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Abstract Few studies of the concordance between patient self-report and medical
record data have examined how concordance varies with patient characteristics, and
results of such studies have been mixed. Given discrepancies in the quality of care
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received across patient cohorts, it is important to understand the degree to which
concordance metrics are robust across patient characteristics.We hypothesized that
concordance between ambulatory medical record and patient survey data varies by
patient demographic characteristics, especially education, income, and race/ethnicity.
We present the results of bivariate and multivariate analyses including data from
1,270 patients with at least one of: diabetes, ischemic heart disease, asthma or COPD,
or low back pain sampled from 39West Coast medical organizations.We present total
agreement, kappa, and survey sensitivity and specificity, stratified by patient demo-
graphic and health status characteristics. We conducted logistic regressions to test the
impact of patient demographic characteristics, domain of medical care, and health
status on these three measures of concordance. Survey sensitivity varied significantly
by race/ethnicity in bivariate analyses, but this effect was erased in multivariate
analyses. Our findings do not support the hypothesis that patient education, income,
or race/ethnicity have an independent effect on concordance when controlling for
other factors. However, concordance varied significantly by patient health status. The
medical record and patient self-report do not measure quality comparably across
patient cohorts. We recommend continued efforts to improve survey data collection
across different patient populations and to improve the quality of clinical data.

Keywords Health services research Æ Quality measurement Æ Ambulatory care

1 Introduction

Quality of care measurement must be accurate for purposes of public reporting, pay-
for-performance, and quality improvement. The data source used to inform quality is
one of the key determinants of quality measurement. The ideal data source would
allow: assessments of under-use as well as over-use in a target population; com-
parisons of care that can be delivered in different settings or by different provider
types in different organizations; assessments of technical and interpersonal aspects
of care; assessments of patient-centered measures such as barriers to access and
satisfaction; and adequate risk adjustment (Siu et al. 1991). Studies of concordance
across data sources indicate that no one data source has all of the characteristics
desired to inform quality measurement.

Although the medical record is frequently viewed as the preferred data source, it
is generally viewed as too costly for routine quality assessment. Patient self-report
data, on the other hand, is more economical to collect and may provide data on
experiences and perspectives not routinely captured by the medical record, but is
subject to error due to problems with recall, social desirability bias, and patient
health knowledge (Andersen et al. 1979; Sudman and Bradburn 1974).

In order to provide accurate survey data, respondents must understand what
information is being asked of them, be able to recall the information, and be
motivated to report it accurately (Cannell 1965), which may be affected by the
salience of the issue for the patient (Madow 1967). Patient performance of these
tasks could be expected to vary according to demographic and health status char-
acteristics due to differences in cognitive function, salience of the health topics, and
health knowledge by patient age, socioeconomic status, and health status.

Given the vast discrepancies in quality care received across patient cohorts, one
important metric is the degree to which concordance metrics are robust across patient
characteristics, including age, health status, race/ethnicity, education and income.
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In a review of the literature from 1986 to 2006, 12 of 30 US articles on the topic of
the concordance between different data sources examined the influence of one or
more patient characteristics (age, gender, race/ethnicity, education, income, health
status, utilization) on concordance, with mixed results (Bush et al. 1989; Flocke and
Stange 2004; Klein et al. 1986; Ritter et al. 2001; Roberts et al. 1996; Rohrbaugh and
Rogers 1994; Rozario et al. 2004; Sawyer et al. 1989; Wallihan et al. 1999; Brown
and Adams 1992; Katz et al. 1996; Linet et al. 1989).

Concordance between data sources has been found by some studies to vary by
patient age (Roberts et al. 1996; Wallihan et al. 1999; Brown and Adams 1992),
gender (Brown and Adams 1992; Linet et al. 1989), race/ethnicity (Rohrbaugh and
Rogers 1994; Linet et al. 1989), education (Katz et al. 1996), income level (Roberts
et al. 1996), health status or severity of study condition (Klein et al. 1986; Rozario
et al. 2004), and utilization rates (Roberts et al. 1996; Rozario et al. 2004; Wallihan
et al. 1999). Other studies have found no associations between concordance and
patient age (Flocke and Stange 2004; Ritter et al. 2001; Rozario et al. 2004; Sawyer
et al. 1989; Katz et al. 1996), gender (Bush et al. 1989; Flocke and Stange 2004;
Ritter et al. 2001; Rozario et al. 2004), race/ethnicity (Rozario et al. 2004), educa-
tion (Flocke and Stange 2004; Ritter et al. 2001; Rozario et al. 2004; Sawyer et al.
1989), income level (Sawyer et al. 1989; Wallihan et al. 1999), or health status
(Flocke and Stange 2004; Ritter et al. 2001; Wallihan et al. 1999).

Most of these studies are subject to important limitations. Some (Ritter et al.
2001; Roberts et al. 1996; Rozario et al. 2004; Wallihan et al. 1999) examined only
concordance on utilization (numbers of health care system encounters), one based in
a single HMO with electronic medical records (Ritter et al. 2001), and one based on
a convenience sample of depressed elders from a single clinic (Rozario et al. 2004).
Others were limited to patient cohorts with single conditions, such as diabetic reti-
nopathy (Klein et al. 1986), depression (Rozario et al. 2004), conditions affecting
urinary function (Roberts et al. 1996), and chronic lymphocytic leukemia (Linet
et al. 1989). Many were based on small, convenience samples associated with one
site of care (Bush et al. 1989; Rohrbaugh and Rogers 1994; Rozario et al. 2004; Katz
et al. 1996).

This study uses a clinically detailed data set from patients with one of four
common chronic diseases associated with 39 medical organizations in three West
Coast states to (1) apply a method for aggregating data from multiple items across
the spectrum of medical care to calculate overall measures of concordance, sensi-
tivity and specificity, and (2) assess how the overall concordance between patient
self-report and medical record data is influenced by patient health status and
demographic characteristics. We hypothesized concordance between patient self-
report and medical record data would vary according to patient characteristics, with
patient health education, income, and White race being positively associated with
concordance. We present results of bivariate and multivariate analyses, and impli-
cations for quality of care assessment efforts.

2 Methods

Data were collected as part of the Pacific Business Group on Health (PBGH)
Physician Value Check Survey and UCLAValidation project, an observational study
evaluating quality of care and reasons for changes in outcomes across 2 years for a
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cohort of managed care patients with diabetes, asthma or COPD, or ischemic heart
disease enrolled in physician organizations (POs) located in three West Coast states.
The study was approved by the UCLA Institutional Review Board (IRB). Study
design and survey results are described elsewhere (Kahn et al. 2003).

For this work evaluating the concordance between data sources, we examined
data from a 1998 patient survey and medical record review of all visits that took
place within 30 months prior to the survey. We selected equivalent items from both
data sources from a pool of items that had been used to construct explicit process of
care measures as part of the larger study. Items selected addressed a range of dis-
ease-specific and generic topics across the spectrum of care pertinent to patients with
chronic disease.

We analyzed the presence or absence of 50 items representing diagnoses, clinical
services, counseling and referrals, and medication use in each data source. Items
were included only if both the medical record and patient survey instruments re-
corded patient-level data in comparable time periods. Due to difficulties assessing
concordance when prevalence is very low or very high (Shrout et al. 1987), items
were included only if the prevalence of the item as measured by both data sources
was between 10 and 90%.

2.1 Data collection methods

In 1996, the PBGH collected survey data from 30,308 adults from California,
Washington and Oregon who received care in the prior year from one of 60
physician organizations. In 1998, we surveyed 3,656 patients who had responded
to the baseline survey in 1996 indicating that they had at least one of the four
study conditions (response rate 63%). The mailed, self-administered survey que-
ried patients about diagnoses and health care services received over a 2-year
period. Each survey included a disease-specific section to assess processes of care
for chronic conditions reported at baseline. Along with the 1998 mailing, subjects
also received an invitation to participate in medical record abstraction and IRB-
approved consent materials (response rate 54%).

We developed a medical record abstraction tool to collect items representing the
aspects of care under study and guidelines with explicit criteria to code items. Nurses
experienced in medical record abstraction and clinical practice successfully com-
pleted an intensive training and passed abstraction tests at the end of the training
period and throughout the fieldwork.

Abstractors pursued records of all visits with all key health care providers,
including records of primary care providers and key specialists for the study con-
ditions noted in the claims/encounter data provided by participating medical orga-
nizations. Records of encounters newly discovered during abstraction though not
previously noted by claims/encounter data were also located and abstracted.

In all, complete medical records were abstracted for 1,270 patient survey
respondents. A total of 698 patients’ records were not abstracted or were only
partially abstracted due to medical practice closures, inability to locate records, or
study withdrawal. To assess inter-rater reliability, we compared the performance
of 11 pairs of abstractors who abstracted components of process measures from
the medical records of 54 unique patients. Concordance between abstractors was
excellent with no significant difference noted in overall process scores and with
an aggregate 0.87 kappa score across process measures.
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2.2 Analyses

Items were grouped according to type of medical care or service into four conceptual
domains: diagnosis, clinical services delivered, medication use, and counseling and

referrals. The diagnosis domain comprises items that represent patient history of
diagnoses or medical conditions. Clinical services delivered includes health services
patients receive such as physical examination, surgical procedures or special tests.
Medication use represents medications the patient was using at the time of the 1998
survey. Counseling and referrals refers to items representing (1) the provider talking
with the patient about ways to prevent disease or manage their chronic condition, or
(2) recommending that the patient consult with another provider. Due to poor
performance of both the patient self-report and medical record as data sources for
counseling and referrals (Tisnado et al. 2006), neither data source could be con-
sidered a gold standard for this domain. Therefore, 10 items from this domain were
excluded from this analysis.

To analyze concordance between the two data sources, we calculated both the
percent total agreement (percent agreement on positives plus negatives) and the
kappa statistic, which corrects for chance agreement, to evaluate agreement between
data sources at the item-level and overall. Based on the hypothesis that the medical
record is the gold standard data source for patient diagnoses, clinical services re-
ceived, and medications used, we calculated the sensitivity (% true positives de-
tected) and specificity (% true negatives detected) of the patient survey using the
medical record as the gold standard.

We calculated concordance, sensitivity, and specificity at the item-level, the do-
main level, and overall for all items combined. Item-level analyses were based on
unique item-patient dyads, classifying agreement and disagreement based upon what
was documented by the two data sources for each individual item with each unique
patient as the unit of analysis. For domain-level and overall analyses, we combined
patient-item dyads, using the dyad as the unit of analysis. In other words, we
aggregated all dyads into a single 2 · 2 table to calculate the overall concordance,
sensitivity and specificity metrics. Since patients may be eligible for multiple items per
domain, unique patients could be represented multiple times in these analyses. Item-
level and domain-level analyses have been reported elsewhere (Tisnado et al. 2006).

Independent variables of interest included variables representing patient demo-
graphics (age, gender, education, income, race/ethnicity), domain of medical care
(diagnoses, clinical services delivered, medication use), and six measures of health
status (self-reported health status, comorbidity count, study disease severity, medi-
cation count, body mass index (BMI), and visit count).

We determined age group, gender, race/ethnicity, education level, income level,
and self-reported health status from 1996 patient self-report. Self-reported health
status was measured using the SF-12 (Ware et al. 1996). The SF-12 variable was
divided by 10 in multivariate analyses to predict the effect of a 10 point change in SF
score on the outcome variables. Comorbidity count was based on a count of up to 39
patient comorbidities noted by either patient self-report or medical record review.
Items eligible for scoring a point in the comorbidity index include: cardiovascular
problems; cerebrovascular disease; cancer; diabetes; chronic lung disease; common
ambulatory problems; depression; measures of functional impairment; and habits
associated with medical problems. Scores representing the severity of the patient’s
study disease (coronary heart disease, lung disease (asthma or emphysema), or

Health Serv Outcomes Res Method (2006) 6:157–175 161

123



diabetes) were calculated in a disease-specific manner defined to be independent of
use of services. To test the validity of the comorbidity and staging systems, we checked
the relationships between the comorbidity and staging scores and the construct of
burden of illness asmeasured by the number of drug categories the patient used (Kahn
et al. in press). Medication count was determined from a count of medications the
patient reported using. BMI was calculated using the medical record report of patient
weight and height. Visit count was determined from a count of outpatient visits with a
clinician at which vital signs were documented in the medical record.

The dichotomous outcome variables were in the following way. To calculate
agreement, the cohort was defined to include all patient-item dyads. Each patient-item
dyadwas associated with a patient self-report and amedical record report. Agreement
was classified as 1 if the patient andmedical record both reportedYes or both reported
No (Yes–Yes or No–No). To define sensitivity of the patient self-report, the cohort
was defined to include all dyads for whom the medical record reported Yes. If the
patient also reported Yes, the outcome variable was coded as 1 (true positive). For the
model predicting specificity, the cohort was defined to include those dyads for whom
the medical record reported No or No data. Of those, the dyads for whom the patient
also reported No or No data were classified as 1, (true negative). This approach allows
us to utilize stratified Chi Squares to test for bivariate associations, and logistic
regression modeling to predict the odds of the patient and medical record being in
agreement, and the odds of the patient providing a true positive and a true negative.
For example, if themedical record indicated that an eligible patient had a diabetic foot
exam during the study time window, this would be classified as a 1 (true positive) if the
patient self-report agreed, or 0 (false negative) if the patient disagreed.

We used the Test for Equal Kappa Coefficients to test for differences in kappa,
and stratified Chi Squares to test for differences in sensitivity and specificity by
patient characteristics (age, gender, income, education, race/ethnicity, health status,
number of visits) and domain in medical care (SAS Institute Inc. 2004).

We conducted multivariate logistic regression analyses to test the impact of pa-
tient characteristics and domain of medical care on three measures of concordance:
agreement, survey sensitivity (self-report of true positive), and survey specificity
(self-report of true negative), controlling for variables representing patient demo-
graphics (age, gender, education, income, race/ethnicity) domain of medical care,
and six measures representing health status (self-reported health status, comorbidity
count, study disease severity, medication count, BMI, and visit count). Because our
previous work indicates that concordance varies with the domain of medical care in
question (Tisnado et al. 2006), dummy variables representing domain of care were
included as control variables in the regression models. Regression analyses were
adjusted for clustering of observations within patient using the Huber correction
(Statcorp. 2003).

3 Results

Table 1 presents the characteristics of the 1,270 patients.
Bivariate results are presented in Table 2, with total agreement, kappa, sensitivity

and specificity for all items combined, stratified by variables representing patient
demographics, domain of medical care, and health status.
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Overall, total agreement was 83%, and kappa was 0.6. In bivariate analyses, no
significant associations were found by gender, education or income. We found
kappa was significantly and positively associated with three measures of health
status: self-reported health status, medication count, and visit count (P < 0.01).
Sensitivity was positively associated with White and Asian patient race (as
compared with Black, Hispanic, or Other). Sensitivity was also positively asso-
ciated with lower disease severity, obesity, higher medication count, and lower
visit count.

Specificity was positively associated with higher age, better self-reported health
status, lower comorbidity count, lower medication count, and higher visit count.

3.1 Multivariate results

Table 3 presents the results of the multivariate models for each of the three
outcome variables: agreement, sensitivity (odds of reporting a true positive) and
specificity (odds of reporting a true negative). We controlled for patient demo-
graphic characteristics (age, gender, education, income, race/ethnicity), domain of
medical care, and six measures representing health status, in all three models.

Table 1 Sample
characteristics

N %

Age group
< 65 789 62.1
65+ 481 37.9
Gender
Male 583 45.9
Female 687 54.1
Race/ethnicity
White 1,008 79.4
Black 39 3.1
Asian 71 5.6
Hispanic 103 8.1
Other/missing race 49 3.9
Education
< High school 562 44.3
‡ High school 708 55.8
Income
£ $30,000 371 29.2
> $30,000 899 70.8
Body mass index
Not obese (BMI < 30) 838 66.0
Obese (BMI ‡ 30) 432 34.0

Mean (SD) Range
SF-12

41.7 (11.4) 13.8–65.6
Comorbidity count

7.6 (3.4) 1–26
Severity index

0.51 (0.34) 0–1
Medication count

4.1 (3.0) 0–21
Visit count

7.3 (6.4) 0–57
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Table 2 Measures of
concordance for all items
combined, by patient and
medical organization
characteristics

*P < 0.01

Item %
Agreement

Kappa MR as gold standard

Sensitivity Specificity

All items combined 83.2 0.61 73.9 87.5
Demographics
Age *
Age < 65 83.1 0.60 74.2 86.9
Age 65+ 83.3 0.63 73.4 88.5
Gender
Female 83.2 0.61 73.6 87.6
Male 83.2 0.62 74.2 87.5
Education
£ 12 years 82.6 0.61 72.7 87.6
> 12 years 83.7 0.62 75.0 87.4
Income
£ $30K 82.2 0.60 72.3 87.2
> $30K 83.6 0.62 74.6 87.7
Race/ethnicity *
Black 81.8 0.58 69.8 87.6
Hispanic 82.3 0.58 68.0 88.8
Asian 85.4 0.63 75.3 89.2
Other/missing 81.4 0.56 68.8 86.8
White 83.3 0.62 74.8 87.3

Health status
SF-12 * *
Lowest quartile 80.7 0.59 73.0 85.3
2nd quartile 82.1 0.59 73.0 86.3
3rd quartile 85.1 0.65 75.7 89.2
Highest quartile 85.0 0.63 74.2 89.2
Comorbidity count *
Lowest quartile 85.8 0.61 75.2 88.9
2nd quartile 84.2 0.62 75.3 87.9
3rd quartile 82.4 0.61 73.7 86.8
Highest quartile 80.3 0.59 72.3 85.9
Severity index *
Lowest quartile 84.8 0.59 73.9 88.0
2nd quartile 83.6 0.62 76.9 86.5
3rd quartile 82.4 0.62 73.3 87.6
Highest quartile 81.7 0.61 71.5 88.1
Medication count * * *
Lowest quartile 83.0 0.49 59.6 89.5
2nd quartile 84.1 0.60 72.4 88.3
3rd quartile 83.0 0.62 74.8 87.3
Highest quartile 82.6 0.64 78.6 85.4
BMI *
Not obese 83.6 0.60 72.8 87.9
Obese 82.6 0.62 75.4 86.8

Visit count * * *
Lowest quartile 83.9 0.56 76.5 85.9
2nd quartile 84.1 0.61 75.1 87.5
3rd quartile 83.1 0.62 74.2 87.8
Highest quartile 82.0 0.62 71.8 88.9
Domain of care * * *
Clinical services 82.3 0.59 72.0 86.9
Diagnoses 85.0 0.64 68.1 93.0
Medication use 82.2 0.60 78.1 84.1
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Taken together, the variables representing patient demographics were not signifi-
cant in the prediction of agreement in any of the multivariate models. However,
the set of variables representing health status made a significant contribution to the
prediction of agreement in all three models (Wald Chi2 test. P < 0.0001) (Stata-
corp. 2003). Results for each model are described in further detail below. The
statistic representing the area under the ROC curve, and the adjusted odds ratios
and P-values associated with each independent variable are shown for each model
in Table 3.

3.1.1 Modeling survey and medical record agreement

Column 1 presents the model predicting agreement (versus lack of agreement)
between items measured by patient self-report and medical records.

Two individual measures of health status: patient self-reported health status and
comorbidity count, were significantly associated with the likelihood that the two
data sources would agree. Individuals with better self-reported health status had
higher odds of agreement with the medical record as compared with those
with lower self-reported health (OR = 1.07, P < 0.001). Individuals with higher
comorbidity counts had lower odds of agreement with the medical record
(OR = 0.96, P < 0.001).

Table 3 Multivariate analyses predicting total agreement, sensitivity and specificity of self-report

Predictors 1. % Agreement 2. PSR sensitivity
(MR = standard)

3. PSR specificity
(MR = standard)

n = 25,801
(Area under ROC
curve = 0.56)

n = 8,159
(Area under ROC
curve = 0.62)

n = 17,642
(Area under ROC
curve = 0.63)

Odds ratio P-value Odds ratio P-value Odds ratio P-value

Demographics
Age 65+ 1.09 0.02 1.00 0.86 1.23 0.00
Female 1.01 0.88 0.92 0.14 1.02 0.68
Black 0.95 0.59 0.85 0.29 1.01 0.96
Hispanic 0.92 0.23 0.82 0.05 1.06 0.52
Asian 1.08 0.32 0.97 0.82 1.08 0.46
Other or missing race 0.90 0.21 0.81 0.09 0.95 0.64
Education (HS Grad) 1.01 0.78 1.04 0.53 0.97 0.52
Income 30 (inc > 30K) 1.07 0.11 1.10 0.13 1.03 0.59
Health status
Self-reported health 1.07 0.00 1.02 0.55 1.13 0.00
Comorbidity count 0.96 0.00 0.96 0.00 0.98 0.00
Severity score 0.91 0.10 0.88 0.20 1.11 0.19
Medication count 1.01 0.08 1.13 0.00 0.96 0.00
Obesity 1.01 0.88 1.11 0.06 0.95 0.36
Visit count 1.00 0.36 0.98 0.00 1.03 0.00
Domain of care
Diagnosis domain 0.96 0.42 1.36 0.00 0.77 0.00
Medication domain 1.20 0.00 0.77 0.01 1.97 0.00
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In addition, self-report of items from the medication use domain was associated
with higher odds of agreement as compared with the reference domain (clinical
services delivered) (OR = 1.20, P < 0.001).

3.1.2 Modeling survey sensitivity

We modeled survey sensitivity, or the odds of the patient self-reporting a true
positive, with the medical record report as the gold standard (Column 2). An
odds ratio of less than one indicates patient under-reporting, whereas an odds
ratio of greater than one indicates higher odds of the patient reporting a positive
consistent with the medical record (i.e., the presence of a diagnosis, a procedure
having taken place, according to the medical record) as compared with the ref-
erence group.

No patient demographic characteristics were found to be significant.
However, three of the six measures of health status were significant predictors.

Individuals with a higher comorbidity count were found to be slightly more likely
to under-report as compared with those with lower comorbidity counts
(OR = 0.96, P < 0.001). Those with more visits were similarly more likely to un-
der-report items as compared with those with fewer visits (OR = 0.98, P < 0.001).
Individuals using more medications were more likely to report medications doc-
umented in the medical record than those with fewer numbers of medications
(OR = 1.13, P < 0.001).

Significant associations were also found with the domain of care. Patients were
more likely correctly report positives matching the medical record on items asso-
ciated with the diagnosis domain as compared with the clinical services domain
(OR = 1.36, P < 0.001). Items from the medication domain were associated with
patient under-report (OR = 0.77, P < 0.01).

Although patients of Hispanic ethnicity or black race were observed in the
unadjusted analyses to be more likely to under-report as compared with Whites,
these effects were erased in the multivariate analyses controlling for all other factors
including enriched measures of health status.

3.1.3 Modeling survey specificity

We modeled survey specificity, or the likelihood of the patient self-reporting a
true negative, with the medical record as the gold standard (Column 3). An odds
ratio of less than one indicates patient over-reporting, whereas an odds ratio of
greater than one indicates higher odds of the patient reporting a negative con-
sistent with the medical record (i.e., documentation of ‘‘no’’ or no data regarding
diagnoses or services according to the medical record) as compared with the
reference group.

We found four of the six measures of health status were associated with survey
specificity. Better self-reported health status was associated with higher odds of the
patient reporting a negative consistent with the medical record (OR = 1.13,
P < 0.001). Similarly, higher comorbidity count (OR = 0.98, P < 0.001) and medi-
cation count (OR = 0.96, P < 0.001) were associated with patient over-report (lower
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odds of specificity). More visits was associated with slightly higher odds of the
patient report matching a medical record negative.

In addition, we found that patient age greater than 65 was associated with higher
odds of the patient self-report correctly matching a medical record negative as
compared with younger age (OR = 1.23, P < 0.001).

Domain of medical care was again significantly associated with the outcome,
with patients more likely to over-report items from the diagnosis domain as
compared with the clinical services domain (OR = 0.78, P < 0.001). Patient self-
reports were more likely to match a medical record negative for items from the
medication domain as compared with the clinical services domain (OR = 1.97,
P < 0.001).

4 Discussion

Few studies have examined how concordance varies with patient characteristics. Our
main hypothesis was that concordance would vary by patient demographic charac-
teristics. After controlling for patient demographics including age, gender, educa-
tion, income, and race/ethnicity, as well as for health status and domain of medical
care, we found no significant differences in the odds of agreement, patient over-
report or a patient under-report by patient demographics. However, we did find
significant differences by patient health status.

Patient education and income were not significantly associated with any of the
measures of concordance in bivariate or multivariate analyses. Differences in sen-
sitivity by race/ethnicity were observed in unadjusted, bivariate analyses. However,
these differences were erased when we controlled for six measures representing
health status in the multivariate analysis. Four of these six measures were significant
in one or more of the three multivariate models, suggesting that differences in
sensitivity of the patient self-report by race/ethnicity are explained by differences in
health status.

Of the few previous studies to address the topic in the last 20 years, there have
been mixed results regarding the relationship between health status and concor-
dance (Flocke and Stange 2004; Klein et al. 1986; Ritter et al. 2001; Rozario et al.
2004; Wallihan et al. 1999). More serious conditions have been found to be more
accurately reported by patients (Katz et al. 1996), supporting the hypothesis that
greater salience is associated with more accurate self-report. Two other studies in-
volved specific diseases: one found more severe diabetes to be positively associated
with the sensitivity of patient self-report of diabetic eye exam (Klein et al. 1986); the
other found lower concordance with greater severity of depression (Rozario et al.
2004), likely due to issues of cognitive functioning and motivation. Others have
found no relationship (Flocke and Stange 2004; Ritter et al. 2001; Wallihan et al.
1999).

Health status has been postulated to affect concordance in several ways. Sicker
patients may find that their health conditions and encounters with the healthcare
system have greater salience to them, facilitating recall (Madow 1967). However, in
the extreme, poor health could be associated with confusion if there are too many
diagnoses, services, and medications to remember, as well as cognitive difficulties
and fatigue affecting respondent burden and thus recall (Andersen et al. 1979). At
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the other extreme, the very healthy may have fewer issues to track and therefore
fewer to get wrong.

Simultaneously controlling for six measures representing health status, we found
that patients with better self-assessed health status had higher odds of agreement
with the medical record, and higher odds of accurate self-report of true negatives
(i.e., less over-report). Higher comorbidity count was associated with less patient
accuracy in terms of both under-report and over-report. In contrast, a higher med-
ication count was associated with a more accurate report of positive events but also
with a higher likelihood of over-reporting. The difference may have to do with the
salience to patients of conditions for which one must take medication as compared
with a count of all comorbidities, each of which may have varying degrees of impact
on the patient.

Patients with higher visit counts were less likely to accurately report a true po-
sitive (more likely to under-report) and were more likely to accurately report a true
negative (less over-report), possibly due to difficulties recalling individual events as
numbers of visits and event increases.

Motivation has also been hypothesized to affect accurate reporting. Motivation
may be related to the degree of embarrassment or emotional threat posed by an item
(Cannell 1965). Cannell (1965) proposed a set of conditions hypothesized to be
associated with a high degree of threat, including conditions such as cancer, mental
illness, STDs, and issues affecting the prostate or breast. This study included few
items classified by Cannell as highly threatening. Potentially threatening items in this
study include cancer, depressive symptoms, anti-depressant use, weight, and possibly
narcotic use.

These hypotheses focus on the effects of health status on the accuracy of the
patient self-report. In addition, patient health status likely interacts with the quality
of medical record data. Physicians of patients with multiple medical problems may
be more likely to focus their recording in the chart on acute issues while omitting
details about other, perhaps more long-standing problems. Patients and providers
may hold different definitions of health conditions, and may differ in their percep-
tions of the most salient issues, which could result in patient under-or over-report
compared with the medical record.

This work is subject to some limitations. Each of the models presented was
analyzed with a different sample size due to the differing number of eligible events
for each. Differing sample sizes may explain lack of consistency in significance levels
of predictors across the three models (i.e., age).

Calculations of patient over-report may be biased upward if records of medical
encounters were missed during medical record abstraction. Medical record
abstractors pursued records of all visits with all key health care providers, including
records of primary care providers and key specialists for the study conditions noted
in claims/encounter data provided by participating medical organizations. In addi-
tion, we used a snowballing approach, whereby evidence of encounters not previ-
ously noted by claims/encounter data but newly discovered during abstraction
triggered additional chart pursuit and abstraction. Following this strategy allowed us
to minimize the chances of missing records of care obtained outside of a particular
medical organization.

Non-response bias may limit the generalizability of these findings. Non-
responders in 1998 who had responded in 1996 were more likely to be non-
white, less educated, and to have lower self-reported health status than
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responders. In addition, the self-administered survey was only available in
English. Therefore, these findings may not be representative of limited-English
speaking individuals.

Although the medical record is frequently viewed as the preferred data source, it
is subject to error due to sparse recording of certain topics such as counseling
(Stange et al. 1998), failure to include orders, laboratory and procedure reports in
the chart, and delayed recording resulting in physician recall problems (Luck et al.
2000). Moreover, medical record errors are not only errors of omission. Luck found
that the medical record both under-reported and over-reported care delivered.
Medical record accuracy may also be affected by the setting of care, with differences
in time pressures, continuity, and coordination of care, and systems such as inte-
grated medical records or electronic medical records (Luck et al. 2000). However,
data for this study were drawn from the commonly used data sources of patient self-
report and medical records pertinent to thousands of encounters with physicians
across three states, making use of a ‘‘true’’ gold standard such as direct observation
impracticable.

The absolute magnitude of the differences in concordance are significant but
small. It is not clear what effect differences in kappa, sensitivity, and specificity of
this magnitude would have on the results of large group-level assessments of quality
of care.

The effect these differences in sensitivity and specificity would have on actual
quality of care scores would depend on the prevalence of the disease state or
indicated medical service in question. The resulting net under-report of medical
services delivered (i.e., misclassification of numerators) could artificially depress
quality of care scores while a net over-report could have the opposite effect. Net
under-report of conditions triggering patient eligibility for quality assessment
(i.e., misclassification of denominators) could affect quality of care scores in
either direction, while a net over-report could artificially depress quality of care
scores.

In an example of satisfying a quality indicator, such as beta blocker use by
patients with coronary disease, consider an HMO with a true rate of 98% (as
reported by a Los Angeles health plan using a hybrid method of both medical
records and self-report for case identification). Our concordance findings suggest
that self-report would result in a rate of 76.5%. But all health plans using self-
report would be similarly biased downward, not necessarily changing rankings
significantly. However the findings in our analysis suggest that an HMO with pa-
tients clustered around the 3rd quartile of medication use would have a self-report
rate of approximately 75.7% while a plan with a population clustering around the
1st quartile of medication use would have a self-report rate of approximately
66.9% despite the plans’ true rates being equal. In a consumer report card, this
would put the plan with the latter population at a significant disadvantage.
The California Office of the Patient Advocate presents performance measures for
California HMO’s on their web site (http://www.opa.ca.gov) by market for con-
sumer use. Although the beta blocker after heart attack HEDIS measure reported
there is not a precise match for the beta blocker measure studied here, it does give
a range for comparison. The difference in self-report scores calculated here
(75.7–66.9 = 8.8) would be substantially larger than the range of true beta blocker
scores for Los Angeles HMOs. A plan performing as well as the best plan in Los
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Angeles despite a much different population could easily have the worst score in
Los Angeles by self-report.

5 Conclusion

In our previous work, we concluded that neither the survey nor the medical
record alone provides sufficiently complete data across all aspects of care for
optimal quality of care measurement, although the adequacy of a given data
source ultimately depends on the research topic in question. Based on the findings
presented in this paper, we conclude that small but significant variation in con-
cordance exists across patients of different health status. We caution consumers,
payors, as well as researchers collecting data from populations with wide varia-
tions in burden of illness, that concordance between patient self-report and
medical records documentation varies with health status sufficient to impact
quality of care scores.

To truly understand disparities in health status and quality of care, more robust
measures are needed. The true sources of the variations in concordance by patient
characteristics, and the proportions attributable to true differences as compared with
survey or medical record measurement error, cannot be determined from these data.
Some of the potential sources of inconsistencies between data sources were men-
tioned above.

Many have pointed out how automated, electronic clinical information systems
could improve the quality of health care delivery as well as our ability to measure
quality through many mechanisms including prompts and reminder systems; en-
hanced information sharing, communications, and coordination; and data capture
across multiple providers and settings of care (Committee on Quality Healthcare in
America, Institutes of Medicine 2001; Schneider et al. 1999).

However, lack of concordance between the medical record and patient self-report
due to true differences in doctor and patient understanding, perspective, or poor
doctor–patient communication, will persist despite attempts to perfect data collec-
tion methods. It is possible that only research using alternative, gold standard data
collection methods (e.g., direct observation) can provide information on which re-
search can base adjustments to quality scores.

If quality assessment and accountability efforts are to succeed in achieving health
care system improvement, robust measurement is essential. Scientists involved in
quality measurement must make every effort to maximize the accuracy of our
methods. The stakes are high financially and politically, in terms of credibility and
buy-in of clinicians, health care organizations, consumers, and policymakers, and in
terms of achieving the ultimate goal of realizing meaningful improvements in quality
of care.
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