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1 | INTRODUCTION

Abstract

Objective: Coding of obesity using the International Classification of Diseases (ICD)
in healthcare administrative databases is under-reported and thus unreliable for
measuring prevalence or incidence. This study aimed to develop and test a rule-
based algorithm for automating the detection and severity of obesity using height
and weight collected in several sections of the Electronic Medical Records (EMRs).
Methods: In this cross-sectional study, 1904 inpatient charts randomly selected in
three hospitals in Calgary, Canada between January and June 2015 were reviewed
and linked with AllScripts Sunrise Clinical Manager EMRs. A rule-based algorithm
was created which looks for patients' height and weight values recorded in EMRs.
Clinical notes were split into sentences and searched for height and weight, and BMI
was computed.

Results: The study cohort consisted of 1904 patients with 50.8% females and
43.3% > 64 years of age. The final model to identify obesity within EMRs resulted in
a sensitivity of 92.9%, specificity of 98.4%, positive predictive value of 96.7%,
negative predictive value of 96.6%, and F1 score of 94.8%.

Conclusions: This study developed a highly valid rule-based EMR algorithm that
detects height and weight. This could allow large-scale analyses using obesity that

were previously not possible.
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of their accurate height or weight. Underestimation of weight or

Measuring the prevalence of obesity using BMI in national surveys
such as the Canadian Community Health Survey (CCHS) or National
Health and Nutrition Examination Survey (NHANES) relies on self-
reported height and weight measures. These measures are poten-

tially subject to respondent biases as respondents may not be aware

overestimation of height by survey respondents could lead to un-
derestimation of obesity.'? Administrative databases have previously
been found to under-code certain conditions including obesity.2 For
example, using the Discharge Abstract Database (DAD), one study
found that a case definition using International Classification of
Diseases (ICD) diagnostic codes E65-E68 (ICD-10) to identify obesity
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had a very low sensitivity, less than 10%.2 Abstracted data in
administrative databases were previously deemed not useable for

235 and was

obesity surveillance due to underestimation of obesity,
found to more likely capture Class Il obesity and miss those with
Class | obesity.?

Electronic medical records (EMRs), which systematically collect
and store patient health information (clinical and administrative) in a
digital format, have been widely adopted in both acute and primary
care settings in many countries.®”® The use of EMR data, originally
intended for clinical and administrative purposes, has expanded to
disease surveillance and diverse epidemiological research over the
years.® The vast amount of health data generated using EMRs avails
opportunities for the development and use of analytical tools for
clinical decision support and improving patient outcomes.’ ** Several
analytical approaches for the identification of individuals with partic-
ular conditions or outcomes, also known as phenotyping, have been
developed utilizing EMR data.'? One of these techniques is rule-based
phenotyping, which is based on expert-defined criteria drawn from
consensus guidelines on diagnosis and treatment.*>% EMRs record the
patients’ body weight and height for their hospital visit, which lend an
opportunity for the development of an algorithm for the identification
of obesity using the BMI. This algorithm could potentially have a higher
validity for obesity identification in comparison to the administrative
databases where identification is dependent on the documentation of
obesity by healthcare providers and coding by abstractors.

In Calgary, AllScripts Sunrise Clinical ManagerTM (SCM) is an
inpatient EMR system that has been in use since 2006 with inpatient
health data collected from more than 5.4 million people.® SCM in-
cludes structured as well as free-text data including discharge sum-
maries, clinical examination, and hospitalization progress notes from
the patient-provider interactions at the five hospitals in the city.® The
aim of this study was to develop a rule-based algorithm to improve
the phenotyping of height and weight measures for detecting obesity
using several different sections of the SCM EMR data from Calgary,
Alberta, Canada, and to test the performance of the algorithm by
comparing with manual chart review.

2 | METHODS

2.1 | Design and study population

This is a retrospective cross-sectional study completed using EMR
data for adult patient population hospitalized in Calgary between 1
January 2015, and 30 June 2015. Patients were randomly selected
from three adult acute care hospitals (Foothills Medical Centre,

Rockyview General Hospital, and Peter Lougheed Centre).

2.2 | Data sources

A total of 3043 patient charts were extracted from SCM EMR data

and used to create and evaluate the algorithm. The free text

documents within each chart were used. There were a total of 58
unique clinical note names in the extracted EMR data, such as
“discharge summary”, “nursing notes”, and “history and physical.” A
manual chart review was previously completed using the same charts
which abstracted patients' demographics such as age, sex, and the
presence of comorbidities, specifically diabetes, hypertension, liver
disease, cancer, myocardial infarction, congestive heart failure, and
cerebrovascular disease.'® This original study compared chart review
and administrative data; the current study now links the EMR data
from this chart review from this cohort to evaluate the rule-based

algorithm.

2.3 | Final study cohort

To determine the final study cohort, charts that did not have height/
weight data captured in the chart reviews or the EMRs were
excluded. Figure 1 displays the process of obtaining the cohort to
evaluate our algorithm. The chart review had access to paper docu-
ments that were not available for this study, resulting in the removal
of 224 charts.

2.4 | Rule-based algorithm

To identify obesity in the free text of EMR, a rule-based algorithm
was created. A rule-based algorithm was chosen instead of machine
learning or other methods because of its simplicity. The main goal of
the algorithm is to detect height and weight, clean the values if
necessary, and then calculate BMI. The detection of these terms is a
named-entity recognition problem, where spans of text are flagged as
being the entities of interest.®> A rule-based algorithm can achieve
this goal while also being easy to explain. To detect height and weight

Chart review performed

3043 Charts

| S —

Charts without height and weight in the review removed
.

2128 Charts

| S —

Charts without height and weight in EMR removed

Y

1904 Charts

FIGURE 1 Process for obtaining obesity cohort within
Electronic Medical Record data.
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within EMRs, a simple spaCy pipeline was created with a customized
sentencizer.'® The purpose of the pipeline is to look through all the
text and define the sentence boundaries within each document. For
every document within a chart, the document is fed into the pipeline
to find the individual sentences. Each sentence is searched for a
mention of height or weight. If one is found, regular expressions are
used to find any numbers in the sentence.'”'1®

In the EMR, most measurements were in centimeters and kilo-
grams. If measurements were recorded in other units, they were
converted to centimeters or kilograms. A common error within EMRs
is that height and weight are swapped, with the height recorded
where weight should be, and weight where height should be. Values
found within the same document were checked and swapped if
necessary. If the height value was outside five standard deviations
from the mean adult height, and the weight value was inside five
standard deviations, the values were swapped before computing the
BMI. Five standard deviations were used as this provided the best
results and is still within reasonable judgment values for a person's
height. Other unrealistic values such as “height recorded 2015-02-
13” were also excluded.

2.5 | Handling multiple height and weight values
For each chart, there are many documents, which can lead to more
than one measurement for height or weight recorded within the
chart. The patient's weight can fluctuate over their stay in the hos-
pital, and this leads to different BMI values. If the values are on
opposite sides of 30, the algorithm must have a way to predict
whether obesity is present or absent. To address this, four different
methods were created and tested. The first was simply taking the
lowest BMI value (lowest weight, highest height). The second was
taking the highest BMI value (highest weight, lowest height). The
third method was taking the average of all the heights and average of
all the weights and then calculating the BMI. The final method was
taking the weight and height values closest to the patient's discharge
(i.e., most recent) to accurately capture the state of the patient when
they left the hospital.

2.6 | Statistical analysis and evaluation

The study cohort was characterized based on age, sex, and comor-
bidity using descriptive statistics, and the performance of the rule-
based algorithm for obesity detection was tested by a previous
manual chart review.'* For the performance evaluation, the study
team first compared the means of heights and weights found by the
algorithm to the means in the chart review. Second, the team tested
whether the algorithm correctly determined whether a patient had
obesity. By using the chart review as a reference standard, the study
team calculated sensitivity, specificity, positive predictive value
(PPV), negative predictive value (NPV), and F1 score. This compari-

son was conducted across different parameters including age, sex,
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and number of comorbidity conditions that were identified in the
chart review. The ICD codes for obesity in the DAD administrative
database for the same study population were also compared to the
BMI values in the chart review to assess the sensitivity, specificity,
PPV, NPV and F1 scores for detecting obesity using the adminis-
trative database. The evaluation metrics were calculated on the
entire chart review set that obesity labels were available for, as
opposed to dividing the data into training and test sets, since a rule-
based algorithm was used (as opposed to training a machine learning
algorithm).

Ethics approval for this study was obtained from the Conjoint
Health Research Ethics Board at the University of Calgary (REB15-
0790).

3 | RESULTS

Following the process outlined in Figure 1 by excluding the charts
without height and weight in the chart review and in the EMR, the
final cohort created for assessing the algorithm consisted of 1904
patients with 50.8% females and 43.3% greater than 64 years of age.
Baseline demographic and Charlson comorbidity characteristics of
the cohort were provided by the manual chart review and are dis-
played in Table 1. Several patients (48%) had hypertension, 33.4%
had cancer, and 17.3% had diabetes. Supplementary Table A1 shows
that the characteristics of the final cohort were similar to the cohorts
missing height or weight information in chart review or EMR.

Of the 1904 charts, more than one value for height was found in
1402 (73%) and more than one value for weight was found in 1518
(79%). About 3% (n = 54) charts had five or more heights and 16%

TABLE 1 Characteristics of the study cohort (1904).

Demographics Final cohort
N (%) N (%)
Age

Less than 50 504 (26.5%)
50 to 64 575 (30.2%)

Greater than 64 825 (43.3%)

Sex
Male 936 (49.2%)
Female 968 (50.8%)
Comorbidity
Diabetes 330 (17.3%)

Hypertension 914 (48.0%)
138 (7.3%)

635 (33.4%)

Liver disease

Cancer

Myocardial infarction 49 (2.6%)
Congestive heart failure 176 (9.2%)

Cerebrovascular disease 178 (9.4%)
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(n = 308) charts had five or more weights detected. The presence of
more than one value for height or weight in the patient chart resulted
in the calculation of BMI using four different methods described
earlier (lowest BMI, highest BMI, average BMI, closest to discharge/
recent BMI). The rates for sensitivity, PPV, NPV, specificity, and F1
score for all four methods were greater than 85% (Figure 2). As can
be expected, the method for taking the lowest BMI has very high
specificity and PPV, but lower sensitivity. Conversely, the highest
BMI method has very high sensitivity and NPV, but a lower PPV. The
average and closest to discharge (i.e., recent) BMI methods are more
balanced, with the closest to discharge (recent) method having a
slightly higher F1 score than the average method. Therefore, further
results are displayed using the closest to discharge (recent) method.

The mean values for height and weight using the values closest
to discharge for each chart were also calculated and compared to the
means from the chart review to assess the accuracy of the algorithm
(Table 2). This is important because it is possible to predict obesity
correctly while incorrectly identifying height or weight. Overall, the
mean height and weight from the EMR were found to be very close to
the mean height and weight from the chart reviews, with the mean
weight (79.5 kg) from chart review data slightly higher than the mean
weight (78.0 kg) from EMR data.

The data were further analyzed to assess the severity of obesity
in our study cohort and the performance metrics (sensitivity, speci-
ficity, PPV, NPV and F1) for obesity detection by age, sex, and
number of comorbidity conditions (Table 3). The prevalence of
obesity (i.e., BMI > 30) was found to be slightly lower using the EMR
algorithm (31.5%) compared to manual chart reviews (32.7%). Of
those who had obesity, the majority (18.2% by EMR and 18.9% by
chart review) were found to be in Class | of obesity (i.e., BMI 30
to < 35) and the least (5.0% by EMR and 5.5% by chart review) in
Class Il (i.e., BMI > 40). The rates for sensitivity, specificity, PPV, and
NPV for detecting obesity using our EMR algorithm were very high
(>90%) regardless of age, sex, or the number of comorbidities.

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

%
oy
oy
e

Sensitivity

Specificity PPV NPV

Lowest Highest B Average

Recent

This study also found the prevalence of obesity to be higher
among those who had a higher number of comorbidities. Using EMR
data, the prevalence of obesity was found to be 25.7% among those
with no comorbidities, 32.3% with one comorbidity and 35.2% with
two or more comorbidities (Table 3). This signifies the association of
obesity with other conditions as suggested by previous research. For
example, the prevalence of obesity was found to be 29.0% in those
with diabetes versus 17.9% in those without.?

Additionally, the ICD codes in the DAD, compared to the BMI
value in the chart review, were found to have a sensitivity, specificity,
PPV, NPV, and F1 scores of 8.7%, 99.8%, 96.4%, 69.2%, and 15.9%,
respectively. The rule-based EMR algorithm has a comparable PPV
and specificity but much higher sensitivity, NPV, and F1 score.

TABLE 2 Mean height and weight of chart review and
electronic medical record.

Mean weight (kg) Mean height (cm)

Chart review EMR  Chart review EMR

Overall 79.5 780 1678 167.9
Age
Less than 50 80.7 787 1706 170.4
50 to 64 85.5 83.1 1691 169.5
Greater than 64  74.9 74.1 165.2 165.3
Sex
Male 86.3 848 1749 174.8
Female 72.9 714  160.9 161.1
Comorbidities
0 78.7 76.7  169.6 169.5
1 79.3 781 1674 167.5
2+ 80.4 78.9  166.7 166.9

FIGURE 2 Performance metrics for
obesity presence.
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TABLE 3 Performance metrics of obesity detection using electronic medical records in comparison to chart review across obesity classes

and patient characteristics.

Chart review (%) EMR (%)

Sensitivity (%)

Specificity (%) PPV (%) NPV (%) F1 (%)

BMI
<30 (not obese) 67.3 68.5 98.4
Class I: 30 < BMI < 35 18.9 18.2 90.5
Class Il: 35 < BMI < 40 8.4 8.3 87.3
Class lll: BMI > 40 55 5.0 80.8
Obesity (BMI > 30) 32.7 315 92.9
Age
Less than 50 28.9 27.5 924
50 to 64 43.0 40.9 91.7
Greater than 64 28.2 27.6 94.5
Sex
Male 30.7 29.9 94.1
Female 34.7 33.0 92.0
Number of comorbidities
0 27.5 257 91.0
1 338 323 93.1
2 or more 35.9 35.2 93.9

93.2 96.8 96.7 97.6
98.6 93.9 97.8 92.2
98.9 87.9 98.9 87.6
99.3 87.5 98.9 84.0
98.4 96.7 96.6 94.8
98.9 97.1 97.0 94.7
97.5 96.5 94.0 94.1
98.7 96.6 97.9 95.5
98.5 96.4 97.4 95.2
98.4 96.9 95.8 94.4
99.0 97.3 96.7 94.0
98.7 97.4 96.6 95.2
97.7 95.7 96.6 94.8

4 | DISCUSSION

This study developed and validated a rule-based algorithm using
EMR data for obesity detection. Overall, obesity could accurately be
identified in an inpatient population using EMR data with high val-
idity (>90% sensitivity, specificity, PPV, NPV, and F1) and across
patient characteristics (age, sex, comorbidity conditions). Of the
height and weight values captured multiple times during patients'
hospital stay, BMI calculated using the values closest to discharge
(i.e., most recent) had the highest validity.

The study findings suggest that EMR correctly captures a higher
proportion of patients with obesity compared to administrative da-
tabases. EMR data had higher sensitivity (>90%) versus ICD-coded
data (8.7%), while maintaining high specificity, PPV, NPV and F1 of
greater than 90%. The EMR data source is valuable for obesity sur-
veillance, health services research, as well as the evaluation of
population-based public health interventions. In this study, the
prevalence of obesity using the BMI closely matched that from
manual chart reviews for all obesity classes, alleviating the risk of
failing to detect those in earlier stages of obesity as was the case with
abstracted data from administrative databases in Martin et al study.?
Obesity is generally a secondary diagnosis during hospitalization,
making it optional for coding per the Canadian coding standards.**?
In addition, time constraints and the high volume of work faced by
the coders could also impact coding. Furthermore, coders are only
required to review physician or primary care provider documentation
for abstracting diagnosis information. This, combined with poor

documentation of obesity by physicians, leads to the inadequacy of

administrative data for obesity detection or estimation. These chal-
lenges in the administrative databases could be mitigated by an
automated EMR-based algorithm, which is not dependent on the
coding of obesity in a patient chart by the physician/primary care
provider or the coders not abstracting obesity as secondary di-
agnoses. Thus, the EMR-based algorithm could overcome the po-
tential biases associated with coding guidelines and physician/
primary care provider practice of documentation. It is important to
note that the Canadian Institute for Health Information (CIHI) added
height and weight as new fields to the DAD as of the 2018-2019
fiscal year, which allows for the calculation of BMI for obesity.2°
Again, the lack of documentation of height and weight in the physi-
cian or nursing clinical notes would render the addition of these fields
of low yield for obesity detection. To our knowledge, the level of
completeness of the height and weight fields in the DAD is yet to be
tested.

Another study conducted in an outpatient clinical setting found
EMR data to significantly under-code obesity in the patient problem
list compared to obesity identified using EMR-generated BMI (5.6%
vs. 51.7%), where BMI was automatically calculated by EMR using
the height and weight measures recorded in the patient's chart.?!
Similar to Martin et al's study,? this study found that documentation
of obesity in charts was much more likely for those who were in the
higher class of obesity (i.e., BMI > 40), indicating a lack of recognition
of obesity as a significant medical problem by the physicians.?!

Direct implementation of this algorithm in an EMR system has
the potential to enhance patient care by aiding physicians by

recognizing the presence of obesity at the point-of-care leading to
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patient counseling and referral for interventions targeting obesity
and obesity-related complications. A study by Roth et al (2014)
further explored the secondary use of EMRs by linking EMR-derived
BMI and community data to study community-level factors, such as
farmers markets, grocery stores, and level of education, associated
with overweight and obesity.?? Their study suggested the value of
integrating EMR and community data in enabling physicians to factor
in the patient environment into health recommendations at the
point-of-care.?? In Alberta, Alberta Health Services (AHS) has
launched a provincial EMR initiative, known as Connect Care, built by
Epic Systems Corporation. The deployment of Connect Care offers
opportunities for the implementation of EMR algorithms across the
province within inpatient and outpatient healthcare service centres.
To explore the opportunity of automating obesity detection by
implementing this algorithm in the Connect Care EMR, further dis-
cussions will be required with the implementation and authoritative
teams of Connect Care and AHS.

Some of the challenges faced in developing this algorithm that
affected the results included human error and inconsistency in
documentation leading to poor data captured in the EMR. Examples of
poor data encountered included recording of height as 108 instead of
180, swapping of height and weight values, recording of weight value
for both height and weight, and use of incorrect units (such as, height
recorded as 66 cm instead of 66 inches). These challenges were
addressed by creating rules as outlined in the methodology section
above. However, there were other scenarios which were more diffi-
cult to address by creating rules. An example scenario is “the patient is
a small person of 152 cm”, where it is easy for a human to infer the
height correctly but more challenging for an algorithm to detect. Thus,
not every possible situation was addressed due to the increasingly
large number of rules that would be required for a very small per-
formance increase. Furthermore, this study found that 11% (n = 224)
of medical charts were missing height or weight in the EMR. This
makes it impossible to use an algorithm that uses height and weight to
detect obesity. Additionally, further research is needed to assess the
use of this EMR algorithm for capturing patient BMI trajectory over
time as a potential method for long-term follow-up.

This study also has some limitations that are important to note.
First, the study team used inpatient documentation only and is aware
that obesity is largely managed in outpatient settings. However, this
study was aimed at developing EMR-based obesity case identification
in order to overcome under-coding issues in ICD administrative da-
tabases, such as the DAD. Second, this study was performed using
data from one large urban city and the practice of documentation in
the EMRs may vary across geographic areas. Thus, further studies are
needed to conduct external validation of our rule-based algorithm
using data from other regions and jurisdictions, including community-
based EMRs.

This study found EMR data from Calgary, Alberta to be suitable
for developing an algorithm for detecting obesity within an inpatient
setting. An EMR algorithm was developed and evaluated that detects
height and weight and was found to be highly valid. This could allow

for large-scale secondary data studies with BMI as either a predictor

or outcome. The study team suggests that the validity of this algo-
rithm should be tested in other regions of Canada using different
EMRs used across the country.
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