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Abstract

Background The incorporation of machine learning is becoming more prevalent in the clinical setting. By predict-
ing clinical outcomes, machine learning can provide clinicians with a valuable tool for refining precision medicine
approaches and improving treatment outcomes.

Methods This was a post hoc analysis of pooled patient-level data from the global, real-world ACTION and ASCORE
trials in patients with rheumatoid arthritis (RA) initiating abatacept. Patient demographic and disease characteristics
were input across 10 machine learning models used to predict 12-month treatment retention. Retention was defined
as treatment for> 365 days or <365 days in patients who achieved remission or major clinical response (based on Euro-
pean Alliance of Associations for Rheumatology response criteria). The pooled dataset was split into a training/validation
cohort for model development and a test cohort for an unbiased evaluation of performance. SHapley Additive exPlana-
tion (SHAP) values determined the level of importance and directionality for key patient features predicting abatacept
retention.

Results The pooled ACTION and ASCORE dataset included 5320 patients with RA (mean [standard deviation] age
57.7 [12.7] years; 79% female). The 12-month abatacept retention rate was 61% (n=23236) with a discontinuation

rate of 39% (n=2037). In the training set (n=4218), the gradient-boosting classifier model demonstrated the best
performance (testing accuracy: 62%). This model had an area under the receiver operating characteristic curve (95%
confidence interval) of 0.620 (0.586, 0.653) and F1 score of 0.659 (0.625, 0.689) in the test set of patients (n=1055).
Using this model, the five most important variables predicting 12-month abatacept retention were low body mass
index (BMI), low American College of Rheumatology functional status class, anti-citrullinated protein antibody (ACPA)
positivity, low Patient Global Assessment, and younger age.

Conclusions The gradient-boosting classifier model identified key patient features predictive of abatacept retention
from this large, real-world study population. The SHAP values conveyed the directionality and importance of BMI,
functional status, ACPA serostatus, Patient Global Assessment, and age for abatacept retention. Findings are consistent
with previous observations and help validate the machine learning approach for predictive modelling in RA treat-
ment, and may help inform clinical decision making.
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Background

Identifying efficacious treatment for patients with rheu-
matoid arthritis (RA) remains a clinical challenge. Cur-
rently, a treat-to-target approach is recommended for the
management of RA [1, 2]. In addition to clinical response,
other treatment outcome measures such as treatment
retention are important to consider. Retention rates are
influenced by factors such as lack of efficacy and adverse
events, among many others [3]. Importantly, predicting
response to treatment for patients with different profiles
may help clinicians choose appropriate treatments and
identify patients most likely to have success on any given
therapy.

Abatacept, a selective co-stimulation modulator act-
ing to inhibit T-cell activation [4], is approved for the
treatment of moderate-to-severe active RA [5]. Previous
observations from the AbataCepT In rOutiNe clinical
practice (ACTION) [6] and Abatacept SubCutaneOus in
Routine clinical practicE (ASCORE) [7] trials have iden-
tified patient features capable of predicting abatacept
retention. In addition to conventional statistical analysis,
machine learning may provide an alternative methodol-
ogy that can predict specific outcomes by learning rules
from existing data [8]. Machine learning techniques can
allow the analysis of large datasets, such as those from
observational studies, to identify factors that influence
specific outcomes, such as treatment retention. After
applying machine learning techniques to the ACTION
trial data [9], a gradient-boosting classifier model identi-
fied key patient features similar to those identified from
previous ACTION analyses using more traditional meth-
ods [6]. Subsequent analyses expanded upon the initial
ACTION trial predictive model by describing the direc-
tionality of key patient features and how they impacted
abatacept retention through SHapley Additive exPla-
nation (SHAP) values [10]. That analysis revealed that
previous corticosteroid use was associated with lower
retention and that American College of Rheumatology
(ACR) functional class II was associated with higher
retention. Consequently, these observations may provide
clinicians with unsuspected but relevant patient features
that can inform precision medicine approaches, thereby
improving treatment retention and clinical outcomes.

Previous work has leveraged the similar methodolo-
gies between ACTION and ASCORE to perform concur-
rent analyses of clinical response [11, 12]. Those results
emphasized the clinical value of baseline serostatus (ie,
anti-citrullinated protein antibody [ACPA] positivity) on
clinical response for patients with RA receiving abatacept

[11, 12]. Given the similarities in the methods used in
the ACTION and ASCORE trials, this post hoc machine
learning analysis pooled patient-level data from both the
ACTION and ASCORE trials to expand upon the initial
machine learning observations performed in ACTION.
As such, the objectives of this analysis were to use
machine learning techniques to assess the clinical impor-
tance and directionality of patient demographic and dis-
ease characteristics for predicting abatacept retention at
12 months in a large cohort of patients.

Methods

Study design and patients

This post hoc analysis included patient-level data from
the ACTION [6] and ASCORE [7] trials. ACTION was
a large, international observational trial of adult patients
with moderate-to-severe RA who were enrolled at ini-
tiation (or within 3 months of initiation) of treatment
with intravenous abatacept (body weight—adjusted dos-
ing) across Europe and Canada for up to 2 years [6].
ASCORE was a 2-year, observational, prospective mul-
ticenter trial of subcutaneous abatacept (125 mg once
weekly) for the treatment of patients with moderate-
to-severe active RA [7]. All patients were > 18 years old,
with active moderate-to-severe RA (ACR/European
Alliance of Associations for Rheumatology [EULAR]
2010 criteria) [13]. Additional trial details have been
previously reported [6, 7].

Endpoints and variables

Patient demographic and disease characteristics assessed
at baseline were entered into the machine learning algo-
rithms. Disease characteristics included: use of previ-
ous biologic treatment (yes/no), number of previous
biologic treatments, number of previous tumor necrosis
factor (TNF) inhibitors, duration of RA, baseline ACPA
and rheumatoid factor (RF) serostatus, ACR functional
status class (low/high), nonsteroidal anti-inflammatory
drug use (yes/no), methotrexate (MTX) use (yes/no),
MTX dose, baseline corticosteroid use (yes/no), base-
line corticosteroid dose, tender and swollen joint count
in 28 joints (TJC28 and SJC28, respectively), Physician
Global Assessment, Patient Global Assessment, pain,
radiographic erosion status, history of a past/present
neoplasm (yes/no), abatacept monotherapy (yes/no),
and abatacept route of administration (IV/SC). Disease
activity was collected at baseline and at 3, 6, 12, 18, and
24 months of follow-up and included Disease Activity
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Score in 28 joints (DAS28) using erythrocyte sedimenta-
tion rate (DAS28-ESR) and C-reactive protein (DAS28-
CRP), Clinical Disease Activity Index (CDAI), Simplified
Disease Activity Index (SDAI), and Health Assessment
Questionnaire-disability index (HAQ-DI). A subset of
variables was selected to improve model performance to
avoid under- or over-fitting of machine learning models.

The primary endpoint of this analysis was 12-month
abatacept retention. The retention label was created
from the duration of exposure to abatacept and the rea-
son for discontinuation defined as: retention=1, dura-
tion > 365 days and duration <365 days due to remission/
major clinical response; or retention=0, duration <365
days not due to remission/major clinical response. Major
clinical response was defined using EULAR response
criteria based on DAS28 (ESR or CRP) [14]. Six-month
retention was an additional endpoint employing the same
retention label as described above but with timing of 183
days. Further models examined 3-month retention after
3-month follow-up (months 3-6), 6-month retention
after 3-month follow-up (months 3-9), 3-month reten-
tion after 6-month follow-up (months 6-9), and 6-month
retention after 6-month follow-up (months 6-12), with
the same retention labels as described above and timings
of 91 days for 3-month retention or 183 days for 6-month
retention.

Training and testing cohorts

Before modelling, the combined ACTION/ASCORE
population database was divided into two separate
cohorts: a training/validation cohort and a test cohort.
Sampling was stratified to ensure that both cohorts were
representative and that relative class frequencies, includ-
ing retention, were preserved. Class imbalance in the
data was addressed by generating the ratio between the
two classes from the training data and including those
as sample weights when the loss function was calculated
during cross validation. The machine learning algorithms
used the training/validation cohort data to learn from
and build the model (using the nested cross-validation
process). The test cohort was then used for testing the
resulting model against completely unseen data for an
unbiased evaluation of performance.

Machine learning model evaluation

Feature engineering, designed using the training/valida-
tion cohort and then applied to the test cohort, was used
to remove irrelevant or redundant variables from the
dataset. The following 10 models were tested for predic-
tive performance using Python: linear support vector
classifier (SVC), XgBoost classifier, multi-layer percep-
tron classifier, logistic regression, decision tree classifier,
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gradient-boosting classifier, random forest classifier,
SVC-radial basis function kernel, Gaussian naive bayes,
and XgBoost-Dart classifier. A nested cross-validation
process was used to tune the hyperparameters (train-
ing/validation patient dataset). The model with param-
eters that performed the best (based on area under the
receiver operating characteristic curve [AUROC] score)
was selected. A confusion matrix was generated for the
final model selected to summarize the performance of
the machine learning algorithm. A false negative indi-
cated that the model predicted discontinuation of abata-
cept treatment, when in fact treatment continued. As
such, the negative predictive value (NPV) was reviewed
as part of a negative rate analysis; no positive predictive
value analysis was done. To control over- or under-fitting
of models, stratified K-fold cross-validation (value of
K was 5) was used to tune the model, find the hyperpa-
rameters, and keep a separate test dataset for evaluating
performance.

Model interpretation

SHAP, a mathematical framework used to interpret
machine learning models [15] that has been applied in
other RA studies [16—18], was used to describe the effect
of independent variables. The SHAP values described
how much value each characteristic provided for predict-
ing abatacept retention and indicated directionality at a
patient level to indicate whether a characteristic posi-
tively or negatively impacted retention (eg, higher SHAP
values indicated a higher likelihood of retention).

Statistical analysis

Baseline demographic and disease characteristics data
are shown as mean (standard deviation) or proportions.
Models were evaluated based on prediction quality met-
rics including training mean accuracy, validation mean
accuracy, testing accuracy, precision, recall, F1-score, and
AUROC.

Imputation was done after the dataset was split into
training/validation and test cohorts; models were trained
and applied using the training/validation cohort and then
applied to the test cohort. Patients in the training/valida-
tion cohort who had no missing values for any variables
comprised the ‘full set’; data from the full set was used
in both the training/validation and test cohorts for calcu-
lation of imputed values for patient records with values
missing for at least one variable. Missing baseline patient-
level data were imputed by comparison of the record
with missing values to similar records (based on other
common variables) to fill in the missing value [19]. The
median value was used to complete the missing values if
the prior step failed.
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Statistical analyses and model training were performed
using Python programming software (version 3.8.13;
packages used are listed in Supplementary Table 1).

Ethical approval

This study was conducted in accordance with Interna-
tional Society for Pharmacoepidemiology Guidelines for
Good Pharmacoepidemiology Practices [20] and applica-
ble regulatory requirements. The ACTION and ASCORE
study protocols and patient enrolment materials were
approved according to local law in each participating
country prior to initiation of each study.

Results

Dataset and study population

The pooled ACTION/ASCORE dataset included 5320
patients. Baseline characteristics of the study popula-
tion are shown in Table 1. Of 5320 patients, duration
of abatacept treatment was specified for n=5273. The
12-month abatacept retention rate was 61% (n=3236)

Table 1 Baseline characteristics of the combined ACTION/
ASCORE study population

Variable Overall study
population
(N=5320)
Age, years 57.7(12.7),n=5315
Female, % 79.0,n=4202
BMI, kg/m? 27.1(5.7),n=5021
RA duration, years .1(94), n=5283
TJC28 (6 9), n=5065
SJC28 .5(5.3), n=5084
DAS28 (CRP) 8(1.1), n=4099
DAS28 (ESR) 3(1.3),n=3996
Physician Global Assessment, VAS 58.1(19.3), n=4536
Patient Global Assessment, VAS 61.7 (21.5), n=4465
Patient pain, VAS 61.7 (22.0), n=4458
HAQ-DI 4(0.7),n=3891

All data are mean (SD) unless specified

BMI body mass index, CRP C-reactive protein, DAS28 Disease Activity Score

in 28 joints, ESR erythrocyte sedimentation rate, HAQ-D/ Health Assessment
Questionnaire-disability index, RA rheumatoid arthritis, SD standard deviation,
$JC28 swollen joint count in 28 joints, TJC28 tender joint count in 28 joints, VAS
visual analog scale
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(Table 2). Initially, 114 variables were identified for the
pooled dataset, and, after combining similar variables,
a maximum number of 80 variables remained. For the
12-month retention model, after removing post-baseline,
duplicate, or non-informative variables, and combining
similar variables, 36 variables remained. For this model,
in the training/validation cohort (n=4218), samples for
2713 patients (992 and 1721 for the 2 training sets) had
no missing values and did not require any imputation
(full set).

Machine learning models

Training and validation of the machine learning mod-
els were performed to optimize models and to select the
top-performing models from the 10 originally assessed,
for fine tuning (Supplementary Table 2). Six models were
selected and fine tuned; of these, the gradient-boost-
ing classifier model demonstrated the highest predic-
tion testing accuracy (62%) and was then evaluated in
the test cohort of patients. The baseline characteristics
of the training/validation and testing cohorts for the
12- and 6-month models were similar and are shown in
Table 3. In the test cohort, the gradient-boosting classi-
fier model displayed an AUROC (95% confidence inter-
val [CI]) of 0.620 (0.586, 0.653) for 12-month retention
and 0.621 (0.580, 0.663) for 6-month retention. Further
model details are shown in Supplementary Table 2. The
NPV rate was higher than the negative rate for both the
12-month (0.49 vs negative rate 0.39) and 6-month (0.29
vs negative rate 0.22) retention.

Overall, the baseline characteristics of the training/
validation and testing cohorts for the additional 6- and
3-month retention models were similar and are shown
in Supplementary Table 3. AUROC (95% CI) values for
the additional models in the test cohort were as follows:
3-month retention after 3-month follow-up, 0.708 (0.661,
0.751); 6-month retention after 3-month follow-up, 0.644
(0.606, 0.682); 3-month retention after 6-month follow-
up, 0.690 (0.636, 0.740); and 6-month retention after
6-month follow-up, 0.640 (0.594, 0.683). Further model
details are shown in Supplementary Table 4. NPV and
negative rates for the additional analyses were as fol-
lows: 3-month retention after 3-month follow-up, 0.22
and 0.13, respectively; 6-month retention after 3-month
follow-up, 0.32 and 0.23, respectively; 3-month retention

Table 2 Treatment retention and discontinuation rates for the ACTION/ASCORE study population

Variable
(N=5320)

Overall study population

Training/ validation cohort Test cohort (n=1055)

(n=4218)

614 (3236/5273)
386 (2037/5273)

1-year abatacept retention, % (n/N)
Discontinuations, % (n/N)

61.4(2589/4218)
38.6 (1629/4218)

61.3 (647/1055)
38.7 (408/1055)
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Table 3 Key baseline data comparisons of the training/validation and test cohorts for 12- and 6-month® models

Variable Training/validation (n=4218) Test (n=1055) Pvalue
Age, years 57.7(127),n=4214 57.7 (12.4), n=1055 0.829
Female, % 79.1,n=3337 78.7,n=830 0.723
BMI, kg/m? 27.1(5.7),n=3973 27.1(5.7),n=1006 0.989
RA duration, years 11.1(9.3),n=4184 11.2(9.8), n=1053 0.590
TJC28 94 (6.8),n=4039 9.3(7.1),n=998 0.720
SJC28 6.5 (5.4), n=4052 6.3 (5.2),n=1003 0.253
DAS28 (CRP) 4.8(1.1),n=3264 48(1.1),n=815 0.678
DAS28 (ESR) 52(1.3),n=3194 53(1.3),n=785 0.282
Physician Global Assessment, VAS 58.0(19.4), n=3600 58.8(19.2), =908 0.254
Patient Global Assessment, VAS 61.5(21.6),n=3548 624 (21.3),n=895 0.234
Patient pain, VAS 614 (22.0),n=3544 62.8(21.6),n=891 0.085
HAQ-DI 14(0.7),n=3101 14(0.7),n=768 0492

All data are mean (SD) unless specified. P values for continuous variables are from a t-test and for categorical variables from a chi-squared test

2 6-month retention from baseline

BMI body mass index, CRP C-reactive protein, DAS28 Disease Activity Score in 28 joints, ESR erythrocyte sedimentation rate; HAQ-DI Health Assessment Questionnaire-
disability index, RA rheumatoid arthritis, SD standard deviation, SJC28 swollen joint count in 28 joints, TJC28 tender joint count in 28 joints, VAS visual analog scale

after 6-month follow-up, 0.26 and 0.14, respectively; and
6-month retention after 6-month follow-up, 0.55 and
0.24, respectively.

Prediction of abatacept retention at 12 months
The most important predictive variables identified for
retention at 12 months are shown in Fig. 1A and were
selected for examining directionality using SHAP values
(Fig. 2A). The top five baseline predictors of abatacept
retention at 12 months were: low (vs high) body mass
index (BMI), low (vs high) ACR functional status class,
positive (vs negative) ACPA serostatus, low (vs high)
Patient Global Assessment, and younger (vs older) age.
Figure 3 shows individual SHAP plots for the top five
baseline predictors of abatacept retention at 12 months.
Baseline BMI displayed a non-linear association with
retention, revealing that patients with either a lower BMI
or higher BMI demonstrated lower retention over 12
months. ACR functional status showed a negative trend
with retention, with low baseline functional status class
being predictive of treatment retention and high base-
line ACR functional status class associated with a lower
chance of abatacept retention. A positive trend for ACPA
positivity and treatment retention was observed: lower
ACPA serostatus was associated with lower chance of
retention and higher ACPA serostatus was associated
with a greater chance for retention. A lower (vs higher)
Patient Global Assessment score predicted abatacept
retention at 12 months. The association between age
and retention also showed a non-linear trend. Among
younger patients, increasing age was associated with

higher retention and was similar through middle-aged
patients. However, there was a negative trend among
older patients, revealing that as patient age increased,
treatment retention decreased. Patients who were on
no or low-dose corticosteroids at baseline had a higher
probability of retention, and there was no association
with retention as the dose increased (Supplementary
Fig. 1). Additionally, shorter (vs longer) RA disease dura-
tion predicted abatacept retention at 12 months.

Prediction of abatacept retention at 6 months

The most important predictive variables identified for
retention at 6 months are shown in Fig. 1B and were
selected for examining directionality using SHAP values
(Fig. 2B). The top five baseline predictors of abatacept
retention at 6 months were: low (vs high) corticosteroid
dose, low (vs high) ACR functional status class, receiving
(vs not receiving) MTX, younger (vs older) age, and posi-
tive (vs negative) ACPA status.

Figure 4 shows individual SHAP plots for the top five
baseline predictors of abatacept retention at 6 months.
The lower the dose of corticosteroid at baseline, the
higher the SHAP value, indicating a negative trend;
therefore, patients either not receiving or receiving a
smaller dose at baseline may be more likely to retain
abatacept after 6 months. There was no trend as the
dose increased. ACR functional status showed a negative
trend with retention; thus, a lower baseline ACR func-
tional status class was associated with a higher chance of
retention and a higher functional status class was asso-
ciated with a lower chance of abatacept retention over 6
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A Importance for predicting abatacept retention at 12 months
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B Importance for predicting abatacept retention at 6 months
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Fig. 1 Gradient-boosting classifier variable importance for predicting abatacept retention at (a) 12 and (b) 6 months. The numerical values

of variable importance in a gradient-boosting classifier provide insights into the relevance of each variable within the model’s decision-making
process; for example, the higher the numerical values of variable importance, the more relevant the variable (ie, corticosteroid dose) to the outcome
(ie, predicting abatacept retention). *Evaluable for secondary analysis of clinical efficacy. ACPA anti-citrullinated protein antibody, ACR American
College of Rheumatology, BMI body mass index, CDAI Clinical Disease Activity Index, CRP C-reactive protein, DAS28 Disease Activity Score in 28
joints, ESR erythrocyte sedimentation rate, HAQ-DI Health Assessment Questionnaire-disability index, MTX methotrexate, RA rheumatoid arthritis,

RF rheumatoid factor, SDAI Simplified Disease Activity Index, SJC28 swollen joint count in 28 joints, TJC28 tender joint count in 28 joints, TNFi tumor

necrosis factor inhibitor

months. Receiving MTX at baseline was associated with
a higher chance of abatacept retention at 6 months. The
SHAP plot of age at baseline had two phases: firstly, there
was an overall negative non-linear trend with retention
with older patients more likely to retain abatacept; sec-
ondly, as baseline age increased, patients were less likely
to retain abatacept. Being positive for ACPA at baseline
was associated with a higher chance of retention. Addi-
tionally, BMI showed a non-linear trend with a gen-
eral negative trend showing less retention with a higher
BMI; there were outliers for very high and very low BMI

(Supplementary Fig. 2). A lower baseline SJC28 value
was associated with a lower chance of abatacept reten-
tion, while a higher baseline SJC28 value showed a higher
chance of retention. Last, RA disease duration was asso-
ciated with abatacept retention at 6 months, particularly
among patients with shorter disease duration.

Additional models for abatacept retention at 3 and 6
months

Four additional models were validated for assessing
retention of abatacept either 3 months after or 6 months
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Fig. 2 Overall SHAP value plot after (@) 12 months and (b) 6 months. Figure shows the most important variables in the ACTION/ASCORE combined
dataset that were predictive of abatacept retention. Colors indicate the value of the variable: red represents higher numerical values of the variable
and blue represents lower numerical values. The bulges in the plot indicate more patients with that value; each dot represents a single patient.
Higher SHAP values indicate a higher likelihood of retention. *Evaluable for secondary analysis of clinical efficacy. ACPA anti-citrullinated protein
antibody, ACR American College of Rheumatology, BMI body mass index, CDAI Clinical Disease Activity Index, CRP C-reactive protein, DAS28, Disease
Activity Score in 28 joints, £SR erythrocyte sedimentation rate, HAQ-DI Health Assessment Questionnaire-disability index, MTX methotrexate, RA
rheumatoid arthritis, RF rheumatoid factor, SDA/ Simplified Disease Activity Index, SHAP SHapley Additive exPlanation, SJC28 swollen joint count

in 28 joints, TJC28 tender joint count in 28 joints, TNFi tumor necrosis factor inhibitor

after either a 3-month follow-up or a 6-month follow-up
period. Characteristics of the models assessed are shown
in Supplementary Table 3. Baseline characteristics of the
training/validation and test cohorts were similar and are
shown in Supplementary Table 4.

Discussion

This post hoc, machine learning analysis of pooled data
from the ACTION and ASCORE trials identified patient
characteristics that were associated with abatacept reten-
tion at both 12 and 6 months: ACPA positivity, lower
BMI, lower ACR functional status class, lower corticos-
teroid dose, and younger age. Additionally, a lower base-
line Patient Global Assessment score was associated with
higher chance of abatacept retention at 12 months, and
patients currently receiving combination therapy (MTX)
had better retention of abatacept at 6 months.

In line with the treat-to-target approach for the man-
agement of RA [1, 2], some of the patient characteris-
tics identified in this analysis (including younger age)
may illustrate the value of starting abatacept treatment
early for patients with RA. Further, these results sup-
port previous observations that have demonstrated that
patients with early RA and specific variables, such as
ACPA positivity or low BMI, are predictive of abatacept
retention and response. Results from the Assessing Very
Early Rheumatoid arthritis Treatment (AVERT) trials

[21, 22] demonstrated the value of timely intervention
with abatacept (vs MTX alone) for patients with early
RA. Additionally, observations from the ACTION and
ASCORE trials emphasize the impact that seropositivity
has on clinical response among patients with RA receiv-
ing abatacept [11, 12]. Results shown here are consistent
with those from the AVERT, ACTION, and ASCORE
trials and lend support for the potential to develop a
patient phenotype or patient stratification tool to identify
those likely to respond favorably to abatacept treatment.
Importantly, such variables may already be part of rou-
tine patient visits or could be implemented during rou-
tine patient visits, so they could provide a generalizable
and scalable approach for implementation. For example,
treating patients with RA as early as possible and tar-
geting patients with specific clinical characteristics (eg,
ACPA positivity) may not only improve treatment reten-
tion but may also augment clinical response.

Evidence demonstrating the value of machine learn-
ing among patients with RA is accumulating, with recent
observations showing the ability to predict patient
response to MTX [17, 23, 24], TNF inhibitors [16, 25,
26], and other biologic disease-modifying antirheumatic
drugs (-DMARD:s) [18, 26, 27]. Apart from our previous
observations [9, 10], few data have examined abatacept
treatment response among patients with RA via machine
learning. Our AUROC values are similar to those
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reported by Koo et al., who predicted 12-month DAS28-
ESR <2.6 response (AUROC, 0.598-0.679) in a Korean
registry; features of importance differed between the
studies. Of note, across most bDMARDs including abata-
cept, low ACPA levels were associated with remission,
whereas our results show ACPA positivity was predic-
tive of abatacept retention [18]; this aligns with previous
ACTION and ASCORE observations [11, 12]. Potential
explanations for conflicting findings may be a result of
different endpoints (eg, remission vs retention) or dif-
ferences in sample size. Overall, existing machine learn-
ing models have shown a good ability to predict patient
response but have nuances worth mentioning. For exam-
ple, final model outcomes may be affected by different
disease measures, such as 20% improvement in ACR
criteria response [27] versus DAS28 response [23, 26],
or different follow-up intervals, such as annually [27] or
less than a year [17, 24, 25], among other factors. Further,
some researchers have sought to leverage data that are
routinely collected in the clinical setting to build models
[16, 28], whereas others have shown that the inclusion
of genomic data can enhance model precision [24, 26].
Altogether, these factors are key model features that must

be considered when reviewing model performance and
implementing in the clinical setting.

There was no discernible difference between the abil-
ity of the model to predict retention at 12 or at 6 months
using baseline values. However, shorter retention inter-
vals resulted in greater model performance, which was
evident when predicting retention from baseline and
when the additional analyses were performed within the
overall follow-up timeframe (eg, 6 to 9 months). It is pos-
sible that the presence of patient features during follow-
up intervals improved model performance versus missing
baseline data that were imputed. Differences between
AUROC and F1 score model evaluations were evident for
the 12- and 6-month retention models; however, similar
AUROC values were observed for each retention time
point but F1 scores differed between time points. These
values reflect different model qualities depending on the
nature of the data, and as a result, should be selected
appropriately to best describe each unique dataset. Other
popular techniques such as Local Interpretable Model-
agnostic Explanations and permutation importance
attempt local interpretation of the model, to understand
why predictions are made for individual data points or
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instances. Such local approaches do not guarantee glob-
ally consistent interpretation of overall behavior and
patterns across the entire dataset, which is important
for understanding a model’s general tendencies and vari-
able importance values. However, consistent interpreta-
tion is relevant here to understand how different clinical
and non-clinical factors influence retention behavior at a
population level while leveraging sophisticated non-lin-
ear machine learning models.

This study has notable strengths, such as the merg-
ing of the ACTION and ASCORE databases that ulti-
mately provided one of the largest global datasets to
date of patients with RA from multiple real-world cent-
ers. Additionally, this study highlights the usefulness of
machine learning for predicting abatacept retention in
patients with RA and revealed key patient features that
may be used to form profiles identifying patients likely
to respond favorably to abatacept treatment. This study
also has some limitations that should be acknowledged.
First, these results reflect the current model and the data
it has learned from, which may not accurately reflect the
precise relationship between the variables and outcomes

in the real world. The totality of missing baseline data
resulted in values needing imputation using the median
value from a similar record; however, due to complex-
ity of the data flow and calculations, it was not possible
to precisely quantify this in a meaningful way. Obtained
model performance was relatively limited (AUROC val-
ues in the range 0.62-0.71). Although the pooled data-
base comprised two international trials, these data do
not contain patients currently residing in all countries;
thus, there is the potential for geographical differences or
biases in treatment strategies that may not be generalized
or practiced globally. Also, findings show that despite
merging data from two studies, datasets of this relatively
small magnitude (n=5320) do not improve model perfor-
mance from our previous ACTION analyses [9, 10]. This
may underscore the need for much larger datasets when
implementing machine learning approaches, but it is also
possible that other important covariates are missing. As
we did not generate learning curves of the best perform-
ing model, we were unable to assess the effect, if any, of
increasing the number of datapoints presented to the
learning algorithm; lack of correlation between increased
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training data and model performance may indicate that
other covariates important for retention prediction were
missing from the data. Route of administration was not a
stratification factor for assessing imbalance between the
cohorts. No specific measures of patient adherence were
included as covariates. Additionally, model evaluation for
false negatives may have financial implications. In such
instances, the model predicts that a patient is no longer
using abatacept when they actually are. These results
demonstrated that the inclusion of more follow-up tests
and predicting longer retention resulted in higher NPV
and each of the calculated values were greater than the
negative rate.

Next steps in this line of research should seek to refine
existing approaches that provide improved model out-
comes. For example, collecting additional data may com-
pensate for missing data and may also reduce concerns
associated with unbalanced data. Furthermore, having
larger datasets would provide the models with more data-
points to learn from. Alternatively, leveraging existing
models as an avenue for transfer learning (where a previ-
ously developed model provides the starting point for a
future model) on alternative datasets may help improve
model performance. Continuing collaborative efforts
with rheumatologists and clinical researchers to identify
patient features that may have been overlooked in the
present or previous studies should enhance development
of predictive models and their corresponding prognostic
ability. Ultimately, machine learning approaches have the
potential to identify distinct characteristics associated
with treatment response to specific bDMARDs and may
help guide treatment strategies to achieve the best indi-
vidual patient outcomes.

Conclusions

The gradient-boosting classifier identified predictors
of abatacept retention over 12 months from the pooled
ACTION and ASCORE study populations. By including
SHAP analyses, both the directionality and importance of
patient features from a large, real-world study population
were identified. Some of the identified patient character-
istics (including younger age) are indicative of early-stage
RA disease status, a time in which therapeutic interven-
tion is essential. In sum, the factors predictive of abata-
cept retention found in this machine learning analysis are
consistent with those previously shown and help further
validate the machine learning approach for predictive
modelling in RA treatment, and may help inform clinical
decision making.
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