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ABSTRACT
Background: Colonoscopy with biopsy is the “gold” standard for evaluating disease activity in inflammatory bowel diseases (IBD). Current 
research is geared toward finding non-invasive, cost-efficient methods that estimate disease activity. We aimed to develop a neural 
network (NN) model for the non-invasive prediction of histologic activity in IBD using routinely available clinical-biological parameters.
Methods: Standard clinical-biological parameters and histologic activity from 371 ulcerative colitis (UC) and 115 Crohn’s disease (CD) 
patient records were collected. A training set, a test set, and a validation set were used for building/validating 2 models for each disease. 
All models had binary output predicting the active/inactive histologic disease status. For both diseases, the first model used both clinical 
and biological inputs, while the second used only biological data.
Results: First UC model obtained an accuracy of 95.59% on the test set and 96.67% on the validation set. The second UC model 
achieved accuracies of 88.24% and 86.67% on the test and validation sets, respectively. The First CD classifier resulted in 90.48% 
accuracy on the test set and 91.67% on the validation set. Finally, the second CD classifier obtained an accuracy of 85.71% on the test 
set and 91.67% on the validation set.
Conclusions: An accurate and non-invasive artificial intelligence system to predict histologic disease activity in IBD is designed. Our 
models achieved similar or better results compared to the documented performance of fecal calprotectin (the best non-invasive IBD 
biomarker to date). Given these favorable results, we anticipate the future utility in the clinical setting of a non-invasive disease activity 
prediction.
Keywords: Inflammatory bowel diseases, artificial intelligence, neural networks, predictive model, histologic disease activity

INTRODUCTION
Inflammatory bowel diseases (IBD) consist of ulcerative 
colitis (UC) and Crohn’s disease (CD) and are characterized 
by chronic recurrent inflammation of the gastrointestinal 
tract. Assessing disease activity in IBD is indispensable 
for proper treatment management. Disease activity can 
be evaluated using clinical, endoscopic, and histological 
criteria. Substantial evidence shows that targeting endo-
scopic remission in IBD therapy is superior to tailing only 
clinical remission (concerning relapse rates, hospitaliza-
tion rates, and the need for surgery).1 Moreover, histo-
logical healing in UC was shown to be a better predictor 
for reduced relapses, hospitalizations, colectomy rates, 

and colorectal risk than endoscopic/macroscopic healing 
alone.2 Data are more scarce concerning histology in CD, 
although recent work showed that histologic healing was 
associated with decreased risk of clinical relapse, medica-
tion escalation, or corticosteroid use.3

Colonoscopy with biopsy is the “gold” standard for eval-
uating disease activity in IBD.4 However, colonoscopy 
is expensive and harbors the risk for complications due 
to its invasiveness.5 The acquisition of biopsies exposes 
patients to additional risks of bleeding and perforation, 
and it delays the diagnosis because of lengthy tissue 
processing.6
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Current research is geared toward finding non-invasive, 
inexpensive, and accessible methods that estimate dis-
ease activity in order to overcome the limitations and 
risks associated with colonoscopy and biopsy sampling. 
Modern solutions based on artificial intelligence (AI)/
machine learning (ML) algorithms are new and power-
ful tools currently being proposed for various medi-
cal topics.7 Recently, an AI/ML-based deep neural 
network (NN) was described for evaluating endoscopic 
and histologic disease activity in UC using only endo-
scopic images.8 Another AI/ML solution was proposed for 
predicting persistent intestinal histologic inflammation 
using endocytoscopy images.9

To our knowledge, no AI/ML solution has yet been 
described for predicting histologic activity in IBD using 
only standard clinical and biological variables.

We aimed to develop a NN model for non-invasive pre-
diction of histologic activity in IBD using inexpensive, 
routinely available clinical and biological parameters and 
assess the model’s generalizability by testing it on unseen 
data, anticipating the future utility in clinical setting and 
decision-making.

MATERIALS AND METHODS
Study Design and Participants
An observational retrospective single-center cohort 
study was conducted on a sample of 486 (371 UC, 
115 CD) patient records. All patients were admitted to 
the hospital between March 2011 and November 2019. 

Pre-diagnosed and newly diagnosed confirmed UC and 
CD patients who underwent a colonoscopy with biopsy 
for disease assessment were included. Patients were 
excluded if they were in evidence with concurrent disor-
ders (infections, autoimmune and inflammatory condi-
tions, cirrhosis, neoplasia, and hemodialysis) capable of 
influencing medical parameters.

All patients provided written informed consent. The study 
has full ethical approval from local/regional institutions. 
No sex-based or racial/ethnic-based differences were 
present.

Clinical Protocol
Pre-diagnosed UC or CD patients were admitted for 
treatment monitoring or disease worsening. Newly UC 
or CD diagnosed cases were admitted for the typical or 
atypical onset of digestive symptoms, including rectal 
bleeding, diarrhea, abdominal pain, urgency, and inconti-
nence. According to the European consensus guidelines, 
UC and CD diagnosis is established by clinical, biochemi-
cal, stool, endoscopic, cross-sectional imaging, and his-
tological investigations.4 Patients underwent a medical 
history interview, physical examination, routine laboratory 
tests, and colonoscopy with biopsy to diagnose or assess 
already diagnosed UC or CD disease. Patients were inves-
tigated following the European standard protocols. Only 
patients with a confirmed diagnosis of UC or CD were 
included.

Data Collection
Documented clinical parameters were age, gender, smok-
ing status, number of stools/day and presence of diarrhea, 
tenesmus, lower gastrointestinal bleeding (LGB), abdomi-
nal pain, weight loss, asthenia, and pallor. Smoking status 
was represented as a categorical variable with 3 possible 
values: 0: smoker, 1: nonsmoker, and 2: former smoker. The 
number of stools/day was recorded as a continuous vari-
able. The presence of diarrhea, tenesmus, LGB, abdominal 
pain, weight loss, asthenia, and pallor was represented as 
binary categorical variables (1: indicating presence and 0: 
the absence of referred symptom).

Laboratory parameters documented were red blood 
cells, white blood cells (WBC), platelets (PLT), hemoglo-
bin (HGB), hematocrit (HCT), mean corpuscular hemo-
globin concentration (MCHC), plateletcrit (PCT), platelet 
distribution width (PDW), mean platelet volume (MPV), 
platelet large cell ratio (PLCR), neutrophils (NEUT), lym-
phocytes, monocytes (MONO), C reactive protein (CRP), 

MAIN POINTS

• Colonoscopy with biopsy is the “gold” standard for evaluat-
ing disease activity in inflammatory bowel diseases but is 
expensive and harbors the risk for complications due to its 
invasiveness.

• Our study is the first to propose a non-invasive prediction 
of histologic activity in inflammatory bowel diseases based 
on Artificial Intelligence methods using standard clinical 
and biological parameters.

• Two multilayered perceptron models are built to predict 
histologic activity in ulcerative colitis, and 2 other mod-
els are proposed for the prediction of histologic activity in 
Crohn’s disease.

• Our models achieved similar or better performance than 
the documented performance of fecal calprotectin (the 
best non-invasive IBD biomarker to date).

• We anticipate the future utility in the clinical decision-
making of a non-invasive disease activity prediction, thus 
reducing the risks and drawbacks of invasive procedures.
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erythrocyte sedimentation rate/h (ESR), fibrinogen, 
serum iron (SI), ferritin, total proteins (TP), albumin, alpha 
1 globulins (A1G), alpha 2 globulins (A2G), beta 1 globu-
lins, beta 2 globulins, gamma globulins, glucose.

Colonoscopy with biopsy was performed on an EVIS 
EXERA II endoscopy system (Olympus America). 
According to current recommendations, the overall 
assessment of histologic disease severity was based on 
the most affected biopsy sample.10 To date, there is no 
validation or standardization of the histological defini-
tion of remission in IBD.2 In our paper, histological heal-
ing was defined as the absence of erosions/ulcerations 
and neutrophils both in the crypts and lamina propria, 
according to 1 of the latest proposed definitions cited in 
a recent systematic review published by the American 
College of Gastroenterology.2,11 A patient was con-
sidered to have histologic remission if no neutrophils 
were detected in the worst affected biopsy specimen. 
Similarly, the active histologic disease was considered 
when erosions/ulcerations were present, or neutrophils 
were detected in the biopsy sample either in the crypts 
or in lamina propria. Each bioptic sample in our study 
was analyzed independently by 2 experienced patholo-
gists, with good expertise in IBD diagnosis. The lack of 
consensus was resolved by a third independent expe-
rienced pathologist. Subsequent colonoscopies with 
biopsy conducted in an interval higher than 1 month 
were recorded separately.

Preprocessing and Management of Missing Values
Documented continuous variables (biological parameters 
and number of stools/day) were standardized in the range 
[0,1]. Values of HGB, HCT, SI, and ferritin were processed 
to resolve the differences between the sexes.

Missing values were assigned using multivariate impu-
tation by chained equations method implemented 
by the MICE package in R Studio Version 1.2.1335 © 
2009-2019 RStudio, Inc. Build 1379 (f1ac3452). Missing 
continuous variables were assigned by applying the 
Bayesian regression built-in method, while categorical 
data were imputed using the logistic regression built-in 
method.

Standard Statistics for Feature Selection
For UC patients, ANOVA with Holm adjustments in R 
Studio was used to determine continuous variables for 
which significant differences between the active his-
tology group and remission group existed. Statistical 

significance was considered for P < .0001. If any 2 of the 
selected continuous variables had high intercorrelation 
with a Pearson coefficient ≥0.9, 1 of them was removed. 
Feature selection in CD was based on domain knowledge.

Chi-square test of independence was performed both 
for UC and CD to examine whether there is a relation-
ship between each categorical parameter and the histo-
logic activity class. The categorical parameter with the 
best chi-square test statistic was selected for each of the 
2 diseases.

Four Neural Network Models—Construction and 
Evaluation
Initial data of 341 UC patient records were randomly 
divided into a training set of 273 records (80%) and a 
test set of 68 records (20%) such that variables distri-
butions in each set were similar to those in the original 
dataset. The other 30 patient records from the same 
medical center were added independently to be used as 
a validation set. Similarly, initial data of 103 CD patient 
records were randomly divided into a training set of 
82 records (80%), and a test set of 21 records (20%) and 
other 12 independent patient records from the same 
center constituted the validation set. Histologic activ-
ity classes (active/inactive) were not equally represented 
in the train and test sets. However, both validation sets 
had a more balanced distribution of histologic activity 
classes.

Four multilayered perceptron classifiers were developed 
based on the training sets. Classifiers were constructed 
using the caret::train function in R Studio. Ten-fold 
cross-validation was used to reduce the problem of 
overfitting. Synthetic minority over-sampling technique 
(SMOTE) was used with caret::train function to overcome 
the issue of imbalanced data.

Two binary classifiers were built for UC predictions. UC 
classifiers were used to predict whether a UC patient has 
histologic activity or remission based on all 14 param-
eters chosen by the feature selection method (first UC 
classifier) or based only on biological parameters (second 
classifier).

The other 2 binary classifiers were built for CD predictions. 
CD classifiers were used to predict whether a CD patient 
has active or inactive histologic disease based on 2 clinical 
and 4 biological parameters (first CD classifier) or based 
on 6 biological parameters (second CD classifier).
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Classifiers trained only on biological data were built as it is 
of interest to construct and evaluate a model based only 
on objective data.

Developed NNs were evaluated on the test set and valida-
tion set on accuracy (ACC) of classification. Where appli-
cable, the area under the receiver operating characteristic 
curve (AUC), sensitivity (SE), specificity (SP), and positive 
and negative predictive values (PPV and NPV) were also 
determined.

RESULTS
Patient Characteristics
Of all 371 UC patient records, 247 (67%) were males and 
124 (33%) females. Among the 115 CD patient records, 
64 (56%) were males and 51 (44%) females. The age 
range of the participants was 18-82. The distribution of 
active/inactive histology classes was imbalanced: 75 UC 
records were classified with histologic remission, 296 with 
UC active disease, and 33 CD patient records had inactive 
histology while 82 had CD active disease.

Selected clinical characteristics and laboratory findings 
for all patient records, and each activity class are summa-
rized in Table 1 (UC) and Table 2 (CD).

Handled Missing Values
UC patient records had a total of 350 (6.74%) miss-
ing values were imputed using MICE package as follows 
LGB: 1, MONO: 1, MPV: 5, ESR: 51, fibrinogen: 87, SI: 25, 
CRP: 30, A1G: 75, A2G: 75. For CD records, a total of 62 
(7.28%) missing values were imputed as follows PLT: 1, 
ESR: 13, fibrinogen: 31, SI: 12, CRP: 10.

Feature Selection
Using ANOVA with Holm adjustment, feature selection 
for UC initially included 17 continuous variables with a 
significant difference between active histology group and 
remission group: number of stools/day, WBC, HGB, HCT, 
MCHC, PLT, MONO, NEUT, MPV, PLCR, PCT, ESR, fibrino-
gen, SI, CRP, A1G, and A2G. Significance was established 
at P < .0001. Next, highly intercorrelated features were 
identified and removed. Four strong correlations with a 

Table 1. Clinical and Biological Parameters for All UC Patient Records and Each Histologic Activity Class

All

Histology

Remission Activity

Number of records 371 75 296

Gender (male:female) 247:124 46:29 201:95

Age (years) 44.8 ± 14 43.9 ± 12.3 45 ± 14.4

Number of stools/day 5.1 ± 3.9 1.4 ± 0.8 6 ± 3.8

LGB 250 (67.4%) 1 (1.3%) 249 (84.1%)

WBC, ×10³/µL 8.2 ± 3.3 6.5 ± 1.5 8.6 ± 3.4

HGB, g/dL 13.6 ± 2 14.6 ± 1.2 13.4 ± 2

MCHC, g/dL 33 ± 1.5 33.6 ± 1.3 32.9 ± 1.5

PLT, ×10³/µL 313.6 ± 111.7 259.5 ± 78.1 327.3 ± 114.9

MONO, ×10³/µL 0.68 ± 0.3 0.5 ± 0.2 0.7 ± 0.4

MPV, fL 10.3 ± 1 10.8 ± 0.8 10.1 ± 1

ESR, mm/h 15.9 ± 19.8 4.6 ± 3.2 18.9 ± 21.2

Fibrinogen, mg/dL 389.4 ± 83.5 336 ± 71.7 405.5 ± 80.2

CRP, mg/dL 1.6 ± 3.4 0.2 ± 0.2 2 ± 3.8

SI, µg/dL 72.5 ± 42 97.3 ± 36.6 66 ± 40.9

A1G, % 2.8 ± 1.2 2 ± 0.3 3 ± 1.3

A2G, % 11.3 ± 2.5 10.2 ± 1.6 11.6 ± 2.6
LGB, lower gastrointestinal bleeding; WBC, white blood cells; HGB, hemoglobin; MCHC, mean corpuscular hemoglobin concentration; PLT, platelets; MONO, 
monocytes; MPV, mean platelet volume; ESR, erythrocyte sedimentation rate/h; CRP, C reactive protein; SI, serum iron; A1G, alpha 1 globulins (A1G); A2G, 
alpha 2 globulins.
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Pearson coefficient ≥0.9 were identified between WBC 
and NEUT, HGB and HCT, PLT and PCT, MPV, and PLCR. 
Thus, the following 4 parameters were removed from the 
analysis: NEUT, HCT, PCT, and PLCR.

Feature selection in CD was based on domain knowledge 
and included 7 continuous variables: number of stools/
day, WBC, CRP, fibrinogen, ESR, PLT, and SI. Considering 
that the number of CD patient records in our database is 
much smaller than in the UC dataset, features selected 
for CD also have to be fewer.

All categorical parameters were successively fitted with 
the histology activity variable using the chi-square test, 
both in UC and CD. The categorical parameter with the 
best chi-square test statistic was chosen to be included in 
the analysis for each disease. LGB was the selected cate-
gorical feature in UC (X2 (1, N = 371) = 184.54, P < .001) and 
diarrhea in CD (X2 (1, N = 115) = 30.684, P < .001).

As a result of the feature selection stage, 14 parameters 
in UC (number of stools/day, LGB, WBC, HGB, MCHC, 
PLT, MONO, MPV, ESR, fibrinogen, SI, CRP, A1G, A2G) and 
8 parameters in CD (number of stools/day, diarrhea, WBC, 
CRP, fibrinogen, ESR, PLT, SI) were included in further 
analysis.

Results of the NN Models Construction and 
Evaluation
Based on the results produced by the feature selection 
methods, 2 NN models were trained for UC predictions 

and 2 for CD predictions using the selected parameters 
as inputs.

UC Classifiers
To build the classifiers, the initial dataset of 341 UC 
patient records was randomly divided into a training set 
(273 records) and a test set (68 records). Thirty patient 
records were added independently to constitute the 
validation set. Unlike in the training and test set, histol-
ogy activity classes were more balanced in the valida-
tion set.

The first NN model was developed using all 14 variables 
to predict whether a UC patient has histologic activity 
or remission. Model performance metrics are shown in 
Table 3.

The second NN model was built to predict the same 
binary outcome (histologic remission or activity) as the 
first classifier using only the 12 biological input param-
eters in order to investigate a model that uses only objec-
tive data. The second model performance metrics are 
indicated in Table 4.

ROC curves proving models’ performance on the train, 
test, and validation sets are shown in Figure 1 for the first 
UC classifier and in Figure 2 for the second UC classifier.

CD Classifiers
The initial dataset of 103 CD patient records was ran-
domly divided into a training set (82 records) and a test 

Table 2. Clinical and Biological Parameters for All CD Patient Records and Each Histologic Activity Class

All

Histology

Remission Activity

Number of records 115 33 82

Gender (male:female) 64:51 20:13 44:38

Age (years) 38.4 ± 11.2 41.8 ± 11.2 37 ± 10.9

Number of stools/day 3.7 ± 3 1.8 ± 1.1 4.5 ± 3.1

Diarrhea 59 (51.3%) 3 (9.1%) 56 (68.3%)

WBC, ×10³/µL 8.9 ± 3.7 7.1 ± 1.8 9.7 ± 4.1

PLT, ×10³/µL 353 ± 145.4 268.8 ± 46.2 385.9 ± 157.4

ESR, mm/h 16.4 ± 18.1 5.1 ± 4.4 20.4 ± 19.5

Fibrinogen, mg/dL 408.3 ± 91.7 351 ± 50 432.6 ± 94.8

CRP, mg/dL 3.1 ± 5.4 0.3 ± 0.2 4.3 ± 6.1

SI, µg/dl 67 ± 45 108.4 ± 42.8 51.6 ± 35.2
WB, white blood cells; PLT, platelets; ESR, erythrocyte sedimentation rate/h; CRP, C reactive protein; SI, serum iron.
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set (21 records). Twelve patient records were added inde-
pendently to constitute the validation set.

The other 2 binary classifiers were built for CD predic-
tions. CD classifiers were used to predict whether a CD 
patient has active or inactive histologic disease based 
on 2 clinical and 4 biological parameters (first CD clas-
sifier) or based on 6 biological parameters (second CD 
classifier).

The first CD binary model was developed using 6 variables 
as inputs (number of stools/day, diarrhea, CRP, fibrinogen, 
ESR, PLT) to predict the histologic activity. Model render-
ings on each of the 3 datasets are shown in Table 5.

The second CD binary model was built to predict histo-
logic activity using only 6 biological input parameters 
(WBC, CRP, fibrinogen, ESR, PLT, SI) in order to test a 
model based only on objective data. The second CD 
model performance metrics are indicated in Table 6.

Table 3. The First UC Histology Classifier Performance Metrics

Train Set Test Set Validation Set

Predictions Predictions Predictions

Actual Remission Activity Remission Activity Remission Activity

Remission 47 13 14 2 12 0

Activity 0 213 1 51 1 17

ACC 95.24% 95.59% 96.67%

95% CI (0.9199, 0.9744) (0.8764, 0.9908) (0.8278, 0.9992)

P value <.001 <.001 <.001

SE 100% 93.33% 92.31%

SP 94.25% 96.23% 100%

PPV 78.33% 87.5% 100%

NPV 100% 98.08% 94.44%

AUC 0.9719 0.9786 0.991
ACC, accuracy; SE, sensitivity; SP, specificity; PPV, positive predictive values; NPV, negative predictive values; AUC, area under the receiver operating charac-
teristic curve.

Table 4. Second UC Histology Classifier Performance Metrics

Train Set Test Set Validation Set

Predictions Predictions Predictions

Actual Remission Activity Remission Activity Remission Activity

Remission 45 20 11 4 11 2

Activity 2 206 4 49 2 15

ACC 91.94% 88.24% 86.67%

95% CI (0.8805, 0.9488) (0.7813, 0.9478) (0.6928, 0.9624)

P value <.001 <.001 <.001

SE 95.74% 73.33% 84.62%

SP 91.15% 92.45% 88.24%

PPV 69.23% 73.33% 84.62%

NPV 99.04% 92.45% 88.24%

AUC 0.9508 0.8629 0.9231
ACC, accuracy; SE, sensitivity; SP, specificity; PPV, positive predictive values; NPV, negative predictive values; AUC, area under the receiver operating charac-
teristic curve.
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ROC curves rendering models’ performance on the train, 
test, and validation sets are shown in Figure 3 for the 
first CD classifier and in Figure 4 for the second CD 
classifier.

DISCUSSION
In this paper, the first NN for predicting histologic disease 
activity in IBD based on routinely available clinical and 
biological variables was proposed. We showed that using 

only standard, non-costly, non-invasive parameters, it is 
possible to differentiate active histologic disease in IBD 
from inactive status.

Monitoring disease activity in IBD includes clinical, biolog-
ical, endoscopic, and histologic evaluations and is crucial 
for disease control, treatment management, and progno-
sis. Clinical assessment is usually inaccurate if considered 
alone. Endoscopic and histologic examinations are the 

Figure 1. Performance of the first UC classifier to predict histologic remission versus relapse.

Figure 2. Performance of the second UC classifier to predict histologic remission versus relapse.
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gold standard but are uneasy for the patient and harbor 
possible complications.

The evaluation of histological disease activity is especially 
critical because persistent microscopical inflammation in 
quiescent endoscopic disease increases the risk of dis-
ease relapse.12

The advent of AI/ML cost-effective techniques in health-
care represents a significant step forward in precision 

medicine. ML models have been proposed in several clinical 
IBD studies for differential diagnosis, monitoring, predic-
tion of outcomes, and treatment responses.13,14 Notably, 
3 papers described methods for the assessment of histo-
logic activity in IBD. A deep NN was proposed for evaluat-
ing endoscopic and histologic disease activity in UC based 
on endoscopic images only.8 Another AI/ML solution uses 
endocytoscopy images to predict intestinal histologic 
inflammation.9 Deep learning has also been used to deter-
mine histologic inflammation from endoscopic images by 

Table 5. The First CD Histology Classifier Performance Metrics

Train Set Test Set Validation Set

Predictions Predictions Predictions

Actual Remission Activity Remission Activity Remission Activity

Remission 20 7 5 1 5 0

Activity 1 54 1 14 1 6

ACC 90.24% 90.48% 91.67%

95% CI (0.8168, 0.9569) (0.6962, 0.9883) (0.6152, 0.9979)

P value <.001 <.001 <.001

SE 95.24% 83.33% 83.33%

SP 88.52% 93.33% 100%

PPV 74.07% 83.33% 100%

NPV 98.18% 93.33% 85.71%

AUC 0.9305 0.9444 0.8889
ACC, accuracy; SE, sensitivity; SP, specificity; PPV, positive predictive values; NPV, negative predictive values; AUC, area under the receiver operating charac-
teristic curve.

Table 6. The Second CD Histology Classifier Performance Metrics

Train Set Test Set Validation Set

Predictions Predictions Predictions

Actual Remission Activity Remission Activity Remission Activity

Remission 20 8 4 1 5 0

Activity 1 53 2 14 1 6

ACC 89.02% 85.71% 91.67%

95% CI (0.8018, 0.9486) (0.6366, 0.9695) (0.6152, 0.9979)

P value <.001 <.001 <.001

SE 95.24% 66.67% 83.33%

SP 86.89% 93.33% 100%

PPV 71.43% 80% 100%

NPV 98.15% 87.5% 85.71%

AUC 0.9641 0.6889 1
ACC, accuracy; SE, sensitivity; SP, specificity; PPV, positive predictive values; NPV, negative predictive values; AUC, area under the receiver operating charac-
teristic curve.



Turk J  Gastroenterol  2021;  32(3) :  276-286 Popa et  a l .  Neural  Networks and IBD Disease Activ ity  Prediction

284

measuring the redness degree in the red density score in 
UC.15 However, all 3 methods necessitate invasive inter-
vention for acquiring endoscopic images.

In the search for non-invasive solutions in IBD monitor-
ing, fecal calprotectin (FC) is, so far, the most encouraging 
and frequently used fecal biomarker to indicate disease 
activity in IBD.16 FC was shown to be a valuable marker for 
predicting histologic healing and mucosal inflammation 

in UC16 and ileocolonic and colonic CD.17,18 However, FC 
has not been validated for biomarker-based decision 
making due to low reliability: significant variability across 
platforms (which makes it difficult to establish a cut-off 
value), intra-individual day-to-day variation in FC concen-
trations, degradation of FC levels at room temperature 
after stool collection.19 Additionally, FC is not allowed in 
Asian and some Western countries20 and is more expen-
sive than routine laboratory investigations.

Figure 3. Performance of the first CD classifier to predict active/inactive histologic status.

Figure 4. Performance of the second CD classifier to predict active/inactive histologic status.
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Thus, we aimed to build a model using only routinely avail-
able, non-costly parameters, that could possibly achieve 
similar or even better performance than FC, given that FC 
is not readily available in some countries, is slightly more 
expensive than routine laboratory investigations, and has 
some reliability drawbacks.

Several studies have assessed the performance of FC to 
estimate histologic activity in IBD, but there is no stan-
dardized definition of histologic healing, and this restrains 
the possibility of comparing performances between dif-
ferent studies. However, there are a few papers that 
have employed a similar definition to the one used in our 
research. One of these papers evaluated the performance 
of FC to predict histologic activity in IBD (both UC and 
CD) and achieved an AUC of 0.898, an ACC of 85%, SE 
77%, SP 100%, PPV 100%, NPV 68% for an FC cut-off 
level of 200 ng/mL.21 Another study assessed FC in esti-
mating histologic remission in colonic IBD and obtained 
an AUC of 0.95 (SE: 0.03; 95% CI, 0.88-1.02; P < .001), 
SE 100%, SP 77%, PPV 81.2%, NPV 100%, for a FC cut-
off level of 100 μg/g.18 Comparatively, our first UC clas-
sifier achieved better performance while the second UC 
and first CD classifiers had similar behavior as FC in the 
mentioned studies. This proves the potential of the AI/
ML method proposed in this study to be used as a non-
invasive and accessible tool in IBD monitoring.

Limitations and Future Perspectives
First, the small size of our dataset, along with the fact that 
the independent validation set is from the same center, 
entails rigorous external validation with data from other 
centers. Notably, the CD dataset is of minimal size and, 
consequently, fewer features had to be selected for CD 
models’ training. This fact generates a very high risk of 
bias for CD classifiers. Second, the imbalanced distribu-
tion of histologic activity classes predisposes to calcula-
tion biases, although the SMOTE function in R was used 
to reduce these biases significantly. Thirdly, FC was not 
documented for a direct real-time comparison with the 
performance of the proposed NN classifiers, due to logis-
tical reasons related to the retrospective nature of our 
study. Forth, only colonic and ileocolonic activity was 
assessed, leaving a remaining of up to one-third of the 
patients with isolated small bowel involvement, due to 
the reduced accessibility for biopsy acquisition. However, 
in the current phase of our study, the focus has been on 
assessing the accuracy and prominence of the new AI/
ML-based method.

In the future, these drawbacks could be overcome by 
employing studies on broader, more diverse, and compre-
hensive datasets in a center with greater accessibility that 
would permit organizing a cohort with a balanced distri-
bution of histologic activity classes. The next trials would 
improve models’ performance even further by using dif-
ferent ML algorithms as our patient’s database extends 
and to validate our models through real-time com-
parison with documented FC levels. Finally, colonic IBD 
requires dysplasia surveillance and routine biopsies after 
8-10 years from disease onset.22 This task is not tackled 
in our current models, but future approaches could incor-
porate more context and data enrichment with specific 
variables that might be able to confront the burden of 
dysplasia detection.

Further improving and validating automatic learning 
methods may lead to more frequent monitoring of sub-
clinical IBD disease activity with significantly fewer inva-
sive procedures, less exposure to inherent risks, and more 
comfort for the patient.

CONCLUSIONS
In the context of current costly and invasive monitoring 
methods for IBD, our study proposes a cost-efficient, 
non-invasive, AI/ML-based tool to predict histologic 
disease activity in IBD with reasonable accuracy. Our 
NN model represents a significant upsurge in the non-
invasive assessment of IBD microscopical inflammation, 
leading the way to possible future use in clinical practice. 
Further validations on external datasets are needed to 
ensure generalizability and further prospective studies 
are needed to evaluate whether the proposed classifiers 
can be used as biomarkers able to replace endoscopies 
and biopsies.
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