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ABSTRACT

BACKGROUND: Multiple sclerosis (MS), a central nervous system disease in 
which nerve signals are disrupted by scarring and demyelination, is classified 
into phenotypes depending on the patterns of cognitive or physical impair-
ment progression: relapsing-remitting MS (RRMS), primary-progressive MS 
(PPMS), secondary-progressive MS (SPMS), or progressive-relapsing  
MS (PRMS). The phenotype is important in managing the disease and 
determining appropriate treatment. The ICD-9-CM code 340.0 is uninforma-
tive about MS phenotype, which increases the difficulty of studying the 
effects of phenotype on disease. 

OBJECTIVE: To identify MS phenotype using natural language processing 
(NLP) techniques on progress notes and other clinical text in the electronic 
medical record (EMR).

METHODS: Patients with at least 2 ICD-9-CM codes for MS (340.0) from 
1999 through 2010 were identified from nationwide EMR data in the 
Department of Veterans Affairs. Clinical experts were interviewed for pos-
sible keywords and phrases denoting MS phenotype in order to develop a 
data dictionary for NLP. For each patient, NLP was used to search EMR clini-
cal notes, since the first MS diagnosis date for these keywords and phrases.  
Presence of phenotype-related keywords and phrases were analyzed 
in context to remove mentions that were negated (e.g., “not relapsing-
remitting”) or unrelated to MS (e.g., “RR” meaning “respiratory rate”). One 
thousand mentions of MS phenotype were validated, and all records of 150 
patients were reviewed for missed mentions.

RESULTS: There were 7,756 MS patients identified by ICD-9-CM code 
340.0. MS phenotype was identified for 2,854 (36.8%) patients, with 1,836 
(64.3%) of those having just 1 phenotype mentioned in their EMR clinical 
notes: 1,118 (39.2%) RRMS, 325 (11.4%) PPMS, 374 (13.1%) SPMS, and 19 
(0.7%) PRMS. A total of 747 patients (26.2%) had 2 phenotypes, the most 
common being 459 patients (16.1%) with RRMS and SPMS. A total of 213 
patients (7.5%) had 3 phenotypes, and 58 patients (2.0%) had 4 pheno-
types mentioned in their EMR clinical notes. Positive predictive value of 
phenotype identification was 93.8% with sensitivity of 94.0%. 

CONCLUSIONS: Phenotype was documented for slightly more than one 
third of MS patients, an important but disappointing finding that sets a 
limit on studying the effects of phenotype on MS in general. However, for 
cases where the phenotype was documented, NLP accurately identified the 
phenotypes. Having multiple phenotypes documented is consistent with 
disease progression. The most common misidentification was because of 
ambiguity while clinicians were trying to determine phenotype. This study 
brings attention to the need for care providers to document MS phenotype 
more consistently and provides a solution for capturing phenotype from 
clinical text.
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Multiple sclerosis (MS) is an autoimmune disease of the 
central nervous system that causes a range of symp-
toms, such as numbness and weakness in the limbs or 

muscle spasms, as nerve signals are disrupted by scarring and 
demyelination.1,2 MS is classified into phenotypes depending 
on the patterns of inflammation, demyelination of the central 
nervous system, and/or disability progression. MS phenotype 
designation, which dictates disease management strategies 
and appropriate treatment recommendations, is important in 
the real-world care of MS patients.3-5 Relapsing-remitting MS 
(RRMS) is characterized by unpredictable relapses followed by 
periods of remission lasting as long as several years with no 
new signs of disease activity and describes the initial course 
of 80% of individuals with MS.2 Roughly 65% of patients 
initially diagnosed with RRMS will advance to secondary-pro-
gressive MS (SPMS). These patients begin to have progressive  

• Multiple sclerosis (MS) is an autoimmune disease of the central 
nervous system that is classified into phenotypes depending on 
the patterns of inflammation, demyelination of the central ner-
vous system, and/or disability progression.

• Observational, epidemiological research studies using electronic 
medical record (EMR) data have primarily made use of informa-
tion in structured format, such as ICD-9-CM codes. 

• Because no ICD-9-CM codes exist to identify MS phenotype, 
existing large-scale studies of MS patients have lacked the ability 
to make any inferences at the phenotype level.

What is already known about this subject

• This study uses natural language processing technology on 
progress notes and other clinical text in an EMR to identify MS 
phenotype to determine phenotype prevalence in a large popula-
tion database.

• Of 7,756 MS patients, 2,854 (36.8%) patients had at least 1 phe-
notype in their clinical notes. 

• Among the 2,854 MS patients with at least 1 identified phe-
notype, the most common phenotype pattern was relapsing-  
remitting MS only (39.2%), followed by the progression to sec-
ondary-progressive MS (16.1%), secondary-progressive MS only 
(13.1%), and primary-progressive MS only (11.4%). 

What this study adds
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The objective of this study was to use NLP techniques on 
progress notes and other clinical text in an EMR to identify MS 
phenotype. To our knowledge, this is the first study to make 
use of NLP technology to determine phenotype prevalence in a 
large patient population. 

■■  Methods
Patient Selection
This study used nationwide EMR data from the Veterans 
Health Administration (VHA) to identify patients with at least 
2 ICD-9-CM codes for MS (340.0) who sought care in the VHA 
system from 1999 through 2010. The date of the first MS diag-
nosis was assigned as the index date. Patients who did not have 
at least 180 days of observation in the VHA before the index 
date or who had the ICD-9-CM code for other demyelinating 
disease (341) were excluded from this analysis.

NLP Development
The purpose of the NLP development in this study was to iden-
tify documented mentions of MS phenotypes in clinical notes. 
The system was built using the Unstructured Information 
Management Architecture Asynchronous Scaleout as a docu-
ment-processing pipeline.9 The system used a set of libraries 
that enabled programmatic configuration of the pipeline and 
easy manipulation of text in context.10 Each module in the 
pipeline identified keywords and phrases associated with a 
particular MS phenotype and output structured annotations 
that were overlaid on the text.

Three clinical experts (a registered nurse, a physical thera-
pist, and a licensed family counselor) contributed possible 
keywords and phrases denoting MS phenotype. This list was 
added to through multiple iterations in which human reviewers 
examined clinical notes for visits where MS was discussed and 
reviewed the context around where known MS phenotype key-
words were found. A nonexhaustive version of this list is found 
in Table 1. Because this list of keywords and phrases includes 
terms that could be used to identify non-MS phenotype-related 
concepts (e.g., the acronym “RR” in a clinical note could mean 
“relapsing-remitting” but could also mean “respiratory rate”), 
these terms were only accepted when in proximity to an MS 
reference. Cases where a phenotype was mentioned, but explic-
itly stated as not present for the patient, were also excluded 
(e.g., “not relapsing-remitting”).

NLP Validation
To validate the NLP system at the patient level, this study 
calculated the sensitivity, specificity, negative predictive value 
(NPV), and positive predictive value (PPV) in 145 randomly 
selected veterans who had been identified as having MS in 
the structured data. The reference standard for these calcu-
lations was human annotation of every document of these 
145 veterans. This human annotation consisted of one of 
our team members searching all documents for each of these  

neurologic decline between acute attacks without any definite 
periods of remission. The median time between disease onset 
and conversion from RRMS to SPMS is 19 years.1,6 Primary-
progressive MS (PPMS) patients are those who never have 
remission after their initial MS symptoms. This characterizes 
approximately 10%-15% of MS patients.7 Progressive-relapsing 
MS (PRMS) characterizes patients who, from onset, have a 
steady neurologic decline but also suffer clear superimposed 
attacks. This is the least common MS phenotype.1

The widespread adoption of electronic medical records 
(EMRs) has enabled researchers to gain a wealth of valuable 
information on patient conditions and diagnoses. Observational, 
epidemiological research studies using EMR data have primar-
ily made use of information in structured format, such as 
International Classification of Diseases, Ninth Revision, Clinical 
Modification (ICD-9-CM) codes. However, MS is wholly con-
tained as a single ICD-9-CM code, 340.0, without distinction 
of MS phenotype. As a consequence, existing large-scale studies 
of MS patients have lacked the ability to make any inferences 
at the phenotype level. This coarse granularity was continued 
to the next version of ICD, ICD-10-CM, so even the mandated 
switch to ICD-10-CM that occurred in October 2015 does not 
enable stratification of MS phenotype. Unstructured data in free 
text, such as progress notes and other clinical text, represent a 
potential source of MS phenotype information that can be used 
to supplement structured data. The rationale is that informa-
tion not used for coding or billing, but that is still clinically 
important, is documented by the care providers. While extract-
ing information from unstructured formats using manual chart 
review can be prohibitively costly and time consuming, natural 
language processing (NLP), a set of methods to identify and 
interpret meaning from written text, can efficiently analyze and 
extract information from very large datasets.8 

Term

RR
RRMS
Relapsing remitting
PP
PPMS
Primary progressive
SP
SPMS
Secondary progressive
PR
PRMS
Progressive relapsing

MS = multiple sclerosis; NLP = natural language processing; PPMS = primary-
progressive MS; PRMS = progressive-relapsing MS; RRMS = relapsing-remitting MS; 
SPMS = secondary-progressive MS.

TABLE 1 Words and Phrases used in NLP
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145 veterans for any mention of any of the 4 MS phenotypes. 
Each instance of identified phenotype was then verified by a 
second annotator. Sensitivity, specificity, NPV, and PPV were 
calculated separately for RRMS and any other phenotype. For 
these calculations, an MS phenotype mention identified by the 
NLP system was considered a true positive if the same mention 
was also identified by the human annotation. A false positive 
was an instance in which the NLP system identified a particu-
lar phenotype that was not captured through human annota-
tion. Likewise, a true negative was a case in which neither the 
NLP system nor the human annotator identified a particular 
phenotype, while a false negative occurred when the NLP sys-
tem failed to identify a specific phenotype that was captured by 
the human annotator. In addition, human annotators reviewed 
1,000 NLP-extracted MS phenotype mentions to determine the 
PPV at the mention-level.

All relevant ethical safeguards have been met in relation to 
patient or subject protection. Institutional review board (IRB) 
approval for this study was obtained through the University 
of Utah’s IRB and the Department of Veteran Affair’s Office 
of Research and Development; therefore, this study was per-
formed in accordance with the ethical standards contained in 
the 1964 Declaration of Helsinki and its later amendments. 

■■  Results
A total of 38,234 patients had at least 1 diagnosis for MS 
between January 1, 1999, and December 31, 2010 (Figure 1). 
Of those, 12,376 (32.4%) patients did not have a second MS 
diagnosis during the same time period and were excluded. An 
additional 17,026 patients (44.5%) were excluded because they 
did not have at least 6 months observation within the VHA 
system before the index diagnosis, and an additional 1,076 
(2.8%) patients had an ICD-9-CM code for other demyelinat-
ing disease between January 1, 1999, and December 31, 2010.

Of the 7,756 MS patients in this study, 2,854 (36.8%) 
patients had at least 1 identifiable phenotype in their clinical 
notes. The mean age of the MS patients across the entire cohort 
was 53.8 years, and mean age was 49.6 years for those with 
at least 1 phenotype. Also, of the 7,756 MS patients, 80.8% 
were male, while 78.9% of those with at least 1 phenotype 
were male. A total of 1,836 patients (64.3% of patients with 
phenotypes in clinical notes) had only 1 phenotype mentioned, 
while 747 (26.2%), 213 (7.5%), and 58 (2.0%) had 2, 3, and 
4 phenotypes mentioned, respectively (Table 2). Mentions of 
multiple phenotypes in the same patient’s clinical notes may 
happen for several reasons. For example, there may be uncer-
tainty surrounding the patient’s true diagnosis; there could be 

Patients with ICD-9-CM code 340 (MS) on at least 1 
occurrence between January 1, 1999, and December 31, 2010 

N = 38,234

Patients without ICD-9-CM code 340 (MS) on at least 2 
occurrences between January 1, 1999, and December 31, 2010 

N = 12,376 (32.4%)

Patients with ICD-9-CM code 340 (MS) on at least 2 
occurrences between January 1, 1999, and December 31, 2010 

N = 25,858 (67.6%)

Patients with less than 180 days of observation in VHA  
before index date (first ICD-9-CM code 340) 

N = 17,026 (44.5%)

Patients with at least 180 days of observation in VHA  
before index date (first ICD-9-CM code 340) 

N = 8,832 (23.1%)

Patients with ICD-9-CM code 341 (other demyelinating disease)  
at any point between January 1, 1999, and December 31, 2010 

N = 1,076 (2.8%)

Patients with no ICD-9-CM code 341 (other demyelinating disease) 
at any point between January 1, 1999, and December 31, 2010 

N = 7,756 (20.3%)

FIGURE 1 Attrition Summary

ICD-9-CM = International Classification of Diseases, Ninth Revision, Clinical Modification; MS = multiple sclerosis; VHA = Veterans Health Administration.
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speculation as to what the diagnosis could be; or there may 
have simply been errors in previous clinical notes that were 
corrected in future notes. Among MS patients with at least 1 
phenotype identified, the most common phenotype pattern 
was RRMS only (1,118, 39.2%; Table 2). The second most com-
mon phenotype pattern was the presence of RRMS and SPMS 
(459, 16.1%), which corresponds to actual disease progression. 
SPMS only (374, 13.1%) and PPMS only (325, 11.4%) were the 
next most common phenotype patterns found. 

The PPV of the NLP system at the patient level was 86.5% in 
identifying any MS phenotype and 84.0% in identifying RRMS 
phenotype. Specificity of the system was 94.7% for any MS 
phenotype and 96.5% for RRMS (Table 3). 

At the mention level, the PPV of the system was 93.8% across 
the 1,000 NLP-extracted mentions reviewed. Of the 62 pheno-
type mentions extracted by NLP that were found to be incor-
rect, the largest class of error occurred when the phenotype 
was documented as a differential diagnosis, or the physician 
was unclear of the current state of the disease (e.g., “likely a 
primary or secondary progressive course” or “MS, relapsing-
remitting; now secondary progressive?”), 25 instances (40.3%). 
Other classes of errors included use of uncommon or nontra-
ditional phenotype names (e.g., “RR Multiple Sclerosis with 
secondary progression”), 10 instances (16.1%); use of templated 
text or formatting issues (e.g., “MS Type: Relapsing Remitting 
Primary Progressive Secondary Progressive Yes”), 9 instances 
(14.5%); a misinterpreted acronym for the Short Portable Mental 
Status Questionnaire (e.g., “monitor for worsening MS; consider 
SPMSQ q 6 months”), 12 instances (19.4%); and mention of 

a phenotype that the patient does not have or referring to a  
family member (e.g., “patient does not appear to have converted 
to SPMS” or “patient’s sibling had RRMS”), 6 instances (9.7%).

■■  Discussion
MS phenotype is an important consideration in clinical care for 
MS patients. Advances in treatments may continue to improve 
quality of life and may slow disability progression of MS,11 but 
results have been shown to vary by phenotype.4 In this con-
text, the methods demonstrated here could be used in several 
important areas of future research. First, outcomes studies 
could be performed to assess the effectiveness of MS treat-
ment in real-world settings, with phenotype as an important 
patient characteristic. Second, epidemiological studies could 
be conducted to assess the progression of MS phenotype over 
time. Third, studies could identify the patient characteristics 
and disease severity measures that are predictive of progression 
from RRMS to SPMS phenotypes. 

While this study is the first to use NLP to extract MS phe-
notype information from MS patient EMRs, other studies have 
prospectively identified this information from a cohort of MS 
patients. For example, Bergamaschi et al. (2012) reviewed 
charts at 3 medical centers across Italy to determine the inci-
dence and prevalence of the progression to SPMS (defined as 
“continuing deterioration [for at least one year] severe enough 
to lead to an increase of at least one point of the Expanded 
Disability Status Scale (EDSS), without substantial remission or 
exacerbation . . . assessed retrospectively, at least one year after 
the onset of the gradual worsening”11), as well as its risk factors, 
in a cohort of 1,078 treated and untreated relapsing-remitting 

Phenotype Number % of Total
% of Total with 

Phenotype Identified

Total MS patients – 7,756 – –
Total MS patients with any phenotype identified – 2,854 36.8 –
1 phenotype identified RRMS 1,118 14.4 39.2

PPMS 325 4.2 11.4
SPMS 374 4.8 13.1
PRMS 19 0.2 0.7

2 phenotypes identified RRMS and PPMS 141 1.8 4.9
RRMS and SPMS 459 5.9 16.1
PPMS and SPMS 18 0.2 0.6
PPMS and PRMS 112 1.4 3.9
PPMS and PRMS 7 0.1 0.2
SPMS and PRMS 10 0.1 0.4

3 phenotypes identified RRMS, PPMS, and SPMS 158 2.0 5.5
RRMS, PPMS, and PRMS 9 0.1 0.3
RRMS, SPMS, and PRMS 35 0.5 1.2
PPMS, SPMS, and PRMS 11 0.1 0.4

4 phenotypes identified RRMS, PPMS, SPMS, and PRMS 58 0.7 2.0

MS = multiple sclerosis; NLP = natural language processing; PPMS = primary-progressive MS; PRMS = progressive-relapsing MS; RRMS = relapsing-remitting MS;  
SPMS = secondary-progressive MS..

TABLE 2 Summary of Patients by NLP-Identified Phenotype Classification
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patients who had had an MS diagnosis for at least 10 years.11 
At the 10-year mark, 87.9% of the patients were determined 
to be RRMS and 12.1% SPMS; by the end of the study period, 
68.1% were RRMS and 31.9% were SPMS. Our results support 
this finding. A cross-sectional survey study of depression in 
451 U.S. veterans with MS documented phenotype with or 
without a progressive component; of these, 59.4% had MS with 
a progressive component.12 This is consistent with our finding 
of 60.8% of patients with a progressive component. 

The accuracy of the NLP system is consistent with or exceeds 
the performance of systems built to identify other similar clini-
cal information.13-15 The 5 error types identified in the false 
positive and false negative instances can be addressed with 
the addition of keywords and phrases to represent the missed 
mentions and creation of rules to more thoroughly interpret the 
context in which the keywords and phrases are used.

One of the surprising findings in this study was that nearly 
two thirds of MS patients had no documentation of phenotype 
in their medical records. This makes sense for patients that 
receive specialist care outside the VHA, since it is likely that 
MS neurologists would record phenotype more frequently than 
primary care physicians and other care providers. It is also 
likely that MS patients with relatively stable symptomology 
may be managed only by a primary care provider. This finding 
may suggest that in addition to using NLP to find explicit men-
tions of phenotype in the notes, a patient’s medication regimen 
(e.g., dimethyltryptamine as a proxy for RRMS) and pattern of 
health care utilization tied to MS could be used to infer phe-
notype. While these are not perfect surrogates for phenotype, 
they may be used in addition to NLP in order to take advan-
tage of all evidence in the medical record and may be the only 
option when phenotype is not documented in clinical notes.

Limitations
This study was conducted exclusively within the VHA sys-
tem which, while advantageous for a number of reasons (e.g., 
access to data for a large number of MS patients or availability 
of clinical notes on which to perform NLP to identify MS phe-
notype), also brings with it the limitation that the veteran MS 
population likely has different characteristics than the general 
MS population. First, in our MS population, 80.8% were male; 
however, 2-3 times as many women as men in the general popu-
lation are diagnosed with MS.16 In working with a primarily  

male MS population, our study may have inadvertently selected 
for sex-related differences in MS that are not present in a more 
gender-balanced population (such as the higher rate of PPMS 
in men compared with women), or it may have inadvertently 
captured gender-based differences in care and treatment for 
MS. O’Donovan et al. (2015) observed that MS occurs at a 
higher rate in the veteran population than in the general 
population (0.10% vs. 0.01%, respectively),17 but the reasons 
remain obscure. Although Wallin et al. (2014) have observed 
that military service itself is not a risk factor for MS,18 Vollmer 
et al. (2002) have noted that veterans with MS are more likely 
to be older, unemployed, more disabled, less financially stable, 
and less educated than nonveterans with MS.19 Veterans aged 
under 50 years with MS also are more likely to suffer from 
chronic comorbidities such as diabetes, heart disease, and 
stroke.20 Additionally, there may be systematic or administra-
tive differences between patients with mentions of MS pheno-
type in their notes and those without phenotype mentions. For 
example, patients without mentions of MS phenotype in their 
notes may receive most of their specialty care outside the VHA. 

■■  Conclusions
This study demonstrated the feasibility of extracting MS phe-
notype from clinical text using NLP methods from a nationally 
representative sample of veterans with MS. It highlights the low 
frequency with which phenotype is documented in the patient 
record and calls for care providers to more consistently record 
this important piece of clinical information in their clinical 
notes. Because MS phenotype is often missing from clinical 
notes, and despite our efforts to find it when using NLP, this 
study indicates that it is difficult to conduct prevalence stud-
ies of MS phenotype within an EMR database. Future studies 
should use and expand on these methods in order to conduct 
outcomes research studies that incorporate phenotype informa-
tion on MS patients. Tools may be developed in the future so as 
to require the capture of phenotype within EMR data. 

Test Characteristic Any MS Phenotype RRMS Phenotype

Sensitivity 0.627 0.656
Specificity 0.947 0.965
PPV 0.865 0.840
NPV 0.824 0.908

MS = multiple sclerosis; NLP = natural language processing; NPV = negative predic-
tive value; PPV = positive predictive value; RRMS = relapsing-remitting MS.

TABLE 3 NLP Test Characteristics
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