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Inflammatory bowel disease (IBD), which includes ulcerative colitis (UC) and Crohn’s disease (CD), is an idiopathic condition related to a dysregulated immune response to commensal intestinal microflora in a genetically susceptible host. As a global disease, the morbidity of IBD reached a rate of 84.3 per 100,000 persons and reflected a continued gradual upward trajectory. The medical cost of IBD is also notably extremely high. For example, in Europe, it has €3,500 in CD and €2,000 in UC per patient per year, respectively. In addition, taking into account the work productivity loss and the reduced quality of life, the indirect costs are incalculable. In modern times, the diagnosis of IBD is still a subjective judgment based on laboratory tests and medical images. Its early diagnosis and intervention is therefore a challenging goal and also the key to control its progression. Artificial intelligence (AI)-assisted diagnosis and prognosis prediction has proven effective in many fields including gastroenterology. In this study, support vector machines were utilized to distinguish the significant features in IBD. As a result, the reliability of IBD diagnosis due to its impressive performance in classifying and addressing region problems was improved. Convolutional neural networks are advanced image processing algorithms that are currently in existence. Digestive endoscopic images can therefore be better understood by automatically detecting and classifying lesions. This study aims to summarize AI application in the area of IBD, objectively evaluate the performance of these methods, and ultimately understand the algorithm–dataset combination in the studies.
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INTRODUCTION

Inflammatory bowel disease (IBD) is a chronic inflammatory disorder with soaring incidences recorded worldwide in recent years. For example, in Western countries, the prevalence of IBD has exceeded 0.3% and is expected to continue rising steadily over the next decade. In the same light, several studies have drawn attention to the similarity between the current prevalence of IBD in newly industrialized countries, with anterior patterns observed in the Western world. The global burden on the healthcare system caused by IBD is also currently increasingly becoming a high-priority matter (Windsor and Kaplan, 2019). It is important to note that the complete etiology of IBD is still uncertain. However, the two major manifestations of IBD, namely, ulcerative colitis (UC) and Crohn’s disease (CD), are recognized as a result of complex interactions between genetic and environmental factors. A recent genetic association study identified 163 susceptibility loci for IBD. In this case, the impact of host–microbe interactions in pathogenesis was scrutinized due to the link between these susceptibility loci and the microbial response (Liu et al., 2015). The intestinal microecology has also been a focal point for recent studies (Nishida et al., 2018; Yue et al., 2019).

Currently, there is no clearly defined criterion for diagnosing IBD (Annese et al., 2013; Magro et al., 2013). Laboratory tests that include blood, stool, serum markers, and gene examination can be supportive in estimating the severity of IBD but are unable to confirm the diagnosis. As a fundamental process in the diagnosis of suspected patients with IBD, an endoscopic examination improves the accuracy of the diagnosis. On the other hand, biopsies of selected bowel segments can further confirm the diagnosis and make a valid assessment of the state of the IBD and its progression. However, it has been observed that endoscopic images and histological changes are evident only when the appropriate sampling sites are selected, and the images are of good quality. The undifferentiated results were obtained in some of the patients, which in turn resulted in the delayed diagnosis or reclassification over time, proving that the definite diagnosis of IBD is still a challenging endeavor (Negreanu et al., 2019).

The goal of treatment of IBD has evolved from traditional clinical remission to a more specific, integrated, and complete deep remission or mucosal healing (Panaccione et al., 2013; Sandborn et al., 2014; Klenske et al., 2019). And the advent of biological agents, such as anti-adhesion molecules, anti-cytokine molecules, blockage of downstream signaling, and anti-trafficking molecules promoted the achievement of goal in the treatment of IBD. Intestinal microbiome manipulation and stem cell transplantation are also the treatment option for certain patients with IBD (Na and Moon, 2019). Considering the development of research about IBD, its combination with artificial intelligence (AI) technology is not simply a result of interdisciplinary thinking but an inevitable merging of the two treatments. Digital images and medical records require advanced technology as this would lead to a great extent to significant strides being made in the studies of IBD (Figure 1).
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FIGURE 1. The requirement of artificial intelligence (AI) application and the enhancement for inflammatory bowel disease (IBD) studies. The high-quality data at a certain volume are the basis of building and training the machine learning (ML) models. Making the appropriate match between the dataset and analysis methods is also an essential step, which can influence both accuracy and interpretability of results. The AI application in IBD study was summarized and sorted by the research purpose. In the field of IBD etiology, diagnosis, and treatment, AI methods played distinct roles.




ARTIFICIAL INTELLIGENCE

Artificial intelligence, in particular, the deep-learning subtype has emerged as a breakthrough in computer technology enabled by the application of labeled big data across all the sectors (Topol, 2019). AI allows computers to identify, quantify, and interpret relationships among variables by algorithmically learning the efficient data representations, which is a formidable task for physicians (Johnson et al., 2018). As a technique being initially confined as “the science and engineering of making intelligent machines,” AI was considered in medical research when its ability to learn complex patterns and make predictions was noticed. From the 1950s to present, machine learning (ML) has become the most common approach of AI mostly owing to the ML models with the function of prediction or making decisions including support vector machines (SVMs), neural network, Naïve Bayes (NB), and random forest (RF).

Artificial neural network (ANN), a remarkable one of these AI approaches, was structured with an input, hidden connection, and output layer. The basic computing units of ANN are the simulation of neurons and synapses in the human brain and are responsible for outputting a decision signal based on the weighted sum of evidence. Deep learning (DL) was developed based on ANN with extra hidden layers between the input and output layers to overcome its shortcomings such as overfitting, vanishing gradient, and decreasing in the local minimum during optimization. It impressed the researchers due to the excellent performance of convolutional neural networks (CNNs) in the computer vision field. The outstanding performance depended on the preprocessing operation named convolution that applied specific filters to draw specific features and created numerous feature maps. Then, the feature maps were handled by the pooling layers to smaller sizes, and this process of convolutional and pooling layers was duplicated. The fully connected layers were the last step to produce the combination of all features and make an overall classification (Figure 2).
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FIGURE 2. Artificial intelligence terminology. AI is a general term concerning the computer science that enables the machine applying the human intelligence such as “learning” and “problem-solving” to perform the practical task. ML, multi-agent systems, expert systems, knowledge representation, recommender systems, robotics, and perception are the subset of AI. ML is a subset of AI, which automatically detects patterns in data to make predictions or decisions without explicitly being programmed. (A) Support vector machine (SVM) is a discriminative classifier that has an excellent performance in classification due to its strength of regularization and convex optimization. With the application of “kernel trick,” SVM can handle non-linear problems. (B) Naïve Bayes is a probabilistic ML algorithm based on the Bayes’ theorem and assumes the independence between features. (C) Random forest is an ensemble algorithm constructing numerous decision trees at training to increase the overall result by combining learning models. (D) Artificial neural network (ANN) is a regression and classification algorithm composed of artificial neurons applying simple classifiers to output decision signals based on the weighted sum of evidence. The basic structure was the combination of an input, hidden connection, and output layer. (E) Deep learning is a class of ANNs with several hidden layers which can learn complex hierarchical representations from the data for feature extraction and transformation, and for pattern analysis and classification. (F) Convolutional neural network (CNN) is a specific subset of ANNs that imitate the organization of the animal visual cortex for image processing tasks. The convolutional layer of CNN is the essential part.




ARTIFICIAL INTELLIGENCE IN THE ETIOLOGY OF IBD

In recent years, the etiology of IBD has expanded from a focus on abnormal gene expression to more complex factors such as the environmental and intestinal microflora (Piovani et al., 2019). However, genetic susceptibility continues to seek breakthroughs, and many results are available (Momozawa et al., 2018). AI facilitates the data analysis used to determine suspicious risk genes, which are then verified experimentally. However, AI does not seem to be widely used in intestinal microecology due to the current lack of adequate and uniform data records. Considering the novel perspectives on the pathogenesis of IBD in the study of intestinal microecology and the demand for a large amount of data processing, AI technology will be applied to the study of IBD pathogenesis by intestinal flora.


Seeking IBD-Associated Susceptibility Loci and Genes

In the past, genome-wide association studies (GWAS) were used to analyze the genome of patients for identifying possible disease-related sequence variations (Liu et al., 2015; Luo et al., 2017). The principle of GWAS was to compare the allele frequencies of a specific variant between unrelated cases and controls to test significant differences that are expected to be disease-related (Ye and McGovern, 2016). So far, around 200 genes implicated in the etiology of IBD have been found through GWAS and differential gene expression analysis (Jostins et al., 2012). Although more genes are expected to participate in the pathophysiological process (Khor et al., 2011), the existing study methods are incompetent to mine the massive and complex genomic data utilizing only visual investigation of pairwise correlations. Moreover, the effectiveness of GWAS was limited by its nature as a non-candidate-gene approach leading to a high occurrence of false-positive results. The associated single nucleotide polymorphisms (SNPs) identified by GWAS are not usually the direct causal ones with disease because of the case-control designed only to reveal associations but not causation (Du et al., 2012). Instead, analytical tools are in demand to support the discovery of unforeseen relationships, to develop new hypotheses or models, and to forecast. The design of ML algorithms automatically detects patterns in data and accordingly fits the data-driven sciences especially genomics (Eraslan et al., 2019). As overcoming the deficiency of causal relationship explanation when only applying GWAS, a framework based on DL was certified to success in identifying causal variants by computing the causal variants in trait-associated loci (Zhou et al., 2018). Another study was conducted to prioritize the IBD-risk genes for detecting a new candidate in IBD-associated genes using an ML-based method. This method used numerical expression data (microarray and RNA-seq) and categorical terms from several databases to categorize genes as risk-conferring or not conferring risk to IBD. It is noteworthy that positive gene instances were collected from GWAS (Isakov et al., 2017). Finally, 67 genes that had never been mentioned in other publications of IBD were identified as a novel candidate in IBD-risk genes. These genes can be used as targets in the future. This study shows that ML can remedy some inherent limitations of GWAS and can analyze the GWAS data.

In another study, investigators attempted to find genes that differentiate patients with IBD from normal individuals and identify their subtypes. After selecting IBD-related genes using the method of minimum redundancy, maximum relevance (mRMR), and incremental feature selection (IFS), the investigators applied protein–protein interaction to establish a network and then applied the shortest path method to obtain other related genes (Yuan et al., 2017). The mRMR is a method for identifying SNPs that provide an mRMR feature list to inform the evaluation of relevance between feature and sample class labels and the redundancies between it and the features listed before it (Chen et al., 2016). Then, the IFS method selects the optimal combination as biomarkers applying the mRMR feature list and the sequential minimal optimization prediction engine (Peng et al., 2005). In the future, phenotypic and clinical data may be used as the basis for selecting an optimal combination, thereby linking genes to more intuitive information and improving the interpretability of data to some extent.



Relevance Between Extra-Intestinal Manifestations and Genetic Factors

In addition to common digestive symptoms of IBD, extra-intestinal manifestations are also a significant factor affecting the health and quality of life of the patient (Bernstein et al., 2019). In recent years, studies have predicted the possibility of extra-intestinal symptoms in patients with IBD to intervene as early as possible and reduce patient suffering (Herzog et al., 2018). After ML emerged as an efficient approach, these data-based studies were reconsidered. Two studies based on the same data of 152 patients were observed and compared for the efficiencies of NB, Bayesian Additive Regression Trees (BART), and Bayesian Networks (BNs) (Menti et al., 2016; Bottigliengo et al., 2019).

Naïve Bayes is a classifier based on Bayes’ theorem, assuming that there is no interaction between the features except the independent given class that shows outstanding performance in automatic medical diagnosis (Menti et al., 2016). BART is a method using a sum of many regressions or classification trees plus a random component to specify the relationship between the outcome and a set of covariates (Bottigliengo et al., 2019). BNs can also give the probability of event occurrence through computing the conditional probabilities of the parameters in models given the values of variables (Bottigliengo et al., 2019).

In 2016, the identification ability of three Bayesian machine-learning technologies (BMLTs) was compared based on disease characteristics, risk factors, and genetic polymers of the NOD2, CD14, TNF-α, IL12B, and IL1RN genes. Finally, BNs were confirmed to make an identification without a large sample, with 82% (considering only clinical factors) and 89% (considering genetic information as well) accuracies (Menti et al., 2016). They also built an interpretable graphical model that displayed the links between variables and can be modified according to medical knowledge; thus, interdisciplinary research in IBD has its advantages (Menti et al., 2016).

The objective of this study in 2019 was to compare these three BMLTs with logistic regression, generalized additive model, projection pursuit regression (PPR), linear discriminant analysis (LDA), quadratic discriminant analysis, and ANNs taken from the study of Giachino et al. (2007). In this study, BMLTs did not show superiority over the traditional method as expected. Three BMLTs ameliorated the function after considering genetic variables. However, the best performance of three BMLTs was made by BART with 0.76 area under the receiver operating characteristic curve (AUC), which was still worse than PPR (AUC = 0.94). This outcome was caused not only by the method itself but also by the different results of 10-fold cross-validation by evaluation under the premise of selecting different features and folds (Bottigliengo et al., 2019). This reminds us that the data-based approach to ML has a characteristic similar to statistical methods and that the existence of an outlier may introduce a gap in the results.



Influence of Environmental Factors on IBD Flares

At present, many researchers consider that the imbalance between proinflammatory and anti-inflammatory forces that lead to an occurrence of IBD is a response to genetic and environmental factors (Sears and Johnston, 2007). Several ML models such as ANN and SVM are sufficient for working with complex datasets to compensate for the deficiency of traditional linear statistics (Liu et al., 2013). A study of the association between seasonal changes and onset and recurrence of IBD revealed a high incidence of CD in July and August (Peng et al., 2015). This study used an ANN model to predict the frequency of onset, relapse, and severity of IBD and achieved a high accuracy in predicting the frequency of the relapse of IBD (mean square error = 0.009 and mean absolute percentage error = 17.1%). The previous studies applying multiple logistic regression or multiple LDA models came to conflicting conclusions about the relationship between IBD flares and season variation due to inadequate statistical stability (Peng et al., 2015). Thus, this study confirmed the feasibility of applying ANN methods to verify the correlation between certain factors and disease incidence (Peng et al., 2015; Table 1). Epidemiological studies that directly link risk factors to the incidence of IBD are still instrumental. In addition to suggesting that the association between the two factors provides advice for public health management, the studies may suggest a non-immune, directly related IBD etiological mechanism, including smoking, obesity, and dietary factors such as high-fat or low-fiber diets (Singh et al., 2017).


TABLE 1. Summary of studies using artificial intelligence in IBD etiology.
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ARTIFICIAL INTELLIGENCE IN DIAGNOSIS OF IBD

In recent years, with the increasing incidence of IBD, seeking more accurate diagnostic tools for IBD has become a hot topic. Currently, there is no gold standard for diagnosing IBD (Annese et al., 2013; Magro et al., 2013). A comprehensive analysis combining clinical presentation, laboratory examination, imaging, endoscopy, and histopathology and exclusion of a range of infectious diseases and intestinal TB is required to provide further treatment plans (Annese et al., 2013; Magro et al., 2013). However, integration of information is influenced by the subjective factors of investigators (Daperno et al., 2017; Bernstein et al., 2019). A survey involving 58 gastroenterologists, using the Mayo endoscopic subscale to evaluate the mucosal healing of patients with UC and Rutgeerts score to evaluate the postoperative scores of patients with CD, showed that the inter-judgment consistency was only 0.47 and 0.33, respectively (Fernandes et al., 2018). This study did not aim to reveal differences between diagnoses in order to emphasize the requirements of the expertise of physicians. Instead, it expressed the need for a more effective IBD scoring system and suggested the feasibility of a “training program” for diagnosis (Fernandes et al., 2018). Based on the characteristics that the diagnosis of IBD relies on the personal experience of physicians and consideration of the defect of personal subjective factors (Annese et al., 2013; Daperno et al., 2017), the application of the diagnosis of ML-assisted IBD shows great potential.


Image Analysis and Automatic Preprocessing of Images

Some computer-aided diagnosis (CAD) programs combine computers and new image acquisition devices such as endocytoscopes to collect images with higher resolution and then analyze the images using AI, facilitating more accurate and faster diagnoses (Rath et al., 2015).

Convolutional neural networks show excellent performance in image recognition (Abadi et al., 2016). Good results were also demonstrated when applying CAD systems for intestinal diseases based on CNNs (Wimmer et al., 2019). However, there are many deficiencies in this new method, including differences in evaluation caused by the location of image selection and the difficulty in scoring caused by local treatment. These problems are still challenging to eliminate as in traditional imaging studies (Leggett and Wang, 2016; Mori et al., 2017), and the multifactor analysis function of ML technology itself is not fully played.

A study to improve the diagnosis of IBD by improving a CAD system to analyze the endoscopic images revealed that in addition to achieving higher sensitivity, specificity, and accuracy, the CAD systems have some advantages over traditional imaging such as providing more comprehensive imaging information, implementing an automatic selection of the region of interest, and better reproducibility. Based on the data from 187 patients with UC, a study collected 525 validation sets from 100 patients and utilized the 12,900 endoscopic images of the remaining 87 patients to develop the CAD system. All endoscopic images were marked with their histological assessment according to the biopsy samples. Finally, this CAD system constructed by 312 features on the endoscopic image showed its potential to fully automated the identification of histological inflammation related to UC with 74% diagnostic sensitivity, 97% specificity, and 91% accuracy (Figure 3; Maeda et al., 2019).
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FIGURE 3. Computer-aided diagnosis for endocytoscopy to identify histological inflammation. (A) Three-hundred and twelve features collected by endocytoscopic and texture analysis. (B) SVM based on the 312 features classifying 2-class diagnoses (“active” or “healing”). (C) The status and diagnostic probability were published. Adapted with permission from Maeda et al. (2019), Elsevier.


Moreover, one study concentrated on the evaluation of endoscopic images in UC, which uses the red density (RD) algorithm refined by integrating computerized vessel pattern recognition and multiple regression analysis. The endoscopic images and biopsy samples from 29 consecutive patients with UC and 6 healthy controls were used to build the algorithm. This algorithm was developed based on automatic computer-aided assessment of redness on a pixel level and was further refined through recalibrating and expanding the RD score with the information of clinical, endoscopic, and histological scorings. Its stable and reproducible outcome conforms with the requirement of objectivity for the diagnosis. The strong correlation between the way how the entire image is digitized and histology suggests its potential for predicting the prognosis (Bossuyt et al., 2018, 2020).

After more ML structural frameworks have been published, the cross-discipline boom has resulted in the broader use of image recognition for the diagnosis of IBD. The future value of CAD and the use of images for data extraction and analysis are very compelling (Leggett and Wang, 2016; Mori et al., 2017). However, some features of medical imaging also show adverse effects on ML applications. The differences in annotation and endoscopic imaging performance result in significant differences in the types of medical image databases and between different databases. Cleaning and preparation of image data have thus become a meaningful and challenging task (Nadeem et al., 2018). Researchers have developed a framework for automatic preprocessing of gastrointestinal tract images (MAPGI) designed to preprocess gastrointestinal images. This framework enables deep neural network recognition of images with better performance through edge removal, contrast enhancement, filtering, color mapping, and scaling (Cogan et al., 2019). In addition to improvements in image processing and improvements to specific ML methods selected are also underway. An attempt to combine the semi-supervised classification with active learning can reduce the amounts of labeled samples required for program training and reduce the time required for training (Mahapatra et al., 2016).



Machine Learning Enhancing Non-invasive Test for IBD With miRNA Signatures

In addition to the progress made in the diagnosis of IBD imaging and by the influence of technology and other published results, some new methods of assisted diagnosis have been applied. A study uses penalized SVMs and RF for analyzing peripheral blood miRNAs in subjects to achieve a differential diagnosis of CD and UC. It established a sparse model based on the expression levels of certain miRNAs from 76 patients with IBD and 38 healthy controls and then selected 16 distinct miRNAs to be the markers for diagnostic application. Then, the classification was achieved by penalized SVMs and used RF to validate the SVM-based miRNA signatures (Hubenthal et al., 2015). In this study, the elastic SCAD SVM (median AUC = 0.97) was chosen for further investigation and finally achieved the distinction of CD and UC as well as CD, UC, and healthy controls with significantly small classification error rates of 3.1 and 3.3% (Hubenthal et al., 2015).

There are also studies directly analyzing the genes of subjects, trying to classify healthy people and patients with CD according to their genomic information. These studies are different from those simply looking for risk genes, and their purpose is to diagnose patients with clinical signs. In one study, three ML methods, namely, penalized logistic regression, gradient boosted trees, and ANNs, were used to reanalyze the Immunochip dataset genotyped by the International Inflammatory Bowel Disease Genetics Consortium (IIBDGC). This study included 18,227 patients with CD and 34,050 healthy controls, finally resulting in a maximum AUC of 0.80 achieved by LR methods (Romagnoni et al., 2019). Another study integrated predicted pathogenicity, disease gene annotation, and functional interaction network with exome sequence data into a matrix factorization-based ML model and succeeded in the identification of patients with CD with an AUC of 0.816, which also showed the potential of ML methods for drawing disease-associated sequence variants (Jeong and Kim, 2016).



Determining IBD Subtype and Evaluation of Disease Status

Some studies have made new claims in addition to the diagnosis of IBD. They have tried to classify and stage IBD using ML technology, which is vital for the choice of follow-up therapy.

Plevy et al. (2013) used the information including serology and genetic markers to develop a multicomponent ML model, which has an excellent recognition function for an adult with CD and UC. They constructed a diagnostic RF algorithm based on patient blood samples from 572 cases with CD, 328 cases with UC, 437 controls with non-IBD, and 183 healthy controls, which achieved both identification of patients with IBD and differentiation of patients with CD and UC. The diagnostic accuracy was compared between using a panel of six serological markers only and using a marker panel that in addition to the serological markers, also included four genetic markers, five inflammatory markers, and two additional serological markers during receiver operating characteristic analysis. As expected, with the extension of the marker panel, the area under the curve of the IBD vs. non-IBD discrimination increased from 0.80 to 0.87 as that for the CD vs. UC increased from 0.78 to 0.93 (Plevy et al., 2013).

Mossotto et al. (2017) also developed three supervised ML models based on SVM, utilizing endoscopic data only, histological only, and combined endoscopic/histological data, respectively, to classify pediatric inflammatory bowel disease. Their results proved that the linked model performed better than single histological or endoscopic model with a diagnostic accuracy of 82.7%. Although there was a limitation that the whole study was based on pediatric patients when considering the clinical application and promotion to the broader population, the significance of this study cannot be ignored. They also constructed an unsupervised model and exhibited an overlap of CD/UC with broad clustering but no clear subtype delineation, which was then classified into four distinct groups according to different colorectal involvements (Figure 4; Mossotto et al., 2017). This method has been successfully applied in cancer typing (Upstill-Goddard et al., 2013). This universality is instructive for diseases such as IBD whose etiology is still unclear and has many predisposing factors.
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FIGURE 4. Model construction and data processing. The whole project was composed of model construction, validation, and inflammatory bowel disease unclassified reclassification. The study recruited 239 pediatric patients from the Genetics of Pediatric Inflammatory Bowel Disease study at Southampton Children’s Hospital. The clinical data were used to search the best parameters for classification and train the model. The linear SVM was applied to construct the optimal model, allowing for assessing the relevance with the disease of the selected variable. Then, the optimal penalty parameter (C) tuning and fivefold cross-validation scheme (RFE-CV) help maximizing the classification accuracy by avoiding overfitting. Adapted with permission from Mossotto et al. (2017), Nature Publishing Group.


One study attempted to use intestinal microecology to diagnose IBD, with combined human genetic data and 16S and metagenomic (MGS) intestinal biopsy data, to classify patients with CD according to disease status and treatment response (Douglas et al., 2018). From the perspective of IBD etiology, it was efficient to apply information related to intestinal microecology in this study (Sokol and Seksik, 2010). The study based on 40 intestinal biopsy samples used RF to determine classification accuracy when the 16S ribosomal RNA gene (16S) and shotgun MGS collapsed to different hierarchical groupings were used separately to classify patients by disease progression and by the response of patients with CD to treatment (Douglas et al., 2018). As the first study to incorporate human genetic data with 16S and MGS intestinal biopsy data, this study achieved the classification of patients with CD according to disease state and treatment response and concluded the genera identified from 16S data as the best classifiers (Douglas et al., 2018; Table 2). Another study based on 16S rRNA sequencing of the gut microbiome with longitudinal analyzes was performed to develop a model that can determine the dynamics of intestinal flora and the best IBD predictive features. A supervised learning RF model was applied to predict IBD subtypes during the evaluation of the microbiome using predictive tools. This model successfully discriminated IBD subtypes from healthy controls and correctly predicted 66.6% of the samples (66). Compared with other studies gaining analogous accuracy, this study applied accessible fecal samples instead of rectal samples (Gevers et al., 2014).


TABLE 2. Summary of studies using artificial intelligence in IBD diagnosis.
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ARTIFICIAL INTELLIGENCE IN TREATMENT OF IBD

Currently, the goal of treatment of IBD has changed from the traditional clinical remission to a more specific, integrated, and complete deep remission or mucosal healing (Panaccione et al., 2013; Sandborn et al., 2014; Klenske et al., 2019). The advent of new biologics and small molecules such as anti-TNF agents has significantly changed the treatment strategies of IBD. With a better understanding of the IBD pathophysiology, new treatment options including anti-cytokine agents, anti-adhesion molecules, fecal microbiota transplantation, and mesenchymal stem cell therapy become increasingly available (Verstockt et al., 2018). Clinical decisions are more difficult for not only patients but also clinicians. At present, the action targets and predictable tolerability of novel treatment options usually serve as the driving factors for clinical decisions. However, many difficulties remain to be solved in optimizing treatment strategies, improving long-term prognosis, and changing the natural history of IBD (Atreya and Neurath, 2018). ML is thus feasible because of its ability to extract information from existing medical records and digital images for predicting the progression of IBD or the efficacy of certain medications.


Machine Learning Supporting the Prediction of IBD Progression

One study applied RF algorithms for predicting the likelihood of patients with IBD experiencing disease flares over a certain period. Corticosteroid use and hospitalizations were considered as a surrogate for IBD flares in this study. This study initially limited the predictors, including age, sex, and five other features, for the diagnosis of IBD and used these finite factors to establish models for predicting the IBD flares. Finally, the best prediction performance was achieved by the RF longitudinal model anticipated with previous hospitalization or steroid use, and its AUC reached 0.87 (Waljee et al., 2017). Another study also proved the significant prediction ability of ML. The gradient boosting machines built with information from routinely collected electronic medical records reached a very high accuracy (AUC = 0.93) when predicting the inflammation severity in patients with CD. The authors concluded the baseline laboratory parameters, patient demographic characteristics, and disease location as the most robust predictors (Reddy et al., 2019). A recent study indicated that the accuracy of elafin for revealing strictures in patients with CD was increased with a two-class decision forest algorithm (Wang et al., 2020). These studies showed the application of longitudinal data in predicting disease progression, which was followed by the use of ML methods to predict the prognosis of disease for avoiding over-treatment or delayed treatment.



Forecasting the Efficacy After Clinical Intervention

In addition to predicting the likelihood of IBD flare emergence, prediction of the possible efficacy of some treatments is also a major direction of further research. A retrospective study analyzed some known patients with a good response to steroids, cyclosporine, or infliximab and selected nine miRNAs plus five clinical factors as predictors of first-line and second-line treatment effects with the help of a deep network-based classifier. The classification accuracy of this panel to discriminate responders to steroids from non-responders reached 93%. Interestingly, a linear program is the most effective way when the number of parameters is increased (Morilla et al., 2019). This study shows the great value of ML technology in feature screening and suggests that traditional statistical methods cannot be ignored in revealing relevance. In another study, the RF algorithm also showed advantages in building complex models and exposing non-linear relationships. The study used the C-creative protein (CRP) level as an evaluation criterion to predict whether patients with moderate to severe CD could be relieved after ustekinumab treatment. The model using data through week 8 had a mean area under the AUC of 0.78. It showed a more remarkable similarity with the previous study, but the selected predictors focused more on clinical and laboratory information such as CRP level and the ratio of serum ustekinumab level to CRP level at several points (Waljee et al., 2019; Table 3).


TABLE 3. Summary of studies using artificial intelligence in IBD treatment.

[image: Table 3]The ileocolic resection is an essential treatment for a large number of patients with CD after a long disease progression, and the rate of the second or third surgeries gets to 23–43% (Cushing et al., 2019). The prediction of postoperative disease recurrence risk is helpful for clinical decisions and has been proved viable by a study resorting RF algorithm to analyze the whole transcriptome array from 65 patients (Cushing et al., 2019). And 30 influential transcripts in anti-TNF-naive patients uncovered in this study can be the reference for anti-TNF efficacy studies.

To date, with a better understanding of how gut microbiota participates in IBD pathogenesis, there are more and more studies focusing on its predictive value. Casey et al. studied the gut microbiome taxonomy and functional capacity in 139 fecal samples of 22 patients (8–15 years of age) with CD who underwent treatment with exclusive enteral nutrition (EEN). The RF model was employed to classify treatment response and successfully made a distinction between sustained remission and those who neither achieved remission nor relapsed by 24 weeks with clinical metadata and baseline microbiome. The microbiome data and Paris classification of disease behavior and location were confirmed as the best feature for prediction, which may imply the clinical application indicator of EEN (Jones et al., 2020).



Machine Learning Facilitating Personalized Therapeutic Intervention

A study on the use of ML technology to achieve precision medicine is also underway. The multifactor analysis capabilities of ML facilitate the provision of personalized therapies (Williams et al., 2018). A study on pediatric IBD treatment considering the heterogeneity of IBD proposed a plan to comprehensively analyze genetic factors, environmental factors, and combine clinical data and laboratory information to develop a drug treatment project (Ashton and Beattie, 2019). Nowadays, with the emergence of novel therapies in IBD, the demand for effective disease management becomes more insistent. Then, the potential of ML to provide personalized predictions becomes more concerned because these methods improve the prognosis of patients and reduce healthcare expenditure (Williams et al., 2018).



DISCUSSION

In the entire field of gastroenterology, AI is mainly used in image recognition and statistical analysis of diagnosis or prediction of prognosis (Yang and Bang, 2019). From past studies, CNN has shown excellent accuracy in image recognition, and its growth was confirmed by the outstanding performance at the ImageNet Large Visual Recognition Competition (ILSVRC) (Yang and Bang, 2019). For IBD, fewer studies than expected simply aim to use diagnosis or staging models based on image analysis to eliminate inter-observer differences. In comparison, image standardization procedures as the auxiliary tool for image analysis seem to be a highlight raising attention as image preprocessing operations of cropping and contrast enhancement are essential for further research (Cogan et al., 2019).

At present, natural language processing as the important area of AI could bring another peak of AI application in IBD research based on clinical data due to its ability to extract information from plain text (Wu et al., 2020). In the basic research, system biology serves as a holistic approach to elucidate the complexity of pathophysiological mechanisms of disease in a cross-disciplinary environment. The automatic feature learning ability of ML algorithms can enhance the feature selection in system biology approaches, which demand manual programming all along. A large number of existing studies concentrate on AI applications for genome analysis (Zou et al., 2019). However, the evolvement of transcriptomics, proteomics, and metabolomics can be further accelerated with the support of analytical approaches such as ML. When considering that precision medicine involves accurate diagnosis, credible risk assessment, and individual treatment, AI seems to be a technique that can boost its development and also benefit from its broad-scale application. Longitudinal study data could be the basis for the utilization of these advanced analytical methods in all these three IBD management stages (Ashton and Beattie, 2019). There is still more feasibility for AI-assisted IBD studies to promote the constitution of translational precision medicine.

In addition to the advantages of AI technology, there are still some problems that cannot be ignored. AI technology has inherent pitfalls, such as overfitting, selection bias, and spectrum bias (class imbalance), which may lead to overestimation of accuracy or inappropriate generalization of results (England and Cheng, 2019). External validation using vacant datasets collected in a manner that minimizes the spectrum bias and prospective studies with competent inclusion/exclusion criteria that represent the target population is needed (Yang and Bang, 2019). However, there are more points than academic effectiveness to consider the performance of AI-assisted IBD studies. The high cost of some tests buried in their novelty should be an indicative competent to judge their desirability from the aspect of translational medicine. Further investigation is essential for maximizing the performance of applying AI technology in IBD studies and understanding its feasibility.



SEARCH STRATEGY AND SELECTION CRITERIA

Articles for this study were identified using PubMed, and references from relevant articles using the following search terms: “Inflammatory bowel disease” OR “Crohn’s disease” OR “Ulcerative colitis,” AND “Artificial intelligence” OR “Machine learning” OR “Artificial neural network” OR “Convolutional neural network.” Only the most impactful papers were considered.



CONCLUSION

Artificial intelligence can boost studies on IBD by identifying the susceptibility loci and other IBD etiological factors. For the diagnosis of IBD, the images and miRNA signatures can be analyzed by AI, and predicting flares are effective for treatment.
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