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Abstract

Introduction: International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-CM) codes capture
comorbidities that can be used to risk adjust nonrandom patient groups. We explored the accuracy of capturing comorbidities
associated with one risk adjustment method, the Elixhauser Comorbidity Measure (ECM), in patients with chronic heart failure
(CHF) at one Veterans Affairs (VA) medical center. We explored potential reasons for the differences found between the
original codes assigned and conditions found through retrospective review.

Methods: This descriptive, retrospective study used a cohort of patients discharged with a principal diagnosis coded as CHF
from one VA medical center in 2003. One admission per patient was used in the study; with multiple admissions, only the first
admission was analyzed. We compared the assignment of original codes assigned to conditions found in a retrospective,
manual review of the medical record conducted by an investigator with coding expertise as well as by physicians. Members of
the team experienced with assigning ICD-9-CM codes and VA coding processes developed themes related to systemic
reasons why chronic conditions were not coded in VA records using applied thematic techniques.

Results: In the 181-patient cohort, 388 comorbid conditions were identified; 305 of these were chronic conditions, originally
coded at the time of discharge with an average of 1.7 comorbidities related to the ECM per patient. The review by an
investigator with coding expertise revealed a total of 937 comorbidities resulting in 618 chronic comorbid conditions with an
average of 3.4 per patient; physician review found 872 total comorbidities with 562 chronic conditions (average 3.1 per
patient). The agreement between the original and the retrospective coding review was 88 percent. The kappa statistic for the
original and the retrospective coding review was 0.375 with a 95 percent confidence interval (CI) of 0.352 to 0.398. The
kappa statistic for the retrospective coding review and physician review was 0.849 (CI, 0.823—0.875). The kappa statistic for
the original coding and the physician review was 0.340 (CI, 0.316-0.364). Several systemic factors were identified, including
familiarity with inpatient VA and non-VA guidelines, the quality of documentation, and operational requirements to complete the
coding process within short time frames and to identify the reasons for movement within a given facility.

Conclusion: Comorbidities within the ECM representing chronic conditions were significantly underrepresented in the original
code assignment. Contributing factors potentially include prioritization of codes related to acute conditions over chronic
conditions; coders’ professional training, educational level, and experience; and the limited number of codes allowed in initial
coding software. This study highlights the need to evaluate systemic causes of underrepresentation of chronic conditions to
improve the accuracy of risk adjustment used for health services research, resource allocation, and performance
measurement.

Keywords: adverse drug events, comorbidity, complications, heart failure, International Classification of Diseases, risk
adjustment, veterans
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The International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-CM) is primarily used for
billing and resource allocation in both Veterans Affairs (VA) and non-VA healthcare organizationsl-2 and is secondarily used to
capture specific clinical conditions such as adverse drug events (ADEs),2 complications of medical and surgical care 2-LL and
risk adjustment of nonrandom patient groups.1223 Large-scale administrative databases composed of coded diagnoses and
other data associated with the billing process24 are also used for epidemiology,22-28 health services research,22-33 and
healthcare policy.2%37 But these uses of data are secondary because the data are not generated specifically for these
purposes. For the purposes of this study. we define administrative databases as those containing data resulting from
“administering health care delivery, enrolling members into health insurance plans, and reimbursing for services.”38 ICD-9-CM
codes would be part of the database. Missing and incorrectly coded data have been reported in the scientific literature in
studies related to research and quality measurement.32-46 In light of this finding, it is important to evaluate the accuracy of
chronic disease capture and the potential reasons for the lack of accuracy because codes used to capture chronic diseases are
included in risk-adjustment methods that are increasingly being used in domains relevant to the health information management
(HIM) professional. For example, risk adjustment is used to compare organizations’ performance measurement data, to predict
patient outcomes, and to adjust for severity of illness.2Z2L Many causes of coding errors have been outlined in detail in an
article by O’Malley et al., but this process provides only a generic error evaluation, and a more targeted evaluation is
needed.32 The research reported in this study explores the capture of chronic conditions in 100 percent of patient discharges
from one VA medical center with the highly prevalent principal diagnosis of chronic heart failure (CHF).

The Elixhauser Comorbidity Measure (ECM) is an important risk-adjustment measure that is frequently used. The ECM was
developed using coded data from administrative databases from an all adult, nonmaternal cohort of inpatients discharged from
438 acute care hospitals in California in 1992; software for the ECM is updated on an annual basis by the Agency for
Healthcare Research and Quality (AHRQ).22 In the initial study, Elixhauser et al. found that 31 comorbidities, often chronic
conditions, predicted length of stay (LOS), hospital charges, and inpatient mortality.>* Many studies use the ECM as a method
to adjust two or more nonrandom groups so that they can be compared. For example, recently the ECM was used in a
nationwide comparison of postsurgical outcomes for patients undergoing laparoscopic roux-en-Y gastric bypass,2> to examine
perioperative and all-cause mortality in patients undergoing radical cystectomy;2® and to predict outcomes in patients with
chronic obstructive pulmonary disease (COPD),2Z among studies in other clinical domains. The ECM is one of several
frequently used risk-adjustment methods including the Charlson/Deyo method®322 and Johns Hopkins University’s Aggregated
Diagnosis Groups (ADGs).%2

Though many of the conditions are chronic, there is limited research about the accuracy of capturing these chronic conditions
in this commonly used risk-adjustment measure. The results of an examination of the accuracy of ICD codes within the
context of health services research are described in detail by O’Malley et al. They note that accuracy must be assessed within
the specific unique situation in which it is used. O’Malley et al. outline the process of coding, examine where error can be
introduced, and describe the use of sensitivity, specificity, and positive predictive values of the codes. They also describe using
a kappa statistic as a measure of agreement that adjusts for chance agreement if applicable.l

Osborn defines a measure as having sensitivity if it identifies the property of interest when the property is truly there.
Similarly, a measure has specificity if it excludes cases when the property of interest is truly absent. Last, positive predictive
value (PPV) is defined as the number of cases correctly identified by a measure out of the total number of cases with the
property of interest.®2 These metrics have been used in studies determining the accuracy of codes from hypertension, 2
determining the accuracy of heart failure codes,® and evaluating accurate coding to predict outcomes in ischemic heart
disease.®2 Frogner et al. also found that chronic disease conditions were missing from diagnosis coding, which biased the data
used to model reimbursement. Frogner and colleagues used predictive ratios and counts of chronic conditions to compare

models to improve reimbursement for the care of patients needing coordinated care.2®

The research reported in this publication is similar to other studies related to risk adjustment in which the coded data is often
several years old. For example, Healthcare Cost and Utilization Project (HCUP) data from 2002—-2005 were used in research
published in 2012.%Z Similarly, in another study comparing several risk-adjustment methods, coded data from administrative
databases from 20042008 were used.®2 In comparisons of risk-adjustment methods, the accuracy of predicting the outcomes
of death, LOS, and healthcare costs, as well as outcome measures, is often explored. Similarly Frogner et al. use data from
2003 to evaluate risk-adjustment models, with the results published in 2011.%2

In addition to the quantification of accuracy as described above, qualitative methods such as brainstorming and thematic
analysis can be used to answer research questions about factors contributing to missing codes and decreased accuracy.
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Brainstorming is a process that a given group undertakes to generate ideas.Z2 Themes are defined as recurring issues or ideas
that are presented during group interactions and are based on the lived experience of members of the group. The identification
and coding of the themes constitutes thematic analysis.ZL Thematic analysis has been used by researchers from many
disciplines. For example, thematic analysis has been used to explore responses of midwives to reproductive ethical dilemmas, 2
sexual practices of HIV-positive individuals obtaining antiviral treatment,23 and patient’s judgments about surveillance
endoscopy, as well as in many other research studies.’%

To examine the representation of I[CD-9-CM codes for chronic conditions in our data set, we used a combination of
quantitative and qualitative techniques, a mixed-methods approach, to explore the accuracy of code assignment of
comorbidities associated with the ECM. We undertook quantitative analysis by calculating the sensitivity, specificity, PPV, and
kappa statistics on the basis of review by an investigator with domain expertise in coding and by clinician review and
comparing those statistics with those for the codes identified retrospectively. After reviewing the quantitative results, the
research team used brainstorming to identify potential systemic causes of undercoding of chronic conditions in the inpatient VA
setting. We used qualitative data analysis by organizing the brainstorming ideas into themes using thematic analysis.

Methods

This descriptive, retrospective study used a cohort of patients (N = 181) representing 100 percent of patients discharged with a
principal diagnosis code of CHF from one VA medical center in 2003 as identified through coded data. One admission per
patient was used in the study; with multiple admissions, only the first admission was analyzed. The coding professional who
assigned the original codes in the data set used the coding guidelines for FY 2003 for discharges from January 1, 2003, through
September 30, 2003, and FY 2004 guidelines for discharges from October 1, 2003, through December 31, 2003. The coding
software used for the original code assignment did not adjust for severity or risk of mortality. After the patients were identified,
an investigator on the research team, blinded to the original codes, retrospectively reviewed the charts to determine if the
conditions within the ECM should have been assigned a code. The assignment was assessed on the basis of FY 2007 national
VA coding guidelines that included the definitions from the Uniform Hospital Discharge Data Set (UHDDS) including the
assignment of codes for “other diagnoses.”Z2-1% Five physicians received training about the UHDDS and rules for the
assignment of codes for “other diagnoses.” These clinicians reviewed the medical records and completed an independent
assessment for conditions specified in the ECM that were present in the record. The clinician completed an abstraction form
to record the findings. One of the five physicians reviewed each record to determine if a condition within the ECM was
present and should therefore be coded.

The data from all independent reviews were collected via an abstract form and entered into a research database. The abstract
form also collected the discharge disposition, including inpatient death. Because an inpatient death is significant and the patient
may have many acute conditions coded, we analyzed differences in code assignment to see if there were any differences
based on discharge disposition including death. The original codes assigned at the time of discharge, the conditions found that
should have been coded during retrospective review by the investigator on the research team, and the conditions found by the
physicians were compared. As has been done in other studies,”Z the percent agreement and kappa statistic were calculated
between the original code assignment and the conditions found at the time of retrospective review to assess the degree of
concordance and the kappa statistic accounting for chance agreement. Statistical analysis was performed using R version
2.15.1 and Stata 12.2822 The concordance of code assignments and conditions found were evaluated and reviewed by three
of the study team members. These three team members were experienced with assigning ICD-9-CM codes and with VA
coding processes. All three team members reviewed the results of the study. Two team members conducted a brainstorming
session via teleconference and developed a list of potential systemic reasons why chronic conditions were not coded in the VA
medical center. The list was circulated to the three aforementioned members of the research team (the two original members
and one additional member who could not attend the teleconference) via e-mail for edits, corrections, or additions. This
approach is an “applied” use of qualitative analysis, in which the methods are used to solve a problem rather than to allow
themes to emerge from the data.2® The method is a theoretical thematic analysis 2L or a top-down approach to analysis of the
data analysis, in contrast to other qualitative analysis techniques that are inductive. We used these thematic analysis techniques
to answer the primary research question “What are systemic causes of undercoding of chronic conditions in the VA medical
center?”

Analysis
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Descriptive statistics were developed regarding patient demographics, prevalence of conditions, accuracy of coded data, and
outcome variables that could be examined by the risk-adjustment process, such as death. LOS and readmission rates were
also calculated. Agreement measures were developed using Cohen’s kappa. The Landis and Koch kappa interpretations were
used as a guide of concordance as poor (<0.20), fair (0.21—0.4), moderate (0.41-0.60), or substantial (0.61—0.80).82 The
association between the number of comorbidities and prediction of the outcome readmission was assessed using a #-test
between readmitted and non-readmitted groups, defined for 30, 60, and 90 days. The association between the number of
comorbidities and prediction of mortality and LOS was assessed using simple linear regression. As has been done in other
studies,33-84 the sensitivity, specificity, and PPV were also calculated, using the results found by the researcher with coding
expertise as the reference standard for the majority of the analyses to measure accuracy.

The results of the brainstorming discussion were organized and coded into themes to answer the research question. The
themes are presented in the following section.

Results

Patient Characteristics

Within the study cohort, the majority of the patients (98.3 percent) were male, and almost two-thirds were African American
(65.8 percent). (See Table 1.) The average age for patients was 66.9 years, and ages ranged from 31 to 96 years.

Table 1
Patient Characteristics

Characteristics Count | %
Gender
Male 178 98.3%
Female 3 1.7%
Race

African American | 119 65.8%

White 54 29.8%
Other 6 3.3%
Unknown 2 1.1%

Below 55 years | 28 15.5%

55-64 years 56 30.9%

65—74 years 45 24.9%

75 years or older |52 28.7%

Conditions Identified

A total of 388 comorbid conditions were identified by the original coding professionals. Of these, 305 were chronic comorbid
conditions (average 1.7 per patient), and 67 were comorbid conditions that are both chronic and acute (average 0.37 per
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patient). The original coding professional thus identified a total of 372 chronic or chronic and acute conditions (average 2.1 per
patient). The researcher with coding expertise identified 937 comorbidities coded in the retrospective expert review with an
average of 5.2 per patient. Of these, 618 were chronic comorbid conditions (average 3.4 per patient), and 209 conditions were
both chronic and acute (average 1.2 per patient), for a total of 827 chronic or chronic and acute conditions (average 4.6 per
patient). Comparing the researcher with coding expertise and the original coding professional on the combination of chronic
and chronic and acute conditions, the result of the Wilcoxon signed-rank test was highly significant (p <.0001), so we
concluded that the researcher with coding expertise and the original coding professional differed in the number of comorbid
conditions identified. The overall agreement, across all 31 conditions, between the original and the researcher coding expert
was 87 percent. The kappa statistic was 0.375, with a 95 percent confidence interval of 0.352 to 0.398. Similarly, overall
agreement between the original coding professional and the researcher with coding expertise was 86 percent for chronic
conditions, 89 percent for conditions that were both chronic and acute, and 87 percent for conditions that were chronic or
chronic and acute across all 31 conditions. The kappa statistics and 95 percent confidence intervals are 0.396 (0.365-0.426)
for chronic conditions, 0.400 (0.357-0.443) for conditions that were both chronic and acute, and 0.398 (0.373-0.423) for
conditions that were either chronic or chronic and acute.

The top three chronic conditions that the original coding professionals failed to identify are renal failure (74 misses), heart
valve disease (65 misses), and hypertension with complications (63 misses). Other important diagnoses such as depression and
diabetes were commonly missed as well.

Discharge Disposition and Readmission

Four inpatient deaths, four deaths within 30 days of discharge, zero deaths in 30 to 60 days, and seven deaths within 60 to 90
days were observed. Readmission within 30 days, 60 days, and 90 days was found to be 8.3 percent, 19.3 percent, and 21.6
percent (see Table 2).

Table 2
Death and Readmission

Count | %
Inpatient death 4 2.2%
Death occurring after discharge
Within 30 days 4 2.2%
30 days to 60 days 0 0%
60 days to 90 days 7 3.9%
Readmission
Within 30 days 15 | 83%
Within 60 days 35 119.3%
Within 90 days 39 21.6%

Using the investigator with coding expertise as the reference standard, for 17 chronic or chronic and acute conditions of the 31
total ECM conditions, the overall PPV of the original codes assigned was 80 percent or better. For low-prevalence conditions,
the PPV could reach 100 percent but was lower in more common conditions. (See Appendix A.) This less-than-perfect
sensitivity reflects miscoding by the original coding professionals. The sensitivity and PPV are provided for the following
conditions: deficiency anemia (sensitivity = 29.3 percent, PPV = 100 percent), chronic obstructive pulmonary disease (COPD)
(68.3 percent, 91.5 percent), depression (7.4 percent, 100.0 percent), diabetes mellitus with chronic complications (DM-Comp)
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(15.6 percent, 83.3 percent), drug abuse (38.9 percent, 100.0 percent), alcohol abuse (31.0 percent, 100.0 percent), heart valve
disorders (14.5 percent, 84.6 percent), hypertension with complications (HTN-Comp) (16.0 percent, 85.7 percent), liver
disease (66.7 percent, 85.7 percent), lymphoma (33.3 percent, 100.0 percent), obesity (7.5 percent, 100.0 percent), paralysis
(33.3 percent, 83.3 percent), psychosis (56.3 percent, 90.0 percent), pulmonary circulation disorders (14.3 percent, 87.5
percent), peripheral vascular disease (31.0 percent, 81.8 percent), renal failure (14.9 percent, 92.9 percent), and weight loss
(16.7 percent, 100.0 percent). Five of these conditions had a prevalence of 10 percent or lower (see Appendix A). In cases
where there was a high PPV in combination with a low sensitivity, there are comparatively few false positives and many false
negatives. A false positive means that the condition is not present but the original coding professional thought it was present. A
false negative means that the condition is present but the original coding professional thought it was not present. The
combination of a high PPV and a low sensitivity reflects that the original coding professional did not assign a code for
conditions that were not present, but they often missed or omitted conditions identified by the researcher with coding expertise.

Predicting Readmission and Length of Stay

Further, we explored using the sum of comorbid conditions in terms of predicting readmission at 90 days, and no statistically
significant association was observed in any of the groups (see Table 3).

Table 3
Predicting Readmission and Length of Stay
Variable Sum of Chronic Comorbid Condition Codes
Expert Original
Readmission within 30 days
No 4(3,6) 2(1,3)
Yes 5@,6) 2(1,3)
p-value 1.000 1.000
Readmission within 60 days
No 5@,6) 2(1,3)
Yes 4(3,6) 2(2,2)
p-value 1.000 1.000
Readmission within 90 days
No 4.5(3,6) 2(1,3)
Yes 5(3,6) 2(1,3)
p-value 1.000 1.000
Length of stay (LOS) log regression
Estimate 0.1787 0.1469
R 0.1349 0.0297
p-value <0.0001 0.012

Note: Values for sums of chronic comorbid conditions are reported as median (interquartile range [IQR]).
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LOS ranged from 1 day to 48 days, excluding one patient whose length of stay exceeded a year, with the first quartile at 2
days and the third quartile at 8 days. The log of LOS was modeled using linear regression with the sum of comorbid conditions
that were either chronic or chronic and acute as the explanatory variable. One model used the sum of expert codes as
predictor, and the other used the sum of original codes. Both predictors were significant (p < .05) in their respective models,
but the sum of expert codes was a better predictor of LOS than the sum of original codes was (see Table 3). Models based on
weighting of comorbidities would likely be more significant because more serious conditions may predict LOS more precisely.
Table 3 also presents the analysis of the sum of conditions coded by the researcher with coding expertise and the original
coding professionals in relation to readmission to the hospital within 30, 60, or 90 days. Test results are reported with median,
interquartile range (IQR), and p-value adjusted for multiple comparisons. The test results are not significant.

Exploration of ICD-9-CM Coding of Chronic Disease w ithin the Elixhauser Comorbidity Measure in Patients w ith Chronic Heart F...

Agreement

Substantial agreement based on the kappa statistic was achieved in two high-prevalence conditions, COPD and diabetes
mellitus, with fair agreement for anemia between the researcher with coding expertise and the original coding professional
(Table 4). Clinically significant conditions such as heart valve disease and hypertension (when complications are coded or
when the condition is coded without complications) did not have high agreement. The original coder and the physician reviewer
had similar results, with substantial agreement on COPD, moderate agreement on diabetes mellitus, and fair agreement on
anemia (see Table 5). Table 6 shows much higher agreement between the physician reviewer and the researcher with coding
expertise: the agreement between them is either substantial or almost perfect for all high-prevalence conditions.

Table 4
High-Prevalence Chronic Comorbid Condition Codes: Original Coder vs. Researcher with Coding Expertise

Comorbidity Code | Prevalence? Percent Agreement Probability of Random Agreement | Kappa
Renal failure 48% 59% 52% 0.143
Heart valve disease 42% 63% 57% 0.142
HTN-Comp® 41% 64% 57% 0.160
COPD 35% 87% 57% 0.689
HTN 35% 64% 50% 0.267
DM 34% 82% 52% 0.621
Anemia 32% 77% 65% 0.360
Obesity 29% 73% 70% 0.104
Pulm Circ 27% 76% 71% 0.184
DM-Comp® 18% 85% 80% 0.220

Abbreviations: HTN, hypertension; COPD, chronic obstructive pulmonary disease; DM, diabetes mellitus; Pulm Circ,
pulmonary circulation disorders; Comp, complications.

Prevalence for this table comes from the expert coder.

"Denotes when complications of hypertension or diabetes are present.

Table 5
High-Prevalence Chronic Comorbid Condition Codes: Original Coder vs. Physician Reviewer
Comorbidity Code Prevalence? Percent Agreement Probability of Random Agreement | Kappa
Renal failure® 48% 61% 54% 0.156
Heart valve disease 42% 65% 61% 0.091
7/22
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HTN-Comp® 41% 66% 59% 0.176
COPD 35% 87% 59% 0.673
HTN 35% 61% 50% 0.210
DM 34% 77% 52% 0.514
Anemia 32% 77% 67% 0.301
Obesity 29% 74% 73% 0.039
Pulm Circ 27% 79% 74% 0.179
DM-Comp®? 18% 85% 82% 0.129

Abbreviations: HTN, hypertension; COPD, chronic obstructive pulmonary disease; DM, diabetes mellitus; Pulm Circ,
pulmonary circulation disorders; Comp, complications.

*Prevalence for this table comes from the expert coder.

®Denotes when complications of hypertension or diabetes are present.

Table 6

High-Prevalence Chronic Comorbid Condition Codes: Researcher with Coding Expertise vs. Physician Reviewer

Comorbidity Prevalence? Percent Agreement Probability of Random Agreement Kappa
Renal failure 46% 92% 50% 0.845
Heart valve disease 37% 94% 52% 0.873
HTN-Comp® 39% 90% 52% 0.794
COPD 30% 96% 56% 0.900
HTN 30% 86% 56% 0.685
DM 31% 90% 56% 0.760
Anemia 29% 93% 57% 0.831
Obesity 26% 92% 60% 0.807
Pulm Circ 23% 94% 62% 0.839
DM-Comp® 15% 92% 72% 0.721

Abbreviations: HTN, hypertension; COPD, chronic obstructive pulmonary disease; DM, diabetes mellitus; Pulm Circ,
pulmonary circulation disorders; Comp, complications.

Prevalence for this table comes from the physician coder.

®Denotes when complications of hypertension or diabetes are present.

However, when the respective subcategories for diabetes and hypertension are combined (see Table 7), the agreement is
much higher between the researcher with coding expertise and the original coding professional. There appears to be
agreement that these conditions are present, but less agreement about whether or not there are associated complications.

Table 7
Diabetes Mellitus (DM) and Hypertension (HTN) Category Codes Combined: Original Coder vs. Researcher
with Coding Expertise

Comorbidity Percent Agreement Probability of Random Agre e ment Kappa
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HTN COMB 77% 54% 0.512

Compared to:

HTN 64% 50% 0.267
HTN-Comp? 64% 57% 0.160
DM COMB 93% 50% 0.857

Compared to:
DM 82% 52% 0.621
DM-Comp? 85% 80% 0.220

Abbreviations: HTN, hypertension; COMB, all cases with and without complications combined DM, diabetes mellitus;
Comp, complications.
4Denotes when complications of hypertension or diabetes are present.

The code assignment of two conditions, renal failure (74 misses) and complications of hypertension (63 misses), was likely
influenced by a change of coding guidelines between FY 2003 and FY 2006. However, although different conditions were
added to the ECM, all of the conditions contained within the record should still have been coded because of the requirements
of the official coding guidelines and the UHDDS. Other (additional) diagnoses are required to be coded, and they are defined
in the UHDDS as “all conditions that coexist at the time of admission, that develop subsequently, or that affect the treatment
received and/or the length of stay.” For reporting purposes the definition of “other diagnoses” is interpreted as additional
conditions that affect patient care in terms of requiring clinical evaluation, therapeutic treatment, diagnostic procedures,
extended length of hospital stay, or increased nursing care and/or monitoring.2> The only new condition that was captured via a
new ICD-9-CM code definition was chronic kidney disease (CKD). The coding of CKD affects the coding of hypertension
with complications (HTN-Comp) because the 403.xx code category includes hypertension with CKD. Because of this change,
the only conditions in the ECM explored in this study that would have a higher prevalence would be the renal failure and HTN-
Comp categories.

The original coder and the physician reviewer have moderate agreement for the combined hypertension category and
substantial agreement for the combined diabetes category (see Table 8). The researcher with coding expertise and the
physician reviewer have substantial agreement for the combined hypertension category and almost perfect agreement for the
combined diabetes category (see Table 9).

Table 8
Diabetes Mellitus (DM) and Hypertension (HTN) Category Codes Combined: Original Coder vs. Physician
Reviewer

Comorbidity Percent Agreement Probability of Random Agreement Kappa

HTN COMB 77% 54% 0.512

Compared to:

HTN 64% 50% 0.267
HTN-Comp?* 64% 57% 0.160
DM COMB 93% 50% 0.857

Compared to:

DM 82% 52% 0.621

DM-Comp? 85% 80% 0.220
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Abbreviations: HTN, hypertension; COMB, all cases with and without complications combined DM, diabetes mellitus;
Comp, complications.
Denotes when complications of hypertension or diabetes are present.

Table 9
Diabetes Mellitus (DM) and Hypertension (HTN) Category Codes Combined: Researcher with Coding Expertise
vs. Physician Reviewer

Comorbidity Percent Agreement Probability of Random Agre e ment Kappa

HTN COMB 88.4% 60% 0.710

Compared to:

HTN 86% 56% 0.685
HTN-Comp?* 90% 52% 0.794
DM COMB 92% 49% 0.837

Compared to:

DM 90% 56% 0.760

DM-Comp?* 92% 72%

Abbreviations: HTN, hypertension; COMB, [all cases with and without complications combined]; DM, diabetes mellitus;
Comp, complications.
#Denotes when complications of hypertension or diabetes are present.

An overall test of validity for the original coding professional, the researcher with coding expertise, and the physician reviewer
appears in Appendix B. Results show high validity by both the physician reviewer and the researcher with coding expertise,
with sensitivity and PP Vs greater than 80 percent. Original coder validity was tested using both the physician reviewer and the
researcher with coding expertise as the reference standard. In both of these analyses the original coder did not perform at the
same level as the other coders: sensitivity values were approximately 30 percent, while PPVs were 74 percent and 65 percent.

Themes Related to Decreased Chronic Condition and Comorbidity Code Capture

Factors were identified after team review of the study data using brainstorming. Factors were primarily based on the team
members’ coding experience. Three members of the research team participated. The professional background of those in the
brainstorming group was as follows: two members were HIM professionals with certified coding specialist (CCS) credentials,
the third was a physician, and all three members were involved in health services research within the VA. The average
number of years of coding experience for members of the group was 16.7 years with a range of 5 to 24 years, and the
average number of years working with the VA was 10.6 years with a range of 5 to 16 years. The research team identified
several factors that influence the capture of chronic conditions, including familiarity with inpatient VA guidelines as well as
familiarity with non-VA-specific coding guidelines, 248 the quality of documentation from which to discern the presence of
chronic conditions so that codes may be accurately assigned, operational requirements to complete the coding process within
short time frames and identify the reasons for movement within a given facility with an ICD-9-CM code, coding staff
shortages resulting in backlogs of discharge records, lack of knowledge on the behalf of coding staff of secondary use of
administrative data (such as for risk adjustment), and limited numbers of codes that could be entered in the coding software at
the time of the study. We also identified that many conditions are present in the record and only the conditions that are relevant
to the current discharge, including patient movement, are given priority when codes are assigned. The code assignment
focuses on making sure that the events that occurred during the patient’s stay are captured, rather than focusing on
comprehensively identifying chronic diseases. This focus is reflected in the coding guidelines,28 in which emphasis is placed on
acute conditions. Furthermore, in the computer system used during 2003 by the VA 22 only a specified number of diagnoses
could be inserted in the coding software, which may have resulted in a prioritization of acute conditions over chronic

https://bokold.ahima.org/doc?0id=301204 10/22


https://bokold.ahima.org/%3Ca%20href=

11/26/24, 12:31 AM Exploration of ICD-9-CM Coding of Chronic Disease w ithin the Elixhauser Comorbidity Measure in Patients w ith Chronic Heart F...
conditions. Further, the VA requires that patient movements among bed sections in the facility have associated diagnoses
coded.2® Clear documentation of complications of hypertension and diabetes is not always present.

The following are examples of factors identified in the brainstorming process:

» We have had a lot of coder education since in the last several years.

» Because there was a backlog in the department, some of the outpatient coders had to code the inpatient records. They
were not used to assigning a lot of codes.

[t takes extra steps to add more codes than the 15 allowed in the coding software.

e Coders may not know how the codes are used for research.

e Chronic conditions may be bumped.

» Inthe VA, we have to consider the patient movement when assigning codes because we are required to show why the
patient was transferred to a specific unit. For example, we have to reflect a psych code if the patient is transferred
from the medical unit to the psychiatric unit.

Discussion

In our research, we found underreporting of chronic conditions. Similarly, recent research found that chronic disease is
underreported in administrative data, requiring changes to Medicare risk-adjustment processes.2- Similarly, two methods have
been used to improve the ability of coded data sets to capture patient safety indicators (PSIs), comorbidities, and ADEs
accurately. The first is to combine administrative databases with clinical data. LaTour and Maki define clinical data as data
that are captured during the diagnosis and treatment process.2 The clinical data that were added to coded data in this case
are laboratory data.232% The process of combining administrative and clinical data has also been piloted in Minnesota with
increases in accuracy comparisons of risk-adjusted mortality and risk-adjusted comp]ications.g—5 The second method is to add a
variable indicating whether the patient’s coded diagnoses were present on admission (POA) to differentiate between
comorbidities and complications, 2628

Limitations of this study include the following: the principal investigator was the individual with coding expertise, this is a single-
site study, and the inclusion and exclusion of codes changed between 2003 (data of discharge) and 2007 (date of the coding
guidelines used). Other limitations include that we could not calculate the ECM in our small cohort and so we could not
measure the effect of underreporting comorbidities based on administrative data directly. However, in terms of the evaluating
the impact on LOS, we measured how well the sum (count) of comorbid condition codes predicted this outcome, and the
inclusion of a greater number of comorbidity codes resulted in significantly better prediction. A future direction would be to
conduct a larger study so that the effect of decreased comorbidity code capture on the outcomes predicted by ECM could be
measured. A review of the literature indicates that this appears to be a gap in the current knowledge.

Despite the inability to compute the ECM directly, this study highlights the problem of incomplete data when computing the
ECM. Researchers should be aware of this limitation when risk adjusting patients of different populations. When patterns of
missing comorbidity codes are different in study populations, differences in the computed risk will reflect differences in coding
practices and patterns of missing data rather than the true desired difference in risk. Possible sources of differences in coding
practices that we have discovered include the time of coding, but other sources are not unreasonable either. Our population
was taken only from the Veterans Health Administration system; other healthcare systems may have different coding
practices and training and may have additional sources of differences in patterns of missing codes.

O’Malley et al2? identified several factors that impact coding quality, including coding professionals’ knowledge, training, and
experience. Figure 1 builds upon the foundation provided by O’Malley et al. Our research found additional systemic
contributors to error, including operational requirements to complete the coding process within short time frames, the
requirement to identify the reasons for movement within a given facility with an ICD-9-CM code, coding staff shortages
resulting in backlogs of discharge records, lack of knowledge on the part of the coding staff of secondary uses of
administrative data such as for risk adjustment, and limited numbers of codes that could be entered in the coding software at
the time of the study.
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Figure 1

The patient’s entire chart is reviewed to identify all
possible conditions documented and therefore

e

What is documented is compared with coding
quidelines to determine code assignment.

L

The coding professional must consider the movement
between bed sections in code assignment.

L1

Conditions for which codes are assigned may need to
be prioritized in software.

L1

Coding professional determines the final assignment of
codes.

Process of Assigning ICD-10 Codes within the VA by Coding Staff

We found that the kappa statistic was higher for those who have a doctoral-level degree, even though the investigator with
coding expertise had a doctor of philosophy degree whereas the physicians are doctors of medicine. This observation may
indicate that higher educational level is a contributing factor to higher recognition of chronic conditions, thus supporting the
efforts to move the HIM curriculum from the associate and baccalaureate levels and to strengthen informatics and leadership
competencies among HIM professionals. ' In addition to preparing HIM professionals with master’s degrees to take the
senior-level positions needed in HIM in the future, a higher educational level may also strengthen core areas of competence in
coding-related secondary uses of data such as for risk adjustment and data analytics.

Conclusions

Codes for comorbidities representing chronic conditions within the ECM were significantly underrepresented in the original
code assignment. Contributing factors potentially include prioritization of codes related to acute conditions over chronic
conditions; the coding professionals’ training, educational level, and experience; and the limited number of codes allowed in
initial coding software. This study highlights the need to evaluate systemic causes of underrepresentation of chronic conditions
to improve the accuracy of risk adjustment used for health services research, resource allocation, and performance
measurement.
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Appendix A

Summary of Condition Codes and Associated Accuracy Based on Expert Coding

Elixhauser Comorbidity Measure (ECM) Based on Version 3.4/2009

Comorbidity or Classification ICD-9-CM Code Range Prevalence Sensitivity Specificity Positive

Predictive
Value
Adverse Drug Events (ADE)2 960-979, E930-E949 13.3% 4.2% 99.4% 99.4%
Anemia (Deficiency) including 280.1-280.9 285.21-285.29  32.0% 29.3% 100.0% 100.0%
acute blood loss anemia® 285.9
Blood Loss Anemia—chronic blood 280.0 648.20—648.24 0.6% 0.0% 100.0% NA
loss and anemia of pregnancy2
CA Primary-Solid Tumor without ~ 140.0-172.9 174.0-175.9 10.5% 26.3% 98.8% 71.4%
Metastasisd 179-195.8, 209.00-209.24,
209.25-209.3, 258.01-258.03
CA Secondary (Metastatic 196.0-199.1, 789.51 0.6% 0.0% 100.0% NA
Cancer)<d
Chronic Peptic Ulcer Disease 531.41,531.51, 531.61, 1.7% 0.0% 98.9% 0.0%
(includes bleeding only if 531.70,531.71, 531.91,
obstruction is also present)<d 532.41, 532.51, 532.61,
532.70, 532.71, 532.91,
533.41, 533.51, 533.61,
533.70, 533.71, 533.91,
534.41, 534.51, 534.61,
534.70, 534.71, 534.91
Coagulation deficiency<d 286.0-286.9, 287.1-287.3— 1.7% 0.0% 100.0% NA
287.5, 289.84, 649.30-649.34
Complications® 996-999 7.1% 0.0% 100.0% 0%
Congestive Heart Failured! 398.91, 402.01, 402.11, 100% NA NA NA
402.91, 404.01, 404.03,
404.11, 404.13, 404.91,
404.93 428.0-428.9
Chronic Obstructive Pulmonary 490-492.8 493.00—493.92 34.8% 68.3% 96.6% 91.5%
Disease (COPD)4 494-494.1495.0-505 506.4
Depressiond 300.4, 301.12 309.00, 309.1 14.9% 7.4% 100.0% 100.0%
311
Diabetes Mellitus without Chronic ~ 249.00-249.31, 250.00— 33.7% 88.5% 78.3% 67.5%
Complicationsd 250.33 648.00-648.04
Diabetes Mellitus with Chronic 249.40-249.91, 250.40— 17.7% 15.6% 99.3% 83.3%
Complicationsd 250.93,775.1
Drug Dependence and Abuse® 292.0292.82-292.89 9.9% 38.9% 100.0% 100.0%
292.9304.00-304.93305.20—
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ETOH (Alcohol)Abuse®

Fluid and Electrolyte Disorders?

Heart Valve (Valvular) Diseased

HIV and AIDS (Acquired
Immunodeficiency Syndrome)<d

HTN-Hypertensiond

HTN-Hypertension (complicated)d

Hypothyroidismd

Liver Disease, Including Acute or
Chronic Viral2

Lymphomad

Obesityd

Other Neuro Disorders

Paralysisd

Psychosesd

Pulmonary Circulation Disorders?

Peripheral Vascular Disease?

https://bokold.ahima.org/doc?0id=301204

305.93648.30-648.34

291.0-291.3291.5 16.0%
291.8291.81, 291.82
291.89291.9303.00—
303.93305.00-305.03

276.0-276.9 40.3%
093.20-093.24394.0-397.1 42.0%
397.9424.0-424.99746.3—

726.6 V42.2V43.3

042-044.9 1.1%
401.1,401.9 642.00-642.24  34.8%
401.0, 402.00-405.99, 437.2, 41.4%
642.10-624.24, 642.70—

642.94

243-244.2, 244.8 244.9 5.0%
070.22, 070.23,070.33, 9.9%

070.44, 070.54, 456.0,456.1,
456.20, 456.21, 571.0,571.2,
571.3,571.40-571.49,571.5,
571.6,571.8,571.9, 572.3,
572.8,V42.7

200.00-202.38202.50-203.01, 1.7%
203.02-203.82,203.8-203.81
238.6,(plasmacytoma)
273.3(macroglobulinemia)

278.0,278.00, 278.01,649.10— 29.3%
649.14,793.91, V85.30—
V85.4, V85.54

330.1-331.9, 332.0, 333.4, 3.9%
333.5, 333.71-333.79, 333.85,
333.94, 443.0-335.9, 338.0,

340, 341.1-341.9, 345.00—

345.11, 345.2-345.3, 345.40—
345.91, 347.00-347.01,
347.10-347.11, 649.40—

649.44, 768.7, 780.3, 780.31,

780.32, 780.39,780.97 784.3,

784.3

342.0-344.9 438.20-438.53, 8.3%
780.72

295.00-298.9 299.10 299.11  8.8%

415.11-415.19, 416.0-416.9  27.1%
417.9
440.0-440.9, 441.00-441.9,  16.0%

442.0-442.9, 443.1-443.9,

31.0%

17.8%
14.5%

0.0%

68.3%
16.0%

66.7%
66.7%

33.3%

7.5%

0.0%

33.3%

56.3%
14.3%

31.0%

100.0%

99.1%
98.1%

100.0%

61.0%
98.1%

98.3%
98.8%

100.0%

100.0%

99.4%

99.4%

99.4%
99.2%

98.7%

100.0%

92.9%
84.6%

NA

48.3%
85.7%

66.7%
85.7%

100.0%

100.0%

0.0%

83.3%

90.0%
87.5%

81.8%
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447.1,57.1,557.9, V43.4

Renal Failured 403.01, 403.11, 403.91, 48.1% 14.9% 98.9% 92.9%
404.02,404.03, 404.12,

404.13, 404.92, 404.93, 585.3,

585.4, 585.5, 585.6, 585.9,
586,V42.0,V45.1, V45.11,

V45.12, V56.0-
V56.32,V56.8
Rheumatoid arthritis/collagen 701.0-710.0-710.9, 714.0— 2.2% 0.0% 100.0% NA
vascular diseases®d connective 714.9-720.0-720.9, 725
tissue disorders
Weight Lossd 260-263.9, 783.21-783.22 3.3% 16.7% 100.0% 100.0%

4 Acute condition.
bAcute and chronic conditions.

“These conditions were never coded in our corpus by the original coding professionals (indicated by “NA”).

dChronic condition.
“Not in original ECM.

fNote that this condition is one of the ECM comorbid conditions, but in this case the cohort was determined based on these

codes so the accuracy measures are not provided.

Appendix B

This table reports sensitivity, specificity, and positive predictive values. Values for the researcher with coding expertise use the
physician reviewer as the reference standard; values for the physician reviewer use the researcher with coding expertise as
the reference standard; and values for the original coding professional are reported using both the researcher with coding
expertise and the physician reviewer as reference standards. Values are reported with the 95% confidence interval in

parentheses.
Sensitivity Spe ccificity Positive Predictive
Value

Researcher with coding expertise 0.91 (0.88— 0.97 (0.96— 0.84 (0.82—0.87).
0.92) 0.97)

Physician reviewer 0.84 (0.82— 0.98 (0.98— 0.91 (0.88-0.92)
0.87) 0.99)

Original coding professional vs. researcher with coding 0.31 (0.28- 0.98 (0.97— 0.74 (0.70-0.79)

expertise 0.34) 0.98)

Original coding professional vs. physician reviewer 0.29 (0.26— 0.97 (0.97- 0.65 (0.60-0.70)
0.32) 0.98)
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