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Abstract

Background: The histological assessment of colorectal precancer and cancer
lesions is challenging and primarily impacts the clinical strategies of secondary colon
cancer prevention. Artificial intelligence (Al) models may potentially assist in the

histological diagnosis of this spectrum of phenotypical changes.

Objectives: To provide a current overview of the evidence on Al-based

methods for histologically assessing colonic precancer and cancer lesions.

Methods: Based on the available studies, this review focuses on the reliability
of Al-driven models in ranking the histological phenotypes included in colonic
oncogenesis.

Results: This review acknowledges the efforts to shift from subjective
pathologists-based to more objective Al-based histological phenotyping. However, it
also points out significant limitations and areas that require improvement.

Conclusions: Current Al-driven methods have not yet achieved the expected
level of clinical effectiveness, and there are still significant ethical concerns that need
careful consideration. The integration of "artificial histology" into diagnostic practice
requires further efforts to combine advancements in engineering techniques with

the expertise of pathologists.

Keywords: colorectal dysplasia; colorectal cancer; artificial intelligence; deep learning;

machine learning; gastrointestinal adenomas.



Introduction

In the last decades, the International Agency for Research on Cancer (IARC)
has recorded a stepwise increase in colorectal cancer (CRC) incidence, prevalence,
and mortality [1]. In high-income countries, CRC ranks third among the most incident
malignancies and second among the most frequent causes of cancer-related deaths
[1]. These epidemiological findings support the priority of implementing secondary

CRC prevention strategies [2,3].

In high-income countries, the population-based CRC screening programs
include fecal immunochemical testing, colonoscopy and histology. In this context,
the histological assessment of the lesions belonging to the dysplasia spectrum (i.e.
classical or serrated) may result in a personalized assessment of cancer risk which

drives dedicated schedules of endoscopy follow-up [2,4-8].

The WHO International Agency defines dysplasia as intra-epithelial neoplastic
transformation associated with the risk of neoplastic invasion. Based on the
assessment of its cytoarchitectural phenotype, dysplasia (synonyms: intra-epithelial
neoplasia [IEN], intraglandular neoplasia [IGN], non-invasive neoplasia [NIN]) is sub-
typed in low-grade (LG-D) and high-grade dysplasia (HG-D), the latter almost always

associated with invasive cancer progression.

International (cultural and educational) variability on the assessment of the
histological phenotype of dysplastic lesions and pathologists’ diagnostic experience
result in significant intra- and inter-observer diagnostic inconsistency [9-13]. The
clear-cut distinction among the lesions potentially included in the natural history of
CRC (Hyperplastic phenotype-s, LG-D, HG-D, HG-D associated with invasive potential)
is inconsistent [14]. The above-mentioned discrepancy deeply affects the strategies

in secondary CRC prevention.

Several histological studies addressed the intra- and inter-observer
consistency in dysplasia histologically grading. Unsatisfactory K-statistics values

range from 0.31 to 0.55, with an estimated prevalence of misclassification in one out



of five cases [9,13,15-18]. Moreover, no substantial improvement has been achieved

by applying molecular profiling techniques [19].

The current availability of digital technologies enabling to obtain high-
resolution images from whole histological slides (WSI) has promoted the application
of Al-based deep learning (DL) methods in histopathological diagnoses. [20,21].
Studies, conducted in heterogeneous clinical-pathological settings, have explored
the reliability of the Artificial Intelligence (Al) in supporting endoscopy and histology

in the assessment of gastrointestinal cancer precursors [22—-25].

This review focuses on the advancements in Al-supported diagnostic models
for assessing the histological phenotypes of colonic intraepithelial and invasive

neoplastic lesions [11,26].

Al-driven models in the histological profiling of colorectal neoplastic lesions

In the last decade, numerous studies have explored the technical and clinical
reliability of artificial intelligence in the histological profiling of colon precancer and
cancer lesions [27]. Table 1 provides a summary of the machine learning (ML) and
deep learning (DL) Al models that have been applied to whole slide digital images

(WSls).

TABLE 1 (provided in a separate file)

In 2017, Korbar and colleagues first applied deep learning models to digital
whole slide images in the evaluation of colorectal precancerous lesions. [28]. In
differentiating hyperplastic polyps, sessile serrated polyps, traditional serrated
polyps, tubular adenomas, and tubulovillous adenomas, the results achieved an
overall accuracy exceeding 90%. On this basis, the authors concluded that their
approach “can reduce the cognitive burden on pathologists and improve their
efficacy in histopathological characterization of colorectal polyps”. Upon critical

reevaluation, these results reveal three significant limitations: i) the study was based



on a single internal dataset, which may result in low external reproducibility; ii) the
study underlined a tendency to down-assess LG-D; iii) there was an error-prone

distinction between sessile serrated and hyperplastic polyps.

Some years later, Wei et al. tested the accuracy of a new DL model in a
representative data pool, including two large series of 508 internal and 1,182
external datasets [29]. The study involved hyperplastic polyps, sessile serrated
adenomas and tubular or villous adenomas with LG-D. Unfortunately, no case of HG-
D or CRC was included. The authors overtly recognized the significant differences in
the diagnostic accuracy achieved by testing the internal (93.5% [95% Cl, 89.6%-
97.4%)] and external (87.0% [95% Cl, 82.7%-91.3%]) datasets.

Based on WSiIs of colonic non-neoplastic lesions, adenomas with various
grades of dysplasia, and CRC, a Japanese study by lizuka and colleagues utilized
convolutional neural networks (CNNs) and recurrent neural networks (RNNs) to
assess the diagnostic reliability of Al-driven models in the diagnosis of colorectal
adenomas and CRC [30]. The study involved a dataset of 4,536 colon biopsies
recruited from multiple centers. The accuracy values achieved by the digital model
and expert pathologists were 95.6 and 85.89%, respectively. When the areas under
the curve (AUCs) have been evaluated, the results showed promising values of 0.96
for CRC and 0.99 for colonic adenoma. However, it is noteworthy to observe that the
translation of these results to non-Japanese contexts may be limited by the
differences in diagnostic criteria applied in Eastern and Western cultural settings
[31-33]. Moreover, the training set did not distinguish LG-D versus HG-D, which is a
priority in pathology practice due to their major implication in histology-based

clinical decision-making.

To test the “generalization ability” of their model based on Deeplab v2 with
ResNet-34, Song and colleagues selected 156 "internal" histological specimens of
colorectal adenomas and 111 adenomas gathered from two external institutions

[34]. When tested on internal cases, the model achieved an AUC of 0.92, which was



comparable to the accuracy of over 90% on the histological slides obtained from the
two external institutions. Additionally, the Al's diagnostic performance showed

similar faults and learned rational reasoning to those of experienced pathologists.

In an international study involving the University of British Columbia, Canada
and the Kaohsiung Medical University in Taiwan, Xu et al. developed a DL model to
identify colorectal cancer cells in histology slides [35]. In their training dataset
accounting for 275 cases, the patches containing more than 60% neoplastic cells
were classified as "tumor positive." Patches with less than 40% cancer cells were
deemed "tumor negative," while those containing 40-60% tumor cells were excluded
from the analysis. The neural network showed impressive accuracy for non-cancer
cases, achieving a median of 99.9%. However, its accuracy for colorectal cancer cases
was below 95%. The authors attributed the lower accuracy in cancer predictions to
the ranking choices made in the training dataset, which ultimately affected the

model's performance.

In 2021, an international team including Chinese, USA, and German
researchers, developed an innovative strategy for aggregating patches, focusing on
the histological discrimination between CRC and non-cancer cases [36]. The model
was trained and validated using a significant number of 170,099 patches and more
than 14,680 WSIs. The dataset included significant variability in specimen size,
shape, texture, and staining. The Al achieved an average diagnostic accuracy and
AUC of 98.06% (95%Cl: 97.36-98.75%) and 98.83% (95%CI 98.15- 99.51%),
respectively. These values were significantly better than those obtained by
pathologists, whose accuracy was 97.14% (95% Cl: 96.12-98.15%). Despite the
excellent results in assessing CRC, the study did not provide the expected
information on the diagnostic performance in the histological spectrum of CRC

precursors, which limits its usefulness in real-world clinical practice.

A subsequent study from the same group [37] evaluated the diagnostic
performance of a semi-supervised learning method for assessing colorectal cancer

based on whole slide images. The obtained results were comparable to those



achieved by expert pathologists. The authors concluded that labeling a limited
number of image tiles to develop a baseline model could be a crucial step in

integrating Al-driven models into clinical workflows.

In their study, Nasir-Moin et al. compared the diagnostic accuracy of 15
pathologists with that of an Al-augmented digital system in analyzing a series of 100
colorectal polypoid lesions, which included both tubular and tubulo-villous
adenomas [38]. The focus of the authors was to determine whether an Al-driven
model could enhance the accuracy of pathologists compared to “standard” (non-Al-
supported) microscopic assessment. The results showed that classification accuracy
improved from 73.9% with “traditional” microscopic analysis to 80.8% when using
the Al model. The study's clinical impact is limited by the exclusion of dysplasia
grading, which is a critical factor in clinical decision-making for patient management.
Interestingly, the error analysis indicated that the digital system reduced the overall

number of misclassifications made by the pathologists.

A study by Zhou, et al. tested the a deep learning model in identifying cancer
cells without pixel-level annotations [39]. The study included 1,346 WSlIs obtained
from 1,212 CRCs and 134 non-cancer images, from The Cancer Genome Atlas
(TCGA). A group of five pathologists fulfilled the annotations of cancer WSIs. The
experimental results showed that this model could detect and locate cancer regions
with image level only. The study had two significant limitations: first, blood vessels
were misinterpreted as images of cancer, and second, blood cells were misidentified
as cancer cells. Overall, the image-level framework outperformed the cell-level
framework in classification tasks. Given these limitations, the authors suggest that
future efforts should focus on automated feature selection and aggregation through
adaptive learning. This approach would be more efficient and cost-effective, saving

both time and resources.

A recent study by Ho, et al. examined the reliability of Al in identifying and
grading precancerous lesions in the colon [40]. The study used a combination

algorithm that included a DL model based on a Faster Region-Based Convolutional



Neural Network architecture, as well as a classical machine learning classifier. The
initial training involved 66,191 image tiles extracted from 39 WSlIs. The lesions were
microscopically distinguished into “low risk" (benign, inflammatory) and "high risk"
(dysplasia, malignancy). Despite the significant findings obtained in the detection of
HG-D and CRC (AUC of 0.917) in the validation cohort, the relevance of the study is
limited due to the histological dichotomic categorization, which does not align with

the clinical priorities of diagnostic practice.

The study by Kim, et al. [41] is the first to really focus on using DL models to
grade dysplasia on histological slides of CRCs. By assuming that dysplasia grading
(LG-D versus HG-D) is a crucial clinical task in shaping the patient’s follow-up plans,
this study evaluated the feasibility of a DL model for the detection of the following
classes of colorectal lesions: i) benign; ii) low-grade dysplasia; iii) high-grade
dysplasia; iv) adenocarcinoma. To this end, a deep neural network was trained with
WSIs of colorectal resections. The model showed a high performance in
adenocarcinoma detection, with accuracy ranging from 95.5% to 98.5%. These
findings demonstrate a minimal missing rate for CRC, indicating promising
opportunities for performance improvement Moreover, the model achieved a
promising performance in dysplasia grading, with a sensitivity of 100% on low-grade
dysplasia. These findings suggest that such a model might assist pathologists in the
detection of adenocarcinoma on histological slides. Unfortunately, the error analysis
evidenced the tendency of the model to overcall as adenocarcinoma cases of high-
grade dysplasia. Eleven out of 63 cases labelled by the reference pathologists as
high-grade dysplasia were predicted to be adenocarcinoma by the model. This effect
can be seen in the sensitivity of HGD of 76.3%. When a senior gastrointestinal
pathologist revised the 11 cases, the conclusion was that 6 cases should be
eventually labelled adenocarcinoma. In contrast, 2 of the remaining cases should be
considered as borderline lesions between high-grade dysplasia and adenocarcinoma.
In the remaining 3 cases, the original diagnosis of high-grade dysplasia was
confirmed by the expert gastrointestinal pathologist. Another “alarming” error
regarded the prediction as a benign lesion by the model in one case of

adenocarcinoma. The major limitation of this study is relative to the exclusive use of



WSIs from colorectal resections. The absence of colorectal polyps in this study
indicates that the reported findings should be confirmed in further studies on
colorectal polyps to better show this model's putative role in CRC screening and

prevention.

In 2023, Bokhorst and coworkers used a DL model for digitally classifying
histology images through a “multi-class semantic segmentation” (i.e.: digitalized
segmentation of multiple tissue compartments) [42]. The study involved a data set
of WSIs (H&E stain) of colon biopsies, including non-neoplastic samples, hyperplastic
polyps (HP), LG-D and HG-D/CRC. In 1,000/1,054 tested cases, the diagnostic
categorization was consistent between expert pathologists and the Al model (HG-
D/CRC =265; LG-D= 679; HP= 29, non-neoplastic cases= 27). Significant
inconsistencies were also documented: in 27 cases the diagnostic discrepancy
involved CRC versus LG-D; in 14 cases LG-D versus HG-D, in 7 cases HP versus CRC or
LG-D; in 6 cases non-neoplastic lesion versus LG-D or HP. A minor study weakness
resulted from the inclusion of HG-D and CRC in the same diagnostic category.
Despite the acceptable statistics of ROC/AUC values, the clinical dimension of the
obtained results is still from being considered operationally and ethically acceptable

in clinical practice [43].

An international group involving Portuguese and Swiss researchers
developed a scalable WSI-based Al system for the diagnosis of colorectal cancer [44].
According to the authors’ definition, the model “learns from weak labels,” a strategy
that is expected to lower the training step, without lowering the performance of the
system. The study included an internal dataset of 10,500 WSlIs of CRC cases and two
external datasets. Two diagnostic classes were considered: i) dysplasia (collapsing
LG-D and HG-D); ii) non-neoplastic samples. The accuracy in the distinction of the
two histological phenotypes was 93.44%, with a sensitivity of 0.99%. Significant
divergencies were observed in distinguishing LG-D from HG-D, with a discrimination
power close to random. The capital impact of this distinction for any further clinical

decision-making excludes the model from any clinical implementation.
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Artificial Histology: Pitfalls and Recommendations.

In gastrointestinal settings, Al has been primarily tested as support for the
endoscopy assessment of precancerous and cancerous lesions [45—-48]. A recent
meta-analysis, including 50 randomized controlled trials, found that the detection
rates of colorectal neoplasia are higher when using computer-aided detection
compared to other advanced techniques [47]. It's important to note that histology
remains the reference standard for the conclusive assessment of the tested lesions,

emphasizing the need of studies including both diagnostic procedures.

We currently lack comprehensive, evidence-based studies on the reliability of
Al in assessing the full range of lesions involved in the natural history of CRC. The
histological assessment of precancerous and CRC lesions is diagnostically challenging
and is as clinically important as endoscopy profiling, both within and outside of

colorectal cancer secondary prevention strategies [43,49,50].

The histological assessment and grading of precancer lesions lie on
architectural and cytological variables. As a result, the dysplastic phenotype includes
a combination of microscopic qualitative and quantitative variables that may (at
least in part) explain the discrepancies in the pathologists’ grading of the dysplastic
phenotypes. The histological spectrum of dysplasia includes a range of
morphological disarrangements involving the architecture of glands, cell
phenotypes, and dysplasia-associated stroma. These changes increase in severity
from low-grade to high-grade lesions and can often coexist in classical adenomas as

well as in the precancerous progression of inflammatory bowel diseases [51-54].

Aimed to provide unequivocal diagnostic criteria, the International WHO
agency provided detailed description of the diagnostic criteria distinguishing LG-D,
HG-D, HG-D coexisting with intramucosal cancer. Despite this international effort, a
marked interobserver variability in grading dysplasia has been reported in multiple
studies [10,41]. An adjunctive drawback in the histology assessment may result from

the piecemeal endoscopy removal of the dysplastic lesions. Unfortunately, such a

11



resection strategy increases the difficulties in assessing the histological architecture

and ultimately limits the conclusive dysplasia grading.

The need for a reliable histological assessment of CRC precursors has
prompted the investigation of artificial intelligence as a potential reference standard
[11]. This review acknowledges the valuable efforts made to transition from
subjective assessments by pathologists to objective, Al-based evaluations of
dysplasia. However, this critical appraisal also reveals the current limitations of Al
diagnostic models and highlights significant issues that require careful consideration.

1) The diagnostic criteria used in the pathologist-based assessment of
dysplastic lesions are still controversial. Despite numerous authoritative efforts to
combine the basic diagnostic criteria, significant discrepancies need to be properly
solved [55];

2) The frequent piecemeal removal of raised and flat colonic mucosa lesions
may significantly impact the consistent assessment of unevenly distributed
architectural changes within the same biopsy set analyzed through WSIs [56,57];

3) The user-handling variabilities of technical procedures in managing tissue
samples (tissue fixation, paraffin inclusion, sectioning, staining) may affect Al
assessment of the lesions [58,59];

4) In most studies, the Al diagnostic accuracy depends on the microscopic
evaluations of the reference pathologists in the training database. This means that
any inconsistencies in the pathologists’ assessments may be passed on to the
"artificial eyes" when transitioning from internal/national to external/international
testing databases. Assessing the reliability of Al diagnostic models and their
application in real-world clinical settings emphasizes the importance of using
internationally validated standardized classification systems [60];

5) In CRC precursors, as in other clinical settings, Al performance relates to
the number of diagnostic classes, with dichotomous classifications performing better
than multiclass/combined classification, the latter being those required in patient-
centered clinical decision-making [61];

6) The role of Al in the diagnostic workflow must be clearly defined. It is

essential to determine whether Al should eliminate cases from any further validation

12



or serve as a screening procedure to identify cases that require additional
intervention from human experts. Both scenarios raise ethical concerns that need to
be carefully addressed. Both scenarios raise ethical concerns that need to be
thoroughly considered [62,63];

7) In multiple studies, Al has shown promise in distinguishing between
different mucosal non-neoplastic and neoplastic phenotypes. However, in clinical
practice, the established priority is to histologically distinguish lesions that require

different patient management, such as LG-D versus HG-D [61,64].

As Al becomes more prevalent in pathology departments, it is still restricted
to primarily implemented in advanced institutions. This emerging trend raises
concerns about consolidating diagnostic expertise in only a few pathology
departments. While centralizing the diagnostic procedures in large hospitals could
improve the efficiency of the diagnostic workflow, it may also result in smaller
institutions losing diagnostic competences, which could impact the training of future

pathologists.

The diagnostic potential of machine learning (ML) and deep learning (DL) is
compelling, and their current questionable performances are expected outcomes of
initial exploratory efforts. Databases containing millions of images are, per se,
imperfect, primarily depending on the quality of their training feeders [65]. In
pathology (as in other clinical contexts), the performance of Al models depends on
consistency between the training datasets and the algorithms applied in their real-

world testing [66].

As critically considered through this review and most recently supported by a
study testing ML and DL models focusing on CRC microsatellite instability detection,
the current Al-driven methods did not still reach the expected level of clinical
performance [67]. In this work-in-progress environment, we are committed to
advancing our learning journey by blending rapid technical engineering progress
with the traditional expertise of pathologists willing to embrace the challenge of

“artificial histology” [62].
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TABLE 1

Study
(year)

Method

Dataset

Lesions included in the study

Al diagnostic performance

Main findings
of the study

Limits of the study

Korbar, et al.
(2017) [28]

Deep Learning (DL) on
Whole Slide Images (WSIs)

Internal dataset

HP, Sessile Serrated lesions,
T; T-V adenoma

Accuracy >90%

Reduced pathologists' cognitive
burden

Single dataset.
down-assessment of LGD;)

Wei, et al.
(2020) [29]

DL on WSIs

Internal dataset= 508
External dataset= 1,182

HP, Sessile serrated
Adenoma, T-V Adenoma

Accuracy (internal)=93.5%
Accuracy (external)= 87.0%

Significant difference between
internal and external datasets

No cases of HGD or CRC included

lizuka, et al.
(2020) [30]

CNNs & RNNs on WSIs

Multicenter study
including 4,536 biopsies
samples

Adenoma, CRC

95.6% (model), 85.89%
(pathologists; AUCs: 0.96
(CRC), 0.99 (adenoma)

Promising AUCs for CRC/
adenoma

No distinction of LGD vs HGD

Song, et al.
(2020) [34]

Deeplab v2 with ResNet-
34

Internal histology
samples = 156; external
histology samples =111

Colorectal adenoma

AUC=0.92

Model accuracy comparable to
pathologists

Limited generalization testing

Xu, et al.
(2020) [35]

DL for CRC detection on
WSils

CRC=199 histology
specimens; non-cancer
cases=76

CRC detection

Accuracy (non-cancer) =
99.9%
Accuracy (CRC)= 94.8%

High accuracy in non-cancer
cases

Labelling bias in patch
annotations, small sample size

Wang, et al.
(2021) [36]

DL for patch aggregation
on WSIs

170,099 patches from
14,680 WSIs

CRC vs non-cancer cases

Accuracy= 98.06%.
AUC=98.83%

Excellent CRC assessment

No data on precancer lesions

Yu, et al.
(2021) [37]

Semi-supervised learning
method

NA

CRC detection

Al's performance close to
that expert pathologist

Limited details on training
datasets

Limited details on training
datasets

Nasir Moin, et
al. (2021) [38]

Al-augmented digital
system

100 colorectal polyps

T; T-V adenoma

Improved accuracy with
Al: 73.9% to 80.8%

Reduced pathologist
misclassification

No grading of dysplasia; limited
clinical applicability

Zhou, et al.
(2021) [39]

DL for CRC classification

CRC WSIs=1,212.
Non-cancer cases from
TCGA=134

CRC

Image-level model
performance higher than
cell-level

Blood vessels and blood cells
misclassified as CRC

Blood vessels and blood cells
misclassified as CRC

Ho, et al.
(2022) [40]

DL (Faster Region-Based
CNN + classical ML)

66,191 image tiles from
39 WSIs

Low-risk (benign,
inflammatory)
vs high-risk lesions (D, CRC)

AUC: 0.917 for HGD and
CRC

Significant findings for HGD and
CRC detection

Dichotomic lesion categorization
misaligned with clinical practice

Kim, et al.
(2023) [41]

DL model for dysplasia
grading on WSlIs

Colorectal resection
slides

Non-cancer lesions, LGD,
HGD, CRC

Diagnostic accuracy for
CRC= 95.5%-98.5%;
Sensitivity for LGD= 100%

High accuracy in CRC detection,
promising dysplasia grading

Overassessment
HGD as CRC; only colorectal
resections included

Bokhorst, et
al. (2023) [42]

DL for multi-class semantic

segmentation on WSls

1,054 WSIs (H&E) of
colon biopsies

Non neoplastic samples,
HP, LGD, HGD/CRC

Consistent diagnosis in
1,000/1,054 cases

High ROC/AUC values

HGD and CRC grouped together
(concerns in clinical practice)

Neto, et al.
(2024) [44]

WSI-based Al system with
weak labels

10,500 Internal WSiIs; 2
external datasets

No neoplasia, LGD, HGD

93.44% accuracy; 99%
sensitivity

Fast training with weak labels

Weak discrimination of LGD vs
HGD n; lacks clinical impact

Table 1.

Studies that applied artificial intelligence (Al) and deep learning (DL) models in the histological assessment of colorectal dysplasia and cancer lesions.

Each row refers to a study, detailing its key-methods, profile of the data set, Lesions included in the study, Al diagnostic performance, main study findings, and limits of the study.
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Acronyms used in the table. AUC: Area under the curve; DL: Deep Learning; ML: Machine learning; WSI: whole slide image; T: tubular adenoma; V: villous adenoma; T-V: Tubulo-villous adenoma; HP:
Hyperplastic Polyp; LGD: low grade dysplasia, HGD: High grade dysplasia; CRC: colorectal invasive cancer; NA: not available.

20



