Rheumatoid arthritis

RMD
Open

Rheumatic &
Musculoskeletal
Diseases

To cite: Spencer AK, Bandaria J,
Leavy MB, et al. Validation of

a machine learning approach

to estimate Clinical Disease
Activity Index Scores for
rheumatoid arthritis. RMD Open
2021;7:001781. doi:10.1136/
rmdopen-2021-001781

» Additional supplemental
material is published online only.
To view, please visit the journal
online (http://dx.doi.org/10.
1136/rmdopen-2021-001781).

Received 15 June 2021
Accepted 29 October 2021

| '.) Check for updates

© Author(s) (or their
employer(s)) 2021. Re-use
permitted under CC BY-NC. No
commercial re-use. See rights
and permissions. Published

by BMJ.

"Data Science, OM1 Inc, Boston,
Massachusetts, USA
%Research, OM1 Inc, Boston,
Massachusetts, USA
%Research, Noble and
Greenough School, Dedham,
Massachusetts, USA
*Biostatistics, OM1 Inc, Boston,
Massachusetts, USA

Correspondence to
Michelle B. Leavy;
mleavy@om1.com

SHORT REPORT

Validation of a machine learning
approach to estimate Clinical Disease
Activity Index Scores for

rheumatoid arthritis

Alison K. Spencer,’ Jigar Bandaria, Michelle B. Leavy

2 Benjamin Gliklich,®

Zhaohui Su,* Gary Curhan,? Costas Boussios'

ABSTRACT

Objective Disease activity measures, such as the Clinical
Disease Activity Index (CDAI), are important tools for
informing treatment decisions and monitoring patient
outcomes in rheumatoid arthritis (RA). Yet, documentation
of CDAI scores in electronic medical records and other
real-world data sources is inconsistent, making it
challenging to use these data for research. The purpose
of this study was to validate a machine learning model to
estimate CDAI scores for patients with RA using clinical
notes.

Methods A machine learning model was developed to
estimate CDAI score values using clinical notes from a
specific rheumatology visit. Data from the OM1 RA Registry
were used to create a training cohort of 56 177 encounters
and a separate validation cohort of 18726 encounters,
11985 of which passed a model-derived confidence filter;
all included encounters had both a clinician-recorded
CDAI score and a clinical note. Model performance was
assessed using the area under the receiver operating
characteristic curve (AUC), positive predictive value (PPV)
and negative predictive value (NPV), calculated using a
binarised version of the outcome. The Spearman’s R and
Pearson’s R values were also calculated.

Results The model had a PPV of 0.80, NPV of 0.84

and AUC of 0.88 when evaluating performance using

the binarised version of the outcome. The model had a
Spearman’s R value of 0.72 and a Pearson’s R value of
0.69 when evaluating performance using the continuous
CDAI numeric scores.

Gonclusion A machine learning model estimates CDAI
scores from clinical notes with good performance.
Application of the model to real-world data sets may allow
estimated CDAI scores to be used for research purposes.

INTRODUCTION

Rheumatoid arthritis (RA) is a chronic
inflammatory condition that can lead to
physical impairment and reduced quality of
life. Composite disease activity measures are
useful tools for understanding treatment
response and patient outcomes in clinical
studies and for supporting a treat-to-target

Key messages

What is already known about this subject?

» Composite disease activity measures are useful
tools for understanding treatment response and
patient outcomes in clinical studies of rheumatoid
arthritis (RA).

» Scores are recorded inconsistently in real-world
data sources, making it challenging to use these
data sources for research.

What does this study add?

» A machine learning model can be used to estimate
Clinical Disease Activity Index scores for patients
with RA using unstructured clinical notes data.

» Other efforts have used machine learning models
to estimate disease activity scores based on notes
and laboratory values. This model uses clinical notes
only, making it applicable to a larger set of patient
encounters.

How might this impact on clinical practice or

future developments?

» The model could be used to fill in gaps in real-world
data sources, making these data more valuable for
RA research.

approach in clinical practice.'™ The Clinical
Disease Activity Index (CDAI) is a validated
composite disease activity measure that is
recommended for use in routine clinical
practice.” While other widely used measures,
such as the Disease Activity Score with 28-joint
counts (DAS 28) and the Simplified Disease
Activity Index (SDAI), require laboratory
tests, the CDAI is calculated using informa-
tion from the physical examination combined
with the Patient Global Assessment of Disease
Activity and the Provider Global Assessment
of Disease Activity.4 % As a result, the score
is available immediately and can be used to
inform treatment decisions during the visit.
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Table 1 Demographic and clinical characteristics of
training and validation cohorts
Training Validation
cohort Cohort
(n=21062) (n=11839)
Age, years Mean (SD) 62.5 (13.4) 62.5 (13.4)
Sex Female 78.5% 78.7%
Male 21.5% 21.3%
Race White 67.0% 67.2%
Black 8.7% 9.0%
Other 22.4% 22.4%
Unknown 1.9% 1.5%
Duration of Mean (SD) 5.5(1) 5.5(0.9)
follow-up, years
Body mass index Mean (SD) 29.8 (7.1) 29.9 (7.2)
(BMI)*
Hypertension n (%) 720 (3.4%) 235 (2.0%)
Type 2 diabetes n (%) 751 (8.6%) 372 (3.1%)
Cardiovascular  n (%) 202 (1.0%) 83 (0.7%)

disease

*Note, the BMI recorded on the encounter date was used. If BMI
was not recorded on the encounter date, the closest recorded BMI
before the encounter date was used.

While the CDAI is suitable for use in routine clinical
practice, CDAI scores are not documented consistently
in electronic medical records (EMRs).® This makes it
difficult to use EMR data to support real-world research
studies of RA treatment patterns and outcomes and to
compare real-world outcomes to clinical trial results.
While statistical methods may be applied to impute
missing CDAI scores, many patients in real-world data sets
do not have sufficient longitudinal CDAI scores to allow
for imputation. New approaches to estimating CDAI
scores at discrete time points using routinely recorded
clinical data would increase the utility of real-world data
sources for research.

Machine learning algorithms have been developed to
estimate disease activity scores for other rheumatological
conditions using clinical notes’ and administrative data.’
Machine learning algorithms have also been developed
for use in RA to predict disease activity at the patient’s
next rheumatology clinic visit using structured EMR data
and laboratory values’ and to estimate disease activity
scores at a specific rheumatology clinic visit using clinical
notes and laboratory values.'’ These efforts demonstrate
that it is feasible to use routinely recorded clinical and
laboratory data to estimate and predict disease activity in
RA. Laboratory data may not be available for some rheu-
matology clinic visits, however, making it important to
estimate disease activity measures such as the CDAI using
clinical notes only.

The objective of this study was to validate a machine
learning model to estimate CDAI scores for RA patients
using clinical notes.

METHODS

Participants

Data for this study were drawn from the OM1 RA Registry.
The registry contains clinical and administrative data on
over 200900 patients with RA from rheumatology prac-
tices across the USA. Data are available from 2013 to 2021
and include clinical data extracted from EMRs (medica-
tion history and prescription information, laboratory
results and diagnoses as documented by a physician),
unstructured physician-documented notes, and unadju-
dicated medical and pharmacy claims. Disease activity
scores, such as the CDAI, DAS 28 and SDAI, are available
in the registry when they are documented in the EMR
in structured fields. Patients are eligible for the registry
if they are followed by a rheumatologist and have either
multiple diagnosis codes for RA or prescriptions for a
disease-modifying antirheumatic drug plus documented
joint exams, RA-specific disease activity measures or
RA-specific patientreported outcomes. All registry data
are deidentified.

For this study, RA registry patients with at least one
clinician-recorded CDAI score and at least one text-based
clinical note associated with the date of the clinician-
recorded CDAI score were identified and randomly
assigned to either the model training cohort (75%) or
the model validation cohort (25%). Prior to random
assignment, notes were stratified by score such that the
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Figure 1 The AUC was calculated using a binarised version
of the outcome in which the negative class is defined as
those notes with CDAI scores less than or equal to 10.0 (the
threshold at which CDAI scores are considered to transition
from ‘low’ to ‘moderate’ disease activity), and the positive
class is defined as those records with scores greater than

or equal to 10.1. For this model, the AUC=0.88. AUC, area
under the receiver operating characteristic curve; CDAI,
Clinical Disease Activity Index; eCDAI, estimated CDAI.
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Figure 2 Distribution of categories and confusion matrix of estimated and clinician-recorded CDAI scores in validation cohort.
The figure presents the distribution of eCDAI scores and the distribution of clinician-recorded CDAI scores categorised into
remission (0-2.8), mild (2.9-10.0), moderate (10.1-22.0) and high disease activity (22.1-76.0) (left). The confusion matrix (right)
shows the model’s performance at estimating CDAI scores in each of these four categories. CDAI, Clinical Disease Activity

Index; eCDAI, estimated CDAI.

score distribution across the model training and model
validation cohorts was similar.

Modeling strategy

Dependent variable

The model is trained to estimate a numeric CDAI score,
which can range from 0 to 76.0. The trained model
generates an estimated CDAI (eCDAI) score for a specific
encounter on a specific date. CDAI scores are mapped
commonly to the following disease activity levels: remis-
sion (0.0-2.8); low disease activity (2.9-10.0); moderate
disease activity (10.1-22.0) and high disease activity
(22.1-76.0)."

Explanatory variables: Model features were derived
from the clinical notes. Only notes that had clinical evalu-
ation components were included to ensure that there was
sufficient clinical detail to generate an eCDAI score. The
explanatory terms and phrases included those relating
to counts of tender or swollen joints, patient’s or physi-
cian’s assessment of disease activity, as well as terms that
describe improvement, worsening or change in these
variables.

Modelling strategy

The CDAI estimation model used in this study was
an ordinal regression based multivariable model with
features generated from the clinical notes. The model-
ling approach comprised three phases: (1) Processing
the body of clinical notes to de-noise and standardise
their content; (2) formation of the set of explanatory
variables by identifying the terms and phrases that clini-
cians use to describe CDAl-related signs and symptoms
and (3) development and validation of the model. Text
preprocessing included standard n-gram/bag-of-words
modelling approaches including tokenisation, lemma-
tisation and stop word removal. Variables were selected
using a combination of Term frequency Inverse Docu-
ment Frequency and evaluation of clinical relevance to
the CDAI score. A more detailed description of these
preprocessing steps can be found in a separate publica-
tion.” These variables were then used to train the final

ordinal regression model on notes in the training cohort,
and the model was validated on the validation cohort.

Model performance

The area under the receiver operating characteristic
curve (AUC), positive predictive value (PPV) and nega-
tive predictive value (NPV) were used to measure the
performance of the model when estimating a binary
variable. For this study, we assessed performance of the
model by using a binarised version of the outcome in
which the negative class is defined as those notes with
scores less than or equal to 10.0 (the threshold at which
CDAI scores are considered to transition from ‘low’
to ‘moderate’ disease activity), and the positive class
is defined as those records with scores greater than or
equal to 10.1. The Spearman’s R and Pearson’s R values
were used to evaluate the eCDAI scores vs the clinician-
recorded CDALI scores on the continuous scale.

As a final step, the predictors were reviewed for clin-
ical suitability, and the distribution of eCDAI scores was
compared with the distribution of clinician-recorded
CDAI scores.

RESULTS

Participants and characteristics

The model training cohort consisted of 56177 encounters
from 21 062 patients with RA, while the validation cohort
consisted of 18726 encounters from 11839 patients. Of the
18726 encounters, 11985 of which passed a model-derived
confidence filter. Demographics and clinical characteristics
of patients in the training cohort and validation cohort are
presented in table 1. The median age was 62.5 years in both
cohorts as of the first encounter date, and the majority of
patients were female in both cohorts (78.5% and 78.7% in
the training and validation cohorts, respectively).

Model performance

The model had a PPV of 0.80, NPV of 0.84, and AUC of 0.88
when evaluating performance using the binarised version of
the outcome in the validation cohort (figure 1). The model
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had a Spearman’s R value of 0.72 and Pearson’s r value of
0.69 when evaluating performance using the continuous
eCDAI and CDAL

The distribution of eCDAI scores was compared with the
distribution of clinician-recorded CDAI scores categorised
into remission (0-2.8), mild (2.9-10.0), moderate (10.1-
22.0) and high disease activity (22.1-76.0) (figure 2).

DISCUSSION

The CDAI is a useful tool for informing treatment decisions
and monitoring patient outcomes over time. Yet, capture
and documentation of CDAI scores in routine clinical prac-
tice remains inconsistent, with one large study finding that
only 50% of patients had a recorded disease activity score.’
Even patients with disease activity scores documented at
some visits often lack measurements for other visits, making
itmore difficult to use real-world data sources to study disease
activity changes over time.® This study demonstrated that a
machine learning model can use clinical notes to generate
eCDAI scores for specific patient encounters. The model
performed well when estimating numeric CDAI scores using
clinical notes from a large, real-world data set.

Efforts to use machine learning approaches in rheuma-
tology have increased in recent years, but there appear to be
few other efforts to use these approaches to estimate disease
activity scores for a specific patient encounter.'” Other efforts
to use machine learning to predict or estimate RA disease
activity measures required laboratory values.” ' By using
notes only, the approach described here is applicable to a
larger set of patient encounters. While clinician-recorded
CDAI scores remain the gold standard, the use of a machine
learning model to generate eCDAI scores for other encoun-
ters will increase the number of CDAI scores available for
retrospective analysis and may provide a more complete view
of patient outcomes over time.

This approach has some limitations. The model relies on
information recorded in the clinical notes, and notes with
insufficient clinical detail were excluded. Second, the model
was trained and validated using clinical notes from rheuma-
tology practices in the USA. Documentation practices may
vary across care settings, and further work is needed to assess
the model’s performance in other data sources.

Real-world data are an important source of information on
RA treatments and outcomes. This study addressed the lack
of clinician-recorded disease activity measures in real-world
data sources by developing a model to estimate CDAI scores
using unstructured clinical notes. Application of the model
to real-world data sources could make these data more useful
for understanding real-world treatment patterns, treatment
effectiveness and patient outcomes.
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