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Abstract
Background: Disability assessment using the Expanded Disability Status Scale (EDSS) is important to
inform treatment decisions and monitor the progression of multiple sclerosis. Yet, EDSS scores are docu-
mented infrequently in electronic medical records.
Objective: To validate a machine learning model to estimate EDSS scores for multiple sclerosis patients
using clinical notes from neurologists.
Methods: A machine learning model was developed to estimate EDSS scores on specific encounter dates
using clinical notes from neurologist visits. The OM1 MS Registry data were used to create a training
cohort of 2632 encounters and a separate validation cohort of 857 encounters, all with clinician-recorded
EDSS scores. 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
binarized version of the outcome. The Spearman R and Pearson R values were calculated. The model
was then applied to encounters without clinician-recorded EDSS scores in the MS Registry.
Results: The model had a PPV of 0.85, NPV of 0.85, and AUC of 0.91. The model had a Spearman R value
of 0.75 and Pearson R value of 0.74 when evaluating performance using the continuous estimated EDSS
and clinician-recorded EDSS scores. Application of the model to eligible encounters resulted in the gen-
eration of eEDSS scores for an additional 190,282 encounters from 13,249 patients.
Conclusion: EDSS scores can be estimated with very good performance using a machine learning model
applied to clinical notes, thus increasing the utility of real-world data sources for research purposes.
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Introduction
Assessment of multiple sclerosis (MS) disease activ-
ity is critical for understanding treatment effective-
ness, informing treatment decisions, and monitoring
disease progression. Magnetic resonance imaging
(MRI) findings, clinician-administered assessments,
and patient questionnaires are used to measure
disease activity and track changes over time. The
Expanded Disability Status Scale (EDSS) is a vali-
dated, clinician-administered scale used to measure
disability in MS.1 The scale considers the impairment

in the function of the pyramidal, cerebellar, brainstem,
sensory, bladder, bowel, visual, and cerebral systems.

The EDSS is widely used in clinical trials,2 but its
use in routine clinical practice is limited due to the
time required to complete the scale and the complex-
ity of scoring.3 As a result, EDSS scores are docu-
mented rarely and inconsistently in real-world data
sources such as electronic medical records (EMRs).
Real-world data sources have played an increasingly
important role in MS research in recent years,4 but
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the lack of EDSS scores in these data sources makes it
difficult to address some questions related to disease
progression, treatment patterns, and patient outcomes.
While existing statistical methods for imputing
missing scores can be used in some research studies,
many patients in real-world data sets lack the necessary
EDSS scores over time to make imputation feasible.

Machine learning offers a new approach to addressing
the lack of disease activity scores captured in real-
world data sources.5,6 Machine learning models
have been developed to predict MS relapse risk,7

disease progression,8 disability progression,9 and
EDSS scores at a future timepoints using clinical
and other data.10–12 These efforts highlight the poten-
tial of machine learning approaches in MS and dem-
onstrate that it is feasible to predict EDSS scores
using routinely recorded clinical data. While predic-
tion of future EDSS scores is useful for informing
treatment decisions, estimation of EDSS scores at dis-
crete timepoints throughout the course of illness
would increase the value of real-world data sources
for MS research.

The objective of this study was to validate a machine
learning model to generate estimated EDSS (eEDSS)
scores at specific timepoints for MS patients using
available clinical notes from a real-world data source.

Patients and methods

Participants
Data for this study were drawn from the OM1 MS
Registry (OM1, Inc, Boston, MA). The OM1 MS
Registry is a commercially available syndicated
dataset derived from the OM1 Real-World Data
Cloud, a multisource database of deterministically
linked, de-identified, patient-level health care informa-
tion including EMR clinical notes, unadjudicated
insurance, and pharmacy claims, and other data from
2013 to 2021 for specialty and primary care patients
across the United States. Patients from the OM1
Real-World Data Cloud are eligible for inclusion in
the OM1 MS Registry if they are followed by a neur-
ologist and meet one of the following criteria: (1) two
or more diagnosis codes for MS; (2) at least one
demyelinating disorder diagnosis code followed by
an MS diagnosis code; or (3) one MS diagnosis code
and a prescription for an MS-related disease-modifying
therapy. The OM1 MS Registry includes clinical and
administrative data on over 19,000 MS patients who
meet one or more of these criteria. Registry data
include clinical data extracted from EMRs (e.g. medi-
cation and prescription history, laboratory results, and

diagnoses), unstructured physician-documented notes,
and unadjudicated medical and pharmacy claims
data. Clinician-recorded EDSS scores are extracted
from clinical notes where available and are included
in the registry. Registry data are de-identified. The
study was submitted for Institutional Review Board
approval and determined to be exempt.

For this study, we identified encounters in the MS
Registry with a text-based clinical note as well as a
clinician-recorded EDSS score. We restricted this ana-
lysis to the largest data source. Within that data source,
we identified four key clinical evaluation sections
(history of present illness, physical exam, review of
systems, and clinical assessment) in the unstructured
portion of the notes. Only notes that had at least one
of these four clinical evaluation sections with suffi-
cient clinical detail to generate an eEDSS score were
included. These clinical evaluation sections contain
information related to the evolution and severity of
MS and, as such, were deemed critical for generating
the estimation model. We then randomly assigned
patients to either the model training cohort (75%) or
the model validation cohort (25%). Finally, we created
the training data set using all encounters from patients
assigned to the training cohort, and we created the valid-
ation data set using all encounters from patients assigned
to the validation cohort.

Modeling strategy

Dependent variable. The EDSS is an ordinal scale,
with scores ranging from 0 to 10 in 0.5 increments. A
score of 0 indicates normal neurological status, while
a score of 10 indicates death due to MS. Scores of 5
or higher reflect ambulatory impairment, with scores
of 6 and higher indicating the need for ambulatory
aid. Many studies have reported a bimodal frequency
distribution in EDSS scores, with scores of 3 and 6
occurring most frequently.2 Using the training cohort,
the model is trained to produce estimated scores
ranging from 1 to 10 in increments of 0.5. The trained
model is then used to generate an eEDSS score for a spe-
cific encounter on a specific date for patients in the val-
idation cohort.

Explanatory variables. Model features were derived
from the clinical evaluation sections of the unstruc-
tured portion of the clinical notes. The explanatory
terms and phrases included those indicating mobility
impairments; presence or negation of symptoms
such as loss of balance, speech impairment, vision
impairment, muscle spasms, and others; explicit indi-
cations of disease progression such as improvement
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or deterioration of symptoms; and mentions of medi-
cations (see Supplemental Table 1 for additional
examples of explanatory terms and phrases).

Model development. The algorithm processes the
body of clinical notes to de-noise and standardize
their content and subsequently to derive the set of
explanatory features described above. Covariate influ-
ence is measured using the permutation importance
methodology.13 The EDSS estimation model uses a
pair of XGBoost gradient boosting regression
models accompanied by a binary decision node
which specifies which regression model to be used.
The decision node processes the mobility impairment
features in the medical note and determines whether
the patient requires mobility aid. Additional details
relating to developing a model from clinical notes
are included in a separate publication.5

Model performance. We calculated the Spearman R
and Pearson R values to evaluate the eEDSS scores
versus the clinician-recorded EDSS scores on a con-
tinuous scale. We also assessed the performance of
the model as a binary predictor using the area under
the receiver-operating-characteristic curve (AUC),
positive predictive value (PPV), and negative predictive

value (NPV). We used a binarized version of the
outcome in which the positive class is defined as
those notes with scores greater or equal to 6 (the thresh-
old at which EDSS scores reflects the need for ambula-
tory aid), and the negative class is defined as those
records with scores less than or equal to 5.5. The
cutoff of 6 was selected due to the clinical relevance
of the score.2,14 Lastly, binary performance metrics
for cutoffs other than 6 and agreement percentages of
eEDSS and clinician-recorded EDSS for different
score ranges were calculated to further assess the dis-
criminatory capabilities of the model.

As a final step, we reviewed the model features for
clinical suitability and compared the distribution of
eEDSS scores to the distribution of clinician-recorded
EDSS scores. The model was then applied to encoun-
ter notes that had the required clinical evaluation sec-
tions but no clinician-recorded EDSS scores in the
MS Registry.

Results

Participants and characteristics
At the time of model development, the data source
used for this study included 13,766 patients, 684 of

Table 1. Demographic and clinical characteristics of training and validation cohorts.

Training cohort (n= 513) Validation cohort (n= 171)

Age, yrs Mean (s.d.) 53.5 (12.6) 52.1 (13.7)
Sex Female 388 (75.6%) 125 (73.1%)

Male 125 (24.4%) 46 (26.9%)
Race White 404 (78.8%) 138 (81.7%)

Black 44 (8.6%) 13 (7.7%)
Other 65 (12.7%) 18 (10.7%)
Unknown 0 2

Region Northeast 16 (3.4%) 2 (1.3%)
Midwest 242 (51.8%) 83 (53.9%)
South 18 (3.9%) 7 (4.5%)
West 191 (40.9%) 62 (40.3%)
Unknown 46 17

Duration of follow-up, yrs Mean (s.d.) 4.5 (2.2) 4.6 (2.1)
Number of encounters Mean (s.d.) 5.1 (3.4) 5.0 (3.3)
Clinician-recorded EDSS Mean (s.d.) 4.0 (2.3) 4.1 (2.3)
DMT use n (%) 369 (71.9%) 136 (79.5%)
Corticosteroid use n (%) 213 (41.5%) 69 (40.4%)
Depression n (%) 112 (21.8%) 35 (20.5%)
Anxiety n (%) 124 (24.2%) 42 (24.6%)
Hypertension n (%) 258 (50.3%) 82 (48.0%)

DMT: disease-modifying therapies; EDSS: Expanded Disability Status Scale Score.
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whom had an EDSS score and clinical notes from the
encounter. The model training cohort consisted of
2632 encounters from 513 patients, while the valid-
ation cohort consisted of 857 encounters from 171
patients. Table 1 presents the demographic and clinical
characteristics of the patients in the training cohort and
validation cohort. Demographics, patient characteris-
tics, and common comorbidities are similar between
the training cohort and the validation cohort.

Model performance
The model had a Spearman R value of 0.75 and
Pearson R value of 0.74 when evaluating performance
using the continuous eEDSS and clinician-recorded
EDSS scores. The model had a PPV of 0.85, NPV
of 0.85, and AUC of 0.91 when evaluating perform-
ance using the binarized version of the outcome in
the validation cohort (Figure 1). Binary performance

metrics for cutoffs other than 6 and agreement percen-
tages of eEDSS and clinician-recorded EDSS for dif-
ferent score ranges are presented in Supplemental
Tables 2 and 3, respectively.

The distribution of eEDSS scores was compared to
the distribution of clinician-recorded EDSS scores
(Figure 2), and a confusion matrix was generated to
further assess the agreement between the eEDSS
scores and clinician-recorded EDSS scores (Figure 3).
These figures show that the agreement between the
eEDSS and clinician-recorded EDSS scores is higher
for the higher scores.

As a final step, the model was applied to encounter
notes without clinician-recorded EDSS scores in the
data source that was used for model development. As
of the end of 2021, 3489 encounters from 684 patients

Figure 1. The area under the receiver-operating-characteristic curve (AUC). The AUC was calculated using a binarized
version of the outcome in which the positive class is defined as those notes with scores greater or equal to 6 (the threshold at
which EDSS scores reflects the requirement for ambulatory aid), and the negative class is defined as those records with
scores less than or equal to 5.5.
AUC: area under the receiver-operating-characteristic curve; EDSS: Expanded Disability Status Scale score.
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had both a clinician-recorded EDSS score and a clinical
note associated with the encounter. Application of the
model to encounters that had clinical evaluation sec-
tions but no clinician-recorded EDSS scores resulted
in the generation of eEDSS scores for an additional
190,282 encounters from 13,249 patients. The
number of patients with at least one eEDSS score is
19.4 times as many as the number of patients with at
least one clinician-recorded EDSS score only.

Estimated scores were not generated for 994 encounters
from 222 patients because these encounters did not
have at least one note section from one of the required
categories, and an additional 43,219 encounters from
7819 patients were excluded due to insufficient clinical
detail in the note sections. Of the 190,282 encounters
for which eEDSS scores were generated, 189,235
(99.4%) had assessment notes, 188,492 (99.1%)
had history of present illness notes, 176,688 (92.9%)
had physical exam notes, and 173,756 (91.3%) had
review of systems notes. Overall, 98.2% of encounters
for which an eEDSS was generated had at least three
of these sections, thus providing rich clinical content
to generate the eEDSS.

The distribution of the eEDSS scores for the 190,282
encounters as compared to encounters with clinician-
recorded EDSS scores is presented in Figure 4. Both
distributions are bimodal, and the distribution of the
eEDSS scores includes a larger proportion of lower
eEDSS scores than the distribution of clinician-
recorded EDSS scores.

Discussion
Measurement of disability progression is of critical
importance in MS, with relevance to patients, clinicians
making treatment decisions, and researchers seeking to
understand treatment effectiveness, disease burden, and
patient outcomes over time. The EDSS is widely used
in clinical trials to measure disability progression and
response to treatment, but it is rarely captured and docu-
mented in routine clinical practice. This leads to gaps in
real-world data sources and limits their value as a
source of insight for evaluating treatment successes
and failures. This study demonstrates that a machine
learning model can use clinical notes to generate an
eEDSS score for specific patient encounters with very
good performance.

Machine learning has been the subject of much inter-
est in MS research in recent years, with many efforts
to develop models to aid in MS diagnosis and treat-
ment.7–12 Our effort appears to be unique in that
the machine learning model estimates a numeric
EDSS score at a specific encounter date based on
clinician documentation, with the goal of filling in
gaps in longitudinal data from real-world data
sources. Use of eEDSS scores for encounters where
no clinician-recorded EDSS scores are available
increases the number of scores available for retro-
spective analysis, thereby providing a more compre-
hensive view of the progression of disability over
time. The model estimation of EDSS scores also
enables comparison of disability and disease progres-
sion in real-world settings to disability and disease

Figure 2. Distribution of estimated and clinician-recorded EDSS scores in the validation cohort. The distribution of eEDSS
scores was compared to the distribution of clinician-recorded EDSS scores.
EDSS: Expanded Disability Status Scale; eEDSS: estimated EDSS.
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progression observed in clinical trials where EDSS
scores are recorded by investigators at regular intervals.

The present methodology has several strengths. The
model estimation we used does not aim to replicate
the typical EDSS calculation by extracting each
score component and computing the sum of their
weights. Rather, our approach uses information
from up to four relevant sections of the unstructured
clinical notes (history of present illness, physical
exam, review of systems, and clinical assessment)

as the input to the model training and scoring. This
rich, clinically relevant content allowed us to
include features such as medication use, improvement
or deterioration of disease, and assessments of pain
that are not included in the traditional EDSS compu-
tation. The availability of a large number of clinical
notes with a similar data architecture in the MS
Registry further allowed us to apply the model to an
additional 190,282 encounters from 13,249 patients.
This level of amplification can only be accomplished
with modern computational power. Another strength

Figure 3. Confusion matrix showing agreement between estimated and clinician-recorded EDSS scores in the validation
cohort. A confusion matrix was generated to further assess the agreement between the eEDSS scores and clinician-recorded
EDSS scores.
EDSS: Expanded Disability Status Scale; eEDSS: estimated EDSS.
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of this effort is our interdisciplinary approach. We
included data scientists, clinical experts, clinical infor-
maticists, and software engineers in the process to gen-
erate the datasets and develop and test the model.

The machine learning model has some limitations.
First, the model uses information extracted from clin-
ical notes, and information related to disability status
that is not documented in the notes is not considered
in the estimation. This has the potential to lower the
reliability of the estimate. However, the clinician-
recorded EDSS has well-documented limitations,
including suboptimal inter-rater reliability for both
individual functional system sub-scores and the total
EDSS scores.15 Lower inter-rater reliability may
relate in part to the subjectivity of interpreting the
neurologic exam and the experience of the rater.16

Both intra-rater and inter-rater reliability are higher
at higher ranges of the EDSS scale (e.g. 6.0 and
above) than in lower ranges (e.g. 1.0–3.5) where
symptoms and subtle signs can affect the total
score.16 This reduced reliability is most likely
present in our data source, meaning that the clinician-
recorded EDSS is likely less reliable at lower scores.
Conversely, the higher reliability of clinician-
recorded EDSS scores for higher scores, as documen-
ted in the literature, aligns with the higher observed
performance of the eEDSS for higher scores.

Second, the clinical notes used to train and validate the
model are drawn from neurology practices in the United
States and may not be reflective of documentation

practices in other geographic locations or care settings.
EMR systems and their configurations vary widely
across different medical providers and specialists,
and the use of medical terminology also varies
broadly among practitioners. Our approach recognizes
common language patterns and maps expressions with
the samemeaning to the same term, increasing the gen-
eralizability within the same data source. However, the
model likely would have less success standardizing the
note contents from a data source that is different from
the training data source. Improving the model general-
izability to multiple data sources that are not available
during the model development phase is an important
component of future research.

Disability progression is a critical outcome in MS,
and the lack of clinician-recorded EDSS scores in
real-world data sources decreases the value of
these data sources for supporting research on MS
treatments and outcomes. This study addresses this
issue by developing and validating a model to gen-
erate eEDSS scores using clinical notes. Applying
the model to real-world data sources has the poten-
tial to make these data sources more valuable for
supporting research on MS disability and disease
progression, monitoring treatment effectiveness,
and improving patient outcomes.
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