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Introduction
Patients with Crohn’s disease (CD) often manifest 
with complications such as stricturing bowel 
obstruction and penetration due to fistula or 
abscess formation. The CD incidence is increasing 
over the last decades;1–3 thus, more patients with 
CD are presenting to the emergency department 
(ED) with abdominal symptoms. The lifetime risk 

of intra-abdominal abscesses (IAs) in patients with 
CD is up to 30%;4–6 The IA may often lead to seri-
ous complications.7,8 Hypoalbuminemia, smoking, 
steroid therapy, and prior surgery are risk factors 
for IA development in patients with CD.9–11 Several 
clinical and laboratory findings should raise the 
suspicion of an IA. These include abdominal pain, 
fever, and elevated inflammatory markers such as 
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Abstract
Background: Intra-abdominal abscess (IA) is an important clinical complication of Crohn’s 
disease (CD). A high index of clinical suspicion is needed as imaging is not routinely used 
during hospital admission. This study aimed to identify clinical predictors of an IA among 
hospitalized patients with CD using machine learning.
Methods: We created an electronic data repository of all patients with CD who visited the 
emergency department of our tertiary medical center between 2012 and 2018. We searched 
for the presence of an IA on abdominal imaging within 7 days from visit. Machine learning 
models were trained to predict the presence of an IA. A logistic regression model was 
compared with a random forest model.
Results: Overall, 309 patients with CD were hospitalized and underwent abdominal imaging 
within 7 days. Forty patients (12.9%) were diagnosed with an IA. On multivariate analysis, high 
C-reactive protein (CRP) [above 65 mg/l, adjusted odds ratio (aOR): 16 (95% CI: 5.51–46.18)], 
leukocytosis [above 10.5 K/μl, aOR: 4.47 (95% CI: 1.91–10.45)], thrombocytosis [above 322.5 
K/μl, aOR: 4.1 (95% CI: 2–8.73)], and tachycardia [over 97 beats per minute, aOR: 2.7 (95% 
CI: 1.37–5.3)] were independently associated with an IA. Random forest model showed an 
area under the curve of 0.817 ± 0.065 with six features (CRP, hemoglobin, WBC, age, current 
biologic therapy, and BUN).
Conclusion: In our large tertiary center cohort, the machine learning model identified the 
association of six clinical features (CRP, hemoglobin, WBC, age, BUN, and biologic therapy) 
with the presentation of an IA. These may assist as a decision support tool in triaging CD 
patients for imaging to exclude this potentially life-threatening complication.
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C-reactive protein (CRP), thrombocytosis, and 
leukocytosis.12 A multidisciplinary treatment 
approach is required, including antibiotics, percu-
taneous drainage, and surgery when necessary. The 
surgical management of these patients can be diffi-
cult and result in significant complications such as 
colostomy and a subsequent prolonged hospitaliza-
tion. Therefore, an early diagnosis of an IA is 
crucial.

The diagnosis is based on imaging modalities, 
preferably computed tomography (CT), mag-
netic resonance enterography (MRE), or ultra-
sound (US). The CT has the advantage of being 
readily available and guidance during abscess per-
cutaneous drainage, however exposes to more 
radiation than MRE. Cumulative effective doses 
of radiation is higher in patients with inflamma-
tory bowel disease (IBD), especially in CD, 
mainly due to repeated exposures during diagnos-
tic procedures.13 Large cumulative doses of radia-
tion may have serious ramifications, especially for 
younger patients with CD.14,15 In addition, imag-
ing is not routinely used during hospital admis-
sion. Thus, a high index of clinical suspicion is 
needed to diagnose an IA.

In view of these circumstances, a decision sup-
port tool can assist in identifying patients with 
CD who would benefit most from imaging in 
order to diagnose an IA. In the last decade, 
machine learning methods have become com-
mon among the medical community.16,17 The 
combination of advances in machine learning 
methods with increasingly available digital 
healthcare data sets enables the medical commu-
nity to have improved decision-making and bet-
ter predictive models. Previous machine learning 
studies evaluated models for different ED out-
comes, for example, prediction of mortality, 
intensive care unit (ICU) admission, and resource 
utilization.18–20 A commonly used machine learn-
ing model is random forest. Random forest is an 
ensemble learning method commonly used for 
classification problems. The model operates by 
constructing multiple decision trees at training. 
The output of the random forest is selected by a 
majority vote of all the trees. Random forests cor-
rect the overfitting common to decision trees. As 
a nonlinear method, it often outperforms linear 
models, when higher order relationships exist in 
the data. We compared a linear logistic regres-
sion model with a nonlinear random forest 
model.

In this study, we reviewed a large cohort of 
patients with CD referred to a large tertiary hos-
pital and determined the incidence of IA diag-
nosed within a week from admission. We aimed 
to identify clinical and laboratory predictors of an 
IA using machine learning techniques.

Materials and methods
We created an electronic data repository of all 
patients with CD who visited the ED of the Sheba 
medical center, a tertiary medical center, during 
the years 2012–2018. Data included demo-
graphic, clinical, and laboratory variables, as well 
as free-text imaging reports. For this study, we 
searched the data for CD patients with an IA who 
were diagnosed within a week from admission.

We included patients with CD aged 16 years and 
above, who presented with complaints that can 
possibly be attributed to CD or an IA (abdominal 
pain, diarrhea, vomiting, and fever). We excluded 
patients without these complaints or those not 
related to CD such as trauma, cardiac and res-
piratory symptoms, and neurological issues.

We excluded patients who were discharged from 
the ED and patients who did not undergo abdom-
inal imaging (CT or MRE) within a week from 
admission. In addition, patients presenting within 
30 days from an abdominal surgery were excluded. 
To avoid redundancy from repeated visits of the 
same patient, we included only the first ED visit 
for each patient.

An IA was diagnosed based on imaging reports of 
clinicians from the hospital’s radiology depart-
ment. The initial reports were revised by senior 
abdominal radiologists as those reports were 
eventually the standard for the diagnosis.

Retrieved data included demographics, IBD 
details (disease extent, behavior, extraintestinal 
manifestations, and therapy), comorbidities, clin-
ical characteristics, vital signs measurements at 
admission (pulse, blood pressure, fever), and lab-
oratory values (hemoglobin, white blood cells, 
albumin, CRP, platelets, and creatinine). The 
CRP levels are considered normal in our medical 
center if below 5 mg/l.

The primary analysis was of patients diagnosed 
with an IA within 7 days from admission com-
pared with patients who were not diagnosed with 
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an IA. The comparison included statistical analy-
sis of clinical and laboratory factors between the 
groups. Subsequently, a secondary analysis of 
machine learning models was performed.

Data analysis methods
Machine learning models were trained to predict 
the presence of abscess. Data preprocessing 
included median imputation of missing values. 
We have compared a logistic regression model 
with a random forest model. Due to the sample 
size, to obtain statistical significance, for each 
experiment we have performed 100 random splits 
of 80% training and 20% testing, and averaged 
the results.

A regularized logistic regression model (ridge 
regression) was implemented using the scikit-
learn library, including hyperparameters (l2 regu-
larization, fit intercept, intercept scaling, class 
weight, and random state). Random forest hyper-
parameters included 200 estimators, with “gini” 
split. Data balancing techniques were not 
employed. For comparison, we have also evalu-
ated the predictive power of CRP alone. In order 
for the comparison to be accurate in terms of the 
split between the training set and the testing set, 
we used CRP as a single feature in the logistic 
model, using the same data split as described.

We have used recursive feature elimination (RFE) 
to establish the optimal number of features in the 
models. The RFE was conducted by continu-
ously fitting the model on a subset of features. In 
each round, all the remaining features in the sub-
set were ranked. This was done by computing the 
area under the receiver operating characteristic 
(ROC) curve (AUC) for all the features in the 
subset other than the ranked feature. The least 
important feature was than discarded from the 
subset. This process was repeated until all the fea-
tures were eliminated. The AUCs for each subset 
of features were recorded. The subset with the 
highest AUC was noted.

Sensitivity analysis was not performed.

The final model’s metrics included AUC, sensi-
tivity, specificity, positive predictive value (PPV), 
negative predictive value (NPV), and accuracy.

The AUC was used as a performance measure for 
machine learning models, as this is a common 

benchmark used for this task.21 The ROC curve is 
plotted with sensitivity versus (1 – specificity) in 
which sensitivity is on the y-axis and (1 – specific-
ity) is on the x-axis. The AUC measures the cal-
culated area under the ROC curve. It tells how 
much the model is capable of distinguishing 
between the positive and negative classes. The 
AUC ranges between 0 and 1, with higher values 
representing better performance.

Programming was done with Python (version 
3.6.5 64bits).

Statistical analysis
Continuous variables were presented as medians 
and interquartile ranges (IQRs) and categorical 
variables as frequency and percentage. The asso-
ciation between IA presentation and categorical 
variables was studied using chi-square test and 
Fisher’s exact test. The association between IA 
presentation and continuous variables was 
assessed using Mann–Whitney U test. Variables 
that were significantly associated with readmis-
sion at the univariate analysis were included in 
the multivariable analysis. For multivariate analy-
sis, all variables with p < 0.1 were included in the 
model. A ROC analysis was performed for evalu-
ation of the presence of an IA by clinical and lab-
oratory parameters.

All statistical tests were two-sided, and a p value 
<0.05 was considered statistically significant. 
Statistical analysis was performed using the SPSS 
v23 statistical software (Armonk, NY, USA).

This article was prepared in accordance to the 
STROBE statement.22

Study ethics and patient consent
This study was carried out in accordance with the 
ethical guidelines of the Declaration of Helsinki. 
The study was approved by the institutional 
review board of the Sheba Medical Center. 
Because this was a retrospective analysis, no 
informed consent was obtained.

Results
Overall, 4507 ED visits of 1556 patients with CD 
occurred in the study period. We excluded 2124 
visits due to complaints and symptoms not attrib-
uted to CD. An additional 1046 visits were 
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excluded for being discharged from the ED, and 
820 for not undergoing abdominal imaging (CT 
or MRE) within a week from admission. Of the 
517 remaining patient visits, we included only the 
first ED visit for each patient and excluded cases 
with insufficient data. The remaining study popu-
lation included 309 patients with CD who visited 
the ED with relevant complaints, were hospital-
ized, and underwent an abdominal imaging 
within a week from admission (Figure 1).

The median age of the study population was 37 
(IQR: 26–50) years. A total of 167 patients (54%) 
were males. Forty-eight patients (15.5%) were 
currently treated with biologic therapy. Table 1 
presents the background characteristics of the 
whole study population.

IA on imaging
Of the 309 patients in the study population, 40 
patients (12.9%) had an IA on abdominal imag-
ing during their admission (39 CT scans, one 
MRE). The median size of the largest abscess was 
32 (IQR: 20.5–44.5) mm, as 20 patients (50%) 
had an abscess larger than 3 cm. Four patients 

(10%) were current or past smokers and seven 
patients (17.5%) underwent an abdominal sur-
gery in their past history. On CD diagnosis, the 
majority of patients had a nonpenetrating and 
nonstricturing disease and ileal involvement, 
72.5% and 50%, respectively.

The IBD and abscess characteristics of patients 
with an IA on presentation are summarized in 
Table 2.

The patients with an IA were younger compared 
with the 269 patients without an IA [median: 30 
(IQR: 23–42.5) years versus 38 (IQR: 28–51) 
years, p = 0.004]. Tachycardia [heart rate > 100 
beats per minute (bpm)] (p value = 0.012), leu-
kocytosis (serum white blood cells > 11 K/μl) (p 
value = 0.009), and thrombocytosis (serum 
platelets > 440 K/μl) (p value = 0.017) were 
associated with an IA on imaging 7 days from 
admission. Neutrophil-to-lymphocyte ratio 
(NLR) was also higher in patients with an IA 
compared with patients without an IA [median: 
9.2 (IQR: 4.8–17.14) versus 5.9 (IQR: 3.7–11.1), 
p = 0.007].

Table 3 shows the clinical and laboratory findings 
in both groups.

On multivariate analysis, high CRP values [above 65 
mg/l, adjusted odds ratio (aOR): 16 (95% confi-
dence interval, CI: 5.51–46.18)], leukocytosis 
[above 10.5 K/μl, aOR: 4.47 (95% CI: 1.91–10.45)], 
high NLR [above 7.7, aOR: 3.1 (95% CI: 1.56–
6.3)], high platelet count [above 322.5 K/μl, aOR: 
4.1 (95% CI: 2–8.73)], age [younger than 22.5 
years, aOR 2.71 (95% CI 1.15–6.3)], and higher 
heart rate [over 97 bpm, aOR: 2.7 (95% CI: 1.37–
5.3)] were independently associated with an IA.

A nomogram was computed to demonstrate the 
incidence of an IA based on CRP (Figure 2). The 
CRP was the variable most strongly associated 
with an IA among the variables mentioned above 
and six cutoff values were determined. As viewed 
in the figure, the PPV of an IA in patients with 
CD was greater as CRP cutoff values were higher. 
The PPV of an IA on abdominal imaging was 
lowest when examining all patients with a CRP 
above 5 mg/l (14.6% of patients), whereas inci-
dence was greatest for a CRP cutoff above 85 
mg/l (29.4% of patients). The NPV of an IA for 
CRP below cutoffs of 5 and 85 was 100% and 
95.2%, respectively. The nomogram model 

Figure 1. Flow chart showing the screened, included, 
and excluded patients.
CD, Crohn’s disease; ED, emergency department.
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demonstrated significant performance for each 
cutoff (p = 0.01).

In terms of clinical outcomes, all the 40 patients 
with an IA were treated with intravenous antibiot-
ics during the hospitalization. Nineteen patients 
(47.5%) were treated surgically and these included 
14 procedures of incision and drainage and five 
partial colectomies. Nine patients (22.5%) needed 
escalation in therapy during the upcoming gastro-
enterology clinic follow-up [mostly anti-TNFα 
(tumor necrosis factor α) induction].

Machine learning prediction model
Figure 3(a) and (b) presents the results of the 
RFE experiments of the logistic regression and 
random forest models. Overall, random forest 
and logistic regression showed similar perfor-
mance. A logistic regression model showed an 
AUC of 0.816 ± 0.065 with seven features [CRP, 
hemoglobin, white blood cells (WBC), age, amyl-
ase, current biologic therapy, and current immu-
nomodulatory therapy]. Top random forest 
model showed an AUC of 0.817 ± 0.065 with six 
features [CRP, hemoglobin, WBC, age, current 
biologic therapy, and blood urea nitrogen 
(BUN)]. For comparison, CRP alone achieved an 
AUC of 0.765 ± 0.071 (p < 0.001).

Supplementary Table 1 presents the averaged 
metrics table (sensitivity, specificity, PPV, NPV, 
and accuracy) of the random forest model for dif-
ferent cutoff values corresponding to specificities 
of 30%, 60%, and 90%.

Discussion
In a tertiary care center, there is a high frequency 
of referrals for patients with uncontrolled CD 
complicated disease manifestations. The IA, a 
major complication of CD, is diagnosed through 
abdominal imaging and, in most cases, abdomi-
nal CT. It is crucial to identify the patients pre-
senting to the ED with an IA because their 
presence can have a significant role on disease 
management. In a study from 2013, clinical man-
agement was modified in 80.6% of CD visits 
based on the findings of abdominal CT. The 
decisions concerned mainly about hospitalization 
and discharge from the ED.23

As previously mentioned, cumulative effective 
dose of radiation is high in patients with IBD, 

Table 1. Characteristics of total study population.

Study population, N = 309

 Male gender, n (%) 167 (54)

 Age, n (IQR) 37 (26–50)

 No prior hospitalization, n (%) 214 (69.3)

Comorbidities, n (%)

 Hypertension 18 (5.8)

 Dyslipidemia 13 (4.2)

 Hypothyroidism 6 (1.9)

 COPD 3 (0.97)

 Diabetes mellitus 5 (1.6)

CD extent at diagnosis, n (% of 226 patients)

 L1 (ileal) 127 (56.2)

 L2 (colonic) 17 (7.5)

 L3 (ileo-colonic) 82 (36.3)

 Perianal disease 94 (41.6)

CD behavior at diagnosis, n (% of 283 patients)

 B1 (nonstricturing and nonpenetrating) 110 (38.9)

 B2 (stricturing) 57 (20.1)

 B3 (penetrating) 116 (41)

Current IBD treatment, n (%)

 Immunomodulators 47 (15.2)

 Biologics 48 (15.5)

 ASA 34 (11)

 Steroids 35 (11.3)

Past biologic treatment, n (%)

 Infliximab 113 (36.6)

 Adalimumab 122 (39.5)

 Vedolizumab 53 (17.1)

 Ustekinumab 45 (14.6)

Current or past smoker, n (%) 88 (28.5)

EIM, n (%) 84 (27.9)

ASA, 5-aminosalicylic acid; CD, Crohn’s disease; COPD, chronic obstructive 
pulmonary disease; EIM, extra-intestinal manifestation; IBD, inflammatory bowel 
disease; IQR, interquartile range.
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especially in CD, due to the incidence of abdomi-
nal CT scans. An important component in the 
clinician’s work is the attempt to screen patients 
who could avoid further radiation among patients 
with CD. Thus, better decision-making tools are 
needed in order to select the patients who can 
benefit from abdominal imaging.

We evaluated clinical and laboratory factors that 
were associated with the presence of an IA on 
abdominal imaging, in the ED or during the first 
week of hospitalization. Patients with an IA were 
younger than control patients, a finding also dem-
onstrated in a recent nationwide study.24 We did 
not find an association between sex or comorbidi-
ties to an IA.

In this study, CRP levels were significantly higher 
in patients presenting with an IA compared with 
patients without an IA (114.21 versus 38.2 mg/l, 
respectively). Previous studies reported similar 
findings, as high CRP levels were associated with 
acute findings on imaging such as an IA, obstruc-
tion, or fistula in patients with CD.25 In addition, 
CRP plays a role in IA formation during biologic 
treatment. High CRP levels measured 14 weeks 
after infliximab initiation can predict abscess for-
mation.26 As CRP is a widely used and inexpen-
sive laboratory marker, it can allow a better 
selection of patients who could avoid abdominal 
imaging and unnecessary radiation with a high 
NPV. Desmond et al. sampled CRP assays from 
147 patients with CD, a median of 2 days before 
abdominal imaging. Patients with normal CRP 
were significantly less likely to have penetrating or 
large bowel luminal disease.27 Govani et al. cre-
ated a model for patients with CD that predicted 
complications on CT with a miss rate of 0.8%. 
The model was then applied on two tertiary care 
centers using a decision tool including erythro-
cyte sedimentation rate (ESR) in addition to 
CRP.12,28 In our study, 14.6% of patients with a 
CRP value above 5 mg/l had an IA. Incidence was 
reasonably higher for greater CRP values (29.4% 
of patients above CRP 85 mg/l). The NPV of an 
IA for low CRP values showed similar results to 
the studies mentioned above.

Additional laboratory markers may indicate an 
inflammatory process due to an undiagnosed IA. 
Such markers include white blood cells and platelets 
that take part in the systemic inflammation process. 
Studies from 2013 and 2014 found leukocytosis 
(above 10,000–12,000) as an independent predictor 

Table 2. IBD and abscess characteristics of patients with an IA on presentation.

Number of patients 40

Male, n (%) 21 (52.5)

Female, n (%) 19 (47.5)

CT, n (%) 39 (97.5)

MRE, n (%) 1 (2.5)

Age at CD diagnosis, years, median (IQR) 22.5 (17.25–29)

Current or past smoker, n (%) 4 (10)

Previous abdominal surgery, n (%) 7 (17.5)

EIM, n (%) 5 (12.5)

Abscess size, mm, median (IQR) 32 (20.5, 44.5)

 Small (⩽30 mm) 20 (50)

 Large (>30 mm) 20 (50)

Number of abscess, n (%)

 1 28 (70)

 2 5 (12.5)

 3 or more 7 (17.5)

CD extent at diagnosis, n (%)

 L1 (ileal) 20 (50)

 L2 (colonic) 4 (10)

 L3 (ileo-colonic) 16 (40)

 Perianal disease 3 (7.5)

CD behavior at diagnosis, n (%)

 B1 (nonstricturing and nonpenetrating) 29 (72.5)

 B2 (stricturing) 7 (17.5)

 B3 (penetrating) 4 (10)

 B2 + B3 2 (4.8)

Previous therapy, n (%)

 Immunomodulators 14 (35)

 Biologics 15 (37.5)

 ASA 18 (45)

Previous biologic therapy, n (%)

 Infliximab 18 (45)

 Adalimumab 15 (33.3)

 Vedolizumab 6 (15)

 Ustekinumab 6 (15)

ASA, 5-aminosalicylic acid; CD, Crohn’s disease; CT, computed tomography; EIM, 
extra-intestinal manifestation; IA, intra-abdominal abscess; IBD, inflammatory 
bowel disease; IQR, interquartile range; MRE, magnetic resonance enterography.
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of urgent findings on abdominal CTs, most com-
monly an IA.29,30 The NLR, a prognostic factor in 
infectious diseases, can be used to predict the diag-
nosis of an IA complicating CD.31 This factor was 
also used for the prediction of an IA in our study. We 
demonstrated on multivariate analysis that leukocy-
tosis, thrombocytosis, and NLR were independently 
associated with an IA in patients with CD. Due to 
the potentially infectious nature of CD complica-
tions, there is a direct association between the levels 
of these laboratory markers and the presence of an 
IA. A recent machine learning–based approach for 
predicting clinically actionable findings on abdomi-
nal CT demonstrated the significance of an elevated 
NLR and these findings.32

Patients with CD can present to the ED with ane-
mia, a result of malabsorption and inflammation. 

This sign can be especially noticeable during 
flares, and this study shows the association of 
anemia with an IA [hemoglobin: 12.96 (IQR: 
11.65–14.24) in control versus 11.86 (IQR: 10.4–
12.43) in patients with an IA, p < 0.001]. 
Tachycardia, a physiological marker mostly 
attributed to pain and inflammation, was associ-
ated with the presence of an IA in our study 
(above 97 bpm). This clinical sign can predict 
urgent clinical findings in abdominal CT.29 An 
additional physiologic sign, fever, can be attrib-
uted to an IA formation.31 In our study, however, 
there was no significant association between fever 
and the presence of an IA.

The main objective of this study was to predict 
the presence of an IA in patients with CD pre-
senting to the ED. A machine learning algorithm 

Table 3. Characteristics of patients with an IA and control.

Variable Non-abscess population (n = 269) IA population (n = 40) p value

Male gender 54.3% 52.5% 0.83

Age (IQR) 38 (28–51) 30 (23–42.5) 0.004

Days hospitalized (IQR) 4 (3–7) 6.5 (4–11) 0.005

Clinical features

 Pulse (IQR) 91 (77.25–103) 99.5 (88.25–114.75) 0.004

 Fever 36.9 ± 2.2 37 ± 0.86 0.23

 Systolic blood pressure (IQR) 117 (108–127) 111.5 (105–122) 0.07

Laboratory values (IQR)

 WBC 10.76 (8.13–14.31) 13.67 (10.7–16.64) 0.003

 NLR 5.9 (3.67–11.12) 9.2 (4.87–17.14) 0.007

 Hemoglobin 12.96 (11.65–14.24) 11.86 (10.4–12.43) <0.001

 Platelets 299 (231.5–377.5) 364 (303–486. 5) 0.001

 Creatinine 0.79 (0.68–0.97) 0.8 (0.64–1.01) 0.9

 LDH 193 (154.75–250) 162 (128–227.5) 0.016

 Sodium 137 (135–138.75) 136 (134–138) 0.06

 Urea 24.5 (19–31.75) 23.5 (19.25–28) 0.33

 CRP 38.2 (11.96–92.8) 114.21 (85–150.2) <0.001

CRP, C-reactive protein; IA, intra-abdominal abscess; IQR, interquartile range; LDH, lactate dehydrogenase; NLR, 
neutrophil-to-lymphocyte ratio; WBC, white blood cells.
The p value <0.05 was considered statistically significant (highlighted in bold).
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was used to establish better clinical-decision guid-
ance regarding the need for abdominal imaging. 
The machine learning model in our study pre-
dicted the presence of an IA based on six clinical 
markers. The AUC was 0.813, and the accuracies 
were 39%, 63%, and 85%, for fixed specificities 
of 30%, 60%, and 90%, respectively. Most of the 
results obtained from this analysis are consistent 
with the findings discussed above (CRP, hemo-
globin, white blood count, and age). Biologic 

treatment is the mainstay therapy today in IBD; 
however, this therapy holds increased risk of 
infection, including abscesses. Moreover, the 
presence of an abscess is an absolute contraindi-
cation to anti-TNF therapy.33 This might explain 
the findings in our study demonstrating an asso-
ciation between biologic therapy and the presence 
of an IA. Yet, an additional explanation might be 
that this population a priori has a more compli-
cated and uncontrolled disease and therefore 
needed medical care in the ED. The BUN is a 
representative of hydration status that is affected 
by inflammation. Raised levels can be explained 
due to inflammation conditions such as an IA.

In this study, we compared two machine learning 
models. First, we trained a logistic regression 
model. Logistic regression is a well-established 
model. The model is easy to implement and easy 
to interpret and does not require significant 
resources. Second, we trained a random forest 
model. Random forest is an ensemble machine 
learning algorithm in which boosting is used to 
create multiple decision trees. Together, the 
ensemble produces superior results. As a nonlin-
ear method, this aggregation of decision trees 
often outperforms linear models, when higher 
order relationships exist in the data.

The AUCs were similar between logistic regres-
sion and random forest models. This is perhaps 
due to having strong linear low-order correlations 
between the data and outcome (e.g. inflammatory 
markers). Because logistic regression is simple 
and easily interpretable, it should be considered 
for the task.

Figure 2. Nomogram demonstrating the PPV of an 
IA in patients with CD, based on CRP cutoff values 
(above 5, 25, 45, 65, 85, or 105 mg/l). The PPV of an 
IA was greater as CRP cutoff values were higher. The 
CRP above 5 mg/l had a PPV of 14.6%, whereas 29.4% 
for a CRP cutoff above 85 mg/l.
CD, Crohn’s disease; CRP, C-reactive protein; IA, intra-
abdominal abscess; PPV, positive predictive value.

Figure 3. AUC graphs of RFE experiments of the (a) logistic regression and (b) random forest models.
AUC, area under the receiver operating characteristic curve; RFE, recursive feature elimination.
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A machine learning decision support system as 
described in this study may be implemented in 
the emergency room EHR (electronic health 
record). This will help the physician when mak-
ing clinical decisions such as ordering imaging 
tests, and discharging or admitting the patient. 
Although human intuition and knowledge is 
extremely important, the accumulated clinical 
data continue to grow. Thus, statistical tools as 
described may improve patient care.

This study has several limitations. First is the retro-
spective nature of the data collection from more 
than 4500 ED visits. Second, we included only 
patients who underwent abdominal imaging. 
Therefore, a selection bias is introduced as these 
patients a priori had a high clinical suspicion of an 
IA. This was, however, done for the purpose of 
implementing the machine learning algorithm. A 
larger cohort of all patients with CD, including visits 
without imaging, may further be required. Third, 
we excluded patients who were discharged from the 
ED under the assumption that they were presenting 
an uncomplicated disease. Some of these patients 
underwent abdominal imaging and discharged due 
to the absence of findings on imaging. Fourth, vari-
ous gastrointestinal radiologists reviewed the imag-
ing scans, therefore a potential interobserver 
variability. The likelihood of a gastrointestinal radi-
ologist not detecting and differentiating an abscess 
through abdominal imaging, however, is low. Fifth, 
like many machine learning models, random forest 
outputs may be considered as a “black box,” which 
may limit its acceptance by clinicians. Finally, this 
was a single-center study; therefore, further external 
validation with multicenter data is necessary before 
clinical implementation.

The strengths of this study include the investiga-
tion of a large cohort of patients with CD, being 
conducted in a tertiary center setting, and the 
proof-of-concept results supporting a role for 
machine learning in this clinical setting.

In conclusion, in this study we aimed to predict 
the presence of an IA. This was done in a large 
tertiary center cohort using a machine learning 
model. We identified clinical and laboratory fea-
tures associated with an IA that were used by the 
algorithm to create a combined predictive model. 
Such a decision support tool may assist better tri-
aging patients with CD for imaging in order to 
exclude this potentially life-threatening complica-
tion and avoid unnecessary radiation exposure.
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