps in PDS over time by evaluating stan-
dard deviations. As »>Figure 14 shows, the standard deviation for unbalanced user IWs is consist-
ently higher. It also shows that during periods of lower PDS, standard deviation of the sample rises.
Combining these findings, »Figure 15 shows PDS over time in context of one standard deviation of
error, minimizing discrepancies over time but still showing persistence in gap between balanced and
user IWs. Also important to note (as shown in Appendix A.2) is that virtually all deviations indi-
cated in the line graph between PDS scores over times are of great statistical significance as calcu-
lated by the two-sided t test. This test is suitable based on statistical literature [40, 41] in that the
baseline assumptions needed (sufficiently large sample size and normality) are present, with the null
hypothesis denoting no statistically significant change in PDS over time and the alternative hypoth-
esis showing a statistically significant change in PDS over time (in either direction). This further
highlights the importance of discrepancies in PDS, PSS, and RSS scores and provides an avenue for
hypothesis-driven analysis as discussed in the subsequent section (for example, is there a trend per-
sisting in data completeness over time? Are certain subpopulations at greater risk for incomplete pa-
tient data?). These questions can now be explored through the framework of analysis and data hand-
ling developed through DCAP and addressed in areas for further exploration.

4.3 Performing Validation Tests

In order to verify the results that DCAP provided with regards to the HCUP data, 50 random pa-
tients were selected from the original data spanning all the years used. These records were then
manually analyzed to compute their RSS scores (for both balanced IWs and unbalanced IWs) and
then compared to the results provided by DCAP. These records were also used to calculate a stan-
dard percentage completeness (showing what percent of data fields were filled regardless of the type
of data). The results of this verification points to two important conclusions. The first is that DCAP
is accurate in calculating RSS scores, with either no error between manually calculated scores and
DCAP scores, or marginal errors resulting from truncation during calculation. Secondly, the com-
parison of scores to a simple percentage basis shows a wide rift between the percentage calculation
and both the balanced and unbalanced IW RSS scores. This shows the importance of accounting for
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the relative importance in different data fields to obtain a true understanding of how complete pa-
tient data is.

5. Discussion

5.1 Limitations

During the course of this project, various important limitations were encountered that we hope can
be addressed in subsequent work on the topic of health care record strength.

First, based on our experience with this project, excising data from actual health care service
centers and putting it into a uniform file across various database software packages is a difficult task
fraught with obstacles. The willingness of health care service centers is important, with patient con-
fidentiality and Health Insurance Portability and Accountability Act (HIPAA) regulations limiting
the ability of health care centers to provide data. Furthermore, the limitations of staff at these centers
also prove difficult in obtaining data (since very few private practices have on site data technicians
able to export fully de-identified and HIPAA compliant data). This leads into another problem of
clinical data software packages and incentives of data export. For many practices, exporting data for
any reason is difficult based on the parameters and complexity of these software packages. This
often requires either the software vendor itself or a third party IT consultant to be involved and
makes it difficult to put the data into usable form. It should also be noted that even when data is ob-
tained, such as the HCUP data, there is still some degree of manual data handling to make it com-
patible for use with DCAP (ex. correct file format, understanding what an incomplete variable
means per data element, etc.).

Another limitation is the inability of DCAP currently to calculate the veracity, and not just the
completeness, of health care data. While knowing the completeness of data is important, knowing
that the data is legitimate and reliable is of great use to any health care provider. This also leads into
the issue of free text fields. In many health care data variables, practitioners implement free text no-
tation to account for the variety of conditions and treatments noted, which may cause issues in de-
termining veracity. For the purposes of this project, the data in HCUP SID was stored in simple vari-
able form and completeness was identifiable. Furthermore, free text data fields present less issue
with completeness in that any indicated notation would imply that the field was filled (but makes no
presumption on its accuracy).

From a concept mapping perspective, currently the concept maps are created manually in a sep-
arate program and are used strictly as a schema to represent data. Due to the manual nature of con-
version from native database to concept map, there are still limitations with regards to setting up
DCAP for different data sets as well as ease-of-access for health care staff that may not necessarily
understand their data storage and protocols. For the purposes of this project, concept mapping is
used to represent the data storage schema. In eventual application, an automated procedure would
allow for the schema to be determined without manual analysis and patient files would be more ro-
bust in their representation of data with regards to hierarchies and linkages. Outside of concept
mapping, DCAP has limitations in terms of memory needed to run for larger data sets and its in-
ability to handle extremely large patient sample sizes (1 million or more at a time).

As in any statistical analysis, there are limitations to exactly what one can gleam from the stat-
istics generated. For example, the determination of relative importance weights is subjective upon
the unique objectives of each user of DCAP and thus various scores have various levels of applicabil-
ity to different users. Furthermore, there are also limitations to DCAP that one can analyze and ex-
pand in later revisions. For example, the ability to combine subpopulations to generate PSS and sub-
group DFCS scores (»Table 3) or a more robust subpopulation parameter system would allow
DCAP to be more intelligent in establishing important links between subpopulations and record
completeness. Another limitation on the software end is the lack of automation in concept mapping
of patient records, which makes data visualization a manual process (and a cumbersome one for
complex and thorough patient records).
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5.2 Areas of Further Exploration

These limitations discussed above lead in to areas of further exploration that subsequent research
might delve to learn more about. For example:

More work can be done in the area of subpopulation completeness, and public databases such as
the HCUP data provide ample data to answer questions of health care record keeping as it per-
tains to vulnerable populations.

Develop and test DCAP further for use alongside a variety of health care database software pack-
ages in current active health care settings

Further research and analysis should also be conducted in automating concept map building [42]
within DCAP for users and health care personnel to better visualize data and understand the
relative importance of different data elements. Furthermore, future studies could also focus on
detailed clinical data that cannot be codified in singular data elements to understand how this
data can be assessed for completeness and validity.

Analyze use of data standardization at both patient record level and individual data element level
as ways to assess and ensure completeness/validity.

Patient record strength, completeness, and veracity can ultimately be linked to other issues such
as various diagnoses, rates of injury, mortality, etc.

Focusing on information integrity directly related to diagnoses, prescriptions, and incongruences
between the two

Further explore statistical and mathematical issues that develop, such as determining what con-
stitutes a significant difference in completeness between patients, subpopulations, and databases
The issue of automated veracity could be investigated through common data heuristics or
through communication with a central database as a cross-reference. Special attention needs to
be paid to free-text data variables (for example, the MetaMap tool project [43] that is being used
to index free biomedical text).

IWs can be made less subjective and more objective based on a panel of health professionals to
ensure that the completeness of a database is an objective measure based on widely agreed upon
standards.

Focusing on solutions involving using new software packages and database standards that inte-
grate lessons learned in maintaining complete and accurate data [34]. This includes topics such
as: data entry control, use of contextual information, incentive alignment, user requirement
analysis, measurement of improvement, data entry checks, enhanced data analysis, and creating
strong networks among disparate databases to cross-check information. Developing a user-inter-
face that can facilitate a wide range of data entry while being broadly accepted by health care pro-
viders is also critical in furthering patient data integrity, analysis, and management.

DCAP could be improved in terms of handling larger data sets with greater efficiency, both in
terms of speed and memory usage. For example, the hypothetical data was used in this paper
allowed DCAP to be stress-tested and database size limitations to be found by increasing patient
sample sizes until the program would crash or run out of memory. Future work could focus on
creating more efficient algorithms or focusing on the computing requirements necessary to en-
sure the verification of complete and accurate data.

6. Conclusion

The core contributions of this project are as follows:

The development of a system of mathematical equations to express the completeness of both in-
dividual patient records and database/subgroup patient records

The development of a tool that assesses the data completeness of patient records based on the
aforementioned framework

The development of a framework to understand problems regarding patient data completeness,
accuracy, and interrelatedness that provides a foundation for future work in the area
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Based on the original objectives, the tool created was successful in applying the statistical metrics
evaluated in this paper and able to evaluate the strength of a health care database (specifically, the
HCUP SID Florida database). It also demonstrated ease of use and wide accessibility (interested
readers can consult the appendix for a video demonstration of the program). Limitations in access to
current clinical data stored in proprietary software packages led to a lack in testing against various
healthcare databases but the tool provides promise in its adaptability to various data sets and data el-
ements. Overall, this research project uses real data to show the current problem of incomplete pa-
tient data and the importance of creating systems to ensure a high standard of data completeness. In
its development and limitations it also builds a foundation to explore further areas of interest and
advocates work committed to making sure that important patient data is complete and accurate.

7. Clinical Relevance Statement

The creation of DCAP is important in clinical practice in that it helps identifies issues in patient data
completeness. Current systems in place either do not address patient data completeness or assess it
in a very simplistic manner while DCAP ensures that completeness is represented in the context of
the relative importance of data fields. The development and testing of DCAP has provided a plat-
form upon which subsequent clinically relevant research can be conducted, such as analyzing under-
lying causes for incomplete data and specific subpopulations that may be at risk of incomplete data.
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200 | Template

History,Allergies, Weight,Height, Age,Race

200 || PatientFiles
P1,P1,2/22/54,Complete, B946217934, Complete, N/A,N/A, B485985914, Complete,N/A, 292,77 ,57,Blue
P2,P2,7/17/64,Complete, 9629286899, Complete,N/A, 3354734608, 9601255657, Complete, Complete,
315,56,47,N/A

P3,P3,6/16/85, Complete, 9832187225, ,N/A,N/A, 4BB5687516,N/A, Complete, Complete, 214, B4, 26, Red
P4,P4,N/AN/A, 24BEB54508, Complete, Complete,N/A, 9838531688, Complete, Complete, 149, N/A NS
A,Blue

P5,P5,N/A, Complete, 8225701469, Complete, Complete, 1970108556, 1450221526, Complete, Complete,
135,N/A,N/A,N/A

P6,PE,6/18/86, Complete, 9993459618 ,N/A,N/A, B932757385, 6397254206, Complete, Complete,
107,62,25,N/A
P7,P7,6/14/89,Complete, 1857558413, Complete,N/A, 5774440050 ,N/A N/A NJA, 135, N/A, 2, N/A

P8, PE,N/A, Complete, 1898295438 ,N/A, Complete, B5611768035, 7981797488, Complete, Complete, 236,N/
ANJA,Green

P9, P3,3/27/36,Complete, 2148491168, N/A, Complete, 7981815542, 20542908177, Complete, Complete,
204,70,75,N/A

P1l@,P1@,N/A,Complete, 7198293887, Complete, Complete, 7110963024, 814085085368, Complete, Complete,
274,83 ,N/A, Red
P11,P11,11/26/04,Complete,N/A, Complete,N/A, 7505898530, 7371637729, Complete, Complete,
327,59,7,N/A
P12,P12,1/2/02,Complete, 6836339182, Complete, Complete, 1723365281, 7362707730, Complete,N/A,
278,N/A,9,0range
P13,P13,11/1/79,N/A,N/A,Complete, Complete, 2082387309 ,N/A, Complete, Complete,
114,70,32,Violet
P14,P14,5/29/96,Complete, 75568542144, Complete, Complete, B966736543, 1585144199 ,N/A, Complete,
322,N/A,15,Red

P15,P15,6/21/98,N/A, 1028723454, Complete, Complete, 4672767433 ,N/A, Complete, Complete, 245,N/A,
13,Violet

P16,P16,9/5/81, Complete, 2535132609, Complete, Complete,N/A, 4725240219, Complete, Complete,
268,682,180, Violet

P17,P17,3/3/77,Complete, 4112521448, Complete, Complete,

Fig. 4

Sample CSV Code for
Hypothetical Patient
Data Showing Data
Element  Structure
(different fields sep-
arated by commas
and different patient
records separated by
line breaks)

Native
Patient
Data

Concept csv

Map 4 Document

csv Statistical

Analyzer ’ Analysis

User
Interface

Fig. 5 Flow Chart Representing Data Handling within DCAP
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[ HoN ] | 5 result.txt v
Result Print Out:
PD5 using user IWs is: B3.446245108265614

vvvvv B2.41206030150752
Mo PSS generated.
Mo DFCS with subgroup generated

RSS for each entry as follows:

DFCS for each field is as follows:

Last Name: ie@.@

First MName: ie@.@

DoB: TB.B9447236180904
Address: B3.41708542713567
Phone #: 81.98554773869346
Email: 79.B9943748743718

Ins Co: E@.402010050825126
Ins Group #: B3.41708542713567
Ins Policy #: 79.396598452462311
Med History: 77.3B693467336684
Allergies: 76.8B442211855276
Weight: BR.402010085025126
Height: 71.B5529648241206
Age: T8.B80447236180004

Race: B3.41708542713567

End of Report

Last Name: Pl First MName: P1 RS5:
Last Name: P2 First Name: P2 RSS:
Last Name: P3 First Name: P3 RS5:
Last Name: P4 First Name: P4 RSS:
Last Name: P5 First Name: P5 RSS:
Last Name: P& First Mame: PE RSS:
Last Mame: P7 First Name: P7 RS5:
Last Mame: PE First Name: P8 RS5:
Last Mame: ] First MName: ] RS5:
Last Mame: Ple First Name: Pla RS5:
Last MName: P11 First Name: P11 R55:
Last Name: P12 First Name: P12 RS5:
Last Name: P13 First Name: P13 RSS:
Last Mame: P14 First MName: P14 RSS:
Last Name: P15 First MName: P15 RS5:
Last Mame: P16 First Name: P16 RS5:
Last Mame: P17 First MName: P17 RS5:
Last Mame: Pl8 First Name: P18 RS5:
Last Name: P18 First Name: P1g RS5:
Vet Mamas naa i wrt Rlamas naa nee.
[ NN ) | result.txt

Last Name: P195 First Name: P195 R55:
Last Mame: P196 First Name: P16 RS5:
Last Mame: P1a7 First Name: P14a7 RS5:
Last Name: P108 First Name: P10B R55;
Last Name: P159 First MName: P15% R55:

TB.
BB.
B3.
67.
74.
BZ.
62.
75.
5@.
B2.
79.
BEB.
81.
BB.
B6.
.53571428571429

57142857142857
60714285714286
92B57142B57143
41871428571429
55357142857143
14285714285714
54642857142857
44642857142857
17857142857143
14285714285714
4642B571428571
B302B571428571
25

B302B571428571
16@7142B8571429

ie0.0

BEB.
71.

T2

B392B571428571
B75

St anGETIARGET

.8
.8
.BEBEBEEEEEEEET
-BEGEE66E666667
-33333333333333

Fig. 9
Sample Hypothetical
Patient DCAP Result

0@ | result.txt
Result Print Out:

PDS using user IWs is: B3.44624010265614

PDS using balanced IWs is: B2.41206830158752
PS5 is B7.53539075630248

Subgroup DFCS is BB.392156B627451

RSS for each entry as follows:

Fig. 10

Sample Patient Re-
sult from Hypotheti-
cal Data with PSS
and Subgroup DFCS
scores

[ NN ) | ] result.txt

Result Print Out:
PDS using user IWs is: 03.10641825640552
...... 34.51520270270266

No PSS generated.
No DFCS with subgroup generated.

Fig. 11
Balanced IWs for
HCUP data results

generated

[ NoN ) | result.txt
Result Print Out:

PDS using user IWs is: 81.36%931719965415

PDS using balanced IWs is: 34.51520270270266
|No PS5 generated.

| No DFCS with subgroup generated.

Fig. 12
Unbalanced IWs for
HCUP data — results
generated
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Fig. 13 PDS for HCUP SID Samples from 2004 to 2012

5,50

5,00

4,50

4,00

3,50

3,00

s |\\B
s |\WUB

2004

2005 2006 2007 2008 2009 2010 2011 2012

Fig. 14 PDS Standard Deviation for HCUP SID Samples from 2004 to 2012
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Fig. 15 PDS for HCUP SID Samples from 2004 to 2012 with Standard Deviation errors.

© Schattauer 2016 A. Nasir, V. Gurupur, X. Liu. Paradigm to Analyze Completeness of Patient Data

This document was downloaded for personal use only. Unauthorized distribution is strictly prohibited.



Research Article

a Applied Clinical Informatics 762

Table 1 Comparison of Project with Existing Approaches

Project

Data Completeness
Analysis Package
(DCAP)

PCMH Benchmark!

Private Industry?

Description

Characteristics

Use concept mapping and advanced statis-  Only automated to check for complete-
tical analysis to measure data completeness ness, currently exists as a “proof-of-con-
as well as compatibility with various health  cept” exercise

care database software packages

Use basic ratios of completeness (patients ~ Only checks for completeness, no differ-
with given record completed/total patients) entiation on importance of data sets, not

to ensure thoroughness

automated nor uniform

Variety of solutions to data completeness  Not uniform, costly, and often proprietary

and accuracy

methodologies used

"Benchmark information [28], holistic information [29, 30]
2Sources include analytical suites within EMR clinical software (ex. eClinicalWorks) [33], third party vendors
(Q-Centrix Data Accuracy Program) [32], and other private sector entities (American Health Information Manage-

ment Association) [31].

Data Field

Date of Birth
Address

Phone #

Email

Insurance Company
Insurance Group #
Insurance Policy #
Medical History
Allergies

Weight

Height

Importance Weight

100
90
80
50
80
40
30

100

100
70
50

Table 2 Unbalanced Importance Weights for Sample Pa-
tient

Table 3 Summary of Various Scores Produced By DCAP

Metric

Record Strength
Score (RSS)

Patient Database
Score (PDS)

Patient Subgroup
Score (PSS)

Data Field Com-
pleteness Score
(DFCS)

© Schattauer 2016

Definition

See Equation 1

See Equation 2

See Equation 3

See Equation 4 for
database

See Equation 5 for
subpopulation
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Description Example

Measures the strength of an individual M. John Doe's record
patients record has a 70% RSS score

Measures the strength of the entire pa-  XYZ Medical Center's
tient record database at a health care PDS Score is 50%
center

Measures the strength of the patient rec- The PSS Score of male
ords of a specific population of the pa-  patients over the age of
tients seen by the health care center 55 is 95%

Measures the strength of recording fora  The DFCS for Insurance

specific data field for either all patients in Policy Number is 80%

a database or a subset of patients The DFCS for height
among females is 86%
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