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Background:  Machine learning methodologies play an important role in predicting progression of disease or responses to medical therapy. We 
previously derived and validated a machine learning algorithm to predict response to thiopurines in an inflammatory bowel disease population. 
We aimed to apply a modified algorithm to predict postsurgical treatment response using clinical trial data.

Methods:  TOPPIC was a multicenter randomized double-blinded placebo-controlled trial of 240 patients, evaluating the effectiveness of 
6-mercaptopurine in preventing or delaying postsurgical Crohn disease recurrence. We adapted a well-established machine learning algorithm to predict 
clinical recurrence postresection using age and multiple laboratory-specific covariates, and compared this to the thiopurine metabolite, 6-thioguanine.

Results:  The random forest machine learning algorithm demonstrates a mean under the receiver operator curve (AuROC) of 0.62 [95% confi-
dence interval (CI) 0.47, 0.78]. Similar results were evident when adding thiopurine metabolite (6-thioguanine) results. Alanine aminotransferase/
mean corpuscular volume (ALT/MCV) and potassium × alkaline phosphatase (POT × ALK) predicted endoscopic and biologic recurrence, re-
spectively, with AuROCs of 0.714 (95% CI 0.601, 0.827) and 0.730 (95% CI 0.618, 0.841).

Conclusions:  A machine learning algorithm with laboratory data from within the first 3 months postsurgically does not discriminate clinical 
recurrence well. Alternative noninvasive measures should be considered and further evaluated.

Lay Summary
We applied a machine learning algorithm to predict postsurgical treatment response using clinical trial data. However, unlike medical treatment 
response, a machine learning algorithm did not discriminate clinical recurrence well. Other noninvasive methods of monitoring postsurgical re-
currence are necessary.
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INTRODUCTION
Thiopurines are common worldwide and continue 

to play an important role in the treatment of patients with 
moderate-to-severe ulcerative colitis and Crohn disease.1,2 
Thiopurines have a narrow therapeutic window, with shunting 
leading to the formation of toxic metabolites, and adverse ef-
fects often leading to drug withdrawal or subtherapeutic drug 
levels and incomplete treatment response. The importance of 
drug optimization has become clearer in the last decade with 

therapeutic drug monitoring becoming more commonplace in 
clinical practice.3

Predictive modeling using innovative machine learning 
methodologies has demonstrated an important role in medi-
cine in predicting progression of disease or responses to medical 
therapy.4–9 We previously derived a machine learning algorithm 
to predict clinical response [under the receiver operator curve 
(AuROC) 0.856; 95% confidence interval (CI) 0.793–0.919] 
and objective remission (AuROC 0.79; 95% CI 0.78, 0.81) to 
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thiopurines and internally validated our model in a single-center 
inflammatory bowel disease population.8,10 The top 10 variables 
for each of these models are reported in Supplementary Table 1. 
We externally validated our model utilizing clinical trial data from 
SONIC, a landmark clinical trial of azathioprine, infliximab, or 
combination infliximab and azathioprine, which demonstrated an 
AuROC of 0.764 (95% CI 0.602, 0.926) for objective remission 
on azathioprine monotherapy.11 While work to date has demon-
strated the effectiveness of using a machine learning algorithm 
to predict treatment response, this model has not been applied to 
postsurgical management.

The TOPPIC trial evaluated the efficacy of 
6-mercaptopurine in preventing or delaying postsurgical Crohn 
disease recurrence using a cohort of patients in the United 
Kingdom.12 6-Mercaptopurine protected against clinical re-
currence among smokers with an adjusted hazard ratio of 0.13 
(95% CI 0.04–0.46). We aimed to adapt an established machine 
learning algorithm to predict postsurgical clinical, endoscopic, 
and biologic disease recurrence using TOPPIC clinical trial data.

METHODS
Data from TOPPIC were made available through the 

University of Edinburgh through a data-sharing agreement. 
TOPPIC was a multicenter randomized double-blinded placebo-
controlled trial of 240 patients, evaluating the effectiveness of 
6-mercaptopurine in preventing or delaying postsurgical Crohn 
disease recurrence. The initial trial randomized 128 patients to 
azathioprine and 120 patients to placebo. The primary outcome 
was clinical recurrence as defined by a Crohn’s disease activity 
index (CDAI) of >150 or an increase in CDAI by 100 points 
requiring medical or surgical treatment. Among smokers, 10% 
in the 6-mercaptopurine treated arm and 45% in the placebo 
arm developed a clinical recurrence. Secondary endpoints in-
cluded endoscopic recurrence, defined by a Rutgeerts score of 
i2 or greater, with 43% in the 6-mercaptopurine treated arm and 
49% in the placebo arm achieving this endpoint.12 The study 
also evaluated Crohn’s Disease Endoscopic Index of Severity 
(CDEIS) score.12

We focused on the treated patients with a valid unique 
visit 3 (week 6)  postrandomization record. We tested predic-
tions of 5 different main outcomes that represent markers of 
clinical or objective disease recurrence, based on the original 
TOPPIC study12: Rutgeerts score, CDAI, C-reactive protein 
(CRP), CDEIS, and fecal calprotectin. A CDAI >150 was de-
fined as a clinical recurrence. A Rutgeerts score of i2 or greater, 
a CDEIS of greater than 3, or a fecal calprotectin >100 was con-
sistent with endoscopic recurrence. Biologic recurrence was de-
fined by a CRP >5 mg/L. We adapted our institutional derived 
and externally validated algorithm to TOPPIC data making use 
of available variables. The predictive model was constructed to 
incorporate age and multiple laboratory-specific covariates, 
including white blood cell count (WBC), hemoglobin (HGB), 
hematocrit (HCT), mean corpuscular volume (MCV), sodium 

(SOD), potassium (POT), blood urea nitrogen (BUN), creat-
inine (CR), albumin (ALB), alanine aminotransferase (ALT), 
alkaline phosphatase (ALK), total bilirubin (TB), basophil 
count, eosinophil count, monocyte count, neutrophil count, 
and red cell count. We also included combinations of highly im-
portant variables (eg, products) based on prior clinical experi-
ence and published data.13 In addition, 6-thioguanine (6-TGN) 
at visit 4 (week 13) was tested as a predictor.

Statistical Analysis
We compared 3 different statistical approaches: (1) a 

random forest model built from a previously defined cohort, (2) 
a random forest model built using TOPPIC data, and (3) a lasso 
penalized logistic regression model built using TOPPIC data. 
Model parameters were set with the number of trees was set to 
500 and the number of candidate variables at each split was 

√
p 

where p is the number of variables. For each of the 5 outcomes 
(Rutgeerts, CDAI, CRP, CDEIS, and fecal calprotectin), we 
first trained a random forest model on a previously published 
dataset, limited to only the variables available in the TOPPIC 
dataset, and then used this model to give each subject in the 
TOPPIC cohort a predicted probability of achieving each out-
come.8 An AuROC was calculated to evaluate discrimination for 
the defined outcomes. Next, we removed the observations with 
missing outcomes and directly used the TOPPIC dataset to train 
random forest models for the defined outcomes, constructed the 
Receiver operating curve (ROC) curves, and calculated the out-
of-bag AuROC to compare model performance. Finally, we ran-
domly split the data into a training set incorporating 70% of the 
data and a testing set incorporating the remaining 30% of the 
data, stratified by response. We then trained a lasso penalized 
logistic regression model on the training set for each outcome 
variable separately, with tuning parameters selected by cross-
validation within the training set, and computed the AuROC 
under the testing set. This procedure was repeated 100 times and 
the mean AuROC over the 100 replications reported. At each 
replication, we compared the AuROC curves of our machine 
learning algorithm to a single predictor model with 6-TGN 
using Delong test for ROC curves. We reported the median P 
value. This study was reviewed by the University of Michigan 
IRB and was considered exempt from IRB review. All analyses 
were performed using R statistical software.

RESULTS
The final TOPPIC dataset contained 117 subjects, after 5 

were removed due to missing lab values. This cohort consisted of 
41.1% males, with a median age of 38.9 years old, and a median 
weight of 70.3 kg (Table 1). The AuROC was used to evaluate 
algorithm performance. Our machine learning algorithm based 
on lasso penalized logistic regression predicted endoscopic remis-
sion poorly by Rutgeerts score (AuROC 0.58; 95% CI 0.50–0.72), 
CDEIS (AUC 0.60; 95% CI 0.51–0.68), and fecal calprotectin 
(AuROC of 0.60; 95% CI 0.52–0.80). It predicted clinical remission 
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poorly by CDAI with an AuROC of 0.61 (95% CI 0.51–0.71) and 
biologic remission poorly by CRP with an AuROC of 0.62 (95% 
CI 0.52–0.76). The random forest models built from the original 
cohort and the TOPPIC cohort had similar or poorer perform-
ances. These results are presented in Table 2.

Separately, 6-TGN at visit 4 predicted clinical remission 
by CDAI poorly with an AuROC of 0.55 (95% CI 0.41–0.70). It 
also poorly predicted endoscopic remission by Rutgeerts score 
(AuROC 0.55; 95% CI 0.43–0.68), CDEIS (AuROC of 0.60; 
95% CI 0.47–0.73), fecal calprotectin (AuROC of 0.52; 95% CI 
0.39–0.66), and biological remission by CRP with an AuROC of 
0.52 (95% CI 0.36–0.67) (Table 2). The P values (Table 2) suggest 
that the ROC curves using 6-TGN as predictor did not signifi-
cantly differ from the lasso penalized logistic regression models. 
On the other hand, the PLT × ALT product predicted clinical 
recurrence by CDAI with an AuROC of 0.714 (95% CI 0.602, 
0.825), and the ALT/MCV ratio predicted endoscopic recur-
rence by CDEIS with an AuROC: 0.714 (95% CI 0.601, 0.827). 
Finally, the POT × ALK product predicted biologic recurrence 
with an AuROC: 0.730 (95% CI 0.618, 0.841). We evaluated 
the performances using out-of-bag AuROC for the random 
forest models and testing set AuROC under random splitting 
for the lasso penalized regression model while tuning using 
cross-validation within the training set. These techniques give 
fair evaluation of the performances of the models and reduce 
overfitting. Variable importance tables for each of the random 
forest models built for the 5 outcomes are reported in Figure 1.

DISCUSSION
While we previously demonstrated that a machine 

learning algorithm can predict response to thiopurines, this 
does not hold true for predicting postsurgical outcomes when 
thiopurines are utilized using a prophylactic strategy. In fact, 
laboratory values in the first 3 months of a surgical resection 
are not predictive of postsurgical clinical or endoscopic recur-
rence among patients with Crohn disease.

Further, the AuROC does not suggest good discrimi-
nation of the 5 main outcomes. The patients in this study are 
largely in surgically induced remission, so that the effects of 

(SOD), potassium (POT), blood urea nitrogen (BUN), creat-
inine (CR), albumin (ALB), alanine aminotransferase (ALT), 
alkaline phosphatase (ALK), total bilirubin (TB), basophil 
count, eosinophil count, monocyte count, neutrophil count, 
and red cell count. We also included combinations of highly im-
portant variables (eg, products) based on prior clinical experi-
ence and published data.13 In addition, 6-thioguanine (6-TGN) 
at visit 4 (week 13) was tested as a predictor.

Statistical Analysis
We compared 3 different statistical approaches: (1) a 

random forest model built from a previously defined cohort, (2) 
a random forest model built using TOPPIC data, and (3) a lasso 
penalized logistic regression model built using TOPPIC data. 
Model parameters were set with the number of trees was set to 
500 and the number of candidate variables at each split was 

√
p 

where p is the number of variables. For each of the 5 outcomes 
(Rutgeerts, CDAI, CRP, CDEIS, and fecal calprotectin), we 
first trained a random forest model on a previously published 
dataset, limited to only the variables available in the TOPPIC 
dataset, and then used this model to give each subject in the 
TOPPIC cohort a predicted probability of achieving each out-
come.8 An AuROC was calculated to evaluate discrimination for 
the defined outcomes. Next, we removed the observations with 
missing outcomes and directly used the TOPPIC dataset to train 
random forest models for the defined outcomes, constructed the 
Receiver operating curve (ROC) curves, and calculated the out-
of-bag AuROC to compare model performance. Finally, we ran-
domly split the data into a training set incorporating 70% of the 
data and a testing set incorporating the remaining 30% of the 
data, stratified by response. We then trained a lasso penalized 
logistic regression model on the training set for each outcome 
variable separately, with tuning parameters selected by cross-
validation within the training set, and computed the AuROC 
under the testing set. This procedure was repeated 100 times and 
the mean AuROC over the 100 replications reported. At each 
replication, we compared the AuROC curves of our machine 
learning algorithm to a single predictor model with 6-TGN 
using Delong test for ROC curves. We reported the median P 
value. This study was reviewed by the University of Michigan 
IRB and was considered exempt from IRB review. All analyses 
were performed using R statistical software.

RESULTS
The final TOPPIC dataset contained 117 subjects, after 5 

were removed due to missing lab values. This cohort consisted of 
41.1% males, with a median age of 38.9 years old, and a median 
weight of 70.3 kg (Table 1). The AuROC was used to evaluate 
algorithm performance. Our machine learning algorithm based 
on lasso penalized logistic regression predicted endoscopic remis-
sion poorly by Rutgeerts score (AuROC 0.58; 95% CI 0.50–0.72), 
CDEIS (AUC 0.60; 95% CI 0.51–0.68), and fecal calprotectin 
(AuROC of 0.60; 95% CI 0.52–0.80). It predicted clinical remission 

TABLE 1.  Descriptive Characteristics (N = 112)

Demographic Value

Male gender (n, %) 46 (41.1%)
Age (years) (median, IQR) 38.9 (28.5–50.2)
Smoking (n, %) 86 (76.8%)
Weight (kg) (median, IQR) 70.3 (59.4–82.4)
Previous surgery (n, %) 31 (27.7%)
Duration of CD (years) (median, IQR) 6.4 (0.6–9.5)

27 (24.1%) missing

CD, Crohn’s disease; IQR, interquartile range.
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thiopurines on clinical outcomes, and the associations between 
biologic changes in laboratory values induced by thiopurines 
and clinical outcomes are weak. Most of these patients will 
remain in surgically induced clinical remission for some time, 

so that the predictive value of biologic changes induced by 
thiopurines is poor.

Though TOPPIC was a prospectively executed study, 
our retrospective analysis of this clinical data has limitations. 

FIGURE 1.  Variable importance table for each of the random forest models built for the 5 outcomes. A, CDAI response. B, Calpro response. C, CDEIS 
response. D, Rutgeerts response. E, CRP response.
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We are also limited by the study population, which might lack 
generalizability outside of the clinical trial environment. This 
study has a relatively small sample size which may limit ma-
chine learning methods. However, rather than newly training 
a model, we utilized an establish algorithm making this more 
robust. There is also an inherent risk of overfitting, though we 
used cross-validation techniques to overcome this limitation. 
For the rescue therapy outcome, the logistic regression has con-
vergence issues likely due to the lack of “success” response cases 
after we split the data into training and testing. The logistic 
regressions with lasso penalty may have convergence problems 
when selecting the tuning parameter through cross-validation. 
The mean AuROC is computed over the converged splits.

Other noninvasive, low-cost methods of monitoring 
postsurgical recurrence are necessary. It would be interesting 
to study the impact of fecal calprotectin on postsurgical re-
currence, as this was promising in the Postoperative Crohn’s 
Endoscopic Recurrence (POCER)14 data, but this dataset does 
not allow this analysis. Future studies should focus on longer 
time points postsurgically, including 6- to 12-month follow-up 
to evaluate the effectiveness of a machine learning algorithm 
(likely including fecal calprotectin) in predicting disease recur-
rence as compared to current standards.

SUPPLEMENTARY MATERIAL
Supplementary data are available at Crohn’s & Colitis 

360 online.

DATA AVAILABILITY
Data from TOPPIC were made available through the 

University of Edinburgh through a data-sharing agreement.12 

The data can be requested via https://datashare.is.ed.ac.uk/
handle/10283/2196. No new data were created or analyzed.
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