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1) Detail of Statistical Methods 

Part 1: Clustering 

Patients included in study 

Patients were included in the study according to these criteria: 

a) Patients must have at least 6 of 8 visits recorded 
b) Patients must have at least one value recorded for each of the 5 patient-relevant variables (Quality of 
Life, Pain, Active Joints, Medication Requirements, Side-Effects) 

Data Quality 

Every variable used has (clinically) reasonable upper and lower bounds. Values found outside these 
bounds were checked manually. Some corrections were made to typos, though we did not change 
values that appeared to be plausible, even if a little extreme. Impossible values (e.g. negative values), 
however, were generally treated as errors and set to missing.   

Imputation 

Missing values were imputed in two stages.  

For patients missing a value of pain, we fit a regression model to predict child’s pain score (“Mark an X 
on the line at a point corresponding to your degree of pain overall in the past week, 0 = no pain, 10 = 
worst pain imaginable)” from the parent’s report of the child’s pain (“How much pain do you think your 
child has had because of his or her illness IN THE PAST WEEK? 0=no pain, 10=very severe pain). The 
regression formula is: 

Child_Pain = 0.383 + 0.802*Parent_Guess 

We then used the fitted regression to estimate the child’s pain score wherever it was missing, and 
where a parent’s guess was available.  A total of 231 values were imputed this way.  If no parent’s guess 
was available, then the imputation was handled using the more general method we describe next. 

For all remaining missing values, we tried several different methods of imputing data and selected the 
one that worked best, using an experimental setting similar to that described by Engels and Diehr [15].  
Starting from the cases that had complete data, we deliberately deleted a fraction of the responses in 
patterns similar to those for which actual missing values occurred in the data.  We then applied each 
imputation method and compared their estimates for the missing (deleted) data to the values that we 
had deleted.  We chose the method that gave the lowest Mean-Square Prediction Error and used it to 
generate imputed values for the actual missing data. Imputation methods we tried included those from 
the "Baseline" and "Population" categories [15], because the structure of our missing data didn't allow 
us to use the remaining methods. We also tried linear interpolation (draw a straight line through the 
two closest non-missing time points); if only one time point had data, we simply copied the value into all 
other time points. 
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The winning method on our data set was a version of regression imputation, followed closely by 
methods that impute a global mean (15). Our regression imputation works as follows: 

For a given variable (among the 5) and a particular time point (among the  8): 
a) Use data from all the patients that have a full set of 8 measurements for this variable 
b) Find the coefficients (slope + intercept) of the linear regression that predicts this particular 
measurement using the mean of the remaining 7 measurements as a single predictor 
c) For any patient missing data in this variable at this time point, feed the mean of the values that it does 
have into the  linear regression model to predict the missing data. Imputed values  outside of possible 
bounds (e.g. negative values) are reset back to the border of plausibility (e.g. zero) 
d) A single run of step (c) is sufficient to handle patients with missing data for a particular variable at 
only one visit.  For those who are missing data at more than one visit, the “mean of the remaining 7 
measurements” used to impute a particular time point includes some missing data that later get 
replaced with imputed values.  These new values would change the imputed value at that time point.  
We therefore cycle through the imputation process across all variables and time points several times 
until there is no further practical change in the imputed values.  Using 10 iterations was sufficient to 
achieve this.  Five variables with values at 8 visits for 609 subjects correspond to 24,360 data points; of 
which 18,603 had valid recorded values and 5757 (23.6%) were imputed as described. 

Clustering 

Following imputation, the complete data set is a 609x40 matrix of numerical values. It is standard to 
normalize the data to a mean of 0 and a standard deviation of 1 prior to applying clustering algorithms.  
However, the 40 columns in our data consist of temporal “trajectories” over 8 sampling periods for each 
of the 5 different patient-relevant variables.  We apply the standardization to the entire set of 
measurements for each patient-relevant variable—that is, we perform one standardization to the 
numbers in 8 columns—so that the temporal correlations within each patient are not disturbed.   

To cluster these multiple longitudinal trajectories, we relied mainly on the results of Genolini et al. [17].  
In our context, they showed that the distance between the 5 trajectories of two different patients can 
be measured as the “usual” distance between their entire set of 40 variables.  This allows one to ignore 
the longitudinal nature of the variables and treat them as 40 separate measures.  Hence, we considered 
several standard clustering algorithms: K-Means, K-Medoids, Agglomerative Clustering, and Divisive 
clustering [18, 19].  For K-Means and K-Medoids, we varied the number of clusters between 2 and 10. 
The overall quality of each clustering was measured by both R2 (which always increases as the number 
of clusters increases) and silhouette values (which may increase or decrease as the number of clusters 
increases).  Because the K-Means and K-Medoids algorithms each rely on random starting values and do 
not always terminate at the same result, we used 10 random restarts of each algorithm and selected the 
best result in terms of maximal R2 for each number of clusters. 

To choose the “best” number of clusters for each algorithm, we attempted to balance between 
statistical and clinical considerations.  We sought clusterings that resulted in high values of our 
numerical measures while maintaining an interpretably small number of clusters.  We found that, on the 
patient-relevant variables, K-Means with 4 or 5 clusters performed the best in terms of silhouette 
values.  We noticed no particularly large improvement in R2 resulted from increasing the cluster size 
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over 5. As the clusters with 4 and 5 groups looked roughly the same statistically, the choice to proceed 
with 4 clusters was made based on clinical considerations. 

To assess the stability of our final clustering, we ran the following analysis: 

a) From the 609 patients, select group A (a random sample of 420 patients), and group B (a separate 
random sample of 420 patients). There will be some overlap between the two groups. 
b) Run K-means with 4 clusters for group A and group B. 
c) We now consider the patients that are in both group A and group B. We would like to see whether 
these patients are clustered similarly in the two runs of K-means. To accomplish this, we compute the 
adjusted Rand index [20] 
d) We run steps (a)-(c) 10 times, and find the average adjusted Rand Index. 

We found that the average adjusted Rand Index was 0.70 (on a scale of 0-1), which we felt represented 
a reasonably stable clustering.  

We performed a sensitivity analysis on our imputation to ensure that the imputation process did not 

impart excessive bias through the assumption that missing values are random occurrences.  We did this 

by comparing our results on the imputed data to those that could be obtained from repeating the 

analysis on patients with no missing data (“complete cases”).  Because of the staggered enrollment into 

the ReACCh-Out cohort and because many patients missed at least one of the 40 data points required 

over five years, there were only 49 patients with full data for all eight visits for the clustering analysis.   

We therefore restricted our sensitivity analysis to just the first 6 visits. This allowed us to repeat the 

clustering analysis on 226 complete cases, compared to 609 for the original analysis with imputed data. 

We ran the K-means algorithm on these cases to obtain a 4-cluster solution, and compared this 

clustering to the clusters that these same patients were assigned to in the original analysis using the 

Adjusted Rand Index [20].  We found that the adjusted Rand Index was 0.76.  This is very comparable to 

the Rand Index we found from our analysis of the robustness of the original clustering.  We conclude 

that the clustering of the complete cases is comparable to clusterings that would be obtained by 

random subsetting of the imputed data.  Therefore, the missing-at-random assumption does not appear 

to be violated in a way that would inform a clustering analysis.   

Part 2: Prediction 

Patients 

All patients that were included in the clustering were also included in the prediction. 

Imputation 

We used simple imputation methods for explanatory variables measured at enrolment because there 
was very little missing data among the variables used in the prediction analysis.  There were 3 or fewer 
missing values out of 609 patients (<0.5%) for all but one explanatory variable, so the imputation 
method has very little impact on the results of the analysis.  For numerical explanatory variables, we 
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impute missing values using the mean of the non-missing values for that variable.  For discrete variables, 
we impute missing values using the mode (most common category) for that variable.  We conducted a 
sensitivity analysis in which the final logistic regression model identifed using the process below was run 
on two overlapping data sets: the full imputed data set and the patients with complete data only.  The 
predicted values fell very close to one another and a plot of imputed-data predictions against complete-
cases predictions showed near-perfect agreement (plot is below).  We therefore are confident that the 
imputation did not have serious consequences on the results of the statistical analysis.  

 

 

Outcome 

Given the nature of the clusters that we identified, it was determined by the research team that the 
main interest was in being able to predict when a patient would experience some kind of “difficult” 
course.  In particular, the clinical goals were to be able to predict either the Severe Persistent course or 
the combined set of Severe Persistent plus Severe Controlled.  However, these two groups are also the 
least frequent in the data; each occurs in roughly 10% of the patients.  Because we were not interested 
in separating Mild from Moderate, we chose to pursue a statistically simpler two-class classification 
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problem by amalgamating our four classes into strategically chosen partitions.  Furthermore, because it 
is often difficult to accurately classify “rare” events, we considered both direct and indirect approaches.   

First, note that our clusters are ordered with respect to difficulty of disease course: Mild < Moderate 
(“Mod”) < Severe Controlled (“SevC”) < Severe Persistent (“SevP”). There are therefore three ordered 
partitions of “difficulty” such that all patients are split sensibly into two groups: Mild vs. Mod + SevC + 
SevP, Mild + Mod vs. SevC + SevP, and Mild + Mod + SevC vs. SevP. We considered each of these three 
definitions of “outcome” in binary classification problems separately.   

In the first outcome, we were interested in seeing how well the classification of Mild, the most common 
course, could be “inverted” to provide classification of SevP or SevC + SevP.  That is, we could try to use 
the probability of “not-Mild” as a surrogate for the probability of SevP or SevC + SevP.  In the second 
outcome, we are modeling SevC + SevP directly, but could also use this as a surrogate for SevP.  Finally, 
the third outcome allows us to directly model SevP; we do not consider SevC in this case.   

Overview of modeling process 

Because model selection and prediction are inherently variable processes [18], we used a modeling 
procedure that allowed us to measure this variability and use it in our assessment of predictions.  The 
procedure consisted of two steps: selecting the variables to base models on, and then comparing 
different models based on these variables.  For each step, we created 50 random 75%/25% splits of the 
data.  In each split, the larger set (the “training set”) was used to fit models and the smaller set (the 
“test set”) was used to evaluate them. 

Selecting Variables for Prediction 

We used measurements available at the patients’ first visit to predict whether they would experience a 
“difficult” course.  Potential explanatory variables were chosen based on clinical considerations.  They 
were believed to be potentially important measures in the prediction of a difficult course based on 
published studies and clinical experience, and they would have meaningful interpretation in the context 
of a model.  This initial set consisted of 52 variables. 

Because most statistical prediction methods perform better when useless explanatory variables are first 
removed, we screened the initial set of variables for potential predictive ability. Furthermore, for clinical 
purposes a parsimonious model is preferred so that when applying the final model to a new patient, 
fewer variables would need to be input into the model. Variable screening was done within the context 
of a multiple logistic regression.  We constructed a logistic regression model for each outcome using all 
of the variables on the training data. We used the model to predict probabilities of a difficult course for 
each patient in the test set. From these predicted probabilities and their actual responses we measured 
the C-index.  Next, for each variable in the model, we repeated the analysis to measure the change in C-
index that resulted from dropping that variable out of the full model. The 20 variables with the highest 
average decline in C-index for a given outcome were retained for further use.  
 
To ensure that we had not removed any important variables in the screening process, we compared the 
logistic regression model for each outcome using only the 20 chosen variables to the one fit using all 
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available variables.  This process was done on each of the 50 training sets and the C-index (described 
below) was computed on each test set.  Comparing the mean C-indexes across the 50 splits indicated 
that restricting the variable list resulted in negligible change relative to using all possible variables for a 
given outcome.   

The same variables were typically important predictors of difficult course regardless of outcome 
definition.  The three sets of 20 variables comprised a total of 28 unique variables that were carried 
forward into the next step.  

Variable Ease 

These 28 selected variables were classified into three categories, depending on clinicians’ perceptions of 
how difficult it was to ascertain the value at diagnosis: 
 
Easy:  
JIA_Oligo: JIA category assigned by the pediatric rheumatologist at enrolment was oligoarthritis. 
JIA_Psori: JIA category assigned by the pediatric rheumatologist at enrolment was psoriatic arthritis. 
JIA_P_Neg: JIA category assigned by the pediatric rheumatologist at enrolment was rheumatoid factor 
negative polyarthritis. 
Total Joints: The number of active joints (swollen or with painful restriction of movement) at enrolment 
(0-71). 
Upper Joints: Involvement at enrolment of any joint in the upper limbs = 1, otherwise = 0. 
Joints Symmetric: Symmetric (right, left) joint involvement at diagnosis =1, otherwise = 0. 
RF: Rheumatoid factor tested positive at least once before enrolment. 
Subtalar_Any: At least one of the subtalar joints involved at enrolment = 1, otherwise = 0. 
Wrist_Any: At least one of the wrist joints involved at enrolment = 1, otherwise = 0.  
Finger Joints: At least one of the finger joints involved at enrolment = 1, otherwise = 0. 
Cervical Spine: Cervical spine involved at enrolment = 1, otherwise = 0. 
Ankle_Any: At least one of the tibio-talar joints involved at enrolment = 1, otherwise = 0. 
Stiff_AM: Answer of the parent to the question: Is your child stiff in the morning? Yes = 1, No = 0.  
Hip_Any: At least one of the hip joints involved at enrolment = 1, otherwise = 0. 
TMJ_Any: At least one of the temporal mandibular joints involved at enrolment = 1, otherwise = 0. 
Mid_Foot_Any: At least one of the mid foot joints involved at enrolment = 1, otherwise = 0. 
Enthe: Presence of enthesitis on examination at the enrolment visit =1, otherwise = 0.  

Medium: 
Reach_help: Parent reports the child needs help with reach (from the Childhood Health Assessment 
Questionnaire). 
Line (Pain): Answer to the question: Mark and X on the line at a point corresponding to your degree of 
pain overall in the past week (visual analogue scale from 0=no pain to 10=worst pain imaginable). 
Num_Enthe_Sites: Number of body sites affected by enthesitis on examination (0-33).  
Play: Answer to the question: Is your child able to run and play?  (From the Childhood Health 
Assessment Questionnaire, 0 = Without any difficulty, 3 = Unable to do). 
Grip_help: Parent reports the child needs help with gripping and opening things (from the Childhood 
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Health Assessment Questionnaire). 
Is_French: Parents report French is one of the child’s ethnic backgrounds. 

Hard: 
Juvenile Arthritis Quality of Life Questionnaire (JAQQ) score and its components (gross motor, fine 
motor, psychosocial, systemic symptoms). 

From these three groups of variables, we created three sets of progressively increasing size and 
availability for use in further analyses.  The first group consisted only of the 17 easy variables; the 
second consisted of these plus the 6 medium variables; and the third contained all 28easy, medium, and 
hard variables.  We fit all models described below separately using each of these three sets, so that we 
could choose a model for an outcome that achieved the best prediction results with the easiest-to-
measure set of variables.  

Prediction 

We next describe our approach to predicting each of our three binary outcomes, and subsequently 
predicting our target severe cases, using the data described above.  Note that the modeling steps are 
identical for each outcome. 

We applied 5 different statistical prediction methods: Logistic Regression, Classification Tree, Random 
Forest, Neural Networks and K-Nearest Neighbor. These methods were chosen because they represent 
different approaches to the analysis, and all except the classification tree are known to be excellent 
performers in certain data sets.  The classification tree is popular despite its statistical defects; we 
included it primarily for comparative purposes.  We also tried using Support Vector Machines, but they 
turned out to be both very slow and have poor performance, so we didn't consider them in our final 
analysis.   

For every method and every possible model-outcome pairing, we had 3 different variable sets to 
consider (easy, easy + medium, easy + medium + hard). We also created models that used JIA category 
alone (essentially a subset of the easy variables), as a reference to assess the degree of improvement 
attained with the extra modeling effort.  

Our strategy was to select a subset of data on which to train the prediction methods, use the estimated 
models to predict the hold-out results, and then compute some metrics to assess the quality of the 
predictions.  We ran 50 repeated sub-samplings, where we selected 75% of the data to train the model 
and 25% to test the model, so that we could adequately gauge the stability of the metrics and account 
for the randomness in the 75/25 splitting process.  Note that these splits were taken separately from 
those used to identify the best variables above.   

This approach deviates from the recommended three-way split into training, validation, and test sets 
[18].  This three-way split recommendation requires a very large data set in order to provide sufficient 
data in each split to (a) estimate models precisely, (b) distinguish clearly between good and poor 
models, and (c) estimate the final error measure with good precision.  As we described above, there 
were 52 variables to screen, but only 609 patients in the total data set.  A 75%/25% split is already 
stretching the capacity of our data to achieve these goals; smaller splits would make the problem worse.  
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By repeating our 75%/25% split numerous times, we considerably decrease the chance that one model 
“gets lucky” in matching the peculiarities of a particular split, and instead models must consistently 
perform well in many splits in order to be considered among the best.  We get an estimate of the entire 
probability distribution of each metric rather than just a single estimate.  We can therefore choose 
methods that have both good average values of a given metric and also high stability from split to split.   

Ideally we would have combined the variable selection process and the model-comparison process into 
one round of splits instead of using two separate rounds of splitting for each step.  However, the 
variable-selection process required some judgment and would have been difficult to fully automate to 
lead into the prediction process.   

 

Metrics 

The quality of the predictions can be assessed in several different ways, depending on the actual 
research goal. Because our research has multiple purposes, we assessed our models using three 
different metrics, which we describe here.  The first two metrics, C-index and maximum likelihood, are 
our primary measures because they relate the predicted probabilities of severe course to the actual 
results for each patient.  The third metric, Pearson statistic, is a coarser measure that is based on 
forming risk groups rather than assessing each probability individually.  We use this as a secondary 
measure of performance: given two methods that have similar values of the other metrics, we prefer a 
model that more clearly separates patients into risk strata, which could be incorporated into an online 
tool for parents and clinicians.   

C-Index: The C-index addresses the question: as predicted probabilities of the target outcome increase, 
do the occurrences of the outcome increase in frequency? This metric uses only the order of the 
predicted probabilities in the 25% testing set, not the numerical values. As such, it is insensitive to the 
actual “accuracy” of the predicted probabilities. The c-statistic varies from 0 to 1, where 0.5 corresponds 
to predictions equivalent to chance alone and 1.0 is perfect prediction. Values above 0.7 are considered 
helpful prediction [23]. 

Maximum Likelihood: Maximum Likelihood measures how well the model-predicted probabilities match 
observed proportions. The basic idea is that the proportion of patients in the test set who actually have 
a difficult course should match that model-predicted probability reasonably closely. The maximum 
likelihood score is maximized when these quantities match perfectly in the sample. 

The log likelihood is, 
log(L)=Σ[yilog(pi)+ (1-yi)log(1-pi)], 
where yi is the outcome for patient i from the 25% testing set, coded as 1 if the more difficult outcome 
occurred and 0 if not, and pi is the model predicted probability for the same patient. In some of our 
models it is easy to obtain probability estimates of 0 of 1, and these predictions cause the log-likelihood 
to become infinite, we allow no predictions lower than 1% or higher than 99% (any values predicted 
more extreme than this by the model are moved back to the respective boundary). This is consistent 
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clinically; we would not expect to give a patient a more definite statement than "Your chance of a 
difficult course is about 1%". 

Pearson Statistic: One potential future use of the study results is to create an online tool that allows 
patients to input their variables and see whether they have a Low, Medium, or High risk of a difficult 
course. To assess models’ potential utility in this regard, we used a method similar to regression trees 
[18] to split patients in the 75% training set optimally into three risk categories according to the model 
predicted probability of a difficult course. Our method considered all possible ways of splitting patients 
into three groups according to their predicted probabilities.  We chose the one that gave the best value 
of the Pearson statistic, 

∑
nk(πk̂ − π̅)2

π̅
,

3

𝑘=1

 

Where nk is the size of group k, πk̂ is the average response in group k, and p̅ is the overall average 
response. The higher the Pearson statistic is, the greater the separation of risk among the three groups.  
We then applied the selected grouping to the 25% testing set to measure the model’s predictive ability. 

R software was used for cluster analyses and prediction modeling, STATA software was used for 
descriptive statistics and Kaplan Meier curves.  
 
 
Table S1: Baseline characteristics of subjects included and those excluded from the study  
 

Characteristic Included subjects 

(n=609) 

Excluded subjects 

(n=883) 

P ** 

Female number and (%) 413 (67.9) 522 (61.7) 0.015 

Age at diagnosis in years * 8.4 (3.4, 11.9) 10.4 (4.4, 13.7) <0.0001 

Time from first symptom to 
diagnosis (months) 

3.7 (1.8, 7.3) 4.6 (2.1, 10.7) 0.0002 

Time from diagnosis to 
enrolment (months) 

0.9 (0, 3) 0.7 (0, 2.6) 0.01 

Number of active joints 2 (1, 6) 1 (0, 3) 0.03 

Number of joints with limited 
movement 

1 (0, 3) 1 (0, 3) 0.19 



Online supplement to Predicting Which Children with Juvenile Idiopathic Arthritis Will 

Have a Severe Disease Course: Results from the ReACCh-Out Cohort, the Journal of 

Rheumatology, doi:10.3899/jrheum.160197. 

 

10 

 

Physician global assessment of 
disease activity (cm) 

2.8 (1.1, 5.3) 2.4 (0.7, 4.4) 0.0001 

Parent global assessment of 
impact (cm) 

1.6 (0.4, 4) 1.7 (0.3, 4.6) 0.847 

Childhood health assessment 
questionnaire score 

0.375 (0.125, 0.875) 0.375 (0, 0.875) 0.496 

ESR at enrollment in mm/hr 20 (9, 38) 15 (5, 32) <0.0001 

JIA Category, number (%): 

   Oligoarthritis 

   RF-neg polyarthritis 

   Enthesitis-related 

   Systemic 

   Psoriatic 

   RF-pos polyarthritis 

   Unclassified 

 

223 (36.6) 

129 (21.2) 

81 (13.3) 

47 (7.7) 

36 (5.9) 

26 (4.3) 

67 (11.0) 

 

374 (42.4) 

157 (17.8) 

135 (15.3) 

43 (4.9) 

58 (6.6) 

34 (3.8) 

82 (9.3) 

0.053 

 

* Numbers are median and (25th, 75th centiles) unless otherwise specified.  There were variable 
proportions of missing information.  Sex, age, joint counts and physician global assessments were 
available in >95% of subjects.  ESR was available in 89.1%, parent global in 82% and CHAQ in 78.6% of 
subjects.   

** Probability that the difference between included and excluded subjects is due to chance alone 
calculated with Chi Square test for proportions and with Wilcoxon rank test for medians.  A single Chi 
square test with 7 levels was used for JIA category. 

Table S2: Percentage of data for clustering analysis requiring imputation for each variable at each visit. 
 

Variable 
Visit # 

1 2 3 4 5 6 7 8 

Pain Intensity 
Medication Requirements 
Side Effects 
Quality of My Life 
Active Joint Count 

6.2 6.6 11.5 14.9 10.8 23.6 53.2 74.7 

0 0.7 2.6 4.1 1.8 3.4 39.4 65.5 

10.0 8.9 13.8 18.0 12.8 25.8 54.7 76.0 

14.0 11.5 16.7 21.0 17.1 30.9 57.5 79.8 

0.5 0.7 2.8 4.3 2.0 3.6 40.2 65.7 
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Figure S1: Changes during the first five years after diagnosis in selected characteristics across the four 
juvenile idiopathic arthritis disease course groups.  A) Quality of My Life score, B) Pain in the last week, 
C) Medication requirements, D) Patient-reported medication side-effects, E) Active joint counts, F) 
Childhood Health Assessment Questionnaire disability index, G) Physician global assessment of disease 
activity, H) Parent global assessment of disease impact, I) Juvenile Arthritis Disease Activity Score 3, J) 
Erythrocyte sedimentation rate.  Shown are mean values and 95% confidence intervals.  The Mild 
disease course is represented by green diamonds, the Moderate course by yellow circles, the Severe 
Controlled course by orange triangles and the Severe Persisting course by red squares. 
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2) Post-hoc analyses 
 
After reviewing the results of clustering we conducted the following post-hoc analyses to assess the 
possibility that children with a severe persisting disease course were grouped as such because of an 
overlying chronic pain syndrome, rather than because of persisting disease activity: 1) probability of 
attaining inactive disease by Kaplan Meier survival analysis (expected to be independent of chronic pain, 
since our definition of inactive disease does not include patient-reported outcomes); 2) frequency of 
subjects with at least one active joint at each study visit (expected to be lower if chronic pain, rather 
than active disease, is a main factor); 3) frequency of persisting inflammation in key joints (expected to 
be low in chronic pain; key joints included neck, wrist, hip, ankle); 4) correlation of pain intensity with 
active joint counts (expected to be weak in chronic pain syndrome); 5) differential impact across JAQQ 
domains (expected to have disproportionally high scores in psychosocial and symptoms domains relative 
to gross motor and fine motor domains in chronic pain syndrome). 
 
We found that relative to subjects in the severe controlled disease course, patients with a severe 
persistent course had: 1) similar probabilities of attaining inactive disease; 2) comparable proportion of 
subjects with at least one active joint at each visit; 3) comparable or higher frequency of involvement of 
neck, wrist, hip and ankle joints, and a higher proportion of overall restriction of joint movement; 4)  a 
weaker overall correlation of pain intensity and active joint count (Spearman correlation of 0.30 in 
patients with severe persisting and 0.46 in patients with severe controlled disease course); and, 5) no 
differential impact on psychosocial and symptoms JAQQ domains. 
 
Thus, we found little evidence that a chronic pain syndrome, rather than persisting disease activity, was 
the main reason for a severe persisting disease course. Although these patients did not have very high 
active joint counts at enrolment, they often had at least one active joint at subsequent visits (frequently 
a key joint such as neck, wrist, hip or ankle) and restriction of movement; they took as long as patients 
with severe controlled course to attain inactive disease and the psychosocial and symptoms domains of 
the JAQQ were not disproportionally affected.  On the other hand, the correlation between pain 
intensity and active joint counts was weaker than that seen in patients with a severe controlled disease 
course. Thus it seems that both, persisting disease activity in key joints AND significant pain and quality 
of life impact characterize the severe persisting disease course. 
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3) Detail of Medication Requirements and Side-Effects Scales 
 
Medication requirements and medication side effects were found to be top priorities for patients, 
parents and clinicians in describing the course of the disease in children with juvenile idiopathic arthritis 
(JIA) in a previous study [6].  There are no validated scales to measure these constructs in JIA.  
 
We developed draft scales based on data available in the Research in Arthritis in Canadian Children 
emphasizing Outcomes cohort and convened focus groups of youth with JIA (n=3), parents of children 
with JIA (n=3), and pediatric rheumatology clinicians (2 pediatric rheumatologists, 1 nurse) to evaluate 
the draft scales.  Both were 11-level ordered scales from 0 to 10.  Each of the proposed 11 levels for 
each scale was printed onto a card and participants were asked to rank the cards on their own, without 
knowledge of the proposed order.  Participants then viewed the rankings and discussed reasons for their 
ranking.  Open discussions about JIA medications and side effects followed.  Notes were recorded by a 
research assistant at each group, and data was summarized. 
 
Overall there was excellent agreement on ranking of the extreme levels of the scale (0, 10) and the 
scales had good face validity, but needed modifications.  Based on the discussions, the medication 
requirements scale was changed to rank joint injections with a lower value than daily anti-inflammatory 
therapy and the scaling was changed from 10 ordered levels to an additive scale in which each 
medication received contributed their own individual weight.  Patients own experience with side effects 
of prednisone and methotrexate influenced the perceived “intensity” of these medications.  Participants 
also pointed out that medication frequency has an impact on the perceived “intensity” of treatment.  
 
The draft Side-Effects scale based on the number and frequency of side-effects was said not to reflect 
the “real importance” of a side effect.  Participants felt that future scales must include measures of 
overall severity and impact of the side effects on daily living; information that was not available in the 
current data set.  Additional descriptors were proposed for prednisone side effects and inconvenience of 
regular subcutaneous injections.  
 
In conclusion, the draft medication requirements scale was overall well received but required 
adjustments.  It was felt that the side effects scale should focus on global severity and impact of 
experienced side effects on daily life rather than the number and frequency of side effects.  
 
The draft scales were modified following the focus group and their final versions used in the study are 
reproduced below. 
  
Medication requirements scale 
Assign the following points for each medication received at the time of the visit and add them to obtain 
the medication requirements score.  The minimum is 0=no antirheumatic medications, the maximum 
possible is 18.5 points, and the maximum observed in 609 patients was 18.5.  
Joint Injection, 1 
NSAID, 1.5  
Systemic corticosteroids, 3 
One synthetic DMARD, 3 
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More than one synthetic DMARD, 5 
Biologic medication, 8  
 
 
Side-effects scale     
Each of the symptoms listed below was rated by the parent/patient at each study visit.  Then the most 
appropriate of the 10 possible values for the side-effects score was assigned to that visit.  The minimum 
is 0=no side effects or receiving no treatment, the maximum possible is 10, and the maximum observed 
in 609 patients was 8. 
Ten symptoms reported by parents/patient to be due to arthritis or its treatment in the JAQQ were 
selected by the authors as possible side-effects: poor appetite, mouth sores, nausea/vomiting, 
abdominal pain, heartburn, diarrhea, constipation, skin rash (rash of systemic JIA was reported 
separately), pain or discomfort passing urine, headache. 
 
Rating supplied by parent/patient for each symptom: 
1 = None of the time - NEVER 

2 = Hardly any of the time - 10% of the time 

3 = Some of the time - 25% of the time 

4 = Half of the time - 50% of the time 

5 = Most of the time - 75% of the time 

6 = Almost all of the time - 90% of the time 

7 = All the time - ALWAYS 
 
Scoring for the Side Effects scale: 
0 = No side effects 
1 = One side effect occurring hardly any of the time 
2= One side effect occurring some of the time 
3 = Two side effects occurring hardly any of the time 
4 = Two side effects occurring some of the time 
5 = One side effect occurring 50% or more of the time 
6 = Two side effects occurring 50% or more of the time 
7 = Three side effects occurring 50% or more of the time 
8 = More than 3 side effects present more than 50% of the time 
9 = Side effect requiring in hospital treatment 
10 = Side effect resulting in death or disability  
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 Figure S2: Differences in subject grouping between the 4 JIA disease courses and clusters derived using 
juvenile arthritis core values (A); and a 5-cluster option using the 5 patient-relevant variables (B). The 
area of the circles is proportional to the number of subjects. 
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Figure S3:  Performance of the best model targeted at predicting severe persisting course directly. A) 

Model calibration curve, with lines designating the separations between Low, Medium, and High risk 

groups according to the best three-way split, B) Receiver Operating Characteristics (ROC) curve, C) 

Observed frequency of disease courses when the whole cohort is divided in deciles of risk according to 

the prediction model.  This model used logistic regression with easy and medium variables.   A model 

using the K-nearest Neighbor method had very similar metrics. 
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Table S3: Univariate associations of baseline variables with a severe disease course (severe controlled 
and severe persisting combined) calculated with logistic regression models including one variable at a 
time.  Effect size is the increase in the linear predictor when the variable changes by 1 unit (or for the 
binary variables, simply changes from 'no' to 'yes') in a logistic regression. Effect sizes are not 
standardized. Variables are listed from lowest to highest p value. 
 

Baseline variable Effect Size (95% CI) P Value 

JAQQ psychosocial domain 0.397 (0.223, 0.572) 0.000 

Pain intensity 0.221 (0.123, 0.319) 0.000 

JAQQ total score 0.436 (0.236, 0.635) 0.000 

Oligoarthritis -1.451 (-2.156, -0.746) 0.000 

JAQQ systemic symptoms domain 0.358 (0.181, 0.536) 0.000 

CHAQ reach help 1.768 (0.866, 2.670) 0.000 

JAQQ gross motor domain 0.263 (0.123, 0.404) 0.000 

CHAQ difficulty with play 0.588 (0.269, 0.907) 0.000 

Upper limb joint involved 0.923 (0.389, 1.457) 0.001 

Enthesitis related arthritis 1.055 (0.441, 1.668) 0.001 

TMJ involved  1.506 (0.590, 2.422) 0.001 

Mid foot involved 0.988 (0.244, 1.732) 0.008 

Symmetric joint involvement 0.685 (0.165, 1.204) 0.008 

Morning stiffness 1.088 (0.258, 1.917) 0.009 

Wrist involvement 0.678 (0.156, 1.199) 0.009 

Finger joint involvement 0.611 (0.097, 1.125) 0.017 

Hip involvement 0.784 (0.121, 1.447) 0.018 

Number of enthesitis sites 0.099 (0.014, 0.184) 0.019 

Positive rheumatoid factor 0.874 (0.107, 1.642) 0.023 

Inflammatory bowel disease 2.761 (0.299, 5.224) 0.025 

Polyarthritis RF-positive 1.008 (0.095, 1.921) 0.027 

Cervical spine involved 0.956 (0.047, 1.865) 0.035 

CHAQ chores help 0.847 (0.003, 1.690) 0.045 

Indigenous ethnicity 0.754 (-0.042, 1.549) 0.058 

Positive B27 0.660 (-0.038, 1.359) 0.059 

General Stiffness1 0.228 (-0.022, 0.479) 0.068 

Ankle involvement 0.461 (-0.053, 0.975) 0.073 

JAQQ fine motor domain 0.130 (-0.021, 0.280) 0.084 

British ethnicity 0.366 (-0.147, 0.879) 0.154 

                                                           
1 A more specific measure of morning stiffness: 0 = No stiffness, 1 = Less than 30 minutes of morning stiffness, 2 = 
More than 30 minutes of morning stiffness. 
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Lower limb joint involved -0.349 (-0.895, 0.198) 0.202 

Western European ethnicity 0.391 (-0.224, 1.005) 0.203 

SI_JOINT_ANY 0.617 (-0.527, 1.760) 0.281 

Sacroiliac joint involvement 0.417 (-0.399, 1.233) 0.307 

Northern European ethnicity -0.455 (-1.529, 0.619) 0.397 

French ethnicity 0.223 (-0.305, 0.751) 0.398 

Active joint count 0.011 (-0.015, 0.036) 0.400 

Positive ANA -0.199 (-0.712, 0.315) 0.439 

Eastern European ethnicity 0.234 (-0.407, 0.875) 0.465 

Polyarthritis RF-negative 0.213 (-0.384, 0.809) 0.476 

Achilles enthesitis right 0.447 (-0.844, 1.739) 0.488 

South European ethnicity -0.271 (-1.168, 0.626) 0.546 

CHAQ hygiene help 0.374 (-0.892, 1.640) 0.554 

Days since disease onset -0.001 (-0.004, 0.003) 0.648 

Female sex 0.116 (-0.421, 0.652) 0.666 

Subtalar joint involvement 0.157 (-0.609, 0.924) 0.682 

Achilles enthesitis left -0.217 (-1.726, 1.292) 0.774 

Hemoglobin level 0.002 (-0.016, 0.020) 0.824 

Parent's Education2 -0.018 (-0.187, 0.152) 0.835 

Unclassified JIA -0.065 (-0.969, 0.840) 0.887 

Fever Severity3 0.023 (-0.353, 0.399) 0.902 

Systemic arthritis 0.053 (-0.857, 0.963) 0.907 

Psoriatic arthritis -0.007 (-1.101, 1.087) 0.990 

 
  

                                                           
2 The higher of the parent's level of education coded as 5 levels: 0 = Elementary School, 1 = High School, 2 = Non-
university post-secondary, 3 = Bachelor's degree, 4 = Graduate school. 
3 A specific measure of fever severity coded as 3 levels: 0 = No Fever, 1 = Any fever other than quotidian, 2 = 
quotidian fever. 
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Table S4: Standardized coefficients and Odds ratios for the final prediction model  
 

Variable Standardized Coefficient  Odds Ratio 

Active Joint Count* 1.68 5.34 

Psoriatic Arthritis -1.23 0.29 

Oligoarthritis -1.14 0.32 

RF-negative polyarthritis -0.49 0.61 

Upper Limb Joint Involvement 0.75 2.12 

Symmetric Joint Involvement -0.88 0.42 

Rheumatoid Factor 1.31 3.72 

Subtalar Joint Involvement -1.42 0.24 

Finger Joint Involvement -0.31 0.73 

Cervical Spine Involvement 0.84 2.33 

Ankle Joint Involvement 0.48 1.62 

Presence of Morning Stiffness 0.56 1.75 

Hip Involvement 0.06 1.06 

Temporal Mandibular Joint Involvement 1.50 4.47 

Mid Foot Involvement 0.54 1.72 

Presence of Enthesitis 0.86 2.37 

 
*With the exception of Active Joint Count, Odds Ratios have the usual meaning.   For Active Joint Count 

the Standardized Coefficient and the Odds Ratio refer to the increase in risk when the Active Joint Count 

increases by 1 Standard Deviation (about 9 joints).  No confidence intervals are provided because the 

model-based standard errors do not reflect the variability associated with the model-selection process 

and are invalid measures of the actual variability of the coefficients and odds ratios.  (see Berk, R, 

Brown, L, Buja, A, Zhang, K, and Zhao, L. (2013). Valid Post-Selection Inference.  The Annals of Statistics, 

Vol. 41, No. 2, 802–837.) 

 


