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Abstract

Objective. The objective of this study was to compare the performance of an RA algorithm developed and trained

in 2010 utilizing natural language processing and machine learning, using updated data containing ICD10, new RA

treatments, and a new electronic medical records (EMR) system.

Methods. We extracted data from subjects with �1 RA International Classification of Diseases (ICD) codes from

the EMR of two large academic centres to create a data mart. Gold standard RA cases were identified from

reviewing a random 200 subjects from the data mart, and a random 100 subjects who only have RA ICD10 codes.

We compared the performance of the following algorithms using the original 2010 data with updated data: (i) a

published 2010 RA algorithm; (ii) updated algorithm, incorporating ICD10 RA codes and new DMARDs; and (iii)

published algorithm using ICD codes only, ICD RA code �3.

Results. The gold standard RA cases had mean age 65.5 years, 78.7% female, 74.1% RF or antibodies to cyclic

citrullinated peptide (anti-CCP) positive. The positive predictive value (PPV) for �3 RA ICD was 54%, compared

with 56% in 2010. At a specificity of 95%, the PPV of the 2010 algorithm and the updated version were both

91%, compared with 94% (95% CI: 91, 96%) in 2010. In subjects with ICD10 data only, the PPV for the updated

2010 RA algorithm was 93%.

Conclusion. The 2010 RA algorithm validated with the updated data with similar performance characteristics as

the 2010 data. While the 2010 algorithm continued to perform better than the rule-based approach, the PPV of the

latter also remained stable over time.
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Introduction

Increasingly, the clinical data housed in electronic med-

ical records (EMRs) are also being utilized for clinical re-

search studies. While the EMR contains a wealth of

clinical data, a major challenge has been integrating the

large amount of diverse data to study specific condi-

tions and outcomes. To address this bottleneck, investi-

gators have applied both rule-based algorithms and

machine learning methods to classify patients with spe-

cific conditions for study [1–3]. For RA, various

algorithms exist. The simplest are the rule-based

approaches using only structured data, e.g. �3 RA

International Classification of Diseases (ICD) codes [4].

Our group published an algorithm developed using ma-

chine learning in 2010 that included RA ICD9 codes and

data extracted from the narrative notes using natural

language processing (NLP) [5–9]. This algorithm was

successfully ported and validated at two independent

academic institutions [7]. The RA cohorts developed

using this algorithm served as a foundation for a wide

range of studies, including GWAS and PheWAS investi-

gating RA risk alleles and associated conditions, as well

as cohort studies investigating RA comorbidities [10–19].

While EMR-based algorithms are now increasingly being

used, the impact of secular changes on the performance

of these algorithms has not been closely examined.

The past decade has seen significant changes in both

the management of RA and with the EMR data itself.

Changes include the adoption of ICD 10th edition, and

adoption of new EMR systems. Since 2010, there have

been six new biologic DMARDs approved by the US

Food and Drug Administration, and therefore not
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considered as a potential variable in the original RA

algorithms [20–25]. Our institution has also adopted a

new EMR system introducing different data types.

The objective of this study was: (i) to evaluate the

temporal validity of the 2010 RA algorithm developed

using ICD9 codes by testing the previously published al-

gorithm on current EMR data; (ii) to investigate whether

the performance of the original 2010 RA algorithm can

be improved updating variables; and (iii) to study the im-

pact and performance of ICD10 on the classification of

RA using these algorithms.

Materials and methods

Our approach is outlined in Fig. 1, which also outlines

the features included in the original 2010 RA algorithm

vs the updated algorithm.

Data source

We used EMR data from two large academic hospitals

in Boston, MA: the Brigham and Women’s Hospital

(BWH) and Massachusetts General Hospital (MGH).

BWH and MGH used the same locally-developed EMR

system; the EMR was initiated at BWH on 1 October

1996 and at MGH on 3 October 1994. Epic EMR, a

commercial EMR system was subsequently adopted in

2015 by BWH and 2016 by MGH. This commercial EMR

system had a different provider-facing interface for note

entry and ICD/procedure coding, which may result in

differences in the data collected. As a first step, we

applied a filter of �1 RA ICD9 or ICD10 code (714.x ex-

cept 714.3x, M05.x, M06.x, M12.0x, M12.3x), and �2

notes with length >500 characters, to create a ‘RA data

mart’. The RA data mart entry date was the inception of

the locally-developed EMR system at the two hospitals.

Using these criteria, 53 144 subjects were included in

the RA data mart with data up to 3 November 2017, the

date of creation for the RA data mart.

Codified data

We extracted codified data including ICD9 and ICD10

codes, electronic prescriptions, as well as RF and anti-

bodies to cyclic citrullinated peptide (anti-CCP) labora-

tory results. The ICD9/10 codes included RA and related

diseases (714.x except 714.3x, M05.x, M06.x except

M06.1, M12.0x, M12.3x), SLE (710.0; M32.1x) and JIA/

JRA (714.3x; M08.0x, M08.2x, M08.3, M08.4x). We

mapped the ICD10 codes from the ICD9 codes included

in the original 2010 algorithm using the Centers for

Medicare and Medicaid General Equivalence Mappings

(CMS GEMS) tool. The mappings were reviewed by a

study rheumatologist to ensure accuracy and

completeness.

Non-biologic DMARD included: methotrexate, azathio-

prine, leflunomide, sulfasalazine, hydroxychloroquine,

penicillamine, ciclosporin and gold. Biologic DMARDs

included: anti-TNF agents, infliximab, adalimumab, eta-

nercept, certolizumab and golimumab; as well as abata-

cept, rituximab, anakinra, tocilizumab, sarilumab and

tofacitinib. RF and anti-CCP positivity were determined

by hospital laboratory cut-offs. Medication and serology

data were coded as never vs ever present. Healthcare

utilization was approximated using the total number of

ICD code counts. The original 2010 RA algorithm used

the total number of interactions with the healthcare sys-

tem as a proxy for healthcare utilization. Carroll et al.’s

study, which applied the RA algorithm at different insti-

tutions, used the total number of ICD code counts as a

proxy for healthcare utilization [7]. Total ICD counts

were found to vary less across institutions while still pro-

viding information on healthcare utilization. Thus, we

employed the same approach to continue to facilitate

portability.

Narrative EMR data

We extracted narrative data using NLP from health care

provider notes, radiology reports, pathology reports, dis-

charge summaries and operative reports. NLP was per-

formed using the Narrative Information Linear Extraction

(NILE) package [26]. The NLP concepts extracted from

the narrative data were: RA, psoriatic arthritis (PsA),

SLE, seropositive, anti-CCP positive, erosions, metho-

trexate, anti-TNF, and all other DMARDs were included

in a category called ‘other DMARDs’ (abatacept, ana-

kinra, azathioprine, cyclophosphamide, ciclosporin,

hydroxychloroquine, gold, leflunomide, penicillamine,

sarilumab, sulfasalazine, tocilizumab, tofacitinib, rituxi-

mab). The NLP mentions for each disease (RA, PsA,

SLE) were summed; whereas medication and serology

data were coded as never vs ever present.

Gold standard set

The gold standard validation set was established by ran-

domly selecting 200 subjects from the RA Mart, and

reviewing their records for the presence of RA. Based

on the phenotyping methods described by Zhang et al.

Rheumatology key messages

. Many electronic medical record-based rheumatoid arthritis algorithms have not been tested with contemporary
data.

. Validation of an RA algorithm from 2010 on 2017 data resulted in similar high performance.

. The RA algorithm developed in 2010 was temporally robust despite diagnosis code and medication changes.
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[27], n¼ 200 was determined to be sufficient for the val-

idation set, as algorithm retraining was not required. We

additionally sampled a subset of n¼100 subjects who

have RA ICD10 codes only. These are subjects who

have RA follow-up in the EMR only after 2015, when the

billing codes were switched from ICD9 to ICD10. In the

chart review, subjects were identified as definite, prob-

able and not RA based on RA diagnosis by a rheuma-

tologist. The presence of the 2010 ACR/EULAR

classification criteria for RA was also documented [28].

Subjects classified as definite RA were considered as

‘cases’ and subjects with possible or no RA were con-

sidered as ‘controls’.

Evaluation of the classification algorithms

We assessed the performance characteristics of three

different algorithms using the most recent data in the: (i)

original 2010 published logistic regression algorithm [5];

(ii) 2017 updated algorithm using the same model coeffi-

cients while incorporating ICD10 codes and updated

medications to include newer anti-TNFs (golimumab and

certolizumab), anti-IL-6 (tocilizumab, sarilumab) and JAK

inhibitors (tofacitinib); and (iii) rule-based ICD RA code

� 3 (ICD9, ICD10, ICD9þ10) [4]. Please see details on

variables used and regression coefficients in Table 1.

The application of the original 2010 algorithm to the

2017 updated data mart was achieved by using the

same model coefficients as well as variable definitions

as previously published, i.e. using ICD9 and previously

published list of medications. The 2017 updated algo-

rithm incorporated ICD10 codes (without roll-up) to

existing variable fields as well as updated medication

list, while keeping the same published model coeffi-

cients without retraining.

The positive predictive value (PPV), negative predict-

ive value (NPV), sensitivity, specificity, and area under

the receiver operating characteristic curve (AUC) were

compared across algorithms. Algorithms 1 and 2 had a

specificity of 95%. Based on applications of these algo-

rithms in prior studies [2], PPVs were used to compare

the accuracy between the algorithms.

We calculated the descriptive statistics of the subjects

classified as RA using the EMR-based algorithm. We

further compared the descriptive statistics to subjects in

the RA cohort with data after 1 January 2016 to allow a

FIG. 1 Overview of classification algorithms used for rheumatoid arthritis using electronic medical record data

(a) Development and feature curation into RA Data Mart. (b) Schematic for validation of the 2010 RA algorithm and

updated algorithm using updated RA Data Mart. Anti-CCP: cyclic citrullinated peptide antibody; AUC: area under the

receiver operator characteristic curve; CPT: current procedural terminology; DMARD: disease-modifying antirheumatic

drug; ICD: International Classification of Diseases; NLP: natural language processing; NPV: negative predictive value;

PPV: positive predictive value; PsA: psoriatic arthritis.
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more direct comparison with recently published data

from the Corrona RA registry [29].

All analyses were conducted with the R Version 3.6.1

(The R project for Statistical Computing, online at: www.

r-project.org/). All aspects of this study were approved

by the Partners Healthcare Institutional Review Board.

Results

We identified 53 144 subjects with �1 RA ICD code and

�2 visit notes. From chart review of 200 randomly

selected subjects, the gold standard validation set iden-

tified n¼75 (37.5%) of the subjects had RA. Within the

RA cases, 54 (72.0%) fulfilled the ACR/EULAR 2010

classification criteria [28]. The RA cases had a mean

age of 65.5 years, 78.7% female, with 74.1% seroposi-

tive, reflecting a typical RA population (Table 2).

Performance of the classification algorithms

Using EMR data up to 2017, the AUC of the updated

algorithms were nearly identical to the 2010 algorithm

(Fig. 2) [5]. The PPV of the 2010 algorithm was 91%,

TABLE 1 Variables and component updates for the 2010 and 2017 updated RA logistic regression algorithm

Variable Regression
coefficient

2010 algorithm 2017 updated algorithma

Positive predictors
NLP RA 0.970
NLP seropositive 2.77

ICD RA normalizedb 66.0 714.xx excluding 714.3x M05.x, M06.x excluding M06.1, M12.0x, M12.3x
ICD RAc 0.639 714.xx excluding 714.3x M05.x, M06.x excluding M06.1, M12.0x, M12.3x

NLP erosions 1.26
Codified RF negative 0.851
NLP methotrexate 0.632

Codified anti-TNF 0.959 infliximab, etanercept adalimumab, certolizumab pegol,
golimumab

NLP anti-CCP positive 1.31
NLP anti-TNF 0.521 infliximab, etanercept, adalimumab certolizumab pegol, golimumab

NLP other DMARDs 0.298 cDMARDs: azathioprine, leflunomide,
sulfasalazine, hydroxychloroquine,
penicillamine, cyclosporine, gold.

bDMARDs: tocilizumab, sarilumab,
tofacitinib.

bDMARDs: abatacept, rituximab,
anakinra.

Negative predictors
ICD JRAc �2.25 714.3x M06.1, M08.0x, M08.2x,

M08.3, M08.4x
ICD SLEc �0.959 710.0 M32.1x

NLP PsA �0.856

aCodified and NLP concepts included in addition to those listed in the 2010 algorithm. bICD RA normalized ¼ number of
ICD RA codes per subject normalized by number of ‘facts’. facts ¼ e3:075 þ 0:874�lnðtotal ICD countÞ. cComputed as log(1þICD
counts). ICD counts computed 7 days apart. anti-CCP: anti–cyclic citrullinated peptide; b: biologic; c: conventional; EMR:

electronic medical record; ICD: International Classification of Diseases; NLP: natural language processing; PsA: psoriatic
arthritis.

TABLE 2 Characteristics of the validation set with RA cases defined by chart review (n¼200)

RA cases, n¼75 Controls (possible 1 no RA), n¼125 P-value

Age (mean (S.D.)) 65.45 (16.10) 66.44 (17.40) 0.690
Female (n, %) 59 (78.7) 89 (71.2) 0.318
Seropositivea (n, %) 20 (74.1) 5 (41.7) 0.113

Methotrexate (n, %) 37 (49.3) 13 (10.4) <0.001
Anti-TNF (n, %) 21 (28.0) 8 (6.4) <0.001

a% computed using available data. Anti-CCP: anti-cyclic citrullinated peptide; Anti-TNF: anti-tumour necrosis factor agents.
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with specificity 95%. The updated algorithm had a

slightly higher sensitivity calculated within the gold

standard set (77% vs 76%) (Table 3). When applied to

the entire RA Mart, the updated algorithm classified an

additional 1046 subjects that were not classified as RA

using the 2010 algorithm (Table 3).

The RA algorithms utilizing both codified and NLP

data performed significantly better than the rule-based

algorithm using ICD9 or ICD10 data alone (Table 3,

Fig. 3). The algorithm using �3 RA ICD codes achieved

a PPV of 56%.

The ICD10 codes had modestly better accuracy than

ICD9 codes. In subjects with ICD10 codes only, the PPV

of �3 ICD10 codes was 59% (Table 3). In comparison,

in subjects with both ICD9 and ICD10 data, the PPV of

�3 ICD9 codes was 54% (Table 3).

To anticipate the potential impact of ICD10 on the

updated algorithm, it was applied to subjects with

ICD10 codes only. The updated RA algorithm in this

group had a modestly lower sensitivity of 49%, however,

maintaining a high PPV of 93% (Table 3).

Clinical characteristics of the EMR RA cohort as
classified by the updated RA algorithm

The updated RA algorithm classified a total of

n¼16 358 subjects. The average age was 66.2 (S.D.

15.5). The majority of subjects were female (75.5%) and

seropositive (66.5%). Using codified electronic prescrip-

tion data, approximately half of the cohort had �1 pre-

scription for MTX, and one-third of the cohort had a

prescription for anti-TNF therapy during the follow-up

period (Table 4). When restricting the summary statistics

to subjects with EMR follow-up after 1 January 2016,

the proportion of subjects on methotrexate was 55%

FIG. 2 Receiver operating characteristic (ROC) curve of

2010 RA algorithm and updated RA algorithm

ROC curve and area under the ROC curve (AUC) calcu-

lated using the gold standard set (n¼200). AUC: area

under the receiver operating characteristic curve.

TABLE 3 Comparison of performance characteristics for RA classification algorithm

General RA mart (n 5 200)

AUC PPV NPV Specificity Sensitivity # classified w/ RA
by algorithm (n)c

NLP-based algorithms
2010 RA algorithma 0.932 0.905 0.869 0.952 0.760 15 312

Updated RA algorithma 0.937 0.906 0.875 0.952 0.773 16 358
Rule-based algorithms
�3 ICD9 RA codesb __ 0.536 0.822 0.592 0.787 25 707

�3 ICD9 or ICD10 RA codesb __ 0.558 0.900 0.576 0.893 28 445

RA subjects with ICD10 codes and no RA ICD9 codes (n 5 100)

AUC PPV NPV Specificity Sensitivity

NLP-based algorithm

Updated RA algorithma 0.784 0.926 0.600 0.954 0.472
Rule-based algorithms
�3 ICD10 RA codesb __ 0.585 0.500 0.500 0.585

aSpecificity set at 0.95. bBinary classification, no AUC shown. cNumber computed by applying the algorithm on RA Mart.

AUC: area under the receiver operating characteristic curve; ICD9/10: International Classification of Diseases; NLP: natural
language processing; NPV: negative predictive value; PPV: positive predictive value.
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and anti-TNF was 39%. Over 80% of the subjects has

had at least one DMARD prescription. The proportion of

subjects taking non-biologic DMARD in our RA cohort

was 75.3%, compared with 82% in Corrona, and 42%

for biologic DMARDs compared with 40% in

Corrona [29].

Discussion

As machine-learning trained algorithms are increasingly

applied to EMR data for clinical studies, it is important

to routinely reassess the performance of the algorithms.

These algorithms work by identifying specific patterns in

the data associated with RA. For the purposes of re-

search, the goal of these algorithms was to achieve a

PPV of 90% or higher. We observed that the algorithm

developed in 2010 was robust to secular changes in the

EMR data over the past 7 years, including a change in

coding from ICD9 to ICD10, new RA treatments, as well

as a new EMR system. The overall performance charac-

teristics between the original 2010 RA algorithm and the

updated version had a similar PPV of 91% in this con-

temporary dataset. However, the updated algorithm had

a slightly higher sensitivity, and classified 1000 addition-

al subjects into the EMR RA cohort [5]. These codified

þ NLP-based algorithms both outperformed the rule-

based algorithms using codified data alone. The rule-

based algorithm of using �3 RA ICD codes performed

similarly with the updated data compared with the ori-

ginal publication, demonstrating that the accuracy of RA

ICD codes has remained relatively stable over time [5].

Additionally, we studied patients who only had ICD10

RA codes. Interestingly, in this subset, the sensitivity of

the updated RA algorithm was modestly lower at 49%,

while maintaining the PPV at 93%. We believe this was

due to the shorter follow up time and thus less availabil-

ity of EMR data for classifying these patients as having

RA. Indeed, the algorithms were designed to identify

prevalent disease rather than early RA. These data sug-

gest the need for reassessment of existing rule-based

approaches relying on structured data for patients with

only ICD10 data. A major difference between the ma-

chine learning vs rule-based algorithm was the incorpor-

ation of NLP concepts from unstructured data. This

likely provided the key RA information despite the short

follow-up time, allowing for improved classification of

newly-diagnosed RA subjects.

Previous research has shown that RA classification

algorithms based on ICD data alone can have limited

performance [30–32]. Other machine-learning based

algorithms using EMR data have also demonstrated

improved performance by incorporating NLP data from

the unstructured data [6]. However, none of these algo-

rithms have been temporally validated. Our study dem-

onstrated that the NLP-based RA classification

algorithm developed in 2010 is temporally robust both

with and without updating the structured and unstruc-

tured data fields. The absence of significant change in

NLP-based algorithm performance with incorporation of

ICD10 and new medications may be due to the short

duration of ICD10 usage and utilization of novel RA

therapies.

The strength of the study was the ability to perform

the temporal validation using a large real-world EMR

dataset where the data have undergone significant

changes over time. This study highlights the need to re-

assess algorithms and provide a roadmap for reassess-

ing algorithms at a future point in time. By porting a

previously published RA phenotyping algorithm to cur-

rent data, we demonstrated the temporal robustness of

the EMR-based machine-learning algorithm that incor-

porated both structured and NLP data. We were also

able to assess the potential future impact of ICD10 by

examining a subset of patients with ICD10 data only.

FIG. 3 Receiver operating characteristic (ROC) curve of

RA ICD codes

ROC curve and area under the ROC curve (AUC) calcu-

lated using the gold standard set (n¼200). AUC: area

under the receiver operating characteristic curve; ICD:

International Classification of Diseases.

TABLE 4 Characteristics of subjects classified as having

RA by updated RA algorithm

EMR cohort (n516 358)

Age (mean (S.D.)) 66.18 (15.45)

Female (n, %) 12 344 (75.5)
Seropositivea (n, %) 4470 (66.5)
Methotrexate (n, %) 8057 (49.3)

Anti-TNF (n, %) 5294 (32.4)

a% computed using available data. Anti-TNF: anti-tumour
necrosis factor agents; EMR: electronic medical record.
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The study was subject to a number of limitations. In

our study, we demonstrated the temporal portability of

an EMR algorithm in one chronic disease, RA. The

medication information collected using codified data

likely underestimates treatment use in earlier years as it

reflects data from electronic prescriptions that were not

initially mandatory for prescribing. Thus, other modes for

prescribing, e.g. paper prescriptions, telephone orders,

could be used and the information would not be avail-

able in the codified data. However, when comparing

more recent data (after 2016) from this RA cohort to

data from an independent RA registry Corrona, with

data from a similar time period, the medication use was

similar. Additionally, the clinical data were performed

using data from tertiary care centres where the initial

studies were performed to allow for a comparison.

Future studies evaluating the temporal robustness of

other EMR phenotyping algorithms are needed.

In conclusion, an existing RA algorithm trained using

machine-learning approaches on EMR data was robust

temporally, despite the introduction of new medical in-

formation and EMR systems. The published and

updated RA algorithm continue to perform better than

rule-based approaches using ICD data. At this time,

including ICD10 had a minimal impact on classification,

and the accuracy of the ICD10 codes for RA appear

similar to ICD9.
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