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Structured Abstract

Purpose: To develop, implement, and evaluate an automated method using Health Information
Technology (Health IT) to comprehensively assess the quality of obesity care for patients aged
18-75 seen in primary care.

Scope: Robust and widespread quality measures addressing the priority condition of obesity are
needed. Questions persist regarding how such measures are represented and meaningfully
applied to electronic medical records (EMRs). In particular, an abundance of relevant
information is locked away in the free-text clinical notes. Our method uses natural language
processing (NLP) to gain access to this data.

Methods: This research involved retrospective analysis of EMR data from two distinct health
systems: a mid-sized HMO and a consortium of safety-net clinics located primarily in the Pacific
Northwest. We utilized an existing medical record classification technology (MediClass) to
create and validate a “pipeline” of clinical data processing that included both the free-text and
coded elements of clinical visits to assess adherence to care steps recommended by current
outpatient obesity guidelines. We applied the method to 13mo data observation windows in the
two health systems and assessed outcomes associated with the delivery of recommended care
steps.

Results: We developed a set of nine measures for assessing the quality of outpatient obesity
care from the most recent published NHLBI guidelines. Overall, accuracy of the automated
EMR-based measures relative to chart review was good. We identified a small but significant
association between guideline-recommended care and weight loss in patients who were
overweight or obese.

Key Words: health information technology; HIT; obesity care quality

The authors of this report are responsible for its content. Statements in the report should not
be construed as endorsement by the Agency for Healthcare Research and Quality or the U.S.
Department of Health and Human Services of a particular drug, device, test, treatment, or
other clinical service.
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Final Report

Purpose

A widely cited RAND study of US healthcare found that only half of healthcare services
recommended by consensus quality standards were actually delivered to eligible patients [1]. To
address this discrepancy, the Institute of Medicine (IOM) of the National Academy of Sciences
has called for new quality initiatives throughout healthcare [2,3]. Obesity represents a
particularly large and increasing burden on the US population and the healthcare system. Obesity
prevalence has doubled over the past two decades with two-thirds of the US adult population
now overweight and one-third obese [4,5]. Obesity is especially prevalent in minority and other
underserved, financially disadvantaged populations. The prevalence of obesity will likely
continue to rise and the cost of treating obesity-related disease is expected to dramatically
increase as the population ages. Yet the condition is correctable and preventable through lifestyle
changes, as well as medical and surgical treatments, and routine ambulatory care encounters can
help facilitate these interventions in disease onset and progression. Despite published guidelines
on preventing, diagnosing, and treating obesity [6], most health care systems have been slow to
respond to this looming public health problem.

This research aims to demonstrate the scalability of an automated method permitting routine
and comprehensive assessment of outpatient obesity care quality. It addresses the research area
of “Health IT to improve health care decision making through the use of integrated data and
knowledge management.” This research involves retrospective analysis of EMR data from two
distinct health systems: a mid-sized HMO and a consortium of Federally Qualified Health
Centers (FQHC)). By including these health systems, this project is able to leverage Health IT to
address healthcare quality improvement for the indigent, uninsured, and underinsured
populations served by the participating FQHC. These health systems include a diverse and
representative sample of patients, providers, and health care practices for the entire west coast.

Our objective was to develop, implement, and evaluate a method to automatically assess
outpatient obesity care quality. In particular, we aimed to:

1. Develop obesity care quality measures based on updated NHLBI obesity care guidelines
to evaluate obesity care performance in primary care;

2. Develop and validate an automated (generalizable and scalable) method for applying the
measures identified in Aim 1, using comprehensive EMR data;

3. Apply the method developed in Aim 2 to assess ambulatory obesity care quality in two
distinct health plans representing diverse patient populations and care practices; and

4. Evaluate the association between measures of obesity guideline adherence to
recommended obesity care processes and clinical outcomes and provider characteristics.
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Scope

The Burden of Obesity and the Opportunity for Care Quality
Improvement

Dramatic increases in obesity prevalence over the last few decades have heightened concern
about this important public health problem. Body mass index (BMI), expressed as weight/height,
kg/m2, is commonly used to classify overweight (BMI 25.0-29.9) and obesity (BMI of 30 or
greater) among adults (age 18 years and older). Currently, two-thirds of the US adult population
is overweight or obese and recent data show no signs of improvement [4, 13]. A continuation of
current trends seems quite likely to lead to substantial increases in the number of people affected
by obesity-related health conditions and in premature mortality[14-16] Overweight and obesity
increase the risk of many serious health conditions, including hypertension, hypercholestero-
lemia, diabetes, coronary heart disease, and some forms of cancer [15, 17-21]. The dose-response
relationship between BMI and the risk of developing chronic diseases is even observed among
adults in the upper half of the healthy weight range (i.e., BMI of 22.0-24.9) [18]. The annual
number of deaths attributable to obesity has been estimated at 300,000.[22] The aggregate annual
medical care costs attributable to obesity in the US are estimated to be 7% of annual health care
expenditures[23-27]. Unfortunately, the economic costs of obesity, including obesity-related
medical expenditures and associated loss of productivity and absenteeism [28, 29] are expected
to substantially increase over time.

Health Benefits of Weight Loss

Although losing weight is clearly challenging, methods for helping people lose weight have
improved significantly. Comprehensive reviews of the literature [30, 31] have shown that current
standard behavioral weight loss programs produce average weight losses of about 10.1 kg or
about 10% of starting weight. These results are encouraging given abundant evidence that
modest weight loss (5-10% of initial body weight) is associated with significant health benefits
even in the absence of body weight normalization [32-35]. Both the Diabetes Prevention
Program (DPP) and the Finnish Diabetes Prevention study (FDP) provide strong evidence for the
health benefits of a lifestyle intervention for weight control. The DPP randomized 3,234
participants at high risk for developing diabetes (i.e., defined as elevated fasting and post-load
plasma glucose concentrations) to one of three study arms including: (1) a lifestyle-modification;
(2) metformin; or (3) placebo [32] Lifestyle-modification intervention goals included at least a 7%
weight loss and attaining a minimum of 150 minutes of physical activity per week.

After an average of 2.8 years of follow-up, the incidence of type 2 diabetes was 4.8, 7.8, and
11.0 cases per 100 person years in the lifestyle, metformin, and placebo groups respectively. The
lifestyle intervention reduced diabetes incidence by 58% compared to placebo, and metformin
reduced diabetes incidence by 31% compared to placebo. The FDP study showed a similar risk
reduction with an intervention focused on weight loss, diet, and activity changes [35].

These two studies support trials on the management of hypertension [33, 34, 36, 37] and
collectively provide strong evidence that lifestyle behavior change facilitates long-term
improvements in weight and health. Although there is clearly room for improving long term
results, recent controlled clinical trials have shown that a majority of the participants who start
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weight loss intervention programs are able to achieve a clinically significant weight loss (4 kg or
more) at six months, and that about one third of those who start initial weight loss are still
maintaining a clinically significant weight loss after three years[32, 38] This success rate
compares favorably to long-term outcomes of smoking cessation programs [39].

Importance of the Health Care Setting

The 2001 and 2002 National Ambulatory Medical Care Surveys (NAMCS) and National
Hospital Ambulatory Medical Care Surveys (NHAMCS) show that patients in the United States
made an estimated 1.1 billion outpatient visits per year in 2001 and 2002, a rate of 3.8 visits per
person annually [40]. While this rate provides considerable opportunity to address weight issues,
survey data suggest that less than half of obese adults report that their physician discussed this
issue with them[41,42]. Physicians report multiple barriers to addressing obesity including lack
of time, training, patient motivation, referral resources, and the perception that weight loss
programs are ineffective [43-46].

Physician advice to lose weight is no magic bullet, but evidence suggests that such advice
and referral to behavioral treatment programs can play an important role. For example, BRFSS
data show that the odds of trying to lose weight are 2.8 times higher for obese patients who
reported receiving advice to lose weight, compared to those who did not receive advice[41]. Data
from the National Weight Control Registry also shows that participants who reported a medical
trigger for weight loss (including physician advice to lose weight) lost more weight, and were
more successful maintaining their weight loss compared to those reporting other triggers for
weight loss [47].

Health Care Guidelines for Obesity

In response to the alarming increase in obesity and in recognition of the critical role of health
care providers, a number of organizations have issued guidelines for clinical care including
NHLBI [50], (the guideline to be used in this study); the US Preventive Services Task Force [49],
and the American Association of Clinical Endocrinologists [50]. A common guideline
component is routine measurement of height and weight, calculation of BMI, assessment of risk
status (e.g., hypertension, impaired glucose control), provider assessment of patient “readiness to
change”, encouragement to lose weight if the patient is overweight or obese, diet and activity
recommendations, and referral to appropriate weight-loss resources.

These guidelines are, in part, based on key lessons learned from the successful tobacco
control experience including: 1) that brief physician advice and supportive tobacco cessation
counseling (i.e., implementation of the “5 A’s” for tobacco: ask, advise, assess, assist and
arrange) is effective in reducing smoking rates 41 and 2) that comprehensive tobacco control
health system policies are associated with higher rates of implementation of evidence-based
guidelines [51].

Evaluating Implementation and Effectiveness of Obesity Guidelines

A critical question is whether systematic implementation of obesity guidelines for the health
care setting are associated with improvements in quality of care and reductions in obesity
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prevalence. Before this question can be addressed, we need comprehensive approaches to
adequately measuring physician treatment practices and patient response that can be used to
generate benchmarks upon which improvements can be measured. Practice might vary by
patient-level variables (e.g., comorbidity status, race/ethnicity, sex), physician characteristics
(e.q., sex, years of experience, and specialty type), and health system and clinic policies or
access to resources. Examination of these variations in treatment practices will inform the
development of targeted interventions to improve guideline adherence. Physician and patient
surveys provide some useful information, but objective data on how obesity is (or is not)
addressed during health care encounters is a critical piece of the puzzle.

The Potential of Electronic Medical Records for Care Quality Research

Electronic medical records (EMRS) promise to revolutionize the health care industry by
making health care better and cheaper [2,7,52,53]. A key aspect of this promise is comprehensive
capture of patient-specific clinical data, which enables improved continuity in care while
eliminating unnecessary care activities. The EMR provides a vehicle for communicating
information about the patient across time, place, and care providers. In both electronic and paper-
based medical records, narratives produced by providers about their patients play a critical role
in this communication [54,55]. The EMR can also improve health care and reduce costs by
enabling process control and decision-support via patient- and population-level data
computations [56]. These computations (whether performed in real-time at the point of care or
off-line as a data warehouse function) promote evidence-based quality, safety, and efficiency in
the delivery of health care [57].

To fulfill the EMR’s promise, new technologies are needed that support both clinical practice
and process control, including assessment of care quality. One avenue is development of systems
that can automatically classify medical record contents, processing both free-text and coded
elements of the record. The concept of developing systems capable of processing the free-text
portions of the medical record is not new [58-60] Natural Language Processing (NLP) systems
are becoming more feasible as more clinical data is electronically captured [61] data storage
capacity advances, computational power increases, and new programming techniques are
developed [9-12,62-64]

MediClass System’s Ability to Address EMR Challenges

MediClass (a “Medical Classifier”) is a general-purpose system for identifying clinical
events in the EMR. This knowledge-based NLP system was developed by our research team to
address the challenge of automatically classifying medical records containing both coded and
free-text data elements [9]. The system can operate on data from any EMR because it uses an
emerging standard clinical data format to represent medical encounters [71,72]. It classifies data
by applying a set of logical rules to the medical concepts that are automatically identified in both
the free-text (e.g., counseling activities in progress notes) and coded data elements (e.g.,
medication orders) of the EMR.

We have shown that the system, when customized with knowledge to address smoking
cessation care, has accuracy similar to human abstractors trained to assess smoking cessation
care activities in the EMR [69]. MediClass has been designed to detect clinical events in any
EMR using problem-specific knowledge. After developing and plugging in a different
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“knowledge module” (thus creating a new “application”), we demonstrated that MediClass was
effective for detecting adverse vaccination events [70] and for assessing outpatient asthma care
quality [73]. The MediClass system shows promise for addressing a wide variety of concerns in
epidemiology, care quality, and safety research.

Summary of the Opportunity

Healthcare systems must proactively address the public health crisis of obesity. The advent of
guidelines to address obesity in healthcare settings is an important first step, but the degree to
which obesity guidelines are implemented and are effective is unknown. We need systematic
assessment of current obesity management practices by health care providers. Specifically, we
must document the current level of adherence to guidelines, patient and provider characteristics
associated with adherence, and variation in guideline implementation across health delivery
systems.

This information is critical for establishing benchmarks, both locally and nationally, upon
which patient, provider, system and policy interventions can be measured. Such measurement,
effectively combining diverse data and knowledge, is necessary to produce rational policy and
decision-making in health care. Within the next ten years, EMRs will be widely used across the
US. Informatics technologies, such as the MediClass system, leverage the information contained
in EMRs to assess and improve quality of obesity care.

Methods

This study is a retrospective data study of the outpatient primary care delivered to obese and
overweight patients in two distinct health systems: Kaiser Permanente Northwest (KPNW) and
the public health clinics associated with the OCHIN. The research team is scientists and research
staff at the primary study site of KPNW Center for Health Research (KPNW CHR) and the
secondary site of OCHIN.

Kaiser Permanente Northwest (KPNW) is a non-profit, group-model health maintenance
organization (HMO) that provides comprehensive, prepaid health care to its members, including
access to inpatient, outpatient, and emergency department services. KPNW serves about 450,000
members in the Pacific Northwest. The HMO’s membership reflects the racial and economic
composition of its market area. A recent analysis of these data shows the racial composition of
KPNW members as 87.1% Caucasian, 2.8% African-American, 1.4% Native American, 4.4%
Asian American, and 4.3% other nonwhite individuals; 6% report a Hispanic background,
similar to the Portland, Oregon, greater metropolitan area. KPNW maintains one hospital and 20
outpatient clinics and contracts with six area hospitals for additional inpatient services. All
patient contacts within the system and all services referred outside the system are recorded in a
single, comprehensive EMR (KP HealthConnect, based on EpicSystems’ EpicCare product) in
place since 1998.

OCHIN, Inc. (OCHIN) is a non-profit collaboration of public and private community clinics.
OCHIN’s mission is to meet the data management needs of Federally Qualified Health Centers
(FQHCs) and other community health centers caring for indigent, uninsured, and underinsured
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populations. OCHIN rolled out a comprehensive, integrated ambulatory system (EpicSystems’
Practice Management products), adapted for the special needs of FQHCs, in 2002, and a full
EHR in 2005 (EpicCare). OCHIN processes and manages data from safety net clinics, providing
support to users at 288 clinics. OCHIN member clinics are in both urban and rural areas. As of
2012, the EMR was in place at 240 clinic sites. In the last year, more than 670,000 patients were
seen at OCHIN member clinics for a total of over 2.7 million encounters. Approximately 27% of
encounters involved Hispanic patients; about 74% of patients were Caucasian; 11% African-
American; 3% Asian/Pacific Islander; 1% Alaska Native/Native American; and 12% had other
races, race was not collected, or were of an unknown race.

Study Population

Patients included in this study were 18-75 years of age, determined to be obese, overweight,
or in the upper range of “normal” as captured by a single primary care encounter with a
documented BMI >= 25, and did not have current diagnoses indicating pregnancy, active cancer
treatment, an eating disorder or undergoing palliative care. Patients meeting these criteria during
2007 were evaluated. Children and teens under 18 years of age were excluded due to rapid and
variable growth change and because of clinical uncertainty about what constitutes overweight
and best clinical practices for weight management in this younger population.

Data Sources

For purposes of exclusion (see prior paragraph), diagnoses codes for all visits in the 2006-
2009 calendar years were used. For all included patients, and at each project site, we extracted
all primary care visit records in standardized XML format, for a 13 month observation period
(from 1/1/2007 to 1/31/2008). Each record was structured in the standard format used by
MediClass for processing, which is derived from HL7’s Clinical Document Architecture (CDA)
standard [71,72]. Each encounter record includes study-coded patient and provider identifiers, as
well as date and location of care, and all data linked to the visit in the following categories: vital
signs, visit diagnoses, problems, medications ordered and dispensed (KPNW only), health
maintenance alerts generated, procedures, referrals and other orders, progress notes and patient
instructions.

Developing Measures of Care Quality

The OCQ Care Measures are an implementation of measures for the recommended care steps
from NHLBI’s 1998 Clinical Guidelines on the Identification, Evaluation, and Treatment of
Overweight and Obesity in Adults: The Evidence Report and the companion clinical handbook
called The Practical Guide Identification, Evaluation, and Treatment of Overweight and Obesity
in Adults. Although our original goal was to utilize new guidelines that are under development
at NHLBI, these have not yet been released so we utilized the 1998 guidelines in this study. We
held a meeting with a panel of clinicians and obesity researchers from the two health systems
participating in this research and developed explicit criteria for patient inclusion and exclusion
criteria for use in measurement of the care steps in primary care visit records. We refined the
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meeting documents to produce the final versions shown as Table 1 (defining the populations) and
Table 2 (defining the measures).

The OCQ study population. For each measurement study, we will include patients in each
health system (KPNW and OCHIN) that are:

1. Between 18 and 75 years old during the observation period,;

2. Seen at least once in primary care during the observation period,;

w

For KPNW, continuous enrollment in health plan required,;

>

Study Exclusions

e Pregnancy

e Active Treatment for Cancer (excl. non-malignant cancer)
e Eating disorders

e Palliative and hospice care

We focused on patients who are overweight or obese (BMI > 25).
Risk Factors for Obesity.

e History of CHD

e Presence of atherosclerotic disease

o Type 2 diabetes

e Sleep apnea

e Other obesity—associated disease

e Cigarette smoking

e hypertension

e hyperlipidemia

e impaired fasting glucose

e family history of premature CHD

e Male age >45 years
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e Female >55 years or postmenopausal

e Physical inactivity

e High triglycerides

Table 1. NHLBI Treatment Algorithm (Figure 4)

WAIST BMI Missing BMI <25 BMI 25-29.9 BMI 30+
Treat if: Treat if:
BIG . . >2 risk factors >2 risk factors
>35in (F) Treat 122 risk OR OR Treat
>40in (M) actors < 2 risk factors & < 2 risk factors &
patient wants tx patient wants tx
Treat if:
NOT BIG >2 risk factors
<=35in (F) No Treatment OR Treat
<=40in (M) < 2 risk factors &
patient wants tx
Treat if:
>2 risk factors
Missing OR Treat
< 2 risk factors &
patient wants tx
Table 2. The OCQ Measure Set
NHLBI R (I?N(irlllomlnator gulmerator N gumerator
ec. elevant umerator omments
(See pg vii for 8%% I:/(I)(izs)ures Sizﬁ;atﬁ%se Event Types | EMR Data (examples,
items numbered) q y From Elements exclusions,
w/ and w/o 2+ ;
X Eventstream qguestions)
risk factors)
Adults are 18 —
75y.0.
1. Adult patients \'/I'vc(; i\izlrrglw:yzw‘
1. Measure SVZ?;L? g?/\llle Stud VitalSigns.weight, use median
Height and documented at popu)llation WT, HT, BMI | VitalSigns.height, height
Weight every primary VitalSigns.bmi measurement for
care visit the patient, but
no height to be
included before
age 18.
2. Overweight and
obese adult
patients
2. Measure gzhi))zl_ dBr,:Aal\jsS) Study pop with
waist X BMI >= 25 and | Waist ProgressNote Very rare.
circumference Wa'St <35
circumference
documented at
every primary
care visit




Denominator

will Numerator Numerator
NHLBI Rec. 0CQ Measures separatel Relevant Numerator Comments
(See pg vii for ; pa y Event Types | EMR Data (examples,
) (nine total) qualify those -
items numbered) From Elements exclusions,
w/ and wfo 2+ Eventstream uestions)
risk factors) q
. . “pt needs to lose
Advice 3. Advise to lose Study loop with Advise ProgressNote, weight”, “advised
wit BMI >= 25 PatientInstructs ”
pt to drop 20 Ibs
“patient wants to
lose weight”,
. . “patient
5. Is patient 4. Assgss patient Study pop with motivated”,
ready and readiness to _ PsychAssess | ProgressNote s
. ) BMI >= 25 patient not
motivated? change lifestyle . .«
motivated”, “not
interested in
losing weight”.
“recommended
DASH diet”, or
“recommended
low-carb diet”,
Diet, “diabetic diet”,
6. Which diet to 5. Recommend a Study pob with DietPlan, ProgressNote, “gave lit on
recommend? specific diet BMI Z_ng DMPIlan, PatientInstructs, DASH diet”
(see also #9) goal or plan. - LossPlan, Orders Also ORDER
Arrange CODES FOR
DIETING
RESOURCES,
INCL.
REFERRAL*
“recommended
exercise”,
“increase
. 6. Recommend a physical activity”
e
gc%i/vit oal physical activity | BMI >= 25 Arran e’ Orders ! CODES FOR
v goal or plan. 9 EXERCISE
RESOURCES,
INCL.
REFERRAL*
“patients dietary
7. Educate on records
. patient food reviewed”,
8. Review records “counseled on
weekly food ' Study pop with | FoodRec ProgressNote, .
S B : value of written
and activity BMI >= 25 ExRec Patientinstructs .
di 8. Educate on records for diet
iary . - “ h .
patient activity starting written
diary. activity diary”.
10. Record - .
patient's 9. FoI_Iow-up visit Study_pop with VitalSigns.weight,
: (w/in 4 weeks) BMI >= 25
weight and . ProgressNote, A repeat of any of
oals in medi- to primary care (& any ALL PatientInstructs measures #1-8
9 where a weight | numerator 5-8 !
cal record (see . o Orders
is captured satisfied))
also #8)

*Numerator satisfied in measures 6 and 7 by evidence of referral or enrollment into a behavioral or organizational weight loss
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Quality Measurement Method

Each measure represents specific care delivery performance as a ratio. For each ratio, the
denominator identifies patients who should get the recommended care and the numerator
identifies those of this group who received the care. Performance on each measure across a
population can then be reported as the percentage of patients who received recommended care
(as operationalized by the numerator criteria) from among those for whom that care was
indicated by meeting the denominator criteria. For example, the national RAND study by
McGlynn and colleagues demonstrated that across 30 disease states, Americans received about
55% of recommended care [1]. Table 2 shows the high-level operationalization parameters for
each measure in the ACQ measure set. We defined a 13mo observation period (1/1/2007 —
1/31/2008) to assess the ACQ measures. Each measure is oriented to an “index date,” which
anchors the measure in time using patient-specific events—in this case the “index date” for all
measures was defined as the most recent (i.e., last) visit in 2007 for which the patients weight or
BMI was captured. Patients meeting eligibility criteria (overweight and obese patients, see Table
1), were assessed for receipt of care and outcome. Care measures were assessed between the
index date and the subsequent 30 days (when a follow-up visit should, by guideline
recommendations, have been scheduled). The outcome measure (weight loss) was assessed 12
months after the date of the follow-up visit (or 13 months after the index date if no follow-up
visit occurred).

Quality Measurement Framework

The quality measurement system is realized as a “pipeline” of transformation and markup
steps taken on encounter-level electronic medical record data with the goal of capturing all of the
clinical events required to assess care as specified by the measure set (see Figure 1). As shown
in Figure 1 and described next, the system’s pipeline can be divided into three sequential
segments involving Data Extraction, Concept Markup, and Study Analysis/Quality Measurement.
The data pipeline begins with extracts from the data warehouse of each EMR system. These
extracts contain the data required by the study, captured at the clinical-encounter level for all
patients in the study population. The data are then exported from the EMR data warehouse (a
relational database) into file-based eXtensible Markup Language (XML) documents according to
a specification that is local to each data environment. The first transformation step in the
pipeline involves converting these locally-defined XML formats into a common, standard XML
format conforming to the HL7 CDA specification for encounter data [71, 72]. The CDA
provides a canonical representation of encounter-level data that is used as an input to our medical
record classification system called MediClass [9]. MediClass uses natural language processing
and rules defining logical combinations of marked up and originally coded data to generate
concepts that are then inserted into the CDA document and passed along to the next step. Up to
this point in the sequence, data processing is performed on-site within the secure data
environments of each project site. This arrangement permits local control of sensitive data that
resides in text notes and also in the comprehensive encounter record captured in CDA format.
The next step filters these data to identify only those clinical events (including specific concepts
identified in the text notes) that relate to the quality measures of the study. This step uses a
second implementation of the EMRAdapter tool to post-process the marked-up CDA documents,
generating a single file of measure-set specific clinical event data in comma-delimited format.
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The events dataset file generated at OCHIN (under a provision of the Data Use Agreement

executed between the respective research organizations) was transferred from OCHIN to
KPNW-CHR for producing measure values.

Figure 1. The Automated Quality Measurement Framework

o CER HUB
Guideline or Measure
Study Protocol - Set
Population and data Knowledge module Application specific d iables/
element selection for and Configuration for  extraction filter for study St Ya”"’l‘. ej measuresf
encounter-based specific application specific (and sharable) OPerationalized in terms o
extraction events temporally located events
x 3 3 Y
i i i '
| | ! !
! | | !
[} ] ] [}
. ) L '
| "~ B T |
1 1 1 [l
Local Site EMRPArrrpter MediClass EMRAdapter EventsDataset
Extraction Application Post-Processor Processor
logic processor
Data Wareh CDpA CDA EventsDataset Study
ata Warehouse (XML) »{ W/ MC Concepts v > (Flatfile) »  Measures
(XML)
N ___ o
Data Extraction Concept Markup Study Analyses /
Quality Measurement
Local Site Local Site DCC

Study analysis/quality measurement. The distinct pipelines located at each health system
converge at a single analysis environment for computation of quality measures. Here, using SAS
analytic tools, information contained in the events dataset is processed across events to provide
the clinical (e.g., weight, readiness assessment, etc.) and temporal (e.g., evaluation interval)
criteria for identifying patients who meet numerator and denominator criteria for each measure.
Finally, the proportion (numerator/denominator) of patients receiving recommended services is
computed at the desired level (e.g., patient, provider, or health care organization).




Results

OCQ Measure Validation

Chart review. Validation of the automated OCQ measures was carried out based on chart
review at the patient level on a total of 912 patients, 456 each at KPNW and OCHIN. In addition,
the sample was stratified by sex, bmi (25-29 vs >30), and age (18-30, 40-64, and 65+).

An OCQ Measure Chart Review Validation Checklist was developed to ascertain whether a
patient was eligible for each quality measure (e.g., “patient is obese and needs treatment”) and
whether the patient received or did not receive the care recommended by the measure (e.g.,
“patient was counseled to lose weight”). A single abstractor was trained by study investigators
and the Clinician Advisory Panel to identify and code each quality measure, and was blind to
results from automated computation of the measures. Key coding instructions were provided on
the checklist and detailed instructions in the Manual of Operations. Weekly team meetings
addressed questions that came up for the review in the course of this work, and provided quality
checking on the chart review process. Comparison of the results from the chart review and the
automated methods are described in Table 3. For each site, prevalences of each measure, as
ascertained by both the chart review and automated methods are reported as overall accuracy,
sensitivity, specificity and predictive values of positive and negative tests of the automated
measures, relative to the chart abstraction reference standard.

Table 3. Performance of automated measures compared to chart review

Comparison of Automated to Chart Review

Measure delivered per as Reference Standard

automated
0oCQ Chart review
OCQ Measure Site algorithm (n=456) Acc. PPV NPV | Sens. | Spec.
(n=456) %
%
1. Documentation rﬁg‘;lltns
for BMI (weight . ng KPNW 93.9% 23.7% 26.3% | 23.4% | 71.4% | 92.6% | 5.7%
. inclusion
and height) L
criteria
- - OCHIN 85.8% 53.5% 51.1% | 52.7% | 41.5% | 84.4% | 12.7%

2. Documentation
of waist 25<BMI KPNW 0.0% 0.0% 100.0% | ----- 100.0% | ----- 100.0%

circumference

- - OCHIN 0.0% 0.0% 100.0% | ----- 100.0% | ----- 100.0%

3. Documentation
of advice to lose 25<BMI KPNW 25.9% 1.8% 75.9% 6.8% [100.0% |100.0% | 75.4%

weight (advise)

- - OCHIN 12.5% 1.1% 87.7% 5.3% | 99.5% | 60.0% | 88.0%
4. Documentation
of readiness
assessment 25<BMI KPNW 6.6% 0.7% 93.2% 3.3% | 99.5% | 33.3% | 93.6%
(psych
assessment)

- - OCHIN 4.4% 0.4% 95.2% 0.0% | 99.5% | 0.0% | 95.6%




5. Documentation
of diet goal/plan
recommendation | o gy | KpNw 17.5% 8.8% 87.7% | 40.0% | 97.9% | 80.0% | 88.5%
(diet, diet plan
assessment, DM
plan, loss plan)

- - OCHIN 12.1% 6.4% 93.9% | 51.8% | 99.8% | 96.7% | 93.7%
6. Documentation
of physical
activity goallplan |0 gy | kpnw 21.5% 16.2% 82.5% | 46.9% | 92.2% | 62.2% | 86.4%
recommendation
(exercise,
exercise plan)

- - OCHIN 10.8% 7.7% 93.9% | 57.1% | 98.3% | 80.0% | 95.0%
7. Documentation
of food diary 25<BMI KPNW 0.0% 3.1% 96.9% | ----- 96.9% | 0.0% |100.0%
education

- - OCHIN 0.0% 0.9% 99.1% | ----- 99.1% | 0.0% |100.0%
8. Documentation
of activity diary 25<BMI KPNW 0.0% 0.2% 99.8% | ----- 99.8% | 0.0% |100.0%
education

- - OCHIN 0.0% 0.0% 100.0% | ----- 100.0%| ----- 100.0%

25<BMI
9. & meets
Documentation of| any of KPNW 7.0% 12.9% 90.6% | 75.0% | 91.7% | 40.7% | 98.0%
follow-up visit measures
5-8
- - OCHIN 18.4% 20.4% 95.8% | 94.0% | 96.2% | 84.9% | 98.6%

Measure prevalence in validation sample. For the measures ascertained by chart review,
prevalences ranged from 0% to 54%. The most prevalent measure is BMI documentation (M1),
with 24% of charts reviewed at KPNW and 54% at OCHIN indicating documentation of BMI.*
Prevalences of documentation related to a diet plan (M5) and physical activity plan (M6) and
documentation related to a follow-up visit (M9) ranged from 6%-20%, while the other five
measures (documentation of waist circumference, weight loss advice, weight loss readiness, and
food and activity diary education) were detected at 3% prevalence or less across both sites.

Prevalences of the EMR-based measures ranged from 0% to 94% and were substantially
higher than chart review measures for BMI (94% and 86% for KPWN and OCHIN, respectively,
compared to 24% and 54% -- see footnote) and weight loss advice (26% and 13% compared to 2%
and 1%), and moderately higher for readiness assessment (7% and 4% compared to <1% at both
sites), and diet plan (18% and 12% compared to 9% and 6%). Prevalences for physical activity
recommendation and follow-up documentation were similar to those of the chart review method.
No instances of waist circumference, food diary or exercise diary discussion were detected by
the EMR method. These measures were rarely detected by chart review.

Measure performance relative to reference standard. Sensitivity measures the percentage
of patients that are correctly identified by the OCQ automated system as having received

L It turns out that the data being extracted for BMI is from a research database that “enhances” the representation of BMI through
off-line calculation from visit weight and historical height known for the patient. These calculations did not appear in the clinical
system interface used by the chart reviewers, which accounts for the low prevalence of BMI in chart review and high prevalence

of BMI identified by the automated method.
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recommended care (as ascertained by chart review). In general, higher sensitivity results in
identification of more patients receiving care and a decreased likelihood of missing patients who
received the care. Specificity measures the percentage of patients that are correctly identified as
not receiving care. Overall accuracy is measured as the total percentage of patients classified
correctly. We note that the chart review process is itself imperfect and it is not uncommon, e.g.,
for the automated approach to identify cases that are missed by chart review. In this context the
sensitivity and specificity determinations reported here are relative to the chart review reference.
Depending on the sensitivities and the specificities of the chart review reference to the true status
(i.e., recommended care delivered vs. not), bias in the assessment of the comparison method
(here the automated system) can be conservative or anti-conservative. Further work in this area
would require a more in-depth chart review process carried out by a panel of experts to establish
a “gold standard” reference set to obtain more accurate and precise estimates of the automated
system.

With the exception of Measure 1 (documentation of BMI — see footnote above), overall
accuracy of OCQ automated measures relative to chart review was good, ranging from 76% to
100%. High accuracy in these measures is due in large part to the agreement between the EMR
and chart review measures on the absence of measure documentation for the large majority of
patients (that is, few instances of advice or readiness, for example, were detected by either
method ), which also produces good specificity (75% or higher for all measures except BMI).
The low accuracy of the EMR-based BMI measure is due to the fact that the EMR measure
found a much higher prevalence of BMI documentation than did the abstractors — thus specificity
was low (6% and 13% for KPNW and OCHIN, respectively), while sensitivity was high (93%
and 84%, respectively). Some variation in the performance of the measures across sites is
evident in terms of sensitivity: diet (97% vs 80%), physical activity (80% vs 62%) and follow-
up (85% vs 41%) measures performed better (relative to chart review) at OCHIN compared to
KPNW, while advice (60% vs 100%) and readiness (0% vs 33%) performed worse.

In summary, the EMR-based advice and the diet and exercise plan measures performed best
relative to the reference standard, with relatively good sensitivity and specificity. Some
measures (waist circumference, food and exercise diary education) occurred too infrequently (by
either method) to be able to evaluate well in this sample. For the remaining measures
(documentation of BMI, readiness and follow-up visit), further work is needed by an expert
panel to adjudicate discrepancies between the EMR and chart review measures. This work
would inform next steps, i.e., determining which, if any, EMR-based measures need additional
refining of specifications to more accurately identify measures of interest and which perform
better in terms of locating information less accessible to manual chart reviewers.

OCQ Measures

As described above, patients eligible for this study include those aged 18-75 without
diagnoses indicating pregnancy, active treatment for cancer, an eating disorder or receipt of
palliative or hospice care. The prevalences of OCQ EMR-based measures 1 -8 for a patient
population meeting inclusion criteria during 2007 (n=160,636) are presented in Table 4.
Assessment of measures 2-8 was restricted to patients with a documented BMI of 25 or higher
(n=112,066). For measure 1, (documentation of BMI) there is a large discrepancy between sites
in the proportion of patients for whom documentation exists. This is likely reflective of the fact
that KPNW’s EMR has been in place substantially longer (at least 10 years than that of OCHIN
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(which has new practices joining on an ongoing basis), and that there is much more diversity in
the practice models supported by OCHIN. For measures 2-8, these prevalences are very
consistent with those observed in the EMR-measure validation study described above.

Table 4 Prevalence of OCQ measures during selected visits in 2007

OCQ Measure OCHIN KPNW Total
n=34,103 n=126,761 n=160, 636
. 17,090 123057 140,147
0, i) ’
1. Documentation of BMI, n (%) (50.1%) (97.2%) (87.2%)
n=15,358 n=96,708 n=112,066
2. Documentation of waist circumference, n (%) 1 (0.01%) 1 (0.0%) 2 (0.0%)
. . . 24,583 26,968
0 0 ! '
3. Documentation of advice to lose weight, n (%) 2,385 (15.5%) (25.4%) (24.1%)
4. Documentation of weight loss, n (%) 853 (5.5%) 6,235 (6.5%) 7,088 (6.3%)
. . . 16,606 18,450
0 o ; ;
5. Documentation of diet/goal/plan recommendation, n (%) | 1,844 (12.1%) (17.2%) (16.5%)
6. Documentation of physical activity goal/plan o 19,281 21,245
recommendation, n (%) 1,964 (12.8%) (19.9%) (20.0%)
7. Documentation of food diary education, n (%) 15 (0.1%) 136 (0.1%) 151 (0.1%)
8. Documentation of activity diary education, n (%) 19 (0.1%) 39 (0.0%) 58 (0.1%)
. - 15,358 12,348
- 0, ! 0, !
9, Documentation of follow-up visit, n (%) (13.7%) 9,149 (9.5%) (11.0%)

Outcome Analysis

Sample characteristics. In the following section Measures 2-8 are further assessed with
respect to their association with future weight loss. A total of 112,094 patients with BMI of 25
or greater were included in these analyses, 15,358 from OCHIN and 96,708 from KPNW. Table
5 describes characteristics of this population overall and by site. Compared to OCHIN, the
KPNW population tended to be older, more predominantly white, and overall, carried a slightly
higher burden of risk factors - e.g., 34% of KPNW patients had two or more risk factors while
25% of OCHIN patients did. The distribution of BMI category (i.e., 25-29 vs > 30) was similar
across sites (57% with BMI > 30 at OCHIN, 58% at KPNW).

The primary outcome measure was defined as the percent change in weight between baseline
weight (measured on the index date) and final weight (measured 12 months post index date +/- 2
months). Change in baseline weight was expressed as: 100*((final weight — baseline
weight)/baseline weight).A total of 50,678 patients had valid baseline and final weight and were
included in this analysis. Linear regression was used to model percent change in weight as a
function of each of the obesity care measure indicators, adjusting for baseline weight, height, age
category, sex, occurrence of new CAD, diabetes or cancer since index date, and a propensity
score. For each measure, propensity scores were developed using logistic regression to predict
the probability that a patient received a given care measure as a function of their personal
characteristics, risk factors (shown in Table 1), provider and clinic. A summary score was also
computed as the total sum of care measures received. This score ranged from zero to six.
Measure 2, documentation of waist circumference, was excluded from analyses of the individual



measures, as only two occurrences of this measure were noted, but was included in the summary

SCore.

Table 5. Characteristics of OCQ measure assessment population

OCHIN

KPNW

Total

n=15,358

n=96,708

n=112,066

Female sex, n (%)

9,139 (59.4%)

50,071 (51.8%)

59,210 (52.8%()

Age 18-34,n (%)

4,136 (26.9%)

10,714 (11.1%)

14,850, (13.3%)

35-64, n (%)

10,269 (12.3%)

73,304 (75.8%)

83,573, (74.6%)

65+, n (%) 953 (6.2%) 12,690 (13.1%) 13,643 (12.2%)
Race category, n (%)
White 11,872 (77.4%) 77,531 (91.9%) 89,403 (89.7%)

African American

1,171 (7.6%)

2,795 (3.3%)

3,930 (,3.9%)

Asian

306 (2.0%)

2,797 (3.3%)

3,103 (3.1%)

Hawaiian/Pacific Islander

35 (0.2%)

455 (0.5%)

490 (0.5%)

American Indian

170 (1.1%)

844 (1.0%)

1,014 (1.0%)

Unknown/other

1781 (11.6%)

0 (0.0%)

1,781 (1.8%)

Risk Factors (ICD codes), n (%)

Hx of CHD

63 (0.4%)

1,808 (1.9%)

1,871 (1.7%)

CAD

987 (1.0%)

69 (0.5%)

1,056 (0.9%)

Diabetes, type Il

1,923 (12.5%)

10,990 (11.4%)

12,913 (11.5%)

Sleep apnea

136 (0.9%)

1,367 (1.4%)

1,503 (1.3%)

Other obesity-related disease

60 (0.4%)

76 (0.1%)

136 (0.1%)

Smoking

1,012 (6.6%)

8,362 (8.7%)

9,374 (8.4%)

Hypertension

2,946 (19.2%)

21,319 (22.0%)

24,265 (21.7%)

Hyperlipidemia

2,117 (13.8%)

16,133 (16.7%)

18,250(16.3%)

HighTriglycerides

38 (0.3%)

795 (0.8%)

833 (0.7%)

Impaired fasting glucose

214 (1.4%)

5295 (5.5%)

5,509 (4.9%)

Male, age >45 1,860 (12.1%) 18,001 (18.7%) | 19,951 (17.8%)
Femal, age > 55 or post- 1,969 (12.8%) 20,530 (21.2%) | 22,499 (20.1%)
menopause

Two or more risk factors

3,788 (24.7[%)

32,983 (34.1%)

36,771 (32.8%)

BMI > 30, n (%)

8,670 (56.5%)

56,487 (58.4%)

65,157 (58.1%)

Distribution of percent change in weight for this population was symmetrically distributed
(0.13+ 5.89) and ranged from -73% to +75%. Regression results are shown in Table 6.
Coefficient estimates and their standard errors, p-values and 95% confidence intervals are given.
The coefficient estimates were all negative (corresponding to loss of weight between baseline
and follow-up) although statistical significance was only achieved for the Advice, Physical
Activity Plan and Food Diary Education measures. Because of the large sample, power is high
to detect small differences. For example, the Advice measure was associated with a reduction in
baseline weight of 0.14% over 12 months and the Food Diary Education Plan had the largest
clinical association, indicating a 1.5% reduction in baseline weight, on average.
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The summary measure, a simple count of total services documented, was also small but
statistically significant. This coefficient estimate suggests that, on average, there is an additional
0.06% reduction in baseline weight for each additional measure delivered.

There are some limitations to these findings. First, measures 2-8 were only analyzed in
patients who had a documented BMI. Results are not generalizable to populations in which a
BMI was not documented but may nevertheless benefit from (and should be) receiving obesity
care services. Second, because not all patients had a follow-up visit within the window in which
final weights were obtained, the outcome measure is missing for a substantial proportion of the
population. Additional work is needed to understand how these missing patients may differ from
the analysis set and to employ methodologies (e.g. survival methods) that better account for
censoring. Third, additional work is needed in reconciling discrepancies between the EMR-
based measures and the imperfect reference standard based on chart review to better understand
the strengths and weaknesses of an automated system for assessing care quality. Finally, the
measures investigated here, including the summary measure, are based on care events essentially
occurring at a single point in time (even the follow-up visit should be arranged on the index date).
It’s conceivable that, over a period of time, repeated delivery of care measures may have a
cumulative impact (i.e. a “dose” effect). These limitations outline future work for understanding,
refining and implementing a consistent and comprehensive assessment of the delivery and
impact of obesity care measures.

Summary. Given the limitations described above, these results are nevertheless encouraging:
1) they provide external validation of the EMR-based measures in that the associated effects,
while small, are consistently in the expected direction, 2) they provide some evidence that the
delivery of these services can impact an important outcome and encourage work to find ways of
increasing that impact and 3) they reinforce the notion that comprehensive obesity care quality
assessment can be effectively and efficiently implemented.

Table 6. Results of linear regression analysis* of individual OQC measures on percent change in weight

Individual Measures Coef (sd) P-value glf)(\)//\(/)e? Ss?p?r

2. Documentation of waist circumference t t t t t

3. Documentation of advice to lose weight -0.144 0.062 0.021 -0.266 -0.022

4. Documentation of weight loss readiness assessment -0.182 0.106 0.085 -0.390 0.025

5. Documentation of diet/goal/plan recommendation -0.053 0.073 0.466 -0.196 0.090

6. Documentation of physical activity goal/plan -0.162 0.068 0.017 -0.295 -0.029

7. Documentation of food diary education -1.518 0.718 0.035 -2.927 -0.110

8. Documentation of activity diary education -0.006 0.016 0.702 -0.037 0.025

9, Documentation of follow-up visit -0.046 0.078 0.553 -0.199 0.106
Summary Measure

Sum of individual measures -0.059 0.024 0.015 -0.107 -0.012

* Adjusted for baseline weight, height, age category, sex, occurrence of new CAD, diabetes or cancer since index date, and a
propensity score
T Not assessed
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