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ARTICLE INFO ABSTRACT

Keywords: Background: Identification of rheumatoid arthritis (RA) patients at high risk of adverse health outcomes remains a
Rheumatoid arthritis major challenge. We aimed to develop and validate prediction models for a variety of adverse health outcomes in
Methotrexate

RA patients initiating first-line methotrexate (MTX) monotherapy.

Methods: Data from 15 claims and electronic health record databases across 9 countries were used. Models were
developed and internally validated on Optum® De-identified Clinformatics® Data Mart Database using L1-
regularized logistic regression to estimate the risk of adverse health outcomes within 3 months (leukopenia,
pancytopenia, infection), 2 years (myocardial infarction (MI) and stroke), and 5 years (cancers [colorectal,
breast, uterine] after treatment initiation. Candidate predictors included demographic variables and past medical
history. Models were externally validated on all other databases. Performance was assessed using the area under
the receiver operator characteristic curve (AUC) and calibration plots.
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Findings: Models were developed and internally validated on 21,547 RA patients and externally validated on
131,928 RA patients. Models for serious infection (AUC: internal 0.74, external ranging from 0.62 to 0.83), MI
(AUC: internal 0.76, external ranging from 0.56 to 0.82), and stroke (AUC: internal 0.77, external ranging from
0.63 to 0.95), showed good discrimination and adequate calibration. Models for the other outcomes showed
modest internal discrimination (AUC < 0.65) and were not externally validated.

Interpretation: We developed and validated prediction models for a variety of adverse health outcomes in RA
patients initiating first-line MTX monotherapy. Final models for serious infection, MI, and stroke demonstrated
good performance across multiple databases and can be studied for clinical use.

Funding: This activity under the European Health Data & Evidence Network (EHDEN) has received funding from
the Innovative Medicines Initiative 2 Joint Undertaking under grant agreement No 806968. This Joint Under-
taking receives support from the European Union’s Horizon 2020 research and innovation programme and

EFPIA.

Introduction

Compared to the general population, patients with rheumatoid
arthritis (RA) have an increased risk of treatment-related adverse events,
such as cytopenia and infection, and comorbidities, such as cardiovas-
cular disease (CVD) and cancer [1-3]. Although the management and
prognosis of RA has improved in recent decades, identification of RA
patients at high risk of adverse health outcomes remains a major chal-
lenge [4,5].

The European Alliance of Associations for Rheumatology (EULAR)
and the American College of Rheumatology (ACR) recommend initiating
methotrexate (MTX) monotherapy (with glucocorticoids) as soon as
possible after the diagnosis of RA [6,7], making this the most common
treatment for RA worldwide. MTX treatment implies screening or
monitoring efficacy and side-effects, as with most disease modifying
antirheumatic drugs (DMARDs). Using prediction models to evaluate
patient-level risks in RA patients initiating first-line MTX monotherapy
could allow clinicians to target those at high risk of adverse health
outcomes for increased screening or monitoring throughout the course
of treatment.

Few prediction models have been developed for adverse health
outcomes in RA patients, with those that have been developed focusing
on the risk of either CVDs or serious infection [8-15]. Challenges in the
development of RA-specific prediction models have previously been
highlighted [10,16]. For example, while existing CVD models estimate
10-year risks, a shorter period may be more appropriate, since most RA
patients will change treatments several times during a 10-year period
[10]. Additionally, a larger cohort of RA patients would allow for the
development of RA-specific prediction models using a larger number of
candidate predictors [8]. Finally, most existing models have not been
subjected to extensive external validation, which is necessary to un-
derstand a model’s prediction performance [17]. In this study, we aimed
to develop and externally validate prediction models for a variety of
adverse health outcomes in RA patients initiating first-line MTX mono-
therapy, using 15 large-scale claims and electronic health record (EHR)
databases across 9 countries and 4 continents.

Materials and methods

This study was conducted within the European Health Data & Evi-
dence Network (EHDEN) project and involved a multidisciplinary team
of rheumatologists, clinicians, epidemiologists, data custodians, and
data scientists. We developed and validated prediction models using the
Patient-Level Prediction framework from the Observational Health Data
Sciences and Informatics (OHDSI) initiative [18]. This framework allows
for standardized development and extensive validation of prediction
models using observational health databases and can be applied to
datasets that are mapped to the Observational Medical Outcomes Part-
nership Common Data Model (OMOP CDM) [19-21]. The OMOP CDM
was developed to transform source data into a common format and
enables analytical source code to be shared among researchers. We

followed the Transparent Reporting of a multivariable prediction model
for Individual Prognosis Or Diagnosis (TRIPOD) guidelines for reporting
[22].

Data sources

We used 15 claims and EHR databases with data mapped to the
OMOP CDM from 6 European countries (Spain, Estonia, Netherlands,
Germany, France, and the United Kingdom (UK)), the United States of
America (USA), Australia, and Japan. The databases are listed in
Table 1. Data from the Optum® De-Identified Clinformatics® Data Mart
Database, a USA claims database, were used for model development and
internal validation. Data from the 14 other databases were used for
external validation. Each site obtained institutional review board
approval for the study or used de-identified data. Therefore, informed
consent was not necessary at any site. Descriptions of the databases are
also provided in Table A.1 in Appendix A.

Study population

Adult RA patients (aged 18 years and over) were included in the
study population if they had at least 365 days of observation in the
database prior to the first drug utilization record of MTX (the index
event) and met all of the following inclusion criteria: (1) a diagnosis of
RA within 5 years prior to or on index, (2) no drug utilization record of
any DMARD any time prior to index, (3) no drug utilization record of
any other DMARD on or within 7 days after index, (4) no record indi-
cating any cancer any time prior to or on index, and (5) no record
indicating any other inflammatory arthritis (psoriatic arthritis, anky-
losing spondylitis, reactive arthritis, any axial spondyloarthropathy) any
time prior to or on index.

Detailed definitions of these inclusion criteria, including code lists,
are available at http://atlas-demo.ohdsi.org/#/cohortdefinitio
n/1773112.

Outcomes

We investigated outcomes for which RA patients have increased risks
compared to the general population and for which RA patients identified
at high risk could be targeted for increased screening or monitoring
throughout the course of treatment. The first event (binary) of each of
the following adverse health outcomes within a period after initiating
first-line MTX monotherapy (the index event) was considered: (1)
leukopenia, pancytopenia, and infection (serious, opportunistic, all)
recorded from 1 day up to 90 days after index, (2) myocardial infarction
(MI) and stroke recorded from 1 day up to 2 years after index, (3) cancer
(colorectal, breast, uterine) recorded from 1 year up to 5 years after
index.

Detailed definitions of these outcomes, including code lists, are
available at: https://github.com/ohdsi-studies/EhdenRaPrediction/
tree/master/inst/cohorts.
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For all outcomes, patients who had any record of the specific
outcome within 90 days prior to or at initiation of MTX monotherapy
were excluded from the study population. For cancer outcomes, patients
who were lost to follow-up within one year of treatment initiation were
excluded. For all other outcomes, patients who were lost to follow-up
within one day of treatment initiation were excluded. Outcomes for
which the final study population contained less than 25 RA patients with
an outcome event were omitted from further analysis.

Candidate predictors

Candidate predictors were extracted from data routinely recorded in
the database. This included binary indicators of 5-year age groups (i.e.,
20—-24, 25—-29, etc.) and sex, as well as a large set of binary indicators of
recorded OMOP CDM concepts for health conditions and drug groups
[20]. For health conditions, we considered all data prior to index. For
drug groups, we separately considered data from the 30 days prior to
index and data from the 365 days prior to index. Finally, three estab-
lished risk scores (CHA2DS2-VASc, Diabetes Complications Severity
Index (DCSI), Charlson Comorbidity Index (CCI) (Romano adaptation))
were calculated using all data prior to index [23-26]. No clinical mea-
surements or sporadically recorded variables were included as candidate
predictors to maximize transportability (i.e., ability to apply across da-
tabases) of the developed prediction models.

Handling of missing data

In the observational data used in this study, if a candidate predictor
was not recorded in a patient’s history, we assumed that the candidate
predictor was not observed for this patient. Age group and sex are
required by the OMOP CDM and were always recorded. For our ana-
lyses, if a health condition or drug group was not recorded in a patient’s
history, we assumed that the health condition or drug group was absent.
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Statistical analysis methods

We used logistic regression with predictor selection through L1-
regularization [27]. For each outcome, two Ll-regularized logistic
regression models were developed: (1) one model using all candidate
predictors for a data-driven approach of predictor selection, and (2) one
model using only age groups and sex as candidate predictors to provide a
benchmark.

A random subset of 75% of the patients was used as a training set and
the remaining subset of 25% of the patients was used as a test set. First,
3-fold cross-validation was performed on the training set to optimize the
regularization parameter, after which the test set was used for internal
validation. Discrimination was assessed numerically using the area
under the receiver operator characteristic curve (AUC) with a 95%
confidence interval (CI). Calibration was assessed graphically by plot-
ting the predicted risks against the observed risks.

To examine model performance across multiple databases, we
externally validated the models. Only models with an AUC of at least 0.7
on internal validation were considered good enough to warrant external
validation. External validation of each model was limited to those da-
tabases within which the corresponding outcome events could be
identified. Discrimination and calibration were assessed in the same way
as on internal validation.

Software packages containing the analytical source code that was
used to develop the models and to externally validate the developed
models on databases with data mapped to the OMOP CDM are available
at https://github.com/ohdsi-studies/EhdenRaPrediction.

Results
Study population
In the development database (Optum Claims), 21,547 RA patients

met the inclusion criteria. For breast cancer and uterine cancer, we only
included female patients, resulting in 15,311 RA patients who met the

Table 1
Databases included in the study with data mapped to the OMOP CDM.

Database full name Database short Country Data Patient type Population Data
name type size range
Estonian Health Information System Estonia Estonia EHR All inpatient and outpatient discharge summaries, general 1.4m 2012-
population 2016
IBM MarketScan® Commercial CCAE USA Claims Privately insured 151m 2000-
Database 2020
IBM MarketScan® Medicare MDCR USA Claims Retiree supplemental 10m 2000-
Supplemental Database 2020
IBM MarketScan® Multi-State MDCD USA Claims Medicaid 30m 2006-
Medicaid Database 2020
Integrated Primary Care Information IPCI Netherlands ~ EHR Primary care 2.6m 1996-
2020
IQVIA Australia EMR IQVIA Australia Australia EHR Outpatient / General population 6m 2006-
2020
IQVIA Disease Analyser Germany IQVIA Germany Germany EHR Outpatient / General population, public and private 37m 1992-
EMR insurance 2020
IQVIA Hospital US Charge Master IQVIA US USA EHR Inpatient and outpatient hospital encounters, including 86m 2007-
Hospital Emergency Room visits / General population 2020
IQVIA LPD France IQVIA LPD France EHR Outpatient / General population 7.8m 1994-
France 2020
IQVIA UK THIN IMRD EMR IQVIA THIN UK EHR General population / Primary care records with 15m 1989-
hospitalization / referral information 2020
IQVIA US Ambulatory EMR IQVIA US USA EHR Outpatient / General population 49m 2006-
Ambulatory 2020
Japan Medical Data Center JMDC Japan Claims Society-Managed Health Insurance 12m 2005-
2020
Optum® De-Identified Optum Claims USA Claims Privately insured 87m 2001-
Clinformatics® Data Mart Database 2020
Optum® De-identified Electronic Optum EHR USA EHR Privately insured 100m 2006-
Health Record Dataset 2020
The Information System for Research SIDIAP-H Spain EHR Primary care linked (partially) to inpatient data 5.8m 2006-
in Primary Care 2020
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inclusion criteria. Table 2 shows the number of RA patients and the
number of RA patients with an outcome event in the final study popu-
lation for each adverse health outcome. An attrition flowchart explain-
ing how we arrived at the number of patients in the final study
population for each outcome is available in Fig. B.1 in Appendix B.
Table C.1. in Appendix C shows demographics and baseline charac-
teristics of the final study population for each outcome, based on all data
prior to or at initiation of MTX monotherapy. Patients with an outcome
event on average had more comorbidities at treatment initiation.

Model specification

A total of 12,724 candidate predictors were extracted from data
routinely recorded in the database, of which 18 were binary indicators
of 5-year age groups and sex.

The number of predictors in each final model is specified in Table 3.
Full lists of candidate predictors and detailed specifications of all final
models are available in an interactive R Shiny web application at htt
ps://data.ohdsi.org/EhdenRaPrediction/. The candidate predictors can
be explored interactively in the ‘Model Table’ under ‘Model’; an over-
view of the predictors in the final model can also be exported from this
tab using ‘Download Model’.

Model performance

Model discrimination on internal validation is presented in Table 3,
ordered by highest AUC for the data-driven approach. For leukopenia,
the AUC was below 0.6, indicating modest discrimination. For pancy-
topenia, no predictors were identified for both the data-driven approach
and the benchmark, and we were therefore unable to develop any pre-
diction model for this outcome. For opportunistic infection, and all
infection, the AUCs were 0.6 or lower. For serious infection, MI, and
stroke, the data-driven approach resulted in AUCs on internal validation
of 0.74 (0.68—0.80), 0.76 (0.72—0.81), and 0.77 (0.73—0.81), respec-
tively, indicating good discrimination. For colorectal cancer and breast
cancer, the AUCs were below 0.65. Finally, for uterine cancer, the final
study population contained less than 25 RA patients with an outcome
event. Therefore, this outcome was omitted from further analysis.

The calibration plots for serious infection, MI, and stroke (Fig.
D.1-D.6 in Appendix D) indicated adequate calibration besides good
discrimination. We externally validated the models for these three out-
comes across the 14 other databases. The AUCs are presented in Table 4,
ordered by highest AUC for the data-driven approach. Overall, the
models demonstrated good performance across multiple databases.
Several 95% CIs were wide due to limited statistical power, making
those results difficult to interpret. We therefore focused on the databases
within which at least 100 RA patients with an outcome event were
identified, which is a recommended minimum for external validation
[28]. In these databases, the data-driven approach consistently out-
performed the benchmark, with AUCs ranging from 0.62 to 0.76 for

Table 2
Final study population in the Optum Claims database.

Outcome Number of RA Number of RA patients with outcome
patients event (%)
Leukopenia 21,452 85 (0.4)
Pancytopenia 21,496 30 (0.1)
Serious infection 21,276 316 (1.5)
Opportunistic 21,404 161 (0.8)
infection
All infection 19,163 1,957 (10.2)
Myocardial 21,463 417 (1.9)
infarction
Stroke 21,425 527 (2.5)
Colorectal cancer 15,584 53 (0.3)
Breast cancer 11,072 100 (0.9)
Uterine cancer 11,104 18 (0.2)
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Table 3
Internal discrimination of the models developed on the Optum Claims database.

Outcome Data-driven approach (age Benchmark (age groups, sex)
groups, sex, conditions, drugs)
Number of AUC (95% Number of AUC (95%
predictors (@] predictors CDh
Stroke 20 0.77 16 0.74
(0.73-0.81) (0.70-0.78)
Myocardial 64 0.76 16 0.72
infarction (0.72—-0.81) (0.68-0.76)
Serious 87 0.74 13 0.68
infection (0.68—0.80) (0.62—-0.74)
Opportunistic 12 0.60 1 0.49
infection (0.51-0.68) (0.42-0.57)
All infection 62 0.59 6 0.53
(0.57-0.62) (0.50—-0.56)
Colorectal 1 0.55 2 0.64
cancer (0.41-0.69) (0.48—-0.79)
Leukopenia 10 0.50 NA NA
(0.36—0.64)
Breast cancer NA NA 4 0.52
(0.42-0.61)

serious infection, from 0.65 to 0.75 for MI, and from 0.63 to 0.79 for
stroke. The corresponding calibration plots from the data-driven
approach are presented in Fig. E.1—E.16 in Appendix E. These plots
showed adequate calibration for all three outcomes. As expected, the
models tend to underestimate or overestimate risk in databases with a
higher or lower incidence, respectively [29]. For example, the model for
serious infection underestimated the risk in the IQVIA US Hospital
database, where the outcome incidence was more than tenfold higher
than the outcome incidence in the development database. To account for
this, the models can be recalibrated for use in these databases.

The final data-driven models for serious infection, MI, and stroke,
including intercept, coefficients, and OMOP CDM concept IDs, can be
found in Tables F.1-F.3 in Appendix F. Several age groups corre-
sponding to older age were selected as predictors. Sex was selected as
predictor in the model for stroke. The CHADS2-VASc score was selected
as predictor in both the model for MI and the model for stroke.
Furthermore, within each model, a large set of binary indicators of
conditions and drugs was selected as predictors.

Discussion

In this study, we developed and validated prediction models for a
variety of adverse health outcomes in RA patients initiating first-line
MTX monotherapy. For serious infection, MI, and stroke, the models
demonstrated good performance across multiple databases. Internal
validation of these models resulted in AUCs of greater than 0.70 and
adequate calibration. External validation of these models resulted in
good discrimination, where the data-driven approach of predictor se-
lection (age groups, sex, conditions, drugs) consistently outperformed
the benchmark (age groups, sex). This shows that conditions and drugs
extracted from routinely recorded data have added value in identifying
patients at high risk of serious infection, MI, and stroke. The models
showed adequate calibration as well, although for some databases, the
models may benefit from recalibration.

For uterine cancer, we were not able to develop models using our
data. For this outcome, more data are required. For leukopenia,
pancytopenia, opportunistic infection, all infection, colorectal cancer,
and breast cancer, we did not externally validate the developed models
since they did not discriminate well (AUC < 0.65) on internal validation.

We developed our models using large-scale claims and EHR data-
bases that contain routinely recorded patient information. We chose for
a data-driven approach and considered all conditions and drugs in a
patient’s history as candidate predictors. It is interesting to note that this
large set of conditions and drugs in a patient’s history also included
comedication with nonsteroidal anti-inflammatory drugs and
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Table 4

External discrimination of the models for serious infection, myocardial infarction, and stroke.
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Data-driven approach (age groups, sex,
conditions, drugs) - AUC (95% CI)

Benchmark (age groups, sex) -

AUC (95% CI)

Outcome Database Number of RA Number of RA patients with
patients outcome event (%)

Serious infection Estonia 1,441 8 (0.6)
SIDIAP-H 2,051 5(0.2)
Optum EHR 29,980 308 (1.0)
JMDC 4,871 15 (0.3)
MDCR 6,662 154 (2.3)
CCAE 29,303 223 (0.8)
MDCD 3,793 123 (3.2)
IQVIA US 3,871 776 (20.0)
Hospital

Myocardial IPCI 1,458 24 (1.6)

infarction Optum EHR 30,568 466 (1.5)

IQVIA LPD 2,652 5(0.2)
France
SIDIAP-H 2,057 17 (0.8)
IQVIA US 28,129 114 (0.4)
Ambulatory
MDCD 3,876 88 (2.3)
CCAE 29,509 186 (0.6)
MDCR 6,739 218 (3.2)
IQVIA Germany 8,046 39 (0.5)
IQVIA US 4,331 190 (4.4)
Hospital
Estonia 1,455 18 (1.2)
JMDC 4,899 12 (0.2)
IQVIA THIN 7,850 51 (0.6)
IQVIA Australia 359 7 (1.9)

Stroke IPCI 1,467 6(0.4)
Optum EHR 30,506 517 (1.7)
IQVIA Germany 8,052 41 (0.5)
MDCD 3,864 129 (3.3)
Estonia 1,455 23 (1.6)
JMDC 4,899 32(0.7)
SIDIAP-H 2,057 23(1.1)
IQVIA US 28,163 115 (0.4)
Ambulatory
CCAE 29,509 259 (0.9)
MDCR 6,734 304 (4.5)
IQVIA THIN 7,852 23(0.3)
IQVIA US 4,306 208 (4.8)
Hospital

0.83 (0.64—-1.00)
0.78 (0.65-0.92)
0.76 (0.73-0.79)
0.72 (0.62—-0.82)
0.67 (0.62—-0.71)
0.65 (0.61—-0.68)
0.63 (0.58—0.68)
0.62 (0.59-0.64)

0.82 (0.72—-0.92)
0.75 (0.73-0.77)
0.74 (0.60—0.87)

0.72 (0.61-0.84)
0.72 (0.67-0.77)

0.69 (0.63—-0.75)
0.68 (0.64—-0.73)
0.67 (0.64—0.71)
0.67 (0.57—-0.77)
0.65 (0.61-0.69)

0.62 (0.48—0.77)
0.59 (0.44-0.75)
0.59 (0.50-0.67)
0.56 (0.29-0.84)
0.95 (0.90—-0.99)
0.79 (0.77-0.81)
0.78 (0.70—-0.86)
0.78 (0.74-0.82)
0.75 (0.67—-0.83)
0.75 (0.65-0.84)
0.72 (0.63-0.81)
0.71 (0.67—-0.76)

0.70 (0.67—-0.74)
0.67 (0.64—0.70)
0.66 (0.56—0.76)
0.63 (0.59-0.67)

0.76 (0.66—0.86)
0.76 (0.58-0.94)
0.63 (0.60—0.66)
0.63 (0.51-0.75)
0.59 (0.55-0.64)
0.54 (0.51-0.58)
0.50 (0.44-0.55)
0.56 (0.54-0.58)

0.78 (0.72—0.84)
0.71 (0.69-0.73)
0.50 (0.26—0.75)

0.65 (0.54-0.77)
0.66 (0.62—0.70)

0.61 (0.55—-0.67)
0.65 (0.61-0.68)
0.57 (0.53-0.61)
0.51 (0.41-0.61)
0.60 (0.56—-0.63)

0.71 (0.61-0.81)
0.59 (0.40-0.77)
0.64 (0.58-0.70)
0.62 (0.45-0.80)
0.82 (0.65—-0.98)
0.73 (0.71-0.76)
0.65 (0.57-0.72)
0.69 (0.64—0.73)
0.72 (0.64-0.81)
0.64 (0.55-0.74)
0.71 (0.62—0.79)
0.68 (0.64—-0.72)

0.64 (0.61-0.67)
0.57 (0.54-0.61)
0.65 (0.55—-0.74)
0.62 (0.59-0.66)

glucocorticoids, which may capture aspects of RA-specific variables such
as disease activity indicators that were not explicitly considered as
candidate predictors. It is important to note that our study was focused
on prediction and not on evaluating individual predictor associations; it
may be misleading to highlight individual predictors as having predic-
tive value by themselves, since this can lead to causal interpretation
[30]. It could be interesting to investigate whether explicitly considering
certain RA-specific variables as candidate predictors would improve
prediction performance. A potential limitation of our study is that we
were not able to investigate this using our data.

A potential limitation of our study is that routinely recorded data can
be misclassified. If a candidate predictor or an adverse health outcome
was not recorded in a patient’s history, we assumed but could not be
certain that there had not been such an event. Variation in prediction
performance across databases may reflect differences in how data are
captured. Another potential limitation of our study is that our models
were developed for RA patients initiating first-line MTX monotherapy
and are therefore only intended for this target population. However,
since MTX is the current anchor drug in RA, the developed models are
applicable to a large group of RA patients initiating first-line treatment.
Furthermore, although it is possible that the models may be applicable
to RA patients initiating other treatments, this has not been investigated
in our research and would require further validation of the models in
those target populations. Finally, a potential limitation of our study is
that we did not perform any sensitivity analyses on the inclusion criteria
used to obtain our study population. For example, only patients on MTX
with no drug utilization record of any other DMARD on or within 7 days

after index were included. The 7 days after index offset was chosen to
avoid any other DMARDs that occurred at the index date but were
entered late in the record. Although less likely, it is possible that a
second DMARD that occurred at the index date was entered in the record
with a delay longer than 7 days after index.

Our study also has several strengths. To the best of our knowledge,
this study is the largest cohort study to date on predicting a variety of
adverse health outcomes in RA patients. By developing models using
data mapped to the OMOP CDM, we were able to include 14 databases
for external validation of the models. The scale of the data allowed us to
investigate a variety of adverse health outcomes and validate the models
across multiple international databases. Even though more data are still
needed for some of the outcomes, our study shows the feasibility of this
approach. Additionally, we have provided software packages that
contain the analytical source code used to develop the models and to
externally validate our developed models on databases with data map-
ped to the OMOP CDM.

The models developed and internally validated for serious infection,
MI, and stroke using a large-scale USA claims database (Optum Claims)
showed good performance across multiple claims and EHR databases.
We do not believe we have sufficient evidence to recommend the use of
the models in clinical practice, but research could be conducted to prove
their value as implemented in administrative or EHR software to
generate automatic reminders for individuals at high risk of these out-
comes. The models are based entirely on routinely recorded data,
minimizing the burden to the clinician. However, regulatory approvals
would be required before this can be considered, which is beyond the



C. Yang et al.

scope of our current work. The models had particularly good external
validation performance on the USA databases and appeared to perform
well (with wider confidence intervals) on the international databases
too. RA patients identified at high risk of serious infection, MI, or stroke
could be targeted for increased screening or monitoring throughout the
course of treatment, complementary to current screening or monitoring
strategies. In this way, the models may enable clinicians to provide
better personalized care to RA patients initiating first-line MTX
monotherapy.
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