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ABSTRACT

Objective

The purpose of this paper is to review current literature that measures agreement between patient self-report
data and a reference standard and to analyze the similarities and disparities between the results of these

studies.

Methods

A clinical literature review of articles measuring agreement between patient self-report and reference
standard data for the presence of a clinical diagnosis was performed. Data was extracted from 41 published
journal articles containing agreement values for 206 condition-level analyses (cases) across 57 distinct
conditions. Cohen’s kappa was calculated for each of the 206 cases. Individual cases were sorted into
logical grouping such as diagnosis, self-report type and reference standard type. Kappa values were

compared within groups to determine which, if any, factors had the greatest effect on agreement.

Results

Several factors across the subgroups we analyzed were had statistically significant differences within their
respective groups. Among diagnoses groups, diabetes had a positive effect on agreement. Reference
standard data from patient registries also had a positive effect on agreement while biometric data take at the
point of service had a negative effect on agreement. No statistically significant differences were found for

different types of patient self-report methods or geographic location.

Conclusion

Patient self-report and reference standard data sources each have strengths and limitations, however, the
lack of completeness in often found in reference data sets makes it challenging to measure the true level of
agreement between these sources. Based on our research, however, it is clear that patient self-report data is
at times more accurate than reference standard data and can serve as an effective means of augmenting

reference standard when collected and captured effectively.



INTRODUCTION

In recent years, electronic methods for capturing and maintaining clinical data have become the standard
for healthcare providers.* Consequently, clinical databases have become larger, more easily accessible, and
more frequently used to measure the performance of healthcare providers.? Creating a complete and correct
view of patient history by using a combination of data sources is important for clinical, financial and
regulatory reasons. Incomplete or inaccurate data may cause providers to, for example, miss a crucial co-
morbidity or underlying risk factor, or report inaccurate data to insurers. Despite the growing need for
patient information, there are very few databases that provide complete coverage of patient medical history
over more than a few years.® Most databases that are readily available for research and clinical decision
making are open systems that only contain either medical history occurring within a limited timeframe or
within a respective organization’s facilities.* Fully-realized health information exchange would be the ideal
solution to this problem, but until the majority of providers and insurers agree to enforce data sharing
standards and eliminate data blocking, this scenario is unlikely.%® For organizations using smaller,
incomplete databases, augmenting medical history with patient self-reported clinical data may be a way to

close the information gap.’

While patient self-report may have the potential to augment medical records, there are also limitations to
self-reported medical data.®® Specifically, previous research has suggested that self-reported data is not
accurate enough to supplement medical records and may, therefore, add confusion to a patient’s medical
history.191112 Among concerns detractors have about the reliability of patient self-report data are patient
recall bias, social concerns that may cause patients to misreport data, and the average level of health
literacy and engagement of the patient population.’341> Before patient self-report data can be applied en
masse to fill in the blanks of existing data sets, it is important to identify how well this type of data
corresponds to data already contained in existing clinical information, referred to as a reference standard,
and what factors increase or decrease accuracy. To better understand the quality of patient self-reported
data, multiple researchers have measured agreement between self-report data and reference standard data
and attempted to explain why the two sources often diverge. These studies often look at agreement for

medication, disease or illness, or lifestyle and behavior.



Despite the growing body of work devoted to understanding agreement between patient self-report and
reference standard data, there are few articles which provide a summary of the results of these articles in
aggregate. To this end, the purpose of this paper is to review current literature that measures
agreement between patient self-report and a reference standard and to analyze the similarities and
disparities between the results of these studies. Providing this type of analysis may be useful to future
research as well as to help inform readers how best to develop interview questionnaires and to determine

what types of reference standard data will yield the most accurate results.

METHODS

To measure concordance between illnesses captured in a reference standard and self-reported data gathered
from patients, we conducted a systematic literature review and initial analyses of journal articles published
within the past fifteen years. The objective of this analysis was to determine whether there are patterns that
suggest certain characteristics in either a patient self-report instrument or a reference standard that may lead
to higher agreement between the two sources. To discover possible patterns, we analyzed the relationships
between variables including diagnosis, reference data type, self-reported data type, and features of the study

populations.

Literature search and review

To identify papers for inclusion in the research, we searched the MEDLINE database to find papers using
relevant MeSH search terms. Given the improvement in EHR technology and the rapid increase in EHR
utilization, we limited our results to research conducted within the past fifteen years. In general, results
from research conducted earlier than 2000 may not be applicable to the realities of today’s patient and
provider population. The inclusion and exclusion criteria as well as search terms that were used are listed

below:

Inclusion criteria

1) Peer reviewed, English language articles published since 2000.



2)

3)

4)

5)

Avrticles must have compared patient self-reported data (via a survey instrument) to a recorded medical
condition in the form of a confirmed diagnosis (documented with an ICD9 or ICD10 code, having been
noted in a clinical record or medical chart, or identified using biometric data values).

Patient populations were reported for all measured diagnoses.

All confusion matrix values (TP/TN/FP/FN) were provided (or enough data was available through a
combination of partial matrix data and reported agreement metrics to derive all matrix values).

At least one agreement metric for each measured diagnosis (kappa, sensitivity, specificity, PPV or

NPV) was published by the authors of the study.

Exclusion criteria

1)

2)

3)

Articles that compared self-report to behavior, drug use or diagnostic services rather than to a medical
diagnosis were excluded (articles comparing self-report data with a mental health diagnosis were also
excluded due to the complexity of accurately diagnosing patients).

Avrticles that compared agreement for pediatric patients were excluded as parents often provided self-

report data rather than the patients themselves.

The reference data used for research consisted of data from a time period earlier than January 2000.

Medline search and results (as of November 2018)

(("self report*") AND medical record*) AND (agreement or validation or validity) AND (kappa or PPV)

AND (""2000/01/01"[PDAT] : "3000"[PDAT])

Our initial search returned 1,738 matches, resulting in high recall but very low precision. In order to

exclude entries that were only meeting notes or study abstracts rather than full journal articles, we excluded

articles that were not also found through PubMed®. Next, to remove irrelevant literature from our pool of

candidates, the research team reviewed the titles and abstracts for content which clearly did not meet our

needs. Because our research was designed to look at agreement between the presence of a disease or illness,

we reviewed the papers for concepts within the title or abstract, such as medication or behavioral terms like



smoking. If we found keywords that suggested the article might not meet our inclusion requirements, we
scanned the article to determine if the article should be excluded. If no potentially excluding keywords
were found, we allowed the article to remain in the pool for further review. Next, we ensured the article
compared patient self-reported diagnosis data to a reference standard that also reported the presence of a
patient diagnosis. Once articles without relevant subject matter were eliminated, the team further reviewed
the articles for raw data values and/or agreement metrics which would allow us to derive a confusion
matrix (or error matrix) resulting in a final total of 41 articles containing 193 condition-level analyses for
50 distinct conditions. Shown below is a flow diagram outlining our search, evaluation and inclusion

process.

Initial PMC query
(n=1738)

Papers not in PubMed
(Posters, Meeting Abstracts)
(n=59)

Screened papers
(n=1679)

Excluded articles based on title
Using common word frequency review
(n=1389)

Excluded articles based on title
(n=146)

Assessed for eligibility

(n = 144)

Excluded articles based on abstract
(n=85)

Assessed for Content
(n=59)

Excluded articles based on type of data
and completeness of data
(n=19)

Included in final
review
(n=40)

Figure 1. Flow diagram for article inclusion

Extraction and curation of agreement data



Next, the research team extracted the values to be used to calculate agreement, including the study
population (n), true positives (TP), true negatives (TN), false positives (FP) and false negatives (FN).
Agreement metrics including positive predictive value (PPV), negative predictive value (NPV), sensitivity
and specificity, total agreement, and Cohen’s kappa were also extracted. When the raw input values
(TP/TN/FP/FN)) were not provided in an article, the team derived the input values from agreement metrics
using Microsoft Excel solver when possible. Studies where the raw input values could not be calculated
were excluded from further analysis. Additionally, articles that did not provide a kappa value were
excluded. Once all confusion matrix values were extracted, the team recalculated sensitivity, specificity,
kappa, and standard error to check the consistency of results, thereby ensuring that cases used included the
same set of measurements and that a single method was used to calculate the measurements. The confusion
matrix values were then back-tested to ensure that agreement metrics could be replicated to a reasonable

degree of accuracy.

Cohen’s kappa was calculated as follows:

Po—te _, 1-0

K= 1—p, 1_",

where (Po) represents the actual observed agreement, and (Pe) represents chance agreement. The standard

deviation of kappa was calculated as: k— 1.96 x SEx to k + 1.96 x SEx, where SE = standard error.

Although the use of kappa as a measure of agreement has been criticized, it is nonetheless a generally
agreed upon measure for concordance and will be the measure used for reporting results within this paper.
The value ranges used to classify the relative strength of kappa can also differ between studies. Earlier
studies generally use a system proposed by Landis and Koch while more recent studies may diverge from
that standard and use a different interpretation, such as that proposed by McHugh, which provides greater
detail and uses more contemporary terminology for classification.'6!” In this paper, the McHugh-based
kappa ranges will be used, as follows: k = 0.0-0.20: no agreement, k = 0.21-0.39: minimal agreement, k =
0.40-0.59: weak agreement, k =0.60—0.79: moderate agreement, k =0.80—0.90: strong agreement: k >0.90:

almost perfect agreement.



Feature extraction and dimensionality reduction

To facilitate our analysis, we grouped reference standard and self-reported data into various strata based on
logical subgroups. Cases were stratified by self-report type, reference standard type, geographic region,
high-level diagnosis groups, study population type and time frame. Additionally, given the number of
disparate cases, creating groupings helped to increase statistical power of our results by increasing the size

of the sample within a given group.

Diagnosis groups

While some studies provided a list of ICD9 or ICD10 codes that defined the set of diagnoses that
comprised a measured condition within a reference standard, in most cases, no clear set of rules was given
to identify the parameter of a specific condition. This was almost always the case with medical conditions
measured in patient self-report data. Therefore, to facilitate analysis by diagnoses, we sorted each diagnosis
into a logical category when possible, such as grouping hyperlipidemia and high cholesterol under a single

group.

Self-report data types

Self-report data were grouped as either self-administered or interviewer administered. In both cases,
self-reported data is captured in a survey instrument - usually in the form of a questionnaire that is either
completed by the patient without any outside assistance (self-administered) or administered in a face-to-
face interview or via telephone by a trained interviewer (interviewer administered). One challenge we
found in differentiating patient self-report methods below a single stratum was determining the level of
interaction between the patient and the interviewer or clinical staff. Even for studies with trained
interviewers, little information is given about how much assistance an interviewer provided to respondents.
Similarly, little information is given about whether patients taking self-administered surveys received any
assistance on understanding survey questions or entering survey responses. Thus, determining at an

individual case level how autonomous patients were when self-reporting was nearly impossible.

Reference standard data sources

In contrast, reference standard data is frequently taken from legacy clinical or administrative healthcare

data reporting systems such as electronic- or paper-based medical records. As with patient self-report, we
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also grouped reference standard data into sub-categories based on the underlying data source: medical
records, administrative data, registry data, or biometric data. Clinical care data extracted from either paper-
based charts or electronic systems designed specifically to capture patient clinical information was
classified as medical records data. Clinical data that were extracted from systems that capture diagnosis
and procedure codes as a means for admissions, reimbursement or purposes other than patient care are
grouped as administrative data. registry data refers to data extracted from databases created from a patient
registry. Registry data were differentiated from general medical records data because registries are
designed for analytical use and will consequently have a higher level of detail, accuracy and completeness
than a typical medical record. Finally, data from clinical tests such as blood pressure, glucose levels, or
cholesterol levels that were obtained with the specific intent of being used as a reference standard data were

classified as biometric data.

Other groupings

Several other groupings were employed as well to help ascertain what factors might improve agreement. To
determine whether social or technological differences in agreement occurred based on regional distinctions,
cases were grouped by major geographic regions including: North America, Europe and Asia-Pacific.
Finally, cases were also grouped based on whether agreement was being measured for the general
population or within a patient population that was required to have been previously diagnosed with a
specific condition. Furthermore, if the condition being measured was related to the study population’s
underlying condition, the group was then also grouped into a separate category. As an example, agreement
for self-reported hypertension in patients diagnosed with congestive heart failure (CHF) might possibly be

greater than agreement in the general population because of increased health awareness within the CHF
group.
Statistical Analyses

To determine if any or all subgroups individually played a significant factor in predicting the level of
agreement between patient self-report data and reference standard data, we performed a univariate
generalized linear model (GLM) procedure in SPSS to determine the impact on kappa of the following

factors: self-report type, reference standard type, diagnosis group and region (a discussion of subgroupings



can be found in the following section).'® These were performed on the entire set of studies with the
exception of diagnosis group, which was limited to diabetes, hypertension, hyperlipidemia, stroke and

myocardial infarction because of low sample volume in other diagnosis groups.

RESULTS

We collected data from 42 studies measuring agreement for variety of conditions including hypertension,
diabetes, high cholesterol, myocardial infarction among others. Across articles that were selected for
review, there were of 193 instances (cases) of agreement measured for 50 unique diagnoses. Of the 50
diagnoses measured, five diagnoses (diabetes, hypertension, hyperlipidemia, stroke and myocardial
infarction) made up almost half (47.7%) of the cases. Because many of the remaining diagnoses were either
non-specific (such as kidney disorder) or only included one or two cases, the main focus of the results and

discussion will be limited to these five diagnoses unless explicitly stated.

Of the 193 unique cases analyzed, 114 cases (59.1%) were from the U.S. and Canada, 40 (20.7%) were
from Asia and Australia, 29 (15.0%) were from Europe, and the remaining 10 (5.2%) were from other
regions. Sample sizes varied greatly across studies, with the largest study consisting of over 12 million
patients and the smallest study consisting of only 57 patients.'% In general, the samples in studies
conducted in the United States were among the smallest, averaging around 2,000 patients. Studies
conducted in European countries averaged slightly higher with roughly 3,000 patients, whereas, studies
conducted in Canada, Asian countries, and Australia had significantly higher patient populations averaging
between 20,000 and 25,000 patients (after excluding the South Korean study that included over 8 million

patients).

With regards to patient self-report type, self-administered surveys (paper-based or mail-in surveys)
comprised more than half of the cases (52.8%), and 45.6% of cases were face-to-face or telephone
interviews. Medical records (electronic or paper-based) were used over half the time as reference standard
(57.5%). Insurance and administrative claims were used 31.6% of the time. Other sources of reference data
included biometric data (8.3%), chart abstraction (4.7%) and registry data (2.6%). The full descriptive

statistics can be found in the appendices.



Comparison of derived kappa and reported kappa

In general, the differences between the published kappa, as reported in the original articles, and our re-
calculated kappa were negligible. Using the formula for Cohen’s kappa noted in the methods section
resulted in over 90% of cases with less than two percent variance between our results and the published
results; therefore, we feel confident that our kappa calculation provides an accurate method of normalizing

results from the data set.

Table 1. Comparison of published kappas and derived kappas.

% Variance Cases % of cases
0% 29 15.6%
<=1% 113 60.8%
<=2% 26 14.0%
<=5% 11 5.9%
>5% 7 3.8%
Total 186 100.0%

Note: In nine cases a kappa was not published in the
article; therefore, a comparison could not be made.

Level of agreement by diagnosis

Of the five main diagnoses found in our pool of studies, diabetes had the highest level of agreement
amongst the cases we reviewed. The average kappa for diabetes was strong (x =0.80). Myocardial
infarction, hypertension and stroke all had weak agreement at k =0.56, k =0.53 and k =0.51 respectively.
Hyperlipidemia had the lowest level of agreement amongst the five conditions with an average kappa of
0.34. Univariate analysis indicated there was a significant difference in kappas between the five main
diagnoses. Diabetes was found to have a significant effect on the level of agreement (p<0.05) (see

Appendix A).

Table 2. Average kappa for each of the five main conditions.

Diagnosis Agreement | Avg. kappa | Std. dev. of kappa | Number of cases
Diabetes Strong 0.80 0.10 29
Myocardial infarction Weak 0.56 0.18 12
Hypertension Weak 0.53 0.21 30
Stroke Weak 0.51 0.15 13
Hyperlipidemia Minimal 0.34 0.24 13
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Level of agreement by geographic region

When measuring agreement as a function of geographic location across all conditions, kappa in Europe and
North America are nearly equal (x =0.54 and k =0.53, respectively) and Asia Pacific countries have a
combined kappa of 0.45. When only considering the five core conditions, kappa in both European, North
American and Asia Pacific studies are slightly higher (x =0.58, « =0.64 and 0.52 respectively). No region

was found to have a significant effect on the level of agreement (Appendix A).

Table 2. Average kappa by region for core diagnoses compared to overall kappa by region
(Dx = diagnosis).

| Core Conditions
Hyper- Hyper- Myocardial Total for Total for
Region | Diabetes | . YPer- yp Y . Stroke All Dx
lipidemia | tension infarction Core Dx

Asla 0.71 0.26 0.55 0.46 0.41 0.52 0.45
Pacific

Europe 0.88 0.09 0.60 0.79 0.42 0.58 0.54

North 0.82 0.43 0.64 0.51 0.52 0.64 0.53
America

Other 0.93 0.46 0.27 - - 0.37 0.40

Level of agreement by self-report type

Self-administered surveys (k = 0.52) generated higher agreement than face-to-face interviews (x = 0.49) for
the five core conditions. Additionally, self-administered survey kappa was higher in all conditions except
MI, where agreement was almost similar (MI self-administered survey k = 0.55, MI face-to-face x = 0.57).
Neither self-administered surveys or face-to-face interviews were found to have a significant effect on the

level of agreement (Appendix A).

Level of agreement by reference standard type

Medical records (including EHR and chart abstraction) had higher agreement (combined k = 0.64) than
both administrative data which includes health insurance claims, Medicare claims and hospital admissions

data (combined x = 0.47) and biometric data which includes blood glucose and blood pressure readings (k
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=0.40). Both registry data and biometric data were found to have a significant effect on the level of
agreement (Appendix A). Registry data had a positive level of agreement while biometric data had a

negative effect on the level of agreement.

08 0.71

06 0.54

0.40

0.4

kappa

0.2

0.0

Registry Data Medical records Hospital Admin Data Biometric

Figure 2. Level of agreement by reference standard type.

Level of agreement by general health of the study population

The mean agreement for studies that measured the general population was k =0.48 and only slightly higher
when the study population consisted of patients that were all verified as having a similar condition, k =0.54.
Even when the measured diagnosis was related to the patient’s underlying condition, agreement was still

similar (x =0.55)

Kappa by Population Type
052 0.55 0.53 0.48

Total Related Unrelated Healthy
Diagnosed Gen. Pop.

Figure 3. Level of agreement by general health of the study population.

DISCUSSION

In reviewing recent journal articles that measure agreement between patient self-report and a reference

standard, our goal was determine what role specific factors such as diagnosis, region, data type or survey

12



instrument played in the level of agreement between the two sources. To this end, we conducted a

systematic literature review and analyses of data reported in papers published within the past fifteen years.

The two factors that appear to have the greatest effect on agreement are the condition measured and the
type of reference standard data used. Diabetes was the only condition with strong agreement between self-
reported data and a reference standard. This may be due to the more chronic and symptomatic nature of
diabetes and the dosing frequency of diabetes therapy when compared to the other conditions we measured.
In terms of reference standards, chart abstraction and electronic medical records had the highest level of
agreement with patient self-report data. Medical claims data sources such as Medicare claims, hospital
administrative data and insurance claims data had much lower agreement while biometric data had the
lowest level of agreement. These finding are understandable considering the level of detail found in charts

and structured medical records when compared to administrative data sources.
Challenges of measuring agreement with self-report

Two challenges that occur when conducting research on agreement are determining what data sources to
use and how best to measure agreement. Across the studies that were analyzed as a part of our research, the
most ubiquitous measure of agreement was Cohen’s kappa (), a measure of inter-rater reliability.?
Cohen’s kappa provides researchers with a way to employ a single measure to assess concordance between
sources and allows a simple way to compare the results from one study to other studies. While there are
valid criticisms about using kappa to measure agreement when neither source is certain to be accurate, we
nonetheless chose kappa as our means of comparison for three primary reasons?2. Firstly, Cohen’s kappa is
widely used and generally accepted by researchers in this area as a suitable measure of agreement.
Secondly, using kappa allowed us to validate our data extraction and calculation methods by comparing our
results to those of the published articles. Thirdly, once we were satisfied that our kappa calculations were
correct, we could identify articles in which kappa results may have been misprinted or mislabeled, thereby

serving as a check on the published results.

Possibly of even greater importance than determining how to best report agreement may be the challenge
researchers face in identifying a standard methodology for capturing and collecting data. This challenge

occurs in both implementing a best-practice for collecting self-report data and in selecting the best

13



reference standard data source to use for comparison. For example, the methods for collecting patient self-
report information vary from a simple self-completed paper survey that was filled out by patients in a
waiting room to more sophisticated research instruments administered by trained interviewers in a face-to-

face setting where ambiguities are resolved immediately.
Data types

Contrary to our initial assumptions, self-administered surveys generated higher agreement than face-to-face
interviews for the five core conditions. These findings show that while some patients may be initially
confused by a survey question, further clarification provided by an administrator may not improve
agreement suggesting that other factors, such as patient recall or the accuracy of medical records, may be
more significant in determining overall agreement. Conversely, this finding may also be a result of
interviews eliciting even more complete information than self-administered surveys such that the level of
false negatives are higher when compared against an incomplete reference standard. A potential confounder
to this hypothesis is the likely amount of heterogeneity among methods used to collect self-administered
survey data. Often, there was no discussion provided on the deployment of self-administered surveys
beyond simply stating that a particular survey was mailed or a paper-based survey was used to collect data.
Due to this lack of information, it is difficult to assess the actual level of assistance offered by providers to
survey respondents, thus creating a more specified subgroupings within the self-administered survey group

was not possible.

Different types of reference standard data, called “gold standard” by some, also has its strengths and
limitations. Most commonly, patient diagnoses have been documented by clinical or administrative staff
using ICD9 or ICD10 diagnosis codes. While this disease classification system provides a standardized
method for documenting illnesses, ICD codes may sometimes be used out of necessity or convenience
when a lack of specificity prevents a more precise description, especially in administrative data sources.?
This issue can potentially lead to a discrepancy between the patient’s actual condition and the documented

diagnosis.

Another reference standard data source is data obtained directly from clinical notes, usually manually

reviewed and extracted from paper-based records or EHR systems. While clinical notes often provide more
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detail than an ICD10 code, variations in terminology may create ambiguity - thus also possibly leading to

disagreement.?*

Finally, the use of biometric data as a reference standard also has its challenges when used to measure
agreement. In patients who have never been formally diagnosed with a condition, there is no formal clinical
basis for the patient to affirm a particular condition. Therefore, in most cases, the patient would have
denied a diagnosis that discover via biometric data - leading to disagreement between self-reported data and
the biometric reference. While this is not a criticism of biometric data as a means of documenting a
patient’s condition, inter-rater reliability will likely decrease due to an increased number of false negative

reports.

Another concern with reference standard data is the difficulty in effectively enforcing strict time alignment
with patient self-report data.?> For example, in a case where reference standard data is only available for the
past year, patients may self-report conditions that were documented over a decade ago - even if asked only
to consider the past year. Unsurprisingly, given the large variety of methods, there is a high level of
disparity in agreement between studies because of differences in reference data sources, patient self-report
type, disease or illness, patient characteristics, or even country. Although there does appear to be noticeable
and statistically significant trends between the level of agreement for specific diseases, such as diabetes and
hypertension, even when measuring agreement for same condition among similar patient cohorts, kappa

can vary significantly.
Condition

Agreement for diabetes was only condition with strong agreement between self-reported data and a
reference standard. This may be due to the more chronic and symptomatic nature of diabetes and the dosing
frequency of diabetes therapy when compared to the other conditions we measured. Two other chronic but
less symptomatic conditions, hypertension and hyperlipidemia both had much lower agreement with a
kappa of 0.34 and 0.53 respectively. Surprisingly, when combined together, agreement for cancer patients
was only « =0.64. Although prostate and breast cancer both showed high agreement (x =0.78 and « =0.81
respectively) there was only one study each for these conditions. Lung cancer had the lowest level of

agreement with « =0.43. Similarly, acute conditions such as myocardial infarction and stroke had markedly
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lower agreement than diabetes as well. The results of our analysis may suggest that a combination of the
symptomatic nature of diabetes, the frequency of treatment and lifestyle changes that occur as a part of

diabetes management play a role in concordance between patients and reference data.

Geography

Several Asian and European counties have had nationally-based health systems for decades allowing
researchers to advantage of nationally deployed health surveys or had access to decades of data captured
from national health insurance databases. Conversely, many of the more recent studies done in the US were
only able to access limited information from relatively small patient populations using small EHR data sets
or medical record repositories which did not capture all of the patient’s clinical history. Due to the real-
world limitations of acquiring self-report and reference standard data, researchers must currently temper
their expectations for agreement between the two data types. When analyzing data reported for the five core
conditions by geographic region, it does not appear that geography played a significant role in agreement
since similar agreement trends are seen across regions. One notable exception to this is strong agreement
for myocardial infarction (MI) in European studies with an average kappa of 0.79. The results, however,

are based on data from only two studies.

Population Health Status

Comparing inter-rater reliability results by population type, the level of agreement was relatively similar. It
does not appear that patients with a preexisting condition had a higher level of agreement between self-
report data and reference data, even when the measured condition was related to the patients existing

condition.

Case Study: Causes of disagreement in common conditions: an in-depth review of four similar

studies

Even when measuring agreement for the same diagnosis, differences in methods or study population can
increase or decrease the level of agreement between patient self-report and reference standards. To better
illustrate how the differences between various methodologies can affect agreement, the table shown below
contains a comparison of a subset of articles analyzed as a part of our research. The four studies highlighted
below measure agreement in hypertension, hyperlipidemia or diabetes and contain a mix of self-report data
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from national health surveys that were administered by trained interviewers, self-administered patient
surveys, reimbursement claims data that were captured as a part of a national, single-payer healthcare

system, EHR data captured within a single clinic, and biometric data captured at the point of service.

Table 3. Country, age and kappa by diagnosis for articles in agreement case study.

Agreement (k)

Article Country Age | Participants | Hypertension Diabetes | Hyperlipidemia
Wu Taiwan 41.2 15,574 0.69 0.76 0.32
Peterson Australia 51.9 7,269 0.21 0.58 (0.02)
Tenkorang | China 60.3 13,561 0.26 n/a nla

India 52.1 10,870 0.14 n/a n/a

Russia 62.4 4,081 0.45 n/a n/a

South Africa | 60.4 3,908 0.07 n/a n/a

Ghana 60.2 5,069 0.12 n/a n/a
Malik us 56.6 230 0.51 0.85 0.48

The first article, a 2014 study by Wu et al., measures agreement between patient self-report and
reimbursement claims data from a national health insurance database in Taiwan.?® The researchers collected
data from over 15,000 participants to measure agreement for diagnoses, medication use, and health-system
utilization. Fourteen separate diagnoses were measured including hypertension, diabetes, stroke, and high
cholesterol. The study found moderate agreement for hypertension and diabetes (kx = 0.69, k = .76), and
minimal agreement for hyperlipdemia (x = 0.32). In contrast to the Wu study, a 2016 study by Peterson et
al. measured the prevalence of risk factors for chronic conditions in Australia.?” The study analyzed over
7,000 adult patients for cardiovascular disease risk factors, comparing biometric data captured as a part of a
national survey to patient self-reported prevalence of hypertension, high cholesterol, and diabetes. Rather
than rely on claims data as a reference standard, Peterson chose to use biometric values such as blood
pressure to serve as a de facto patient diagnosis. Overall, Peterson found low agreement between self-
reported data and biometric data with minimal agreement for hypertension (k = 0.21), nonexistent
agreement for high cholesterol (k = -0.02), and weak agreement for diabetes (k = 0.58). In this case, the
Australian national database may be somewhat suspect in that the authors question the accuracy and
veracity of the data due to inconsistent user input of clinical information into the EHR system. In contrast,

Wu felt that Taiwanese patient self-report may be hampered because of cultural reasons. In some cases, a
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patient’s family might be consulted about a condition rather than the patient and the family might opt to not

inform the patient about an existing disease, thereby, increasing the likelihood of a false negative report.

While Wu and Peterson both measured agreement across multiple diagnoses, a 2017 study by Tenkorang et
al. measured agreement for a single diagnosis, hypertension, in multiple countries using a consistent
method to collect data.?® The study measured concordance between self-reported diagnosis and biometric
data for patients in five countries in Africa and Asia, including South Africa, Ghana, India, Russia and
China. The study used self-reported data collected in 2007 and 2008 from patients who participated in the
World Health Organization’s Study on Global Ageing and Adult Health (SAGE). Although kappa was not
calculated by the authors, the article included the proportion of patients who correctly or incorrectly
reported having (or not having) a disease; therefore, we were able to calculate kappa from the data
provided. Overall, Russian patients also had the highest agreement (k = 0.45) followed by China (k = 0.26)
with India, Ghana and South Africa all having very low agreement (x = 0.14, k = 0.12 and k = 0.07
respectively); results that generally correspond to the relative literacy rates among the five countries. These

findings suggest that socioeconomic factors may play a significant role in data agreement levels.

The final study, published in 2011 by Malik et al., compares agreement between self-reported data and
EHR data for nineteen comorbidities in patients with heart failure.?° This study differs from the previous
studies in several areas. First, the sample size is much smaller - only 230 patients were included in the
study. Secondly, the study population is based on patients that were all diagnosed with a common
condition, heart failure. This study had the oldest average age of 56.6 years and measured agreement for
comorbidities that were related to heart failure, such as hypertension and myocardial infarction, as well as
unrelated comorbidities such as diabetes. Additionally, the patient population is based in the United States
and uses reference data from EHR data from a single medical center. Self-report data was taken from a self-
administered medical history survey rather than from an interviewer administered national survey Malik
found weak agreement for hypertension (x = 0.5) and dyslipidemia (x = 0.48) and strong agreement for
diabetes (k = 0.85). The findings align with similar studies that measured agreement in disease-based
cohorts in that agreement appears to be higher in these types of patients because they likely have a higher

level of personal healthcare awareness.
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CONCLUSION AND NEXT STEPS

In summary, the disparity between the results of four articles reviewed suggest that a wide variety of
factors can influence agreement between self-report and reference standard data including clinical,
demographic, socioeconomic and cultural factors. While self-report type and the quality and currency of
reference standard type can play a role in improving agreement, it is not clear that any one factor, or set of

factors consistently plays the main role in agreement across all conditions and geographic regions.

As mentioned earlier, patient self-report methods and reference standard data sources each have inherent
strengths and limitations. Although patient self-report presents a practical and cost-effective way of
augmenting medical records, several researchers have noted that age, patient mistrust, a lack of overall
healthcare awareness, unfamiliarity with medical terminology, and issues with recall all play a role in

misinformation.3%3! Reference standard data also has its strengths and limitations including currency,

accuracy and completeness Whether intentional or not, the general proportion of false negatives, especially
among conditions such as cancer and chronic heart failure is surprising and suggests that neither existing
means employed by providers to capture clinical data at the point of service nor patient self-report alone is

sufficient as a means to document medical history.

Although, in this paper, we only reported descriptive data and conducted univariate analyses, we have
enlisted several of our colleagues to perform a full meta-analysis, including multivariate analyses to better
understand to interplay between methods, data types, location and patient types and how the combination of
these entities affects agreement. While the results of the meta-analysis will not be completed in time for
inclusion in this paper, we anticipate the results will be submitted for future publication and hope the

results will contribute to the growing body of work in this domain.

Going forward, clinicians and researchers should perhaps seek to understand the reasons behind
disagreement at a granular level by conducting a robust follow-up analysis with both patients and providers
after the initial analysis. Although it is unlikely that this type of analysis could be conducted on a large
scale with the general population, a series of targeted studies, focusing on a single condition and within a

given subgroups may provide insight into opportunity for improvement that when aggregated can assist in
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the creation of more complete reference data and self-report methods that provide more accurate patient

self-report.

Finally, given the increasing relevance of measuring agreement between disparate sources of patient
clinical data, we believe that more work is needed in developing a standard process and format for
reporting underlying data, especially error matrix values. Across all of the articles we reviewed, including
articles that were ultimately rejected, there were almost as many ways data values and methods were
reported. Understandably, in studies that made use of legacy data sets, identifying and documenting codes
and methods used in secondary data sources is challenging, if not impossible. However, in studies
explicitly designed to measure inter-rater reliability, greater detail about data lookback periods,
completeness of data sources and a list of codes used to identify diagnoses in a reference standard as well
as increased transparency about patient self-report methods including survey questions will facilitate
measurement and comparison of agreement results. Another theme we found was the inconsistent way
questions were often posed to patients. Some researchers asked patients to consider their current conditions,
some researchers asked patients about diagnoses within the previous year while others placed no time-
limits for patient self-reporting. Additionally, patients were often asked to respond about having vague or
ambiguous conditions such as kidney- or heart-related conditions. Greater specificity and more precise

language would improve consistency across studies and possible improve agreement across data sources.
Limitations of the analysis

We are limited to the information provided in the articles to determine diagnosis, self-report type and
reference standard type. Often, there is a paucity of detail provided about these factors. For example, the
term medical record is used frequently to identify reference standard data but no further descriptive
information is given. It is not clear whether the term implies electronically captured data or paper-based
records which may actually be quite different in nature. Similarly, there is usually little information
provided when patients have access to an interviewer as to how much assistance the interviewer actually
gave a patient. Therefore, some face-to-face interviews may, in truth, resemble self-administered surveys,
whereas, a self-administered survey conducted where patients were able to discuss a question with a

medical professional may have actually been more like a face-to-face interview. As such, many of the
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variable groupings created for this analysis are more generalized than we would like. Additionally, there
may be variations amongst the populations that are not explicitly reported. For example, while respondents
in a clinic may not all have been diagnosed a particular condition, we could most likely assume that in
some way, many of the respondents have some type of illness present. However, since there is no way for
us to distinguish well-visits from diagnostic visits or chronic care, our ability to accurately create like-
patient cohorts is also limited. Finally, although a total of 50 unique conditions measured across all cases,
many diagnoses only included one or two cases; therefore, the focus of the discussion was limited to

diabetes, hypertension, high cholesterol, stroke and myocardial infarction.
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Appendix A: Descriptives

Diagnosis

Anemia

Angina

Anxiety

Arrhythmia

Arthritis

Asthma

Breast cancer
Bronchitis/pneumonia
CAD

Cancer

Cataracts
Cerebrovascular disease
Chronic hepatitis
Chronic kidney disease
Chronic low back pain
Chronic lung disease
Chronic pulmonary
Colon cancer
Congestive heart failure
COPD

Coronary heart disease
Depression

Diabetes

Emphysema

Gout

Heart disease

Heart failure

HepC

Hiv

HIV

Hyperlipidemia
Hypertension

Impaired cerebral blood flow
Irritable bowel syndrome
Kidney disease

Large bowel cancer (CRC)
Liver disease

Lung cancer

Lung disease
Malignancy

Migraine

Myocardial infarction
Obesity

Osteoarthritis
Osteoporosis

Other CVD

Other heart diseases
Peptic ulcer disease
Peripheral arterial disease
Prostate cancer
Psychiatric disorders
Pulmonary tuberculosis
PVD

Renal/kidney disorders
Rheumatoid arthritis
Stroke

Systemic lupus erythematosus (SLE)
Thyroid disorder
Transient ischemic attack
Total
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Mean
0.19
0.33
0.44
0.36
0.28
0.50
0.81
0.31
0.31
0.67
0.21
0.53
0.36
0.52
0.20
0.54
0.18
0.48
0.38
0.44
0.77
0.36
0.80
0.82
0.47
0.50
0.45
0.66
0.88
1.00
0.34
0.53
0.17
0.52
0.29
0.75
0.46
0.43
0.42
0.58
0.54
0.56
0.41
0.32
0.37
0.37
0.50
0.14
0.21
0.78
0.22
0.09
0.32
0.41
0.34
0.50
0.09
0.71
0.10
0.51

Std. Deviation
0
0.40
0
0.01
0.09
0.17



Appendix B: SPSS Analysis: Diagnosis Group Descriptives

Descriptive Statistics

Dependent Variable: kappa
Diagnosis Group Mean Std. Deviation I\
Diabetes 7980233328 1192468834 27
Hyperlipidemia 3409386430 2399145187 "
Hypertension 5206823988 2133349631 28
Myacardial infarction 5593220420 1847513867 10
Stroke 4509305512 1894222084 16
Total 5753931680 2406805277 892
Tests of Between-Subjects Effects
DependentVariable: kappa
Type Il Sum Partial Eta Moncent ObSE!WEhd
Source of Squares df Mean Square F Sig. Squared Parameter Power
Corrected Model 2.252% 4 563 16.220 .ooo 427 64.881 1.000
Intercept 22.003 1 22.003  633.958 0oo 879 633.958 1.000
DiagnosisGroup 22482 4 563 16.220 .ooo 427 64.881 1.000
Error 3.020 a7 035
Total 35730 92
Corrected Total 5271 91
a. R Squared = 427 (Adjusted R Squared = .401)
h. Computed using alpha= 08
Parameter Estimates
Dependent Variable: kappa
95% Confidence Intarval Partial Eta Nonesnt.
Parameter B Std. Error t Sig. Lower Bound  Upper Bound Squared Parameter Obseved Power®
Intercept 451 047 §.682 000 358 544 519 9.682 1.000
[DiagnosisGroup=Diabetes] 347 059 5.905 0oo 230 464 286 5905 1.000
[DiagnosisGroup=Hyperlipidemia] =110 073 -1.507 135 -.255 035 025 1.507 320
[DiagnosisGroup=Hypertension] 079 058 1.348 181 -.037 195 020 1.349 266
[DiagnosisGroup=Myacardial infarction] 108 075 1.443 163 -0 258 023 1.443 .208
[DiagnosisGroup=Stroke] 0f
a. This parameter is setto zero because itis redundant,
b. Computed using alpha = .05
Pairwise Comparisons
Dependent Variable: kappa
95% Confidence Interval for
Mean Difference®
Differance (-
() Diagnosis Group __(J) Diagnosis Group ) Std.Emor  Sig®  LowerBound  UpperBound
Diabstes Hypertipidemia 457 067 000 266 648 Estimated Marginal Means of kappa
Hypertansion 268" 050 000 124 413 1.000000000000000
Myocardial Infarction 239" 069 008 041 437 2
Stroke 37 059 000 178 516 S eommooooooooono
Hyperlipidemia Diabetes -457" 087 000 - 648 -.266 g
Hypertansion -189 066 054 -319 002 s
Myocardial Infarction -218 081 084 -452 015 T 4000000000000
Stroke -110 073 766 -320 100 ﬁ
Hypertansion Diabetes -.268" 050 000 -413 -12¢ & oo
Hypertipidemia 189 066 054 -002 379 P
Myocardial infarction -030 069 1.000 -227 167 2 g g % ]
& H g 8 g
Stroks. 079 058 864 -089 26 g E 2 8 s
Myocardial infarction  Diabetes -239 069 008 -.437 -041 @ = g g
Hypetiipidemia 218 081 084 -015 452 2 = 3
Hypertansion 030 089 1.000 167 27 g
Stroks. 108 075 809 107 3 ) . =
stroke Diabstes 7 059 000 -516 -178 Diagnosis Group
Hyperlipidemia 110 073 766 100 320 Error bars: 95% CI
Hypertansion -079 058 864 246 089
Myocardial infarction -108 075 809 324 107

Based on estimated marginal means
*. The mean difference is significant at the 05 level
b, Adjustment for multiple comparisons: Sidak
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Appendix C: SPSS Analysis: Reference Standard Descriptives

Descriptive Statistics

Dependentariahle: k {calculated)

Ref Std Group Mean Std. Deviation [+l

BioMx 3975618952 2B45508622 16
Healthins Claims 4677897839 2097227196 61
Medical Records 5396257537 2378023020 111
Registry 7143072896  .0916817418 5
Total 5065086127 23608520235 193

Tests of Between-Subjects Effects
DependentVariable: k{calculated)

Type l Sum Partial Eta MNoncent Observed
Source of Squares df Mean Square F Sig. Squared Parameter Power®
Corrected Model 5727 3 224 4191 007 062 124672 850
Intercept 15.453 1 15453 2BB.957 .00o 605 288957 1.000
RefStdGroup 672 3 224 4191 oo7 062 12572 850
Error 10108 189 053
Taotal 60.294 193
Corrected Total 10.780 182

a. R Squared= 062 (Adjusted R Squared = .047)
b. Computed using alpha= .05

Parameter Estimates

Dependent Variable: k (calculated)

95% Confidence Interval Partial Eta Moncent. Observed
Pararmeter B Std. Error t Sig. Lower Bound  Upper Bound Squared Parameter Power
Intercept 714 103 68907 ooo 510 918 202 6.807 1.000
[RefStdGroup=Biolx =37 8 -2.673 .008 -.550 -.083 036 2.673 758
[RefStdGroup=Healthins - 257 108 -2385 018 - 468 -044 028 2385 660
Claims]
[RefStdGroup=Medical =175 106 -1.652 100 -.383 .034 014 1.652 376
Records]
[RefStdGroup=Registny] o?

a. This parameter is setto zero hecause itis redundant,
b. Computed using alpha= .05

Estimated Marginal Means of kappa

Pairwise Comparisons 1.000000000000000
Dependent Variable: kappa
95% Confidence Interval for
Mean Difference” @ 500000000000000
Difference (- c
() Ref Std Group () Ref Std Group J) Std. Ermor sig.” LowerBound  Upper Bound S
Biohix Healthins Claims -.060 065 928 -233 12 .Eu
Medical Records -142 062 129 -308 022 £
Registry -317 18 048 -632 -002 s
Healthins Claims ~ BioMx 060 085 928 -112 233 3
Medical Records -082 037 165 -180 016 £
Registry -267 08 104 -543 030 E
Medical Records  Biox 142 062 129 -022 306 Il
Healthins Claims 082 037 165 -016 180
Registry -175 108 169 -456 106
Registry Bioix N7 118 048 002 632
Healthins Claims 257 A08 104 -030 543
Medical Records 175 106 159 108 456 BioMx Healthins Claims  Medical Records Registry
Based on estimated marginal means Ref Std Group

* The mean difference is significant atthe .05 level
b. Adjustment for multiple comparisons: Sidak

Error bars; 95% CI
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Appendix D: SPSS Analysis: Self-Report Type Descriptives

Descriptive Statistics

DependentVariahle: kappa

Self Rpt Group Mean Std. Deviation I

F2F/Phone 4901866837 2313579286 a8

SAMail 5201879436 2417919037 105

Total 5065086127 2369520235 193

Tests of Between-Subjects Effects
DependentVariable: kappa
Type lll Sum i Partial Eta Moncent ObSBNBbd
Source of Sguares df Mean Square F Sig Squared Parameter Power
Corrected Model 043* 1 043 TET 382 o004 TET 140
Intercept 48.6874 1 48.6874 869.421 .0oo 820 869.421 1.000
SelfRptGroup 043 1 .043 767 382 004 767 140
Error 10.737 19 .056
Total 60.294 193
Corrected Total 10.780 182
a. R Squared = .004 (Adjusted R Squared =-.001)
b. Computed using alpha = .05
Parameter Estimates
DependentVariable: kappa
95% Confidence Interval Partial Eta Moncent Obser\febd

Parameter B Std. Error t Sig. Lower Bound  Upper Bound Squared Farameter Power
Intercept 820 .023 22.482 .0oo 475 566 726 22.482 1.000
[SelfRptGroup=F 2F/IPhone] -.030 034 -.876 .382 -.098 .038 .004 876 140
[SelfRptGroup=S5AMail] 0?

a. This parameter is setto zero hecause itis redundant.
b. Computed using alpha= .05

Pairwise Comparisons

DependentVariable: kappa
95% Confidence Interval for
Mean Diffarence®
Difference (-
(I} Self Rpt Group  (J) Self Rpt Group J) Std. Error Sig.® Lower Bound UpperBound
F2FiFhone SAMail -.030 034 382 -.098 .038
SAMail F2F/IPhone 030 .034 382 -038 098

Based on estimated marginal means
a. Adjustment for multiple comparisons: Sidak.

Estimated Marginal Means of kappa

0000000000000

1T

400000000000000

300000000000000

200000000000000

Estimated Marginal Means

100000000000000

000000000000000

F2F/Phone

SAMail

Self Rpt Group
Error bars: 95% CI
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Appendix E: SPSS Analysis: Region Descriptives

Descriptive Statistics

DependentVariable: kappa
Region Mean Std. Deviation I
AsiaPac 4471795196 2220621975 40
Europe 5391819140 2293169881 29
Morth America 5283606922 2380225189 114
Other .3999587049 2672510402 10
Total 5065086127 2369520235 193
Tests of Between-Subjects Effects
DependentVariable: kappa
Type Il Sum Partial Eta Moncent ObSENBbd
Source of Sguares df Mean Sguare F Sig. Squared Parameter Power
Corrected Model 3407 3 113 2.050 108 .03z 6.150 520
Intercept 21.788 1 21.788 3094432 .000 676 394432 1.000
Region 340 3 413 2.0580 08 .03z 6.150 520
Error 10.440 189 .055
Total 60.294 193
Corrected Total 10.780 192
a.R Squared = .032 (Adjusted R Squared = .016)
b. Computed using alpha=.05
Parameter Estimates
Dependent Variable: kappa
G5% Confidence Interval Partial Eta Noncant Observehd
Parameter B Std. Error t Sig Lower Bound  Upper Bound Squarad FParameter Power
Intercept 400 074 5.3 .ooo 253 547 133 5.381 1.000
[Fegion=AsiaPac] .047 .083 568 a7 =117 21 .00z Ralat} 087
[Fegion=Europe] 139 086 1615 Jog -.031 .309 014 1.615 362
[Feagion=Narth Americal 128 .0va 1.656 .09 -.025 .281 014 1.656 378
[Region=0ther] 0?
a. This parameter is setto zero because it is redundant.
b. Computed using alpha = .05
Pairwise Comparisons Estimated Marginal Means of kappa
Dependent Variahle: kappa " Observed Grand Mean
95% Confidence Interval for
Mean Difference? 500000000000000
Differancs (- [3
(1) Region (J) Region Jy Std. Error Sig.? Lower Bound  Upper Bound H
AsiaPac Europe -.082 0567 661 -245 061 E,,
North America -.081 043 370 -196 034 E 400000000000000
Other 047 083 1.000 -174 269 %
Europe AsiaPac 092 0567 661 -.061 245 %
North America 011 04a 1.000 =120 141 % 2000000000000
Other 139 086 64T -.091 369 w
Morth America  AsiaPac 081 043 370 -.034 196
Europe =011 04a 1.000 =141 120
Other 128 o7 596 -o78 335 T T hsiaPac  Euiope  Notth America  Other
Other AsiaPac -.047 083 1.000 -269 AT4 Reglon
Europe -139 086 647 -.369 091
Morth America -128 078 596 -.335 078 Error bars: 95% CI

Based on estimated marginal means
a. Adjustment for multiple comparisans: Bonferroni.
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Appendix F: Agreement Summary
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Appendix G: Agreement Summary: Myocardial Infarction, Hyperlipidemia, Stroke
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