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Abstract
Predictive and prognostic markers in oncology are important areas of clinical cancer research and play
essential roles for optimal decision making on therapy and assessing treatment e�cacy for precision
medicine in cancer patients. While DNp73 has been thought as a biomarker in rectal cancer, its clinical
signi�cance is still controversial. Exploration on the role of DNp73 protein expression in rectal cancer is a
challenging task because of the limitation of human-based pathology analysis of complex information in
pathological images. In this paper, we investigated the power of DNp73 expression identi�ed by
immunohistochemistry as predictive and prognostic markers in a cohort of 143 rectal cancer patients
from the Swedish rectal cancer trial of preoperative radiotherapy using state-of-the-art arti�cial
intelligence (AI) for machine learning and classi�cation. Average validation results show very high
accuracy rates (greater than or equal to to 93%) for the 5-year prediction and prognosis of the rectal
cancer patients either with or without preoperative radiotherapy. In comparison with the pathology-based
analysis, where DNp73 did not provide any survival information (p > 0.05), not only the �ndings of the AI-
based study are clinically signi�cant, but also pave a new direction for the rapid exploration of
biomarkers in oncology.

Introduction
Rectal cancer is one of the most common malignancies in the Western world, and about one- half of the
patients die of the disease. Failure of rectal cancer treatment mainly results from local or distant
recurrence, which is responsible for the most patient deaths after potentially curative surgical resection.
Preoperative radiotherapy (pRT) has been well shown to improve local control for rectal cancer patients,
in addition to surgery [1, 2, 3]. However, there are many patients who do not respond to pRT but
experience side effects only. One of the main reasons for this is that the present clinical and pathological
factors, such as TNM stage, which are still the most used information for physicians to make treatment
strategy, are far from being perfect. It is urgently required to find promising pRT-related biomarkers for
further refining patient treatment approaching precision medicine.

Accumulated evidence has shown that p73 is related to pRT response, recurrence and prog- nosis in rectal
cancer, but the results are rather controversial. One of important reasons is that the p73 gene expresses
different isoforms which have divergent and/or opposing roles in cancer. There are mainly two isoforms:
the oncogenic DNp73 isoform and the anti-oncogenic TAp73 isoform. Researchers have recently focused
on DNp73 and found that high DNp73 expression has a strong correlation with unfavorable prognosis in
several types of cancer pa- tients, and DNp73-positive tumors show a reduced response to chemotherapy
and irradiation [4, 5]. Previous findings indicated that DNp73 is increased in colon cancer cell line that is
resistant to radiation [6]. Thus, these findings suggested that DNp73 expression may play an important
role in the regulation of radiosensitivity. However, the prognostic and especially predictive roles of DNp73
in rectal cancer patients with radiation remain unclear.
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The application of artficial intelligence (AI) in cancer research can provide insights into can- cer
diagnosis, prognosis, therapy, and diagnostics, and considered as the foremost advanced research in this
field [7, 8, 9, 10]. AI has been applied for studying colorectal cancer (CRC), such as the detection of early
stage CRC using whole-genome sequencing of cell-free DNA [11], whole slides of cytokeratin
immunohistochemistry for predicting lymph node metas- tasis for early CRC detection [12], and
identifying biomarkers for evaluating changing in CRC tumor phenotype on computed tomography for
early prediction of tumor sensitiveness to targeted therapies [13]. However, applications of AI for
investigating the predictive and prognostic power of tumor protein expression using whole slides of
immunohistochemistry (IHC) in rectal cancer patients are rarely found in literature.

A recent study used a network-based approach for studying the IHC patterns of DNp73 expression in
biopsies and surgically resected tumors in rectal cancer patients with or without pRT, and found that
DNp73 expression in the patients with pRT had better survival [14]. The results indicated that IHC image
patterns can provide useful information concerning the relationships of certain proteins with clinical
outcomes. The features of IHC images are not only able to show the predictive role of DNp73 expression
in the patients, but also reveal the identification of non-effective application of pRT to those who had
poor survival outcome. In the present study, we aim to explore the application of several state-of-the-art AI
models for discovering the predictive and prognostic power of the protein DNp73 expression in rectal
cancer patients, which can be caried out in a way departing from existing AI-based procedures to allow
fully automated image analysis and achieve high accuracy.

Results

Correlation of DNp73 expression and clinical

characteristics in biop- sies of rectal cancer patients

To investigate the DNp73 expression in biopsies, DNp73 was stained in 96 biopsies. An obviously

cytoplasmic DNp73 staining was present in tumor cells as shown in Figure 1. In further analysis of

the clinicopathologic and biologic significance of DNp73 expression, we divided patients into

DNp73 weak and strong groups. DNp73 expression was not related to any clinicopathologic

variables including gender, age, differentiation, surgical type, local recurrence, distant recurrence,

and survival status (Table 1, p > 0.05).
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Correlation of DNp73 expression and clinical

characteristics in sur- gically resected tumors of rectal

cancer patients without and with pRT

To investigate the DNp73 expression pattern in surgically resected normal and tumor samples from

77 patients without pRT and 59 patients with pRT, the DNp73 staining was performed in the whole

group of surgically resected distant normal (n= 119 ), adjacent normal (n =79) and tumor samples

(n= 136). An obvious cytoplasmic DNp73 staining was present in tumor cells (Figure 1). The

expression of DNp73 was significantly increased in surgically resected tumors either without or with

pRT, when compared with normal mucosa (Figure 2A, p < 0.001). In surgically resected tumors, 59%

showed strong DNp73 expression vs. 42% in the distant normal mucosa samples (Figure 2A, p=

0.001) and 24% in the adjacent normal mucosa samples (Figure 2A, p < 0.001). The significant

differences of the DNp73 expression were observed in the matched cases of distant normal mucosa,

adjacent normal mucosa, and primary tumor derived from the same patient (Figure 2B, p =0.002).

The frequency of strong DNp73 expression was higher in primary tumor compared with that in

distant normal mucosa (Figure 2B, p= 0.014) or or that in adjacent normal mucosa (Figure 2B, p=

0.001). We have focused on analyzing the correlation of DNp73 expression in surgically resected

tumors with clinicopathologic and biologic significance in the patients without pRT or with pRT. The

patients with local recurrence had a higher frequency of DNp73 strong expression than those

without local recurrence tumors (Table 2, 100% vs. 47%, p= 0.042). In addition, there was a difference

of DNp73 expression in different surgical types in patients without pRT (Table 2, p = 0.021). Besides,

DNp73 expression was not related to other clinicopathologic variables including, gender, age,

differentiation, TNM stage, distant recurrence, and survival status (Table 2, p > 0.05).

 

AI-based prediction and prognosis in rectal cancer patients
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Statistical measures for the prediction and prognosis of DNp73 expression in the cohort of the

patients in terms of classification accuracy, sensitivity (> 5 years) or true positive rate, and

specificity (≤ 5 years) or true negative rate are reported as follows.

Let the true positive rate (TPR) be the percentage of patients who are correctly identified as having

the survival rate of being > 5 years, and defined as

where TP denotes the number of the patients who are correctly identified as having the survival rate

of being > 5 years, and P the total number of the patients whose survival rates are > 5 years.

Let the true negative rate (TNR) be the percentage of patients who are correctly predicted as having

the survival rate of being ≤ 5 years:

where TN denotes the number of patients who are correctly identified as having the survival rate of

being ≤ 5 years, and N the total number of the patients whose survival rates are ≤ 5 years.

The percent accuracy (ACC) is defined as

 

The following results of the AI-based prognosis of DNp73 are presented in terms of the defined

ACC, TPR (> 5 years), and TNR (≤ 5 years).

The training and testing of the datasets for biopsies and surgically resected tumors without or with

pRT were carried out by randomly selecting 90% of each dataset for training the CNN models and

the remaining 10% for validadtion. Both training and validation of the ten CNN models were

repeated 10 times. Average results and standard deviations for ACC, TPR, and TNR are presented

herein.
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Biopsies of rectal cancer patients without pRT

As shown in Table 3, the pre-trained CNN models that achieve average ACC > 90% are: ResNet50

(94%), ResNet101 (92%), VGG16 (94%), DenseNet201 (96%), and NasNetLarge (92%). The best CNN

model that can 90% correctly predict survival rate > 5 years (TPR) is DenseNet201. Except for

GoogleNet, all other 9 CNN models provided prediction > 90% for survival rate ≤ 5 years (TNR). The

CNN that has the highest accuracy rate is DenseNet201 whose prediction accuracies for TPR = 90%,

and TNR = 98%.

 

Biopsies of rectal cancer patients with pRT

As shown in Table 4, the pre-trained CNN models that achieve average ACC > 90% are: ResNet101

(93%), and DenseNet201 (93%). Except for VGG16, all other nine CNN models provide prediction >

90% for survival rate < 5 years (TNR). The best CNN model that could 80% correctly predict survival

rate ≤ 5 years (TPR) is DenseNet201.

 

Surgically resected tumor samples without pRT
As shown in Table 5, the best average ACC = 96% obtained from ResNet101, together with TPR = 98%
and TNR = 90%. Four CNN models that provided the same second-best ACC = 94% are GoogleNet,
ResNet50, InceptionV3, and DenseNet201. Both InceptionV3 and InceptionResNetV2 achieved perfect
TPR = 100%. GoogleNet, ResNet50, ResNet101, and DenseNet201 have the best TNR = 90%. Being
similar to the validation of the biopsy tumor samples, the standard deviations of the TNR are higher
than those of the TPR and ACC. Nine out of the 10 CNN models provided ACC > 80%.

 

Surgically resected tumor samples with pRT

As shown in Table 6, the best average ACC = 93% were obtained from the CNN models: InceptionV3,

DenseNet201, and NasNetLarge. The best average TPR = 95% were pro- vided by InceptionV3 and

NasNetLarge. The best average TNR = 95% were provided by DenseNet201. Once again, being

similar to the validation of the biopsies and surgical tumors without pRT, the standard deviations of
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the TNR are higher than those of the TPR and ACC. Nine out of the 10 CNN models provided ACC >

80%.

Discussion
The TPR (> 5 years) results are higher than the TNR (≤ 5 years), and the TNR results also have larger
standard deviations than the TPR in the tumor datasets. While the accuracy rates > 92% were achieved by
the best CNN models for all datasets of biopsies and surgically resected tumors, interesting results can
be seen in the case of the biopsies. For the biopsies of those who did not have pRT, all TNRs (≤ 5 years)
are much higher than TPRs (> 5 years) (Table 3, while for the biopsies of those who eventually had pRT,
all TPRs are much higher than TNRs (Table 4).

The classification accuracies based on the expressions of DNp73 in pRT and non-pRT were found to be
similar. These results suggest the equivalent power of the AI in performing the classification of the two
classes of survival either having pRT or not. These results have a useful implication that if the
examination of a tissue taken from a rectal cancer patient is predicted to have a short survival (≤ 5
years), then the clinical decision would be to recommend the patient to be treated with pRT.

We further found that data augmentation by rotation, translation, reflection, and shearing for the training
of the 10 networks did not result in improved classification. In deep learning, it is possible to generate
augmented data for training in either data space or feature space [15, 16]. This study augmented the
training data in the data space that had adverse effect on the network learning of texture of DNp73
expression. Alternative data augmentation in the feature space is worth investigating. Due to the data
availability, this study reports the two-class prognosis of > 5 years and ≤ 5 years. However, AI-based
multi-class prediction (biopsies) and prognosis (surgically resected tumors) that include many discrete
intervals of survival time is certainly possible when more relevant data become available.

Results obtained from the 10 AI models that accurately detected the survival rates at the 5-year cut-off
threshold strongly suggest the predictive and prognostic power of DNp73 expression in rectal cancer
patients, using either IHC-staining samples of biopsies, surgically resected tumors without pRT or with
pRT. The complexity of the DNp73 expression on IHC images involving color and spatial distribution of
the expression pattern limits the manual ability of pathologists in quantifying the expression. It is
therefore the biomarker discovery of DNp73 has been a challenging task. In this study, AI enables to
confirm the prediction and prognosis power of the protein expression on IHC for rectal cancer, which can
save a tremendous amount of time required by manual analysis and provide unprecedented accuracy.

Cancer biomarkers can be classified into prediction and prognosis. A predictive biomarker responds to
specific therapeutic interventions. On the other hand, a prognostic biomarker is useful in providing
information about the risk of clinical outcomes such as cancer recurrence or disease progression in the
future [17]. Prognostic biomarkers are needed for cancer patients for potential incorporation into clinical
prognostic staging systems or clinical guidelines. However, cancer biomarker development is encountered
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with many difficulties that cause a big time delay between initial biomarker discovery and the clinical
translation [17]. The use of AI as demonstrated herein offers great potential as an automated tool for
making breakthroughs in studies of biomarker discovery, closing the gap between the discovery and
clinical translation with respect to the use of image data, and overcoming the shortage  of experienced
pathologists. The present study addresses the predictive power of DNp73 in using biopsy samples taken
before surgery to predict the patient’s survival time, and concerns with the prognosis in using surgical
tumor samples with or withour pRT.

RT has the potential to improve the survival rates of cancer patients based on the fact that more than
40% of the patients can benefit from RT [18, 19, 20]. However, optimal recommendation of RT to cancer
patients is still under study. Some patients have been found to be responsive to RT, while others have
neutral or adverse effects of the therapy. The benefit of accurate prediction using state-of-the-art AI in the
classification of the biopsy IHC-staining images would be expected to provide useful information for
clinical decision if the rectal cancer patient should be preoperatively treated with RT based on the
predicted survival. In other words, if the prognosis of the rectal cancer patient provided by the AI is of
short survival time, then the recommendation for pRT treatment would be preferred to non-pRT treatment.

In comparison between the use of AI-based prognosis and conventional statistical analysis, such as the
use of Kaplan-Meier method and log-rank test based on the expression level of TP73 in cervical cancer
[21] that presented the survival time against survival percentage in terms of the expression level of TP73
(low and high), manual quantification of protein expression can be subject to human error and time-
consuming when handling big data. The use of AI offers more advantages over conventional methods for
validating biomarkers in terms of high accuracy of prediction or prognosis instead of estimated
percentage of survival time, objectivity, reproducibility, scale, and time. The work that we have recently
reported in [14] carried out the fuzzy weighted recurrence network analysis of IHC images of DNp73
expression in surgical tumors (obtained after surgery) and biopsies (obtained before surgery) taken from
a small cohort of rectal cancer patients and discovered the predictive power of DNp73 expression in the
patients who were given pRT. The AI approach can be applied to explore the role of DNp73 in rectal
cancer in this direction when a sufficiently large data set become available for reliable training of CNN
models.

The work reported in [22] applied pre-trained CNN models for studying the prognosis of CRC patients
using hematoxylin-eosin (HE)-stained tissue slides. These authors manually defined 100,000 single-
tissue regions in 86 CRC tissue slides that were used to train 5 pretrained CNNs by transfer learning and
obtained a 9-class accuracy > 94% in an independent data set from 25 CRC patients.

In comparison, an obvious advantage of the findings from the present study on the use  of pretrained
CNNs for the 5-year survival prediction and prognosis of the rectal cancer patients is that there is no need
for the extraction of regions of interest from IHC slides manually done by experienced pathologists, and a
higher accuracy can be achieved. Such a freedom from requiring hand-picked regions of interest can
tremendously relieve the burden for pathologists, who can spend time in other important aspects of the
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study of the cancer, and offers the assurance of reproducibility of the results. Another study reported in
[23] divided images of tissue microarray (TMA) into patches according to the specified image size of the
pretrained CNN (VGG-16). Feature vectors extracted from each input image by VGG- 16 were used as
input for the long short-term memory (LSTM) network, which is a deep- learning of sequential data, to
predict the 5-year disease-specific survival. A disadvantage of this method is that by transforming an
image into a time series using such procedure, the rotational invariance of the feature vectors cannot be
guaranteed, and the prediction can result in different outcomes.

In summary, while our traditional IHC analysis did not provide any predictive and prognostic information
of DNp73 expression in the rectal cancer patients without or with pRT, both predictive and prognostic
power of DNp73 expression can be discovered by the AI approach. Such a discovery is very useful for
optimal treatment and clinical decision making in RT. The AI approach reported herein is not only useful
for studying the protein expression in rectal cancer patients, but can also be applied for discovering
biomarkers in other types of cancer. A certain advantage discovered from the findings regarding the
computer implementation of the AI is that if using suitable parameters for pretrained CNNs, good
classification results can be achieved without the need for the manual extraction of regions of interest
from whole- slide images. Such a freedom from the manual analysis is particularly useful for
guaranteeing objective and reproducible results, and alleviating time-consuming work to help life-science
researchers focus on more important aspects in their study.

Materials And Methods

Patients
This study included a cohort of 143 patients with rectal cancer from the Southeast Swedish Health Care
region, and the patients participated in a randomized Swedish rectal cancer trial of preoperative
radiotherapy (pRT) between 1987 and 1990 [2]. All patients were performed locally curative resection.
Among them, 77 patients received tumor resection alone, and 59 received pRT followed by surgical tumor
resection. pRT was given at a total dose of 25 Gy in 5 fractions over a median of 8 days (6-14 days)
before the surgery. The surgical tumor resection was carried out in a median of 4 days (range 0-8 days)
after pRT.

Samples were collected from biopsy (n= 96), primary cancer (called surgically resected tumor in the text,
n=136), adjacent normal mucosa (n= 79) and distant normal mucosa (n=119). The distant normal
mucosa was taken from proximal or distal margin (4-35 cm from the primary tumor) of the resected
rectum, and was histologically free from tumor. The adjacent normal mucosa sample was taken adjacent
to the primary tumor and was histologically free from tumor. None of the patients received preoperative or
adjuvant chemotherapy. The mean follow-up period or the patients was 107 months (range 0-309
months).
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All subjects gave their informed consent for inclusion before they participated in the study. The study was
conducted in accordance with the Declaration of Helsinki, and the protocol was approved by the
Institutional Review Board of Link¨oping University, Sweden (Dnr-2012- 107-31).

 

Immunohistochemistry (IHC)
IHC staining for DNp73 expression was performed on 5µm tissue micro-array (TMA) sections from
paraffin-embedded biopsies as well as surgically resected samples, including distant normal mucosa,
adjacent normal mucosa, and tumor. The sections were incubated in an oven at 60◦C for 12 hours, then
deparaffinized in xylene and hydrated in descending concentrations of ethanol. The process was
performed as previously described. Briefly, the sections were heated to boiling point in citrate buffer (pH
6.0) for 30 minutes to unmasked antigen, followed by a washing in phosphate-buffered saline (PBS).

Endogenous peroxidase activity was blocked with 3% H2O2 in methanol followed by washing three-times
in PBS. The sections were incubated with protein block (Dako, Carpinteria, CA) for 10 minutes and then
incubated with anti-DNp73 antibody (clone 38C674.2, Novus Bio- logicals, 1:200), which specifically
recognized DNp73 isoforms, but not TAp73. After washing by PBS, the sections were incubated with goat
anti-mouse secondary antibody (Dako) at room temperature for 25 minutes. Next, the sections were
subjected to 3,3’-diaminobenzidine tetrahydrochloride for 8 minutes and then counterstained with
hematoxylin. Both negative and positive controls were added in every stanning run.

Two independent investigators, without any knowledge of the clinicopathologic data, graded the slides in
a blinded fashion. Whole-slide images of entire sections were captured with an Aperio CS2 slide scanner
system (Leica Biosystems, Wetzlar, Germany) using a 40x magnification. All sections were reviewed to
remove images containing tissue-processing artifacts, including bubbles, section folds and poor staining.
The whole-slide images from the patients (including biopsies and surgically resected samples that
consist of distant and adjacent normal specimens) were extracted from the TMA slides using
ObjectiveViewer (https://www.objectivepathology.com/objectiveview) with the original resolution.

 

Pre-trained CNN models
Ten pre-trained CNN networks were used in this study for discovering the predictive and prognostic power
of DNp73 expression in the samples. These 10 networks of state-of-the-art AI are: 1) AlexNet, 2)
GoogleNet, 3) SqueezeNet, 4) ResNet50, 5) ResNet101, 6) InceptionV3, 7) InceptionResNetV2, 8) VGG16,
9) DenseNet201, and 10) NasNetLarge.

http://www.objectivepathology.com/objectiveview)
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Pre-trained deep-learning image classification networks were selected to take the advantage that they
have already been trained to extract powerful and informative features from natural images and can be
used as a starting point to learn a new classification task. Adopting a pretrained network with transfer
learning is typically much faster and easier than training a network from the beginning, requiring a large
amount of training images that are not available in many practical problems. These selected pretrained
networks were trained with the ImageNet database [24], which was used in the ImageNet Large-Scale
Visual Recognition Challenge [25]. These CNN models were trained on more than a million images and
can classify images into 1000 object categories.

Different pretrained networks have different characteristics that factor into the selection of a network for
applying to a particular classification problem. The most important charac- teristics of a deep-learning
network are accuracy and complexity (computational time and storage size). Choosing a network is
generally a tradeoff between these characteristics. The 10 pre-trained networks chosen in this study
reflect the spectrum of these characteristics as shown in Table 7.

The data processing and configuration of the 10 pre-trained networks are described as follows. Each
whole IHC image slide was resized to match the input image size specified by each of the 10 pre-trained
networks (see the last column of Table 7). In performing the transfer learning, parameters of the deep-
learning networks were set as: stochastic gradient descent with momentum = 0.9, minimum batch size =
10, maximum number of epochs = 6, initial learning rate = 0.0003, data were shuffled before every
training epoch, learning rate drop factor = 0.1, learning rate drop period = 10, factor for the L2 regularizer =
0.0001, and the method used for gradient thresholding = L2 norm.

Figures 3 and 4 show a training process and features learned by DenseNet-201 for the classification of
biopsies without pRT, respectively. Using the maximum number of epochs = 6 for the training, the
accuracy could reach 100% (Figure 3).

 

Data and code availability
The IHC data and Matlab code used in this study will be deposited to a data repository for public access.

References
1. Camma C, Giunta M, Fiorica F, Pagliaro L, Craxi A, et al., Preoperative radiotherapy for resectable

rectal cancer: A meta-analysis, JAMA, 284 (2000) 1008-1015.

2. Swedish Rectal Cancer Trial, Improved survival with preoperative radiotherapy in re- sectable rectal
cancer, N Engl J , 8 (1997) 980-987.



Page 12/16

3. van den Brink M, van den Hout WB, Stiggelbout AM, Kranenbarg EK, Marijnen CAM, et , Cost-utility
analysis of preoperative radiotherapy in patients with rectal cancer undergoing total mesorectal
excision: A study of the Dutch Colorectal Cancer Group, J Clin Oncol, 22 (2004) 244-253.

4. Di C, Yang L, Zhang H, Ma X, Zhang X, et al., Mechanisms, function and clinical applications of
DNp73, Cell Cycle, 12 (2013) 1861-1867.

5. Zhu W, Pan X, Yang Z, Xing P, Zhang Y, et , Expression and prognostic significance of TAp73 and
∆Np73 in FIGO stage I-II cervical squamous cell carcinoma, Oncol Lett., 9 (2015) 2090-2094.

�. Pfeifer D, Wallin A, Holmlund B, Sun X-F, Protein expression following gamma- iradiation relevant to
growth arrest and apoptosis in colon cancer cells, J Cancer Res Clin Oncol., 135 (2009) 1583-1592.

7. Mobadersany P, Yousefi S, Amgad M, Gutman DA, Barnholtz-Sloan JS, et al., Pre- dicting cancer
outcomes from histology and genomics using convolutional networks, Proceedings of the National
Academy of Sciences, 115 (2018) E2970-E2979.

�. Huang S, Yang J, Fong S, Zhao Q, Artificial intelligence in cancer diagnosis and prog- nosis:
Opportunities and challenges, Cancer Letters, 471 (2020) 61-71.

9. Ho D, Artificial intelligence in cancer therapy, Science, 367 (2020) 982-983.

10. Savage N, How AI is improving cancer diagnostics, Nature, 579 (2020) S14-S16.

11. Niehous K, Wan N, White B, Kannan A, Gafni E, et al., Early stage colorectal cancer detection using
artificial intelligence and whole-genome sequencing of cell-free DNA in a retrospective cohort of
1,040 patients, American Journal of Gastroenterology, 113 (2018) S169

12. Takamatsu M, Yamamoto N, Kawachi H, Chino A, Saito S, et al., Prediction of early colorectal cancer
metastasis by machine learning using digital slide images, Computer Methods and Programs in
Biomedicine, 178 (2019) 155-161.

13. Dercle L, Lu L, Schwartz LH, Qian L, Tejpar S, et al., Radiomics response signature for identification
of metastatic colorectal cancer sensitive to therapies targeting EGFR pathway, JNCI J Natl Cancer
Inst, 112 (2020) djaa017.

14. Pham TD, Fan C, Pfeifer D, Zhang H, Sun XF, Image-based network analysis of DNp73 expression by
immunohistochemistry in rectal cancer patients, Frontiers in Physiology, 10 (2019)

15. Wong SC, Gatt A, Stamatescu V, McDonnell MD, Understanding data augmentation for classification:
When to warp?, in IEEE Proceedings of 2016 Conf. Digital Image Computing: Techniques and
Applications, pp. 1-6, 2016.

1�. Shorten C, Khoshgoftaar TM, A survey on image data augmentation for deep learning,Journal of Big
Data, 6 (2019) 60.

17. Goossens N, Nakagawa S, Sun X, Hoshida Y, Cancer biomarker discovery and
validation,Translational Cancer Research, 4 (2015) number 3.

1�. Tyldesley S, Delaney G, Foroudi F, Barbera L, Kerba M, et , Estimating the need for radiotherapy for
patients with prostate, breast, and lung cancers: Verification of model estimates of need with



Page 13/16

radiotherapy utilization data from British Columbia, Interna- tional Journal of Radiation Oncology,
Biology, Physics, 79 (2011) 1507-1515.

19. Barton MB, Jacob S, Shafiq J, Wong K, Thompson SR, et al., Estimating the demand for radiotherapy
from the evidence: A review of changes from 2003 to 2012, Radiotherapy & Oncology, 112 (2014)
140-144.

20. Jaffray DA, Gospodarowicz MK, Radiation therapy for cancer, in: Cancer: Disease Control Priorities,
3rd edition, Gelband H, Jha P, Sankaranarayanan R, et , editors. Washington, DC: The International
Bank for Reconstruction and Development/The World Bank, volume 3, chapter 14, 01 Nov 2015.
Available from: https://www.ncbi. nlm.nih.gov/books/NBK343621/doi:10.1596/978-1-4648-0349-
9\_ch14.

21. Ye H, Guo X, TP73 is a credible biomarker for predicting clinical progression and prognosis in cervical
cancer patients, Bioscience Reports, 39 (2019)

22. Kather JN, Krisam J, Charoentong P, Luedde T, Herpel E, et al., Predicting survival from colorectal
cancer histology slides using deep learning: A retrospective multicenter study, PLoS Medicine, 16
(2018)

23. Bychkov D, Linder N, Turkki R, Nordling S, Kovanen PE, et al., Deep learning based tissue analysis
predicts outcome in colorectal cancer, Scientific Reports, 8 (2018)

24. http://www.image-net.org

25. Russakovsky O, Deng J, Su H, et al, ImageNet LargeScale Visual Recognition Challenge,International
Journal of Computer Vision, 115 (2015) 211-252.

Declarations

Author contributions
TDP, CWF, HZ, and XFS designed the research; TDP conceptualized and performed the study of AI; CWF,
HZ, and XFS provided the data; TDP, CWF, HZ, and XFS contributed to the analysis of the results; and TDP,
CWF, and XFS wrote the manuscript.

 

Competing interests
The authors declare no competing interests.

Tables
Please see the supplementary �les section to view the tables.

http://www.image-net.org/


Page 14/16

Figures

Figure 1

DNp73 expression by immunohistochemistry staining in biopsies, distant normal mucosa, adjacent
normal mucosa, and surgically resected tumor from rectal cancer patients.

Figure 2

DNp73 expression in distant normal mucosa, adjacent normal mucosa, and sur- gical tumor obtained
from whole samples (A), and matched samples (B). Whole samples indicated all surgically resected
samples. Matched samples included surgically resected sam- ples (including distant normal, adjacent
normal and primary tumor samples) from the same patient.
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Figure 3

A training process of DenseNet-201 for classification of biopsies without preoper- ative radiotherapy.

Figure 4



Page 16/16

Features learned by DenseNet-201 for classification of biopsies without preoperative radiotherapy: 36
features in (a), (b), and (c), and 2 features in (d).
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