
J Clin Anat Pathol, 2020  Volume 5(2): 1-6

J Pediatr Congenit Dis, 2020  Volume 6(1): 1-3

Scholit 
P u b l i s h e r s Journal of Pediatrics and Congenital Disorders

Volume 6 Issue 1
Case Report

PDF  No: 101

Novel Mutation in RAG2 Gene in a Patient with Severe 

Tian Li, Xun Situ, Musheng Li, Jianping Tao, Li Huang and Jianhui Zhan
Pediatric Intensive Care Unit, Guangzhou Women and Children’s Medical Center, Guangzhou Medical University, Guangzhou, China

Case Report
A 6-month-old girl was admitted to the intensive care unit of a tertiary pediatric hospital for shortness of breath and respiratory distress for three 

days following one month of cough. A�er �ve days antibiotics therapy (amoxicillin sulbactam for three days followed by meropenem for two days), 
chest CT scan showed severe pneumonia with local consolidation. A�er �beroptic bronchoscopy and alveolar lavage, she was intubated for ventilation 
and transported by ambulance to our hospital because of persistent cyanosis. �e girl was gravida 2 para 2 and vaginal delivered spontaneously at full 
gestation age to a gravida 2 para 2 mother with Apgar score of 10 at �rst minute and birth weight 4000 g. Her non-consanguineous parents and elder 
brother were healthy. �ere was no family history of tuberculosis. She was vaccinated at birth for BCG and hepatitis B and no other vaccinations 
were given because of recurrent infections with oral herpes, bronchitis and pneumonia a�er one month old.

Physical examination revealed le� sub-axillary lymphadenitis (Figure 1) and bilateral pulmonary rales, no rash and no hepatosplenomegaly 
were observed and failure to thrive (6000g at admission). Peripheral blood routine test showed: white blood cell counts 9.7 × 109/L, lymphocytes 
di�erential 8%, hemoglobin and platelet were normal. C-reactive protein, procalcitonin, serum electrolytes, biochemical enzymes of organs, liver 
and renal function and coagulation function were normal. Chest radiographs showed bilateral in�ltration pneumonia. Abdominal sonography was 
normal. Super�cial sonography showed le� sub-axillary lymph node enlargement and liquefaction. High-throughput sequencing on Bronchoalveolar 
Lavage Fluid (BALF) identi�ed 697 sequences of Mycobacteruim tuberculosis complex and 95146 sequences of Pneumocystis jiroveci, respectively. 
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Introduction
Since most cells are colorless and transparent, there is a need for the examined tissue to be stained. Hematoxylin and Eosin (H&E) is the most 

common dye and more than a 100 years old technique; Eosin is an acidic dye what stains basic structures, such as the cytoplasm, in pink or red color; 
Hematoxylin can be considered as a basic dye staining acidic structures, for example, nuclei, a purplish-blue color [1]. H&E remains the most useful 
and versatile stain in histology analysis. Despite the extensive use of immunohistochemistry (IHC) to reveal protein expression and the growing use 
of genetic analysis to identify changes in DNA and RNA, the simple H&E stain remains the backbone of histopathological diagnosis [1].

Recently, many pathology labs have been digitized through scanning H&E and IHC stained slides using high-resolution scanners. As a result, the 
digitized gigapixel images, Whole Slide Images (WSIs), enable large scale analysis with computerized image analysis methods and tools, including 
artificial intelligence (AI), Deep Learning (DL), and Machine Learning (ML) - based methods.

Deep learning (DL), a subfield of AI, that utilizes the full potential of artificial neural networks especially convolutional neural networks (CNN) 
with multiple, non-linear ‘deep’ layers, has demonstrated great success in solving image-based problems [2]. For instance, CNN has been successful 
in identifying and recognizing faces, traffic signs, and objects, cars, animals, enabling vision in robots, self-driving cars, and more recently, enabling 
vision in medical applications. These neural networks showed human-level performance in several classification and segmentation tasks. The 
performance of CNN is usually evaluated by accuracy, sensitivity, specificity, precision, recall which is also known as a true positive rate (TPR), false-
positive rate (FPR) which is equal to 1 – specificity. Practically, there is always a trade-off between TPR and FPR, like the trade-off between sensitivity 
and specificity very often faced in the medical domain, one must find a balance between false positives and false negatives in the performance of 
a trained model. For instance, one can plot a receiver operating characteristic curve (ROC curve), a curve where TPR versus FPR are plotted at 
different classification thresholds, and then one can find an operating point (TPRi, FPRi) with a satisfactory balance between TPRi and FPRi. In 
order to evaluate and compare the performance of trained AI models using a single performance metric, an Area Under the Curve (AUC), the entire 
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two-dimensional area underneath the ROC curve, is calculated and then used to report the performance of the model; AUC ranges from 0 to 1 
where 1 is an ideal model classifying all instances correctly. Another performance metric used for evaluation of models is F1-score, the harmonic 
mean of precision and recall; F1 score varies from 0 to 1 where 1 corresponds to an ideal model which has no false positives neither false negatives.

In the few last years, there has been a steady growth in the community of researchers applying CNN based methods to medical images, ranging 
from ultrasound, computerized tomography (CT), magnetic resonance imaging (MRI), positron emission tomography (PET) as well as WSI images 
including IHC, multiplex immunofluorescence (mIF), and H&E images [3,4] enabling the AI to ‘see’ important information in the images. One 
catalyzer for such a breakthrough in AI-based pathology applications was the release of a few large H&E datasets through the organization of a 
few computational challenges, such as TUPAC [24], CAMELYON16 [5] and CAMELYON17 [6], more recently PANDAS [7] and HEROHE [8] 
and many more others. In these challenges, teams competed in developing the most accurate model for different tasks such as classifying H&E 
breast tissue into different cancer types [9], predicting metastases in lymph nodes for breast cancer patients [5,6] predicting Gleason score [10], 
and even HER2 scoring of WSI images directly from H&E images, without any IHC support [11,12]. As a result, various groups of researchers and 
industry scientists developed methods for common pathologists’ tasks such as directing the pathologist to a region of the slide [13,14], determine 
the presence of a particular malignancy [15,16], provide tumor’s grading [10,17-20], quantify biomarker expression [11,12,21-23]. The researchers 
have also tackled more challenging tasks that are not routinely performed by histopathologists, such as predicting gene profiling and mutation status 
[12,24-29] predicting ‘risk’ category as determined by gene expression [30,31], survival and drug response [32-34]. The focus of this paper is about 
the application of AI to H&E stained images, which are routinely produced, cost-effective, ubiquitous, and mature technique in clinical pathology 
practice. Recently, these applications have revived the potential of H&E and attracted interest across academia, resulting in a growing number of 
related impactful publications as well as sparked activity within the industry creating a few successful startups specializing in applying AI/DL to 
H&E images. All these promising approaches will be discussed in this paper, as well as the limitations of current AI/DL solutions.

How AI can Help the Pathologist with H&E Analysis
AI-based approaches have demonstrated a pathologist level performance in several routine clinical tasks. These results encourage the development 

of tools for both research and clinical usage, for example, decision support tools and tools to facilitate the development of new biomarkers [11,13,14, 
and 35] providing the second opinion to the pathologist and reducing the pathologists’ time in performing tedious tasks [9,15, and 16], providing 
support for quantification of different phenomena observed in the clinical practice [5,10, and 17-20]. Even more encouraging are the results for 
tasks that are not what the pathologist is trained to perform but potentially useful in the pathologist’s practice [24-27,29]. We will discuss such tasks, 
looking from two different perspectives, what pathologists can and cannot do as well.

Case 1: Directing the Pathologist to a Region of the Slide
The digitized H&E images can be the size of 100k by 100k pixels which can make them challenging to analyze without automatic support or 

guidance to find ‘interesting’ regions. Furthermore, one may be interested to find a similar region in the literature. A few papers [11,13] addressed 
this issue by providing the pathologist with functionality to select a region of interest and then search through examples applying both supervised, 
with annotations, and unsupervised, annotation-free, deep learning methods [13].

A retrieval system for searching regions that are visually like manually defined regions of interest in various data sources including both 
proprietary and public datasets, and scientific literature, was developed by Schaer R, et al. (2019) [14]. The system was tested by pathologists, 
highlighting its capabilities and suggesting ways to improve potential use in clinical practice, including H&E image search.

Researchers also developed (i) tissue-type models trained to segment tumors into cancer cells, cancer-associated stroma, and necrotic regions, 
and (ii) cell-type models trained to detect lymphocytes, plasma cells, fibroblasts, macrophages, and cancer cells [35]. Then these segmentations and 
detected cells can be overlaid with the H&E image that will help the pathologist to direct their decisions for diagnostic and prognostic purposes. Even 
more, the tissue-type and cell-type information can be used for training other predictive models by combining and quantifying this information 
into human-interpretable features (HIFs).

Case 2: Identity, Classify, and Quantify Malignancy in H&E
Pathology practice often implies analyzing several H&E slides per patient to identify, classify, and quantify malignancy in the tissue. Several AI-

based applications demonstrated outstanding performance for such tasks.

For example, tumor proliferation rate is an important biomarker for estimating the prognosis of breast cancer patients [36]. An automatic 
method to quantify the tumor proliferation score was developed by Paeng K, et al. (2017) as a part of the TUPAC competition [19].

The CAMELYON16 challenge, which assessed automated solutions for detecting lymph node metastases, evaluated 32 DL algorithms of which 
7 outperformed a panel of 11 pathologists, with an AUC of 0.994 (best algorithm) vs 0.884 (best pathologist) [5].

A model trained to help pathologists detect, outline, and quantify potentially cancerous areas in H&E stained prostate tissue was evaluated on 
H&E stained needle biopsies achieving an F1-score of 0.80 and Precision-Recall AUC of 0.89 at the pixel-level [15]. Also, the model demonstrated 
performance on par with pathologists [15]. A similar model for lung cancer H&E slides reached a precision of 0.80 and a recall of 0.86 [16]. A 
few models trained to classify WSIs into adenocarcinoma, adenoma, and non-neoplastic for gastric and colon cancers were evaluated on three 
independent test sets achieving AUCs up to 0.97 and 0.99 for gastric adenocarcinoma and adenoma, respectively, and 0.96 and 0.99 for colonic 
adenocarcinoma and adenoma [9].

One problem of training DL models is the requirement for expensive and time-consuming pixel-wise manual annotation by pathologists to 
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define and highlight the morphological features. A DL system that uses only the reported diagnoses as labels for training, thereby avoiding the 
annotation process, was presented by Campanella G, et al. (2019) [37]. The system was trained on a dataset of 44,732 whole slide images from 15,187 
patients without any form of data curation. The trained models were tested on prostate cancer, basal cell carcinoma, and breast cancer metastases to 
axillary lymph nodes resulted in AUC above 0.98 for all cancer types. Its clinical application enables pathologists to exclude up to 75% of all slides 
while retaining 100% sensitivity [37].

Case 3: Perform Tumor Grading
Gleason grading, as many tumor gradings, suffers from subjectivity and high intra and inter-user variability. The developed DL system for 

Gleason grading of H&E biopsies by Bulten W, et al. (2020) [10] achieved a high agreement with the reference standard (quadratic Cohen’s kappa 
0·918, 95% CI 0.891–0.941) and scored highly at clinical decision thresholds: benign versus malignant with AUC of 0.990, grade group of 2 or 
more (AUC of 0.978), and grade group of 3 or more (AUC of 0.974). The trained algorithm outperformed 10 of 15 pathologist observers as well as 
obtained a high agreement on an independent dataset annotated by two pathologists with quadratic Cohen’s kappa 0.723 and 0.707 [10].

The application of convolutional neural networks (CNN) for tumor grading as well as for decomposing tumor microenvironment (TME) from 
H&E stained kidney specimen was explored by Khoshdeli M, et al. (2018) [17].

The mitotic count is part of the Bloom & Richardson grading system [20], and a well-recognized prognostic factor in breast cancer. Currently, 
pathologists count the number of mitoses which is a tedious and subjective procedure suffering from reproducibility. Automatic methods for mitosis 
detection and counting were developed in the TUPAC competition [19].

An AI-based approach to match an unseen H&E slide with the pathology of already diagnosed and curated cases was presented in the work 
of Kalra S, et al. (2020) [18]. In this work, data from The Cancer Genome Atlas (TCGA) study from almost 11,000 patients, 30,000 slides covering 
25 anatomic sites, and 32 cancer subtypes was used to build such a system. The results were assessed with conservative “majority voting” to build 
consensus for subtype diagnosis and demonstrated high accuracy values for H&E slides [18].

AI Doing What Pathologists Cannot Do
Case 1: Predict Gene Expression and Mutational Status from H&E

Chen M, et al. (2020) [24] presented a DL model was trained to predict the ten most common and prognostic mutated genes in Hepatocellular 
carcinoma (HCC) with external AUCs of 0.71 to 0.89. These findings demonstrated that a DL approach can assist pathologists in the classification 
and detection of gene mutation in liver cancer.

Nuclear BAP1 (nBAP1) staining is a close surrogate for both monosomy 3 and BAP1 mutation which are strong prognostic factors predicting 
metastatic risk in uveal melanoma (UM), the most common primary intraocular malignancy in adults. Zhang H, et al. (2020) [28] trained a few 
models for predicting nBAP1 with the best model AUC of 0.90 (95% CI: 0.901-0.908).

Tumor mutational burden (TMB) is a relatively new promising biomarker for predicting response to immunotherapy in cancer patients. The 
measurement of TMB requires whole-exome sequencing (WES), which is an expensive and time-consuming process. Jain M, et al. (2020) [25] 
predicted TMB from lung adenocarcinoma (LUAD) H&E images with the precision-recall curve (PR-ROC) of 0.92 and an average precision of 0.89. 
Another paper provided patient-level TMB predictions with AUC scores of 0.752 and 0.742 for TCGA bladder cancer (BLCA) and LUAD cohorts 
[26]. TEMPUS achieved an AUC of 0.854, an average precision of 0.723, and an accuracy of 0.889 on colorectal cancer H&E images [27].

Recently, Schmauch B, et al. (2020) [29] used H&E images and RNA-Seq data (FPKM-UQ values) for 28 different cancer types and 8,725 TCGA 
subjects for training a DL network capable to predict transcriptomic profile from the corresponding high-definition WSIs [29].

Case 2: Predict Protein (IHC) Expression from H&E

Predicting HER2 protein expression using only H&E stained images is a promising, time, and cost-saving initiative. For instance, Rishi R, et 
al. (2020) [11] explored whether a DL approach could predict the clinical subtypes of breast cancer, as assessed by immunostaining for estrogen, 
progesterone, and HER2 receptors (ER/PR/HER2) directly from H&E images. The models reached 0.89 AUC (ER), 0.81 AUC (PR), and 0.79 AUC 
(HER2) on a large, independent test set (n = 2531). Another group of researchers trained a weakly supervised DL model for automatic HER2 scoring 
from H&E images and reached 83.3% and 53.8% classification accuracy on two independent datasets [12].

Another important biomarker is tumor programmed death-ligand 1 (PD-L1) status to stratify patients who may benefit from programmed 
death-1 (PD-1)/PD-L1 inhibitors. Sha L, et al. (2019) [23] built a DL model to correlate the association between PD-L1 status and tumor 
histopathological patterns in H&E images was trained. The model showed promising performance of AUC of 0.67–0.81, p ≤ 0.01 over a range of 
PD-L1 cutoff thresholds.

Ki-67 is a widely used cell proliferation and prognostic biomarker [22]. A method that can predict Ki-67 positive cells directly from H&E stained 
slides by CNN was proposed by Liu Y, et al. (2020) [21]. The model achieved an average accuracy of 0.9371 in discrimination of Ki-67 negative cell 
images, positive cell images, and background images.

Case 3: Predict ‘Risk’ Category as Determined by Gene Expression from an H&E

A DL approach based on H&E stained images to identify patients who could benefit from molecular testing was developed by Couture H, et 
al. (2019) [30]. The trained classifiers predicted tumor grade, ER status, PAM50 intrinsic subtype, histologic subtype, and risk of recurrence score.
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Oncotype DX, a 21-gene assay test, is a gene-expression test to assess the risk of early-stage ER+ breast cancer used to guide clinicians on the 
usage of chemotherapy. However, these tests are expensive and require the sample to be sent to a reference laboratory for testing. Whitney J, et al. 
(2018) [31] employed H&E images for building a model to predict corresponding risk categories with reported per-patient accuracies ranging from 
75 to 86%.

Case 4: Predict Survival and Drug Response

A deep learning model for predicting disease-specific survival across ten cancer types from TCGA based on weakly-supervised approach 
without pixel-level annotations was developed by Wulczyn E, et al. (2020) [32]. The model, adjusted for cancer type, stage, age, and sex, showed 
significant association with disease-specific survival (hazard ratio of 1.58, 95% CI 1.28–1.70, p<0.0001) [32].

Prediction of colorectal cancer outcome from H&E stained histopathology slides allowed to extract and learn salient, discriminative, and 
clinically meaningful content predicted outcome with accuracy of 0.70 and F1-score of 0.81 [33]. A model to distinguish between patients who 
would respond to Nivolumab immunotherapy for NSCLC was trained by Wang X, et al. (2018) [34]. This ML classifier used H&E imaged nuclear 
features, such as variance in nuclear shape and chromatin structure, yielded an AUC of 0.65 on the training set (n = 32) and an AUC of 0.60 on the 
independent validation set from a separate institution (n = 24) [34].

What AI Cannot Do Now but Pathologists Can Do
So far, AI has demonstrated impressive value in solving specific tasks. This type of AI is called ‘narrow AI’. The challenge of developing ‘general 

AI’ (GAI) tools that can be generalized to perform unguided tasks performed by pathologists is still in its infancy. For example, validation and 
quality assessment of WSIs for diagnostic purposes require manual inspection by pathologists [38]. Training DL models also requires pathologists 
to manually annotate the slides for a specific task, the performance of such algorithms is evaluated against the ground truth which is provided by 
pathologists [5,9,10,20,36]. Extensive validation of AI-based solutions is crucial for establishing trust in the algorithms. Now, the intended use 
of most developed AI-based tools is more for decision support purposes, where the tools need thorough validation before being widely adopted. 
Another obstacle for wider adoption is legislation as well as regulatory approval around these newly built tools. Nevertheless, the FDA is actively 
working on developing a framework for AI-based software algorithms to serve as medical devices [39]. In Europe, health institutions using a 
medical device can be exempt from some of the provisions of in vitro diagnostic medical device regulations (2017/746) in cases when the tools 
meet the relevant General Safety and Performance Requirements. For such an exemption, health institutions will need to have a proper quality 
management system along with appropriate technical documentation in place [40]. So far, most WSI/H&E systems have been certified via the self-
certification route. Despite the uncertainties in future regulatory changes around AI-based systems, it is strongly recommended that all AI tools 
should undergo Conformité Européene in vitro diagnostic devices (CE‐IVD) marking. This process will ensure additional clinical evidence, rigor, 
and assessment by Notified Bodies [40].

We anticipate that AI tools will soon become incorporated into specific workflows to augment the skill and expertise of pathologists that require 
quantitation, accuracy, and precision. Combining AI with large data sets also promises to reveal subtle or overlooked morphological features 
associated with particular molecular events, providing new insights that will allow pathologists and AI scientists to further classify diseases into 
discrete entities with biological, pathological, clinical, and therapeutic significance.

Discussion
To summarize, AI tools demonstrate great value for the pathologist in saving time, improved performance, and provide better-informed 

decisions. There are even cases where AI demonstrated impressive ability in tasks doing what pathologists are not trained to do (e.g. predicting 
HER2 score from H&E images). Nevertheless, there is still a long way to go to make these tools mature enough, reliable, interpretable, and safe for 
wide integration into the clinical workflow. There are a few challenges to address for further development in this field.

First, despite the numerous AI applications using H&E slides, there is a need to push the frontiers further to unleash the full potential of H&E 
images, to learn the boundaries that can and cannot be done utilizing rich information in H&E images. 

Second, further automation of H&E-based algorithms requires the appropriate quality of H&E stained slides. Unfortunately, quality control of 
H&E images is still semi-automatic since sometimes there are artifacts present in the slides, such as air bubbles, tissue folding, pen-marking, dust 
particles, and blurry areas. There has been researched to detect these areas and to determine whether the image passes the quality control or whether 
it must be re-stained or rescanned. For example, Janowczyk A, et al. (2019) [38] developed open-source software for quality control of digitized 
slides. Nevertheless, this step must be performed with help from pathologists. To add to this point, one needs to understand the requirements for 
H&E quality from an AI algorithmic point of view, how differently AI algorithms ‘see’ H&E slides compared to the pathologist.

Third, many DL algorithms suffer from the generalizability problem [41]. An algorithm trained on one dataset might not generalize to another 
H&E dataset especially if the staining of the new dataset is far from what the algorithm was trained upon. There is vast variability in scanner settings 
and scanning artifacts as well. Researchers have already pushed the generalizability of H&E based algorithms via data augmentations, applying 
generative adversarial neural networks, and multi-task learning [42] that allows one to optimize the usage of already existing datasets without 
scanning new slides. Potentially, soon there will be a large and diverse H&E dataset available, like general images ‘ImageNet’ dataset widely used in 
the computer vision community, which will help to build more generalizable H&E algorithms.

Fourth, the challenge of explainability and interpretability of AI/DL models has been also recently addressed by the research community [35,43]. 
There is a huge need to transform the ‘black boxes’ of trained DL models into ‘white boxes’ which can be trusted and safely deployed into the clinical 
workflow.
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Finally, an active field of research is combining H&E with other imaging modalities such as CT, MRI, PET as well as other biological modalities 
including genomics, transcriptomics, proteomics, electronic health records [44-46]. Potentially, such an approach will lead to better performance of 
AI algorithms as well as will allow us to fully uncover the potential of H&E stained images.
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