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Abstract

Objective. To identify early predictors of disease activity at 18 months in JIA using clinical and biomarker profiling.

Methods. Clinical and biomarker data were collected at JIA diagnosis in a prospective longitudinal inception co-

hort of 82 children with non-systemic JIA, and their ability to predict an active joint count of 0, a physician global

assessment of disease activity of �1 cm, and inactive disease by Wallace 2004 criteria 18 months later was

assessed. Correlation-based feature selection and ReliefF were used to shortlist predictors and random forest mod-

els were trained to predict outcomes.

Results. From the original 112 features, 13 effectively predicted 18-month outcomes. They included age, number

of active/effused joints, wrist, ankle and/or knee involvement, ESR, ANA positivity and plasma levels of five inflam-

matory biomarkers (IL-10, IL-17, IL-12p70, soluble low-density lipoprotein receptor-related protein 1 and vitamin D),

at enrolment. The clinical plus biomarker panel predicted active joint count¼0, physician global assessment � 1,

and inactive disease after 18 months with 0.79, 0.80 and 0.83 accuracy and 0.84, 0.83, 0.88 area under the curve,

respectively. Using clinical features alone resulted in 0.75, 0.72 and 0.80 accuracy, and area under the curve val-

ues of 0.81, 0.78 and 0.83, respectively.

Conclusion. A panel of five plasma biomarkers combined with clinical features at the time of diagnosis more accur-

ately predicted short-term disease activity in JIA than clinical characteristics alone. If validated in external cohorts,

such a panel may guide more rationally conceived, biologically based, personalized treatment strategies in early JIA.
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Introduction

JIA encompasses a heterogeneous group of diseases

that are classified predominantly according to clinical

manifestations present within the first 6 months of dis-

ease [1]. Only two biomarkers, RF and HLA-B27, are

included as criteria in the current JIA classification sys-

tem. The original intent of the JIA classification system

was to define homogeneous groups to facilitate re-

search [1]. A robust classification system might also be

expected to predict category-specific disease courses,

treatment responses and outcomes and help generate

insight into disease aetiology and pathophysiology.

However, even within the same JIA category, patients

exhibit different disease courses and outcomes [2].

Thus, current JIA category assignment, based on clinical

features alone, does not reliably predict which children

will experience favourable or unfavourable outcomes

[3, 4].

Studies in the era of biologically based pharmaco-

therapies indicate improving JIA outcomes [5]. Nearly

half of children with JIA are estimated to have inactive

disease within a year after diagnosis when biologic med-

ications are used sparingly [6]. More liberal use of bio-

logics may be associated with up to 80% of JIA

patients having inactive disease in the first year [7, 8].

Treatment intensity, including the early use of biologics,

should be informed by knowing the chances disease

outcome will be poor if treated less aggressively.

Previous studies have identified clinical predictors of

poor prognosis [9–12]. Biomarker profiling, combined

with clinical features, might further aid in predicting dis-

ease phenotype, severity and course and help refine pa-

tient selection for early aggressive treatment [13, 14].

This study’s objective was to identify, in a JIA inception

cohort, a combination of clinical attributes and bio-

markers that could help predict disease activity

18 months later as reflected by active joint count (AJC),

physician global assessment (PGA) and Wallace criteria

for inactive disease [15].

Methods

Data collection

Data were from a Canadian prospective, longitudinal incep-

tion cohort study [Biologically Based Outcome Predictors in

JIA (The BBOP Study)] [16]. Ethics review boards from all

sites approved the study (Supplementary Material, section

Biomedical Ethics, available at Rheumatology online).

Inclusion criteria were a diagnosis of JIA made according to

ILAR criteria [1]. As this study evaluated participants at en-

rolment, assignments of oligoarthritis and polyarthritis cate-

gories were presumptive since all patients were enrolled at

or <6 months after diagnosis. Participants who were not

treated or who had been on non-steroidal anti-inflammatory

medication or MTX for �6 weeks were eligible for inclusion.

The recruitment strategy for the BBOP Study aimed

for a reasonable number of participants in each of the

seven JIA categories rather than aspiring to achieve a

typical JIA subgroup distribution. To achieve this aim,

only participants with polyarthritis or systemic JIA (sJIA),

the least prevalent categories, were eligible during the

first 6 months of the enrolment period; after 6 months

and until the end of the 2-year enrolment period, partici-

pants with any JIA category were eligible.

From the entire BBOP cohort, patients were selected

for the current study based on availability of complete

outcome data at the 18-month follow-up visit. sJIA, a

presumed autoinflammatory disorder, is strikingly differ-

ent from other forms of JIA and may have different

pathogeny; consequently, the 11 BBOP participants with

sJIA were not included in the current analysis.

BBOP data included 282 clinical characteristics and

48 plasma inflammatory biomarkers. Demographic, clin-

ical and laboratory data were collected at enrolment and

were used to predict outcomes 18 months later.

Paediatric rheumatologists documented the number of

joints with active arthritis and number of effused joints

detected on physical examination. Active arthritis was

defined as ‘swelling within a joint, or limitation in the

range of joint movement with joint pain or tenderness,

which persists for at least six weeks, is observed by a

physician, and is not due to primarily mechanical disor-

ders or to other identifiable causes’ [1]. Medication use

at the time of enrolment and with each subsequent visit

was recorded.

Plasma biomarkers

Blood was collected in P100 tubes (BD Biosciences,

San Jose, CA, USA) in accord with previously described

protocols [17]. Samples were kept at 4�C until shipped

on the day of collection by overnight courier at ambient

temperature to the central biobank laboratory. On the

day of arrival at the destination laboratory, the tubes

were centrifuged (1000 g�15 min) and the plasma

stored at �80�C until assayed.

The list of biomarkers assayed is shown in

Supplementary Table S1, available at Rheumatology

Rheumatology key messages

. Clinical plus biomarker JIA characteristics are more reliable outcome predictors than clinical features only.

. Predicting JIA outcomes should be improved by considering clinical and biomarker attributes together.

. Validation in another JIA inception cohort is required to confirm our results
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online. Cytokine, chemokine, growth factor and metallo-

proteinase plasma levels were assayed by bead-based

immunoassays. Product codes for analytes (Milliplex,

Milllipore Sigma, Burlington, MA, USA) were as follows:

receptor activator of nuclear factor jB ligand (RANKL;

HBN51K1RANKL), regulated on activation, normal T cell

expressed and secreted (RANTES; HCYTOMAG-60K-01),

osteoprotegerin (OPG; HBN1B-51K-01), tissue inhibitor of

metalloproteinases (TIMP)-1/2 (HTIMP1-54K-02), TIMP-3/4

(HTIMP2-54K-01), MMP-3/12/13 (HMMP1-55K-03), MMP-

1/2/7/9/10 (HMMP2-55K-05), MMP-8 (HSP2MAG-63K-01),

29-plex cytokine/chemokine panel (HCYTMAG-60K-PX29)

and fibroblast growth factor 2 (FGF-2; HCYTOMAG-60K-

01). All bead-based analytes were analysed on a

Luminex100 LabMAP system (Luminex, Austin, TX, USA;

Analytical Facility for Bioactive Molecules, Hospital for

Sick Children, Toronto, ON, Canada) according to the

manufacturer’s instructions. The soluble low-density lipo-

protein 1 (sLRP1) assay is explained in Supplementary

Material section ‘Soluble low-density lipoprotein (sLRP1)

assay’, available at Rheumatology online.

High mobility group box 1 (HMGB1) and vitamin D

assays were performed as previously described [18, 19].

ANA test results were from indirect immunofluorescence

assays performed at clinical laboratory facilities at each

study site and results dichotomized as positive or nega-

tive; ANA patterns and titres were not recorded.

Outcome indicators

The primary outcome was inactive disease at 18 months

after enrolment. Three outcome measures were

considered to reflect inactive disease: an AJC¼0, a

PGA�1 cm on a 10 cm visual analogue scale, and fulfil-

ment of 2004 Wallace criteria for inactive disease [15].

The three outcomes were evaluated respectively with

clinical and biological predictors together and with only

clinical predictors.

Feature selection

From 330 BBOP features (variables), 112 were chosen

based on disease symptoms and signs and prior know-

ledge of indicators of JIA pathophysiology. Feature se-

lection (FS), which can be applied to a large dataset to

select the optimal features for class (outcome) predic-

tion, is valuable for analysing high-dimensional data (i.e.

datasets in which the number of variables exceeds the

number of subjects) [20]. By eliminating redundant and

irrelevant features, FS techniques improve prediction ac-

curacy. FS aims to identify the most informative fea-

tures. In this study, we used two filter-based FS

approaches: correlation-based feature selection (CFS)

and ReliefF [21]. CFS and ReliefF are computationally

efficient multivariate methods that consider relationships

among features. CFS is based on the rationale ‘a good

feature subset is one that contains features highly corre-

lated with the class, yet uncorrelated with each other’

[22]. It assesses both redundancy of features by apply-

ing correlation algorithms and the predictive ability of a

subset of features [23]. ReliefF chooses the features that

are distinct among different classes. The basic idea of

ReliefF is to select subjects randomly, compute their

nearest neighbours (nearest subjects), and identify fea-

tures that discriminate the subject from neighbours of

different classes (in this study classes are active JIA dis-

ease and inactive JIA disease). Specifically, ReliefF ran-

domly draws a subject (A) and then identifies its two

nearest neighbours: one from the same class (nearest

hit, H) and the other from the different class (nearest

miss, M). It then calculates differences between features

from subjects A and H and between A and M. A desir-

able scenario is when the subjects A and M have differ-

ent values of a particular feature so that the feature is

able to discriminate two subjects with different class val-

ues, and subjects A and H have similar values of the in-

dividual feature.

To estimate a weight for each feature (f ), the algorithm

uses the following probability equation:

Weight f ¼ Pðdifferent value of f j different classÞ
� Pðdifferent value of f j same classÞ

The operation is iterative and gives more weight to the

features that discriminate the subject from the neigh-

bours of a different class [24, 25]. High-ranked features

identified by both CFS and ReliefF were selected for fur-

ther analysis.

Predicting outcome in JIA based on clinical and
biological features

To determine how well a constellation of selected fea-

tures predicts JIA outcome, the random forest classifi-

cation algorithm was applied [26]. A prediction model

was trained using 90% of the data (training set) random-

ly, and then the model was tested on the remaining

10% of the data (test set). This procedure is iterative

and is termed 10-fold cross-validation. The ultimate goal

of the random forest classification algorithm was to

maximize the predictive accuracy of the trained model

on the new data (test set) [27].

The random forest algorithm generates many decision

trees (each of which predicts the class value by learning

simple decision rules inferred from the selected features)

from randomly selected subsets of the subjects. At each

subset, decision trees are constructed using the best

split among randomly selected features [26]. This add-

itional layer of randomness makes random forest more

robust than other ensemble classification methods.

There are two assumptions: first, most of the trees cor-

rectly predict the class for most of the subjects, and se-

cond, the trees make mistakes at different places.

According to these assumptions the algorithm conducts

voting for each of the classes and collectively ranks the

importance of variables in predicting the correct class

[26, 28].

Using Waikato Environment for Knowledge Analysis

(Weka) machine learning software, randomness was

injected into the training procedure by randomly

Elham Rezaei et al.
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selecting log2(number-of-featuresþ1) subjects from the

dataset prior to training each decision tree.

The mean decrease in accuracy of a variable was

determined during the cross-validation. A single variable

was excluded from the test set, then the accuracy rate

of the model was calculated. The variable was consid-

ered more important if its removal caused a relatively

large decrease in the model performance indicators.

Data analysis

Statistical analyses were performed using SPSS

Statistics Professional v23 (IBM Corp., Armonk, NY,

USA), and R v3.2.2 (R Foundation for Statistical

Computing, Vienna, Austria). Weka was used for FS and

prediction [29]. The outlier-labelling rule was applied to

identify and remove extreme values [30]. Protein con-

centrations and continuous variables were log and Z-

score transformed.

For each outcome, receiver operating characteristic

curves were plotted, where the y-axis represents true

positive rate (sensitivity/recall) and the x-axis represents

false-positive rate or 1� specificity. Each outcome was

evaluated based on the area under its receiver operating

characteristic curve (AUC) where a value of 1 represents

perfect discrimination and 0.5 represents performance

at chance level. AUC is a threshold-independent meas-

ure of overall classification accuracy. Accuracy, preci-

sion, recall and F-measure (the harmonic average of the

precision and recall) were calculated for each model as

additional measures of model performance.

Results

Demographic and clinical characteristics at enrolment

are shown in Table 1, categorized by participation in

analyses for each outcome. A total of 82 patients were

included: 77 were entered in analyses for AJC¼ 0, 82 in

analyses for PGA� 1 cm and 48 in analyses for inactive

disease by Wallace criteria. In the cohort 73% were fe-

male. The median age at enrolment was 11 (interquartile

range¼6–14) years. Most of the participants were

enrolled into the study on the date of JIA diagnosis.

Twenty participants were enrolled �30 days after diag-

nosis. The median time between diagnosis and enrol-

ment was 0 (interquartile range¼ 0–26) days.

Feature selection

From an initial set of 112 features considered at

enrolment (Supplementary Table S2, available at

Rheumatology online), 81 uninformative and redundant

features were removed using CFS and ReliefF. The

remaining 31 features were then tested in prediction

models. After dropping features that added little predict-

ive ability in the model, 13 predictors remained. The final

sets of clinical and biomarker features for predicting each

outcome are shown in Table 2. In addition to clinical dis-

ease manifestations, five inflammation-related plasma

biomarkers were identified as important predictors of

inactive disease 18 months later (Table 2). These included

IL-10, IL-12p70, IL-17, sLRP1 and vitamin D. The number

of active and effused joints, age at enrolment, ANA and

IL-12p70 were common predictors of all three outcomes.

Wrist and ankle joint involvement, ESR and IL-17, in add-

ition to the above variables, were common predictors of

AJC and PGA outcomes. The selected features were

used as input for the random forest algorithm. The same

analysis was applied to clinical predictors alone (after ex-

clusion of plasma biomarkers); the resulting clinical-only

predictors are shown in Table 3.

Prediction models

Eighteen months after enrolment, 62%, 71% and 83%

of patients had inactive disease defined by the three

outcomes, AJC¼ 0, PGA� 1 and Wallace 2004 criteria,

respectively. For each outcome, the random forest

model was trained. The performances of the predictive

model are reported in Table 4 and the directions of out-

comes are shown in Table 5. The corresponding re-

ceiver operating characteristic curves are shown in

Fig. 1. Combined clinical/biomarker models predicted

AJC¼0, PGA�1 cm, and inactive disease by Wallace

2004 criteria with 0.79, 0.80 and 0.83 accuracy, respect-

ively. When outcome was defined as inactive disease by

Wallace 2004 criteria, the model achieves relatively

higher performance measures (as reflected by AUC,

sensitivity, specificity, precision and F-measure) than the

other outcomes (Table 4). The model for predicting an

AJC of 0 had the lowest predictive performance. The

performance of prediction models that included only

clinical variables was lower in most instances (Table 4).

Effect of treatment

Treatments used over the study period are shown in

Table 6. Thirty-five participants had received medication

within 6 weeks prior to enrolment including 27 who had

received a non-steroidal anti-inflammatory medication,

eight who received MTX and one who received oral

prednisone. Considering PGA� 1 cm as the 18-month

outcome measure, there was no difference in AUC, ac-

curacy, precision or sensitivity comparing the group that

was treatment naı̈ve and the group that had received

prior medications (Table 7). There were insufficient data

for meaningful comparison of treatment naı̈ve and

treated groups for AJC and Wallace criteria outcomes.

Discussion

Using a composite panel of clinical and biomarker varia-

bles in non-sJIA patients shortly after diagnosis, we

found improved prediction of inactive disease 18 months

later compared with conventional clinical variables

alone.

The panel was developed from a set of clinical and

biomarker variables by applying FS and random forest

techniques. Random forest is a robust machine learning

classification algorithm that can investigate prediction

JIA outcome predictors
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power of variables in a compound (quantitative and cat-

egorical) high-dimensional dataset and can handle miss-

ing data. It is among the most accurate methods of

classification and provides both a measure of the rela-

tive importance of features and a prediction algorithm.

Previous studies have focused on the utility of clinical

or laboratory characteristics separately [31]. From

reported clinical and laboratory JIA outcome predictors

[4, 11, 32–34] the current study confirmed AJC, effused

joint count, wrist involvement, age at diagnosis and ESR

as important predictors and added ankle and knee joint

involvement, and ANA as clinical predictors in the com-

posite panel. Consistent with the report of Guzman et al.

[35] we found that JIA categories were not predictors of

short-term JIA outcome.

The plasma biomarker panel we identified is pertinent

to JIA. IL-17-expressing T cells are abundant in JIA

joints and correlate with the number of involved joints

TABLE 1 Patient characteristics at enrolment

JIA category Outcome M/F Age, median
(IQR), years

AJC, mean
(S.D.)

PGA, mean
(S.D.)

ESR, mean
(S.D.), mm/hr

Oligoarthritis 1 (n¼17) 5/12 10 (4–14) 2 (2) 3.1 (2.0) 24 (20)
2 (n¼21) 8/13 8 (4–13) 2 (2) 3.0 (2.0) 25 (23)
3 (n¼9) 3/6 14 (5–15) 3 (4) 3.0 (2.0) 32 (21)

Polyarthritis (RF-negative) 1 (n¼32) 5/27 11 (4–14) 9 (8) 4.4 (2.0) 28 (24)
2 (n¼33) 5/28 11 (5–14) 10 (8) 4.5 (2.0) 31 (26)

3 (n¼20) 3/17 10 (6–14) 8 (8) 4.0 (2.0) 28 (26)
Polyarthritis (RF-positive) 1 (n¼10) 2/8 13 (7–15) 18 (11) 4.8 (2.0) 38 (30)

2 (n¼10) 1/9 12 (7–15) 17 (11) 4.3 (2.0) 41 (30)

3 (n¼6) 1/5 12 (4–14) 10 (10) 5.0 (3.0) 18 (12)
Psoriatic arthritis 1 (n¼6) 2/4 9 (5–14) 11 (7) 5.3 (2.0) 27 (22)

2 (n¼6) 2/4 9 (5–14) 8 (7) 4.5 (2.0) 27 (22)
3 (n¼4) 1/3 9 (3–13) 8 (9) 6.0 (1.0) 14 (7)

Enthesitis-related arthritis 1 (n¼7) 4/3 13 (9–15) 6 (5) 3.2 (3.0) 33 (28)

2 (n¼7) 4/3 13 (9–15) 6 (5) 3.2 (3.0) 43 (37)
3 (n¼6) 3/3 12 (9–14) 7 (3) 4.0 (2.0) 36 (18)

Undifferentiated arthritis 1 (n¼5) 1/4 14 (10–15) 3 (2) 3.7 (2.0) 20 (16)
2 (n¼5) 1/4 14 (10–15) 3 (2) 3.7 (2.0) 20 (16)
3 (n¼3) 0/3 15 (14–15) 12 (14) 5.0 (1.0) 20 (23)

Outcome numbers: 1: active joint count of 0; 2: physician global assessment of �1 cm; 3: inactive disease by Wallace cri-

teria [15]. AJC: active joint count; F: female; IQR: interquartile range; M: male; PGA: physician global assessment.

TABLE 2 Clinical and biological predictors

Outcome 1
(AJC 5 0)

Outcome 2
(PGA £ 1 cm)

Outcome 3 (in-
active disease by
Wallace criteria)

Number of ac-
tive joints

Number of active
joints

Number of active
joints

Number of
effused
joints

Number of effused
joints

Number of effused
joints

Wrist Knee Age
Ankle Ankle ANA

Age Age IL-10
ANA ANA IL-12p70

ESR ESR Vitamin D
IL-10 IL-12p70 sLRP1
IL-12p70 IL-17

IL-17

Features at enrolment predictive of arthritis outcomes at
18 months after enrolment. See Table 1 for definitions of
outcomes. AJC: active joint count; PGA: physician global

assessment; sLRP1: soluble low-density lipoprotein recep-
tor-related protein 1.

TABLE 3 Clinical features predictive of outcomes

Outcome 1
(AJC 5 0)

Outcome 2
(PGA £ 1 cm)

Outcome 3 (in-
active disease by
Wallace criteria)

Number of ac-
tive joints

Number of active
joints

Number of active
joints

Number of
effused
joints

Number of effused
joints

Number of effused
joints

TMJ Wrist TMJ
Wrist Knee Wrist

Knee Ankle Knee
Ankle Age Ankle

Age ANA Age
ANA ESR ANA
ESR Platelet ESR

Sex

Clinical features at enrolment predictive of arthritis out-
comes at 18 months when applying the models on clinical-
only features only. See Table 1 for definitions of outcomes.

AJC: active joint count; PGA: physician global assessment;
TMJ: temporomandibular joint.
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[36]. Increased IL-17 levels in synovial fluid of patients

with enthesitis-related arthritis correlate with disease ac-

tivity [37]. IL-12p70 promotes the induction and activa-

tion of both Th1-cells and Th17-cells, key mediators in

the pathophysiology of JIA [38].

sLRP1 is an integral regulator of inflammation and im-

mune responses [39]. As a receptor for a multitude of

potentially pathogenic ligands, LRP1 is involved in anti-

gen presentation to T cells [40]. sLRP1 is biologically ac-

tive, mediating cell signalling and promoting expression

of regulatory cytokines. Elevated levels of sLRP1 have

been found in adults with rheumatoid arthritis suggesting

that sLRP1 could be a circulating biomarker reflective

of inflammation status and could function as an en-

dogenous inhibitor of inflammation by scavenging

pathogenic peptides and by down-regulating certain

pro-inflammatory cytokines (TNF-a, IL-6, MCP-1 as

examples) and nuclear factor-jB pathway activation [41,

42]. Our results, which report sLRP1 levels in JIA for the

first time, show that elevated sLRP1 levels at diagnosis

predict a more favourable outcome.

Consistent with observations in this study, inadequate

vitamin D levels in patients with JIA have been associ-

ated with increased disease activity [43].

Thus, we identified a set of biomarkers as predictors

of disease outcomes that may be implicated in JIA

pathogenesis or have been associated with outcome.

Van Dijkhuizen et al. [14] could not reliably predict in-

active disease in a JIA cohort using clinical, cytokine

and microbiome inputs. However, when certain JIA cat-

egories were considered separately (oligoarticular, poly-

arthritis RF negative and those with ANA positivity),

prediction of inactive disease was moderately robust.

The discrepancy between the results reported by Van

Dijkhuizen et al. and our results might be due to different

FS methods. In the current study, we did not investigate

predictors for individual JIA categories as the number in

each group was insufficient for meaningful analysis.

Rypdal et al. [44] evaluated long-term predictive ability

of clinical characteristics in a Nordic JIA cohort study.

They assessed four outcomes 8 years after diagnosis:

non-achievement of remission off medications, function-

al disability by two measures, and joint damage. They

reported AUCs across the four outcomes between 0.73

and 0.78. In our study, AUCs were higher using only

clinical predictors in the model but a combination of

TABLE 4 Performance measures of predictors of each outcome direction of the prediction

Performance measure Predictor Outcome

AJC 5 0 (n 5 77) PGA < 1 (n 5 82) Inactive disease by
Wallace criteria (n 5 48)

AUC Clinical–biological 0.84 0.83 0.88
Clinical 0.81 0.78 0.83

F-measure Clinical–biological 0.75 0.80 0.82

Clinical 0.73 0.72 0.79
Accuracy (CI) Clinical–biological 0.79 (0.712, 0.868) 0.80 (0.724, 0.876) 0.83 (0.741, 0.919)

Clinical 0.75 (0.667, 0.833) 0.72 (0.635, 0.805) 0.80 (0.705, 0.895)
Precision (CI) Clinical–biological 0.75 (0637, 0.863) 0.80 (0.697, 0.903) 0.82 (0.678, 0.962)

Clinical 0.73 (0.614, 0.846) 0.72 (0.601, 0.839) 0.79 (0.639, 0.941)

Specificity (CI) Clinical–biological 0.75 (0.622, 0.860) 0.80 (0.683, 0.917) 0.83 (0.716, 0.944)
Clinical 0.72 (0.594, 0.846) 0.71 (0.594, 0.826) 0.82 (0.702, 0.938)

Sensitivity/recall (CI) Clinical–biological 0.75 (0.640, 0.860) 0.80 (0.700, 0.900) 0.82 (0.672, 0.968)
Clinical 0.73 (0.613, 0.847) 0.72 (0.592, 0.848) 0.79 (0.636, 0.944)

Performance measures of models using combined clinical and biological predictors and clinical predictors only for the out-
comes AJC¼0, PGA<1, and inactive disease. AJC: active joint count; AUC: area under the curve; PGA: physician global

assessment.

TABLE 5 Direction of outcome for each predictor perform-

ance measure

Predictor at enrolment 18-month
outcome

Higher number of active joints Worse

Higher number of effused joints Worse
TMJ involvement Worse
Wrist involvement Worse

Knee involvement Better
Ankle involvement Better

Older age Worse
Male Better
Female Worse

ANA positivity Better
High ESR Worse

Higher levels of IL-10 Better
Higher levels of IL-12p70 Worse
Higher levels of IL-17 Worse

Higher levels of vitamin D Better
Higher levels of sLRP1 Better

sLRP1: soluble low-density lipoprotein receptor-related
protein 1; TMJ: temporomandibular joint.
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clinical and biomarker variables resulted in even better

model performance. However, future larger-scale stud-

ies are required to determine whether the improved per-

formance is clinically meaningful enough to influence

changes in treatment approaches and to justify any

added cost.

In contrast to observations by Al-Matar et al. [9], we

observed ankle involvement to be associated with a more

favourable outcome. However, Al-Matar et al. reported

observations only in oligoarticular JIA. The under-sampling

of oligoarthritis and the short-term follow-up in our study

might explain the discrepant observations.

In our analyses, JIA ILAR category was not retained

as a predictor in any of the models. This observation

could suggest that JIA categories might not align pre-

cisely with category-specific pathobiological processes

that mediate outcomes. However, analyses of larger

cohorts will be required to confidently ascertain whether

JIA category is or is not an outcome predictor.

The results of this study, if confirmed in an independ-

ent JIA validation cohort, will inform the development of

a clinically useful tool for early prediction of JIA out-

comes and thereby aid in treatment selection. We found

that readily accessible clinical measures alone had rea-

sonable performance statistics. Adding biomarkers

improved accuracy and should add a more personalized

approach to assessing individual patients. However, reli-

able biomarker assays are not easily accessible in

current clinical settings. Until such time as evidenced-

based biomarker panels become integrated into usual

clinical care, a two-step approach to prognostication

and treatment selection could be applied. Under such a

model, clinical features could be considered first in all

patients and then, if indicated, targeted biomarker

assessments undertaken with reference to the respect-

ive clinical contexts.

One limitation of this study is insufficient numbers of

patients to stratify into treatment groups or JIA catego-

ries. Thus, effects of different medication groups on out-

comes were not assessed and differences among JIA

categories were not examined in depth. Another limita-

tion is that outcome measured at a single time ignores

the occurrence of flares.

Fluctuations in biomarkers can be influenced by diur-

nal variations, physical activity, sleep, stress and food

intake [45], variables that were not controlled for in this

study. Although blood sample processing protocols

were standardized within this study based on our earlier

quality control experiments [17] minimal variations in

time to plasma separation and transport time and tem-

peratures could potentially influence cytokine levels.

Accumulating new information about the influences on

biomarker expression and stability should help improve

the development of reliable, clinically accessible bio-

marker assessment protocols [46]. Recent studies sug-

gest joint ultrasound features are predictive of inactive

disease [47]; however, we did not study imaging findings

as potential predictors. Our study did not include genet-

ic markers (such as HLA and single nucleotide polymor-

phisms) or gene expression and metabolomic profiling.

Considering these additional biological markers could

further enhance and refine panels of outcome predic-

tors. Further, this study did not include an external valid-

ation cohort; the generalizability of the results requires

validation in an independent JIA cohort.

FIG. 1 Receiver operating characteristic curve of predic-

tors for three outcomes

Clinical and biological predictors (A) and clinical predic-

tors (B) for AJC¼ 0 (upper), PGA< 1(middle), and in-

active disease by Wallace criteria (lower). The diagonal

line denotes the expected performance of a tool that

uses random guessing. AJC: active joint count; PGA:

physician global assessment.
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In this study, we used three clinical indicators of dis-

ease activity; a broader array of outcome measures and

longer duration of follow-up should further strengthen

the reliability of clinical-biomarker predictive panels.

Conclusion

Data mining and supervised machine learning algorithms

are enabling us to overcome limitations of conventional

statistical models especially when large datasets are

available in small study populations. We used methods

that can evaluate the predictive ability of a relatively

small panel of clinical measures and inflammation-

related biomarkers simultaneously. We have shown that

combined clinical and biological measures of JIA dis-

ease activity at or shortly after diagnosis may predict

clinically important 18-month outcomes. Further valid-

ation studies are required for confirmation of our results.
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