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Abstract

Introduction: Tofacitinib is an oral, small molecule Janus kinase inhibitor for the treatment
of ulcerative colitis (UC). Outcome prediction based on early treatment response, along with
clinical and laboratory variables, would be very useful for clinical practice. The aim of this
study was to determine early variables predictive of responder status in patients with UC

treated with tofacitinib.

Methods: Data were collected from patients treated with tofacitinib 10 mg twice daily in the
OCTAVE Induction 1 and 2 studies (NCT01465763 and NCT01458951). Logistic regression and
random forest analyses were performed to determine the power of clinical and/or laboratory
variables to predict 2- and 3-point partial Mayo score responder status of patients at Weeks 4

or 8 after baseline.

Results: From a complete list of variables measured in OCTAVE Induction 1 and 2, analyses
identified partial Mayo score, partial Mayo subscore (stool frequency, rectal bleeding, and
Physician Global Assessment], cholesterol level, and C-reactive protein level as sufficient
variables to predict responder status. Using these variables at baseline and Week 2 predicted
responder status at Week 4 with 84-87% accuracy and Week 8 with 74-79% accuracy. Variables
at baseline, Weeks 2 and 4 could predict responder status at Week 8 with 85-87% accuracy.
Conclusion: Using a limited set of time-dependent variables, statistical and machine learning
models enabled early and clinically meaningful predictions of tofacitinib treatment outcomes
in patients with moderately to severely active UC.
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Introduction

Ulcerative colitis (UC) is a chronic inflammatory
disease of the colon and rectum characterized by
recurrent periods of relapsing and remitting symp-
toms that can cause significant disease burden.!
Although UC was previously more predominant in
developed countries, the prevalence is growing
worldwide.?> Given the diversity of patients and the
growing and wide range of treatment options in
UC,>° there is interest in identifying ways to more
effectively and efficiently predict which patients

will respond to treatment, such that ineffective
therapies can be avoided and rapid improvements
can be achieved.” There is also a need for precision
medicine in UC, where an individual patient’s
biology and disease pathophysiology are taken into
account when making treatment decisions.8

Tofacitinib is an oral, small molecule Janus kinase
inhibitor for the treatment of UC. Tofacitinib
treatment has been shown to result in significantly
improved outcomes versus placebo in two 8-week
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induction studies (OCTAVE Induction 1 and 2
(NCT01465763 and NCTO01458951, respec-
tively)) and a 52-week maintenance study
(OCTAVE Sustain (NCT01458574)) in patients
with moderately to severely active UC.%10

The Mayo score is a combination of four physi-
cian- and patient-reported outcomes (stool fre-
quency, rectal bleeding, endoscopic appearance,
and Physician Global Assessment) that measure
UC disease activity, and is widely used in clinical
trials.!! A non-invasive partial Mayo score does
not include endoscopic appearance, and ranges
from 0 to 9 with a score of 9 indicating the most
severe disease activity.!!

Many clinical trials use a decrease of 2 points in
the partial Mayo score as a marker for clinical
response;%10:12-14 however, it has been suggested
that larger decreases may be more indicative of a
substantial patient-reported improvement in UC.!!

This post hoc analysis focuses on utilizing tradi-
tional statistical methods, as well as machine
learning techniques, to create models able to pre-
dict the outcomes of tofacitinib-treated patients
with UC. The models described herein use data
from wvarious time points of the OCTAVE
Induction 1 and 2 studies. The overall objective
of this research was to determine if early treat-
ment response, and any clinical or laboratory
variables, could predict partial Mayo score
responder status (defined as either a 2- or 3-point
reduction in partial Mayo score) at Weeks 4 and
8 after tofacitinib induction therapy in patients
with moderately to severely active UC.

Methods

Patients and study design

Full details of OCTAVE Induction 1 and 2 study
design, inclusion and exclusion criteria, and
patient demographics and disease characteristics
have been extensively described previously.%10
Demographics and baseline disease characteristics
relevant to the current analysis are shown in
Supplemental Table S1. Briefly, patients with
moderately to severely active UC were randomized
to receive tofacitinib 10 mg twice daily (b.i.d.) or
placebo, with final efficacy assessment at Week 8.
Patients were required to have failed or be intoler-
ant to corticosteroids, immunosuppressants, or
tumor necrosis factor inhibitors. Patients could

remain on stable doses of concomitant 5-aminosal-
icylates and oral corticosteroids but were not
allowed to use concomitant tumor necrosis factor
inhibitors, azathioprine, methotrexate, or 6-mer-
captopurines. Patients in the intent-to-treat popu-
lation who received tofacitinib 10 mg b.i.d. in
OCTAVE Induction 1 and 2 were included in this
analysis.

The study protocols were approved by the
Institutional Review Board or independent ethics
committee for each participating center. Written
informed consent was obtained from all patients,
per the ethics committee-approved protocols. All
studies were conducted in compliance with the
ethical principles derived from the Declaration of
Helsinki and in compliance with all International
Conference on Harmonization Good Clinical
Practice Guidelines.

Outcomes and models

Definitions. Partial Mayo score: partial Mayo score
was the sum of three subscores, including stool
frequency (0-3), rectal bleeding (0-3), and Physi-
cian Global Assessment (0-3), where partial
Mayo scores of 0-1 indicated remission and
scores of 7-9 indicated severe disease.

Responder: a decrease of =2 points from baseline
in partial Mayo score was an exploratory end-
point in OCTAVE Induction 1 and 2;!° however,
it has previously been postulated that clinical
response may be best defined as a =3-point
decrease from baseline in partial Mayo score.!!
Therefore, in this analysis, two definitions of
responder status were tested: a decrease of 2 or 3
points from baseline in partial Mayo score.

Monotonicity: monotonicity measured the consist-
ency of decreasing or increasing trends in partial
Mayo score and ranged from -1 to 1, where —1
indicated that the partial Mayo score had a linearly
decreasing trend, and 1 indicated that the partial
Mayo score had a linearly increasing trend.

Path length: path length measured the extent that
the partial Mayo score fluctuated over time. The
smaller the path length, the more stable the par-
tial Mayo score (with a minimum value of 0, indi-
cating an unchanging partial Mayo score).

Random forest: random forest model was a
machine learning algorithm that utilized a set of
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decision trees. Random forest models were
defined by the number of trees and the number of
variables randomly chosen for each tree.

Analyses. Objectives: analyses were performed to
identify variables capable of predicting responder
status (clinical response according to the defini-
tion of either a 2- or 3-point decrease in partial
Mayo score) at Week 8 using data from baseline,
Week 2, and Week 4. Identical analyses were also
used to identify variables capable of predicting
responder status at Weeks 4 or 8 using data from
baseline and Week 2.

Selection of variables: the full set of variables ini-
tially explored is shown in Supplemental Table
S2. With the full set of variables, a forward selec-
tion was used for logistic regression, starting
from an intercept-only model and adding one
significant variable at a time until no significant
variables met the significance level to enter the
model. From these iterative results, a reduced set
of variables with the highest predictive value for
responder status was identified. Table 1 shows
the measures and corresponding time points
from which the variables used in the models were
derived. Of note, prior or concomitant use of
steroids and previous use of tumor necrosis fac-
tor inhibitor therapies were not identified as sig-
nificant predictive factors for partial Mayo score
responder status at Week 8.

Using the same logistic regression technique, as
well as random forest models, differences in par-
tial Mayo score and individual subscores (stool
frequency, rectal bleeding, and Physician Global
Assessment) from baseline to Weeks 2 or 4, par-
tial Mayo score path length and monotonicity,
and differences in laboratory values from baseline
to Week 4, were analyzed to determine how well
they could predict responder status. Area under
the receiver operating characteristic curve
(AUROQC) values were used to determine the pre-
dictive power of the models, and odds ratios
(ORs) and 95% confidence intervals (CIs) for
variables were calculated as a result of the regres-
sion modeling.

For each analysis performed, patients who had
missing values in at least one of the variables used
in that model were excluded from the analysis.

Random forest model: this analysis utilized a ran-
dom forest model with n-fold cross-validation to

Table 1. Reduced list of variables incorporated into
the final models.

Variables in the final models

Partial Mayo score at baseline, Week 2, and
Week 4

Partial Mayo subscores at baseline, Week 2, and
Week 4

Stool frequency
Rectal bleeding
Physician Global Assessment
Laboratory variables at baseline and Week 4

Total cholesterol (mg/dL)

C-reactive protein (mg/dL)

Measures and corresponding time points from which the
variables used in the models were derived are shown.
Variables used in the models were the values themselves,
their differences from the baseline value, monotonicity
(for partial Mayo score only), and path length (for partial
Mayo score only).

improve prediction of responder status. To select
the best model, a set of values for each hyperpa-
rameter (300, 500, or 1000 trees, and either 2, 3,
4,5,6,7,8,9,10, 11, or 12 variables randomly
chosen for each tree) was defined. A model was
then fit using the dataset for each combination of
values. The model was fit using a repeated cross-
validation approach, and a performance metric
was computed for each repetition. The average
value of the performance metric on all of the rep-
etitions was associated with the combination of
parameter values that defined the model. This
tuning process was repeated for each possible
combination of parameter values. The model
with the best performance metric was chosen.
The tuning process incorporated a 10-fold cross-
validation (10 partitions) with 5 repetitions using
each partition. The metric used to evaluate the
model’s performance was the AUROC value.

K-fold cross-validation with repetitions: in addition
to the above tuning process models, a k-fold
cross-validation approach with repetitions was
utilized in a subsequent prediction step. This
entailed randomly splitting the whole dataset into
k different partitions (k=5) and iteratively con-
sidering one partition at a time in the chosen anal-
ysis. The remaining 2— 1 partitions were used to
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Table 2. Summary of all AUROC values from logistic regression and random forest analyses using the reduced list of variables and
a training/testing split dataset or a cross-validation protocol to predict either 2- or 3-point partial Mayo score responder status at

Weeks 4 or 8.

Week 8 prediction of response using Week 8 prediction of response
using baseline and Week 2 data

baseline, Week 2, and Week 4 data

Week 4 prediction of response
using baseline and Week 2 data

Logistic_ Random forest Logistic_ Random forest Logistic_ Random forest
regression regression regression
Training/testing split dataset
2-point response  0.87 0.85 0.78 0.74 0.86 0.84
3-point response  0.87 0.85 0.79 0.78 0.87 0.84
Cross-validation protocol
2-point response  0.88 0.86 0.78 0.76 0.86 0.83
3-point response  0.87 0.85 0.78 0.76 0.86 0.83

AUROC, area under the receiver operating characteristic curve.
Data shown are AUROC values. Responses were defined as either a 2- or 3-point reduction in partial Mayo score. Analyses were performed using
the variables derived as shown in Table 1.

predict outcomes for the patients in the omitted
partition. The whole cross-validation approach
was repeated three times (i.e. three repetitions).
The aim of the k-fold cross-validation was to have
predictions on the whole set of patients, and the
aim of the repetitions was to randomly change the
partition each time in order to check if results
were robust. The metric used to evaluate the
model’s performance was the average AUROC
value over the repetitions.

Results

Patients and responders

Of the 905 patients randomized, a total of 841
patients with UC treated with tofacitinib 10 mg b.i.d.
were included in the analyses. Patients who did
not complete the study (N=63) and one patient
with proctitis were excluded. The response rates at
Week 4 were 70% and 54.9% using a 2- and
3-point reduction in the partial Mayo score,
respectively. Response rates at Week 8 were 73.8%
and 61.2% using a 2- and 3-point reduction in the
partial Mayo score, respectively. The actual num-
ber of patients included in the logistic regression
and random forest analyses may have been slightly
different due to missing values in the variables
used or in the partial Mayo score. For prediction
of responder status at Week 8, 24 (2.9%) and 38
(4.5%) patients had missing values from baseline

to Weeks 2 and 4, respectively; therefore, data
from 817 and 803 patients without missing values
were included. For predictions of responder status
at Week 4, 27 (3.2%) patients had missing values
from baseline to Week 2; therefore, data from 814
patients without missing values were included. A
summary of AUROC values for both logistic
regression and random forest analyses encompass-
ing all testing scenarios is shown in Table 2.
Similar results using the k-fold cross-validation
method are shown in Table 2.

Predicting responder status at Week 8 using

data at baseline, Week 2, and Week 4

Logistic regression. Logistic regression analyses
were performed using the variables shown in
Table 1. For predicting a 2-point responder status
at Week 8, the AUROC value was 0.87 (Figure
1(a), Table 2), and significant predictors of
response were change in partial Mayo score and
total cholesterol levels from baseline to Week 4
(odds ratio (OR): 2.97, 95% confidence interval
(CI): 2.43-3.63 and OR: 0.99, 95% CI: 0.98-
1.00, respectively). The AUROC value for pre-
dicting a 3-point responder status at Week 8 was
0.87 (Figure 1(b), Table 2) with change in partial
Mayo score and cholesterol levels from baseline
to Week 4 being significant predictors of response
(OR: 2.59, 95% CI: 2.20-3.04 and OR: 0.99,
95% CI: 0.98-1.00, respectively).
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Figure 1. Logistic regression for the prediction of (a) 2-point and (b) 3-point responders at Week 8 using data
from baseline, Week 2, and Week 4. Regressions were performed using the path length (partial Mayo score
only), monotonicity (partial Mayo score only), and differences between baseline and Week 2 and/or Week 4 of

the variables shown in Table 1.

AUROC, area under the receiver operating characteristic curve; ROC, receiver operating characteristic.

Random forest. The random forest algorithm
with the highest performance contained 1000
trees with two variables randomly chosen for each
tree. The AUROC value for this model was 0.85
in predicting both a 2- and 3-point response at
Week 8 (Table 2). The partial Mayo score differ-
ence between baseline and Week 4 and the partial
Mayo score path length from baseline to Week 4
were the two most important variables in the pre-
diction of 2- and 3-point responder status at Week
8 (Table 3).

Predicting responder status at Week 8 using

only data from baseline and Week 2

Logistic regression. For predicting a 2-point
responder status at Week 8 using only baseline
and Week 2 data, the AUROC value was 0.78
(Table 2) with change in partial Mayo score and
stool frequency subscore between baseline and
Week 2 as significant predictors (OR: 0.99,
95% CI: 1.50-2.16 and OR: 0.61,95% CI: 0.46-0.82,
respectively). The AUROC value for predicting a
3-point responder status at Week 8 was 0.79
(Table 2) with the difference in partial Mayo
score between baseline and Week 2 as a signifi-
cant predictor (OR: 2.04, 95% CI: 1.78-2.35).

Random forest. The AUROC value for this model
was 0.74 in predicting a 2-point response and

0.78 in predicting a 3-point response at Week 8
(Table 2). The partial Mayo score difference
between baseline and Week 2 and the partial
Mayo score at Week 2 were the two most impor-
tant variables in the prediction of 2- and 3-point
responder status at Week 8 (Table 4).

Predicting responder status at Week 4 using

data from baseline and Week 2

Logistic regression. For predicting a 2-point
responder status at Week 4, the AUROC value
was 0.86 (Table 2), with change in partial Mayo
score between baseline and Week 2 (OR: 2.51,
95% CI: 2.02-3.12), stool frequency subscore at
Week 2 (OR: 0.62, 95% CI: 0.46-0.84), and
C-reactive protein (CRP) levels at baseline
(OR: 0.99, 95% CI: 0.98-1.00) as predictors in
the final model. The AUROC value for predicting
a 3-point responder status at Week 4 was 0.87
(Table 2), with change in partial Mayo score and
rectal bleeding subscore between baseline and
Week 2 identified as significant predictors
(OR: 3.37, 95% CI: 2.66-4.26 and OR: 0.63,
95% CI: 0.42-0.96, respectively).

Random forest. The AUROC value for this model
was 0.84 in predicting both a 2-point response
and a 3-point response at Week 4 (Table 2). The
partial Mayo score difference between baseline
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Table 3. Predictors of response at Week 8 using data from baseline, Week 2, and/or Week 4.

Variable Variable importance Variable importance
for 2-point response for 3-point response

Change from baseline in partial Mayo score at Week 4 100% 100%
Partial Mayo score path length (baseline to Week 4) 70.0% 75.3%
Change from baseline in rectal bleeding subscore at 69.6% 69.7%
Week 4

Partial Mayo score monotonicity (baseline to Week 4] 66.7% 61.5%
Change from baseline in partial Mayo score at Week 2 62.3% 70.0%
Change from baseline in stool frequency subscore at 62.2% 67.9%
Week 4

Change from baseline in Physician Global Assessment 59.8% 60.8%

subscore at Week 4

The variable in the first row is the one with the highest importance, and the importance of the other variables is shown as
a percentage relative to the first one. Random forest analyses were performed using the path length (partial Mayo score
only), monotonicity (partial Mayo score only), and differences between baseline and Week 2 and/or Week 4 of the variables
shown in Table 1.

Table 4. Predictors of response at Week 8 using data from baseline and Week 2.

Variable Variable importance Variable importance
for 2-point response  for 3-point response

Change from baseline in partial Mayo score at Week 2 100% 100%
Partial Mayo score at Week 2 92.3% 82.2%
Stool frequency subscore at Week 2 81.8% 71.2%
Change from baseline in stool frequency subscore at Week 2 72.6% 78.5%
Change from baseline in Physician Global Assessment 68.4% 68.9%
subscore at Week 2

Physician Global Assessment subscore at Week 2 68.3% 62.2%
Change from baseline in rectal bleeding subscore at Week 2 64.5% 66.4%
Rectal bleeding subscore at Week 2 51.9% 52.5%

The variable in the first row is the one with the highest importance, and the importance of the other variables is shown as
a percentage relative to the first one. Random forest analyses were performed using the values and differences between
baseline and Week 2 values of the variables shown in Table 1.

and Week 2 was the most important variable in modeling and machine learning techniques to
the prediction of 2- and 3-point responder status create models that identified important variables,
at Week 4 (Table 5). and a model that predicts partial Mayo score

responder status at either Weeks 4 or 8 of tofacitinib

treatment in patients with UC. Two different
Discussion quantitative models (logistic regression and ran-
In this post hoc analysis of data from the OCTAVE dom forest) were able to predict Week 4 and
Induction 1 and 2 studies, we utilized statistical Week 8 responder status with 74-87% accuracy,
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Table 5. Predictors of response at Week 4 using data from baseline and Week 2.

Variable

Variable importance
for 2-point response

Variable importance
for 3-point response

Change from baseline in partial Mayo score at Week 2
Partial Mayo score at Week 2

Stool frequency subscore at Week 2

Change from baseline in rectal bleeding subscore at Week 2

Change from baseline in stool frequency subscore at
Week 2

Physician Global Assessment subscore at Week 2

Change from baseline in Physician Global Assessment
subscore at Week 2

Rectal bleeding subscore at Week 2

100% 100%
88.7% 87.8%
76.1% 70.3%
70.1% 63.2%
70.0% 75.4%
66.7% 72.8%
66.1% 74.3%
53.8% 55.6%

The variable in the first row is the one with the highest importance, and the importance of the other variables is shown as
a percentage relative to the first one. Random forest analyses were performed using the values and differences between

baseline and Week 2 values of the variables shown in Table 1.

using just four measures at different time points
(partial Mayo scores, partial Mayo subscores,
total cholesterol, and CRP). The combination of
subjective (partial Mayo score) and objective
(cholesterol and CRP levels) measures, and the
exclusion of many additional variables, provides a
robust and easy-to-implement model for support-
ing clinical decision-making.

Partial Mayo score differences from baseline to
Week 2 and from baseline to Week 4 were the
most important variables to predict responder
status in all models. The k-fold cross-validation
approach confirmed the robustness of the find-
ings from the testing/training approach, and the
AUROC values of both approaches reinforced
the role of early treatment response in predict-
ing outcomes at Weeks 4 and 8. These results
indicate that response to tofacitinib induction
therapy can be predicted by early improvement
in clinical and biochemical variables, including
CRP. Another post hoc analysis of the OCTAVE
Induction 1 and 2 studies showed that a sub-
group of patients with moderately to severely
active UC experienced a significant clinical
response as early as 3 days after starting ther-
apy, compared with placebo.!> Further investi-
gation is warranted into the underlying cause of
early response during tofacitinib induction
therapy.

For each partial Mayo subscores, early improve-
ments from baseline were typically important pre-
dictors of responder status. A previous
meta-analysis showed that rectal bleeding, but
not stool frequency, was indicative of endoscopic
remission.!® However, the current analysis found
no clear differences between subscores in terms of
prediction of response, possibly since partial
Mayo subscores are subjective and may correlate
with one another. The stool frequency subscore
at Week 2 was identified as particularly important
in predicting responder status at Weeks 4 and 8
when only baseline and Week 2 data were consid-
ered. Overall, important variables identified using
random forest analyses to predict either a 2- or
3-point responder status at either Week 4 or
Week 8 were very similar. These results demon-
strate that the differences from baseline in partial
Mayo score and subscores are powerful, early
predictive tools for responder status, regardless of
responder definition, in patients receiving tofaci-
tinib for moderately to severely active UC.

Cholesterol and CRP levels were identified as sig-
nificant predictors of responder status in some of
the logistic regression analyses. Patients with UC
and rheumatoid arthritis, also a chronic inflamm-
atory disease, have been shown to have lower lev-
els of circulating lipids compared with the general
population.!?-1® Previous analyses in patients with
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UC or rheumatoid arthritis treated with tofaci-
tinib have shown reversible increases in lipids,
which stabilize after a period of 8 weeks, as a
result of tofacitinib treatment.!%2° This is also an
effect of the drug class.21-23 Importantly, for
those patients with UC, it was further reported
that there were minimal changes in total cho-
lesterol: high-density lipoprotein-cholesterol or
low-density lipoprotein-cholesterol: high-density
lipoprotein-cholesterol ratios, and increases in
lipids were associated with reduced systemic
inflammation.

Reductions in CRP levels have also been noted
with tofacitinib treatment in patients with UC,10
possibly due to inhibition of interleukin-6-driven
pathways, including downstream cholesterol
metabolism and CRP production.2425 Changes in
CRP and cholesterol associated with partial Mayo
score response, therefore, are likely due to these
patients experiencing both biochemical and clini-
cal responses to tofacitinib treatment. As such,
tofacitinib response may differ in patients who do
or do not experience changes in systemic inflamm-
ation (CRP) or cholesterol levels after treatment
initiation. Further investigation on the clinical
significance of using cholesterol and CRP levels
to predict outcomes is warranted, because the
ORs and corresponding 95% ClIs were very close
to 1.00. In addition, it should be noted that prior
tumor necrosis factor inhibitor use at baseline
was considered as part of the models, but was
not included in the reduced list of variables as it
was not identified as a significant predictive
variable.

This analysis was designed to compare a machine
learning technique (random forest analyses) with
traditional logistic regressions. The results
showed consistency between the two methods,
which helps to validate the findings. Comparison
of logistic regression and random forest analyses
has been done in very large datasets,?¢ as well as
in the prediction of outcomes for other disease
states.27-28 Specifically, one study determined that
logistic regression and machine learning tech-
niques could accurately determine if patients did
or did not have chronic kidney failure based solely
on data available within electronic health records.?’
Furthermore, a machine learning algorithm suc-
cessfully identified early clinical variables able to
predict prolonged acute hypoxaemic respiratory
failure in influenza-infected and critically ill chil-
dren admitted to hospital.28 Our current study

adds to the body of literature showing that
machine learning techniques can be very benefi-
cial to potentially improving the quality of care by
providing additional inputs to clinical
decision-making.

This study had a number of strengths. Utilization
of two different types of models yielded the same
predictive power of responder status in patients
with UC treated with tofacitinib. Other regres-
sion analyses (e.g., least absolute shrinkage and
selection operator logistic regression), were also
performed and yielded similar results (data not
shown), demonstrating further robustness of the
data analysis. A potential benefit of the results of
this study was that the identification of early pre-
dictive markers can better inform clinicians on
how to expect their patients to respond over time.
This can help clinicians relay pertinent expecta-
tion information to their patients, and also quickly
determine if a patient will not respond to a treat-
ment so that unnecessary patient discomfort and
inflammatory progression might be prevented by
switching to another medication. This may be a
step toward personalized/precision medicine in
UC.

A limitation of this study was that it used data
from a controlled population of patients enrolled
in a clinical study. Although not necessarily repre-
sentative of the real-world population with UC,
this clinical study population was large and
offered a plethora of data to analyze for predictive
power. Indeed, real-world or prospective valida-
tion of the algorithm will be needed for further
confirmation of the model. In addition, variables
such as disease extent and endoscopic response
could be assessed in future analyses. It is also
worth noting that steroid use was not identified as
a significant predictive variable. This could be
explained by the fact that steroid dose was kept
stable over time in the OCTAVE Induction 1 and
2 studies. Analysis of patients who successfully
tapered steroid use in the OCTAVE Sustain study
would be of interest. These models predicted
tofacitinib efficacy; however, the analysis did not
attempt to identify baseline characteristics that
could be used as predictors of response before
commencing tofacitinib therapy. In addition,
early prediction of safety outcomes was not
assessed in this analysis. Further application of
machine learning to predict safety outcomes as a
result of tofacitinib treatment are planned and
would be very beneficial.
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Using a limited set of time-dependent variables,
statistical and machine learning models enabled
early and precise prediction of tofacitinib treat-
ment outcomes in patients with moderately to
severely active UC. This may be another step
toward prediction and precision medicine for
patients with UC treated with tofacitinib.
Validation in the real-world clinical practice is
warranted.
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