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Abstract

Aim: The work aims to find out a better way to perform colon cancer identification with the help of Resnet-50 algorithm in
comparison with a Squeezenet algorithm to maximize the accuracy in finding rather than the existing method of prediction.
Materials and Methods: A collection of 30 samples were picked for consideration; group 1 visualizing Resnet-50 classifier
algorithm and finally group 2 is responsible for the Squeezenet algorithm. Thus G power calculation is done with a power of
80.5% and the alpha value is equivalent to 0.061. Results: When compared to the Squeezenet algorithm, the Resnet-50
classifier algorithm has attained an accuracy of 87.5060 % which is somewhat greater than the existing method. (i.e.
Squeezenet algorithm obtained an accuracy of 85.5433 %).

Conclusion: From the above statement it is evident that the Resnet-50 algorithm would be a better choice for predicting colon
cancer and it is more effective.
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INTRODUCTION

According to recent figures, cancer is responsible for 8.8 million deaths worldwide, making it the second most
deadly disease and the leading cause of roughly one in every six fatalities (World Health Organization 1982).
Colorectal cancer (CRC) is the third most prevalent type of cancer, trailing only lung and breast cancers in terms
of incidence rates (Ganz, Xiaoyun Yang, and Slabaugh 2012). Because, according to the American Cancer
Society, 56 percent of patients with colorectal cancer are diagnosed at a regional or distant stage, where the cancer
has spread out from the primary tumor to other parts of the body (Rogers et al. 2021), timely detection and
classification of cancerous cells is critical for effective treatment (Oh et al. 2009). Rapid technical breakthroughs
in the fields of image processing and machine learning have resulted in the development of a slew of low-cost,
quick computer-assisted diagnostic methods. Deep learning has the potential to support and speed pathological
investigation (Komura and Ishikawa 2018) in tumors such as lung (Coudray et al. 2018; Hua et al. 2015), breast
(Veta et al. 2015), lymph node (Ehteshami Bejnordi et al. 2017), and skin (Zhang et al. 2020; Esteva et al. 2017).
Deep learning has made progress in the field of CRC, including categorization, tumor cell detection, and outcome
prediction.

Colon cancer detection using various algorithms has been the subject of a lot of research. Understanding all of the
stages taken and carried out in each algorithm is relatively necessary. Aside from that, it is critical to comprehend
the operation and functional behavior of each algorithm. This is the most important stage and technique and
artificial intelligence for determining which algorithm is better and selecting an effective algorithm from a group
of algorithms currently accessible. Between 2011 and 2022, a large number of research studies were examined in
this regard. Nearly 1903 study papers were analyzed, and just a handful of research works were chosen at random.
The majority of them included a comparison analysis to display the effectiveness and prediction rate, as well as
many methods to simplify and improve prediction. There are a few research papers that have been evaluated
several times in order to perform colon cancer detection in the context of diverse topologies. The publications in

-Journal of Pharmaceutical Negative Results | Volume 13 | Special Issue 4 | 2022



https://paperpile.com/c/vlDW8i/h6Ujf
https://paperpile.com/c/vlDW8i/KcTEl
https://paperpile.com/c/vlDW8i/mKgTQ
https://paperpile.com/c/vlDW8i/bdCGJ
https://paperpile.com/c/vlDW8i/zLcwr
https://paperpile.com/c/vlDW8i/ksJLs+oPww7
https://paperpile.com/c/vlDW8i/E7RXv
https://paperpile.com/c/vlDW8i/GJMve
https://paperpile.com/c/vlDW8i/jBvIX+y1LjR

Dr. Prem kumar S, et.al: Effective Classification of Colon Cancer using Resnet-50 in Comparison with
Squeezenet

between (Ko 2018; Williams 2017; Loktionov, n.d.; Al-Haija and Manasra 2020; Demir, Yilmaz, and Kose 2019;
Guptaet al. 2021) are evaluated numerous times for systematic analysis and implementation. Among several study
works, the work of (Sarwinda et al. 2021) is the best because of its depth in action and the increasing representation
of viable contents.Our institution is passionate about high quality evidence based research and has excelled in
various fields (Parakh et al. 2020; Pham et al. 2021; Perumal, Antony, and Muthuramalingam 2021;
Sathiyamoorthi et al. 2021; Devarajan et al. 2021; Dhanraj and Rajeshkumar 2021; Uganya, Radhika, and
Vijayaraj 2021; Tesfaye Jule et al. 2021; Nandhini, Ezhilarasan, and Rajeshkumar 2020; Kamath et al. 2020)

This study gives a complete review and insight into a specific component of these methodologies, such as
preprocessing, network design selection, training procedures, and training data. In our experiment, we used the
Squeezenet and Resnet-50 models to categorize CRC histopathology pictures. To boost the accuracy, we also used
transfer learning and fine-tuning approaches.

Materials and Methods

This research work was conducted at the Department of Electronics and Communication Engineering, Saveetha
School of Engineering, Saveetha Institute of Medical and Technical Sciences. This study consisted of the Resnet-
50 and Squeezenet algorithm and also 64 samples were taken. For colon cancer analysis, the Google Colab online
simulation program is used. The IBM Statistical Package for Social Sciences(SPSS) software version 26 was used
to conduct the statistical analysis for our study. The sample size for every group was calculated using a G Power
calculator having 80% pretest power, an alpha error of 0.95, a threshold value of 0.05, and a 87% confidence
level. Accuracies of both models are tested with a sample size of 10 using Matlab (Subramanian et al. 2016).

Resnet-50 algorithm

A more efficient and powerful Resnet design was recently introduced (Cao et al. 2022). This method makes it
possible to teach very deep convolutional neural networks quickly. Resnet uses residual blocks in its formation.
Two of the 50 layers are the first convolutional layer and the last completely linked layer.

We use the residual Convolutional Neural Networks(CNN) ResNet-50 to develop multi-class classification for
colon cancer diagnosis in this study. The 1125 photos in the multi-class weather recognition dataset (Brownlee
2019) are grouped into four categories: sunrise, shine, rain, and cloudy. A Resnet-50 network is trained using
transfer learning, which requires multiple preprocessing rounds, fine-tuning, and configuration based on the
acquired pictures. The validation (testing) accuracy of the model is demonstrated to be superior.

Squeezenet algorithm

The Resnets (He et al. 2016) model was inspired by the VGG-19 (Yang et al. 2016) model. It's one of Imagenet's
(Object detection and Image classification Challenge) deepest proposed architectures. Typically, in a CNN,
numerous layers are connected and trained to execute the artificial intelligence of the different tasks. At the
conclusion of each layer, the network learns many levels of features. In this model, the convolutional layers are
generally 33 filters in size. The layers in Resnet have the same number of filters for the same output feature map
size, and the number of filters is doubled if the feature map size is halved to keep the time complexity for each
layer constant. It does direct downsampling by convolving layers with a two-step stride. A global average pooling
layer and a Softmax triggered fully connected layer complete this Resnet.

Statistical Analysis

The statistical study of the suggested model was carried out using SPSS (Verma 2013) to evaluate the algorithm's
efficiency. The independent variable is colon cancer detection, while the dependent variables are accuracy
variables (output parameters). An independent t-test was utilized to compare the outcomes of the Resnet-50 and
Squeezenet algorithms.

Result

The colon cancer identification using a Resnet-50 algorithm is able to locate the cancer and provide better
performance rather than a Squeezenet.

Figure 1. displays a graph evaluation of the average accuracy variance among Resnet-50 and Squeezenet
approaches. X-axis represents Resnet-50 and Squeezenet; Y -axis represents average accuracy observed from two
different groups and it possesses a standard deviation of +1SD.

Figure 2. displays a graph evaluation of the average loss variance among Resnet-50 and Squeezenet approaches.
X-axis represents Resnet-50 and squeezenet; Y-axis represents average losses observed from two different groups
and it possesses a standard deviation of £1SD.

Figure 3. shows the training process taken over sample images

Table 1. represents Accuracy of colon cancer detection for 30 samples using Resnet-50 and Squeezenet algorithm.
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Table 2. shows The mean and standard deviation of the group and accuracy of the novel texture analysis are
Resnet-50 and Squeezenet algorithms were 87.5060% and 0.30049, and 85.5433 and 0.28579, respectively. In
comparison to the Resnet-50 approach, the Squeezenet technique had a lower standard error of 0.17997. Applying
independent sample t-tests, there is a large discrepancy in accuracy between the two methods.

Table 3. the group and accuracy of the Resnet-50 and Squeezenet approach are compared. When utilizing
independent sample t-tests to compare Resnet-50 and Squeezenet algorithms, there is a statistically significant
difference. The accuracy of the Resnet-50 (87.5060 %) was the greatest, while the Squeezenet algorithm was the
poorest (85.5433 % ).

Discussion

A statistically significant difference (p= 0.05) was discovered between the Resnet-50 and Squeezenet classifier
techniques using an independent sample t-test. The classification accuracy and precision rate of Resnet-50
approaches are higher than that of Squeezenet.(Toraman et al. 2019)) published a study that used Fourier
Transform Infrared (FTIR) spectroscopic data to classify the chance of colon cancer. The authors retrieved
numerous statistical features from the signals and then classified them using Support Vector Machine(SVM) and
Artificial Neural Networks(ANN), achieving a classification accuracy of 95.71 percent (ANN). In 2019, a strategy
for detecting lung cancer using CT scan pictures was reported (Mohan et al. 2021)(Toraman et al. 2019). For
picture de-noising, they used bin smoothing normalization and picked features using the least repetition and Wolf
heuristic feature selection processes. The authors used a Discrete Adaboost optimized ensemble learning
generalized neural network (DAELYNN) and achieved above 99 percent classification accuracy, which is the
most interesting aspect of this study.

In 2020, a lung cancer diagnosis approach based on nodule ROI-based feature learning with CNN will
be described (Suresh and Mohan 2020). They used Generative Adversarial Networks (GANS) to create new CT
scan images from the Lung Image Database Consortium (LIDC) and the Infectious Disease Research Institute
(IDRI) databases to enhance the sample size. Using CNN-based classification algorithms, they were able to attain
a maximum classification accuracy of 93.9 percent.

A comparison of the suggested method to other cancer diagnosis methods demonstrates that artificial
intelligence outperforms the majority of them. Pathologists will be able to diagnose more colon cancer patients
with less effort, expense, and time if they use this computer-based identification method in medical centers. To
improve the classification model's performance, we want to expand on its design and engineer additional sets of
features from more histopathology pictures in the future.

CONCLUSION

Itis clear from the preceding statement that the Resnet-50 algorithm is a better option for predicting colon cancer
and is more successful. From the above statement it is evident that the novel texture analysis Resnet-50 algorithm
would be a better choice for predicting colon cancer and it is more effective. Based on the experimental results,
the Resnet-50 model has been proved to predict colon cancer diseases more significantly than the Squeezenet.
Further research is needed on how to predict colon cancer diseases under these extreme conditions. In addition,
for the Squeezenet, it is necessary to collect as many samples as possible and make the trained network have a
good generalization performance.The Resnet-50 model gives better accuracy 87.5% than the Squeezenet model
85.5%.

Declaration
Conflicts of Interest
The submission has no potential conflicts.

Author Contributions
Data collection, data analysis, and manuscript preparation were all done by author KV. Conceptualization, data
validation, and critical assessment of papers were all done by author SPK

Acknowledgments
The authors are grateful to Saveetha School of Engineering for giving the required facilities for research to be
completed successfully.

Funding

We are grateful to the following organizations for their funding, which helped us to carry out this study.
1. Awata software solutions, Anna Nagar, Chennai.
2. Saveetha University

-Journal of Pharmaceutical Negative Results | Volume 13 | Special Issue 4 | 2022



https://paperpile.com/c/vlDW8i/bk6vB
https://paperpile.com/c/vlDW8i/7UBwV
https://paperpile.com/c/vlDW8i/7UBwV
https://paperpile.com/c/vlDW8i/wVWC7

Dr. Prem kumar S, et.al: Effective Classification of Colon Cancer using Resnet-50 in Comparison with

Squeezenet

3. Saveetha Institute of Medical And Technical Sciences
4. Saveetha School of Engineering

REFERENCES

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Al-Haija, Qasem Abu, and Ghandi F. Manasra. 2020. “Development of Breast Cancer Detection Model Using Transfer Learning
of Residual Neural Network (ResNet-50).” American Journal of Science & Engineering. https://doi.org/10.15864/ajse.1304.
Brownlee, Jason. 2019. Deep Learning for Computer Vision: Image Classification, Object Detection, and Face Recognition in
Python. Machine Learning Mastery.

Cao, Yang, Wenyan Liu, Shuang Zhang, Lisheng Xu, Baofeng Zhu, Huiying Cui, Ning Geng, Hongguang Han, and Stephen E.
Greenwald. 2022. “Detection and Localization of Myocardial Infarction Based on Multi-Scale ResNet and Attention Mechanism.”
Frontiers in Physiology 13 (January): 783184.

Coudray, Nicolas, Paolo Santiago Ocampo, Theodore Sakellaropoulos, Navneet Narula, Matija Snuderl, David Fenyd, Andre L.
Moreira, Narges Razavian, and Aristotelis Tsirigos. 2018. “Classification and Mutation Prediction from Non-Small Cell Lung
Cancer Histopathology Images Using Deep Learning.” Nature Medicine 24 (10): 1559-67.

Demir, Ahmet, Feyza Yilmaz, and Onur Kose. 2019. “Early Detection of Skin Cancer Using Deep Learning Architectures: Resnet-
101 and Inception-v3.” 2019 Medical Technologies Congress (TIPTEKNO).
https://doi.org/10.1109/tiptekno47231.2019.8972045.

Devarajan, Yuvarajan, Beemkumar Nagappan, Gautam Choubey, Suresh Vellaiyan, and Kulmani Mehar. 2021. “Renewable
Pathway and Twin Fueling Approach on Ignition Analysis of a Dual-Fuelled Compression Ignition Engine.” Energy & Fuels: An
American Chemical Society Journal 35 (12): 9930-36.

Dhanraj, Ganapathy, and Shanmugam Rajeshkumar. 2021. “Anticariogenic Effect of Selenium Nanoparticles Synthesized Using
Brassica Oleracea.” Journal of Nanomaterials 2021 (July). https://doi.org/10.1155/2021/8115585.

Ehteshami Bejnordi, Babak, Mitko Veta, Paul Johannes van Diest, Bram van Ginneken, Nico Karssemeijer, Geert Litjens, Jeroen
A. W. M. van der Laak, et al. 2017. “Diagnostic Assessment of Deep Learning Algorithms for Detection of Lymph Node Metastases
in Women With Breast Cancer.” JAMA: The Journal of the American Medical Association 318 (22): 2199-2210.

Esteva, Andre, Brett Kuprel, Roberto A. Novoa, Justin Ko, Susan M. Swetter, Helen M. Blau, and Sebastian Thrun. 2017.
“Dermatologist-Level Classification of Skin Cancer with Deep Neural Networks.” Nature 542 (7639): 115-18.

Ganz, M., Xiaoyun Yang, and G. Slabaugh. 2012. “Automatic Segmentation of Polyps in Colonoscopic Narrow-Band Imaging
Data.” IEEE Transactions on Bio-Medical Engineering 59 (8): 2144-51.

Gupta, Meenu, Rachna Jain, Arun Solanki, and Fadi Al-Turjman. 2021. Cancer Prediction for Industrial 10T 4.0: A Machine
Learning Perspective. CRC Press.

He, Kaiming, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. 2016. “Deep Residual Learning for Image Recognition.” 2016 |IEEE
Conference on Computer Vision and Pattern Recognition (CVPR). https://doi.org/10.1109/cvpr.2016.90.

Hua, Kai-Lung, Che-Hao Hsu, Shintami Chusnul Hidayati, Wen-Huang Cheng, and Yu-Jen Chen. 2015. “Computer-Aided
Classification of Lung Nodules on Computed Tomography Images via Deep Learning Technique.” OncoTargets and Therapy 8
(August): 2015-22.

Kamath, S. Manjunath, K. Sridhar, D. Jaison, V. Gopinath, B. K. Mohamed Ibrahim, Nilkantha Gupta, A. Sundaram, P.
Sivaperumal, S. Padmapriya, and S. Shantanu Patil. 2020. “Fabrication of Tri-Layered Electrospun Polycaprolactone Mats with
Improved Sustained Drug Release Profile.” Scientific Reports 10 (1): 18179.

Ko, Christine. 2018. “Faculty Opinions Recommendation of Dermatologist-Level Classification of Skin Cancer with Deep Neural
Networks.”  Faculty =~ Opinions -  Post-Publication =~ Peer ~ Review of the  Biomedical Literature.
https://doi.org/10.3410/f.727237185.793554281.

Komura, Daisuke, and Shumpei Ishikawa. 2018. “Machine Learning Methods for Histopathological Image Analysis.”
Computational and Structural Biotechnology Journal. https://doi.org/10.1016/j.csbj.2018.01.001.

Loktionov, Alexandre. n.d. “Colon Cancer Detection by Measuring DNA of Cells Collected from Rectum: A Case-Control Study.”
Http://isrctn.org/>. https://doi.org/10.1186/isrctn95403112.

Mohan, Neeraj, Ruchi Singla, Priyanka Kaushal, and Seifedine Kadry. 2021. Atrtificial Intelligence, Machine Learning, and Data
Science Technologies: Future Impact and Well-Being for Society 5.0. CRC Press.

Nandhini, Joseph T., Devaraj Ezhilarasan, and Shanmugam Rajeshkumar. 2020. “An Ecofriendly Synthesized Gold Nanoparticles
Induces Cytotoxicity via Apoptosis in HepG2 Cells.” Environmental Toxicology, August. https://doi.org/10.1002/tox.23007.

Oh, Junghwan, Sae Hwang, Yu Cao, Wallapak Tavanapong, Danyu Liu, Johnny Wong, and Piet C. de Groen. 2009. “Measuring
Objective Quality of Colonoscopy.” IEEE Transactions on Bio-Medical Engineering 56 (9): 2190-96.

Parakh, Mayank K., Shriraam Ulaganambi, Nisha Ashifa, Reshma Premkumar, and Amit L. Jain. 2020. “Oral Potentially Malignant
Disorders: Clinical Diagnosis and Current Screening Aids: A Narrative Review.” European Journal of Cancer Prevention: The
Official Journal of the European Cancer Prevention Organisation 29 (1): 65-72.

Perumal, Karthikeyan, Joseph Antony, and Subagunasekar Muthuramalingam. 2021. “Heavy Metal Pollutants and Their Spatial
Distribution in Surface Sediments from Thondi Coast, Palk Bay, South India.” Environmental Sciences Europe 33 (1).
https://doi.org/10.1186/s12302-021-00501-2.

Pham, Quoc Hoa, Supat Chupradit, Gunawan Widjaja, Muataz S. Alhassan, Rustem Magizov, Yasser Fakri Mustafa, Aravindhan
Surendar, Amirzhan Kassenov, Zeinab Arzehgar, and Wanich Suksatan. 2021. “The Effects of Ni or Nb Additions on the
Relaxation Behavior of Zr55Cu35A110 Metallic Glass.” Materials Today Communications 29 (December): 102909.

Rogers, Charles R., Roger Figueroa, Ellen Brooks, Ethan M. Petersen, Carson D. Kennedy, Darrell M. Gray li, Michael Sapienza,
and Man Hung. 2021. “Factors Associated with Colorectal Cancer Screening Intent and Uptake among Adult Non-Hispanic Black
Men.” American Journal of Cancer Research 11 (12): 6200-6213.

Sarwinda, Devvi, Radifa Hilya Paradisa, Alhadi Bustamam, and Pinkie Anggia. 2021. “Deep Learning in Image Classification
Using Residual Network (ResNet) Variants for Detection of Colorectal Cancer.” Procedia Computer Science.
https://doi.org/10.1016/j.procs.2021.01.025.

Sathiyamoorthi, Ramalingam, Gomathinayakam Sankaranarayanan, Dinesh Babu Munuswamy, and Yuvarajan Devarajan. 2021.
“Experimental Study of Spray Analysis for Palmarosa Biodiesel-diesel Blends in a Constant Volume Chamber.” Environmental
Progress & Sustainable Energy 40 (6). https://doi.org/10.1002/ep.13696.

Subramanian, Ramanathan, Benjamin Drozdenko, Eric Doyle, Rameez Ahmed, Miriam Leeser, and Kaushik Roy Chowdhury.
2016. “High-Level System Design of IEEE 802.11b Standard-Compliant Link Layer for MATLAB-Based SDR.” IEEE Access.
https://doi.org/10.1109/access.2016.2553671.

-Journal of Pharmaceutical Negative Results | Volume 13 | Special Issue 4 | 2022



http://paperpile.com/b/vlDW8i/pxADs
http://paperpile.com/b/vlDW8i/pxADs
http://paperpile.com/b/vlDW8i/pxADs
http://paperpile.com/b/vlDW8i/pxADs
http://dx.doi.org/10.15864/ajse.1304
http://dx.doi.org/10.15864/ajse.1304
http://paperpile.com/b/vlDW8i/7RNjX
http://paperpile.com/b/vlDW8i/7RNjX
http://paperpile.com/b/vlDW8i/7RNjX
http://paperpile.com/b/vlDW8i/7RNjX
http://paperpile.com/b/vlDW8i/otEvs
http://paperpile.com/b/vlDW8i/otEvs
http://paperpile.com/b/vlDW8i/otEvs
http://paperpile.com/b/vlDW8i/otEvs
http://paperpile.com/b/vlDW8i/ksJLs
http://paperpile.com/b/vlDW8i/ksJLs
http://paperpile.com/b/vlDW8i/ksJLs
http://paperpile.com/b/vlDW8i/ksJLs
http://paperpile.com/b/vlDW8i/ksJLs
http://paperpile.com/b/vlDW8i/6C2OJ
http://paperpile.com/b/vlDW8i/6C2OJ
http://paperpile.com/b/vlDW8i/6C2OJ
http://paperpile.com/b/vlDW8i/6C2OJ
http://paperpile.com/b/vlDW8i/6C2OJ
http://paperpile.com/b/vlDW8i/6C2OJ
http://paperpile.com/b/vlDW8i/6C2OJ
http://paperpile.com/b/vlDW8i/LkZf6
http://paperpile.com/b/vlDW8i/LkZf6
http://paperpile.com/b/vlDW8i/LkZf6
http://paperpile.com/b/vlDW8i/LkZf6
http://paperpile.com/b/vlDW8i/LkZf6
http://paperpile.com/b/vlDW8i/otZBl
http://paperpile.com/b/vlDW8i/otZBl
http://paperpile.com/b/vlDW8i/otZBl
http://paperpile.com/b/vlDW8i/otZBl
http://dx.doi.org/10.1155/2021/8115585
http://dx.doi.org/10.1155/2021/8115585
http://paperpile.com/b/vlDW8i/GJMve
http://paperpile.com/b/vlDW8i/GJMve
http://paperpile.com/b/vlDW8i/GJMve
http://paperpile.com/b/vlDW8i/GJMve
http://paperpile.com/b/vlDW8i/GJMve
http://paperpile.com/b/vlDW8i/y1LjR
http://paperpile.com/b/vlDW8i/y1LjR
http://paperpile.com/b/vlDW8i/y1LjR
http://paperpile.com/b/vlDW8i/y1LjR
http://paperpile.com/b/vlDW8i/KcTEl
http://paperpile.com/b/vlDW8i/KcTEl
http://paperpile.com/b/vlDW8i/KcTEl
http://paperpile.com/b/vlDW8i/KcTEl
http://paperpile.com/b/vlDW8i/rOf8t
http://paperpile.com/b/vlDW8i/rOf8t
http://paperpile.com/b/vlDW8i/rOf8t
http://paperpile.com/b/vlDW8i/rOf8t
http://paperpile.com/b/vlDW8i/fxMS2
http://paperpile.com/b/vlDW8i/fxMS2
http://paperpile.com/b/vlDW8i/fxMS2
http://paperpile.com/b/vlDW8i/fxMS2
http://dx.doi.org/10.1109/cvpr.2016.90
http://dx.doi.org/10.1109/cvpr.2016.90
http://paperpile.com/b/vlDW8i/oPww7
http://paperpile.com/b/vlDW8i/oPww7
http://paperpile.com/b/vlDW8i/oPww7
http://paperpile.com/b/vlDW8i/oPww7
http://paperpile.com/b/vlDW8i/oPww7
http://paperpile.com/b/vlDW8i/aeW7G
http://paperpile.com/b/vlDW8i/aeW7G
http://paperpile.com/b/vlDW8i/aeW7G
http://paperpile.com/b/vlDW8i/aeW7G
http://paperpile.com/b/vlDW8i/aeW7G
http://paperpile.com/b/vlDW8i/3kXRE
http://paperpile.com/b/vlDW8i/3kXRE
http://paperpile.com/b/vlDW8i/3kXRE
http://paperpile.com/b/vlDW8i/3kXRE
http://paperpile.com/b/vlDW8i/3kXRE
http://paperpile.com/b/vlDW8i/3kXRE
http://paperpile.com/b/vlDW8i/3kXRE
http://paperpile.com/b/vlDW8i/zLcwr
http://paperpile.com/b/vlDW8i/zLcwr
http://paperpile.com/b/vlDW8i/zLcwr
http://paperpile.com/b/vlDW8i/zLcwr
http://dx.doi.org/10.1016/j.csbj.2018.01.001
http://dx.doi.org/10.1016/j.csbj.2018.01.001
http://paperpile.com/b/vlDW8i/gvp4a
http://paperpile.com/b/vlDW8i/gvp4a
http://paperpile.com/b/vlDW8i/gvp4a
http://paperpile.com/b/vlDW8i/gvp4a
http://dx.doi.org/10.1186/isrctn95403112
http://dx.doi.org/10.1186/isrctn95403112
http://paperpile.com/b/vlDW8i/7UBwV
http://paperpile.com/b/vlDW8i/7UBwV
http://paperpile.com/b/vlDW8i/7UBwV
http://paperpile.com/b/vlDW8i/7UBwV
http://paperpile.com/b/vlDW8i/XITNg
http://paperpile.com/b/vlDW8i/XITNg
http://paperpile.com/b/vlDW8i/XITNg
http://paperpile.com/b/vlDW8i/XITNg
http://dx.doi.org/10.1002/tox.23007
http://dx.doi.org/10.1002/tox.23007
http://paperpile.com/b/vlDW8i/bdCGJ
http://paperpile.com/b/vlDW8i/bdCGJ
http://paperpile.com/b/vlDW8i/bdCGJ
http://paperpile.com/b/vlDW8i/bdCGJ
http://paperpile.com/b/vlDW8i/sxQUD
http://paperpile.com/b/vlDW8i/sxQUD
http://paperpile.com/b/vlDW8i/sxQUD
http://paperpile.com/b/vlDW8i/sxQUD
http://paperpile.com/b/vlDW8i/sxQUD
http://paperpile.com/b/vlDW8i/mtYTb
http://paperpile.com/b/vlDW8i/mtYTb
http://paperpile.com/b/vlDW8i/mtYTb
http://paperpile.com/b/vlDW8i/mtYTb
http://paperpile.com/b/vlDW8i/mtYTb
http://paperpile.com/b/vlDW8i/mtYTb
http://paperpile.com/b/vlDW8i/mtYTb
http://paperpile.com/b/vlDW8i/zZ4iF
http://paperpile.com/b/vlDW8i/zZ4iF
http://paperpile.com/b/vlDW8i/zZ4iF
http://paperpile.com/b/vlDW8i/zZ4iF
http://paperpile.com/b/vlDW8i/zZ4iF
http://paperpile.com/b/vlDW8i/mKgTQ
http://paperpile.com/b/vlDW8i/mKgTQ
http://paperpile.com/b/vlDW8i/mKgTQ
http://paperpile.com/b/vlDW8i/mKgTQ
http://paperpile.com/b/vlDW8i/mKgTQ
http://paperpile.com/b/vlDW8i/0HlJy
http://paperpile.com/b/vlDW8i/0HlJy
http://paperpile.com/b/vlDW8i/0HlJy
http://paperpile.com/b/vlDW8i/0HlJy
http://paperpile.com/b/vlDW8i/0HlJy
http://paperpile.com/b/vlDW8i/0HlJy
http://paperpile.com/b/vlDW8i/0HlJy
http://paperpile.com/b/vlDW8i/IQeFj
http://paperpile.com/b/vlDW8i/IQeFj
http://paperpile.com/b/vlDW8i/IQeFj
http://paperpile.com/b/vlDW8i/IQeFj
http://paperpile.com/b/vlDW8i/IQeFj
http://paperpile.com/b/vlDW8i/IQeFj
http://paperpile.com/b/vlDW8i/IQeFj
http://paperpile.com/b/vlDW8i/3z2R3
http://paperpile.com/b/vlDW8i/3z2R3
http://paperpile.com/b/vlDW8i/3z2R3
http://paperpile.com/b/vlDW8i/3z2R3
http://paperpile.com/b/vlDW8i/3z2R3
http://paperpile.com/b/vlDW8i/3z2R3
http://paperpile.com/b/vlDW8i/3z2R3

28.

29.

30.

31.

32.

33.

34

35.

36.

37.

Dr. Prem kumar S, et.al: Effective Classification of Colon Cancer using Resnet-50 in Comparison with

Squeezenet

Suresh, Supriya, and Subaji Mohan. 2020. “ROI-Based Feature Learning for Efficient True Positive Prediction Using
Convolutional Neural Network for Lung Cancer Diagnosis.” Neural Computing and Applications. https://doi.org/10.1007/s00521-
020-04787-w.

Tesfaye Jule, Leta, Krishnaraj Ramaswamy, Nagaraj Nagaprasad, Vigneshwaran Shanmugam, and Venkataraman Vignesh. 2021.
“Design and Analysis of Serial Drilled Hole in Composite Material.” Materials Today: Proceedings 45 (January): 5759-63.
Toraman, Suat, Mustafa Girgin, Bilal Ustiindag, and ibrahim Tiirkoglu. 2019. “Classification of the Likelihood of Colon Cancer
with Machine Learning Techniquesusing FTIR Signals Obtained from Plasma.” TURKISH JOURNAL OF ELECTRICAL
ENGINEERING & COMPUTER SCIENCES. https://doi.org/10.3906/elk-1801-259.

Uganya, G., Radhika, and N. Vijayaraj. 2021. “A Survey on Internet of Things: Applications, Recent Issues, Attacks, and Security
Mechanisms.” Journal of Circuits Systems and Computers 30 (05): 2130006.

Verma, J. P. 2013. “Descriptive Analysis.” Data Analysis in Management with SPSS Software. https://doi.org/10.1007/978-81-
322-0786-3_2.

Veta, Mitko, Paul J. van Diest, Stefan M. Willems, Haibo Wang, Anant Madabhushi, Angel Cruz-Roa, Fabio Gonzalez, et al. 2015.
“Assessment of Algorithms for Mitosis Detection in Breast Cancer Histopathology Images.” Medical Image Analysis 20 (1): 237—
48.

Williams, Hywel. 2017. “Faculty Opinions Recommendation of Dermatologist-Level Classification of Skin Cancer with Deep
Neural Networks.” Faculty Opinions — Post-Publication Peer Review of the Biomedical Literature.
https://doi.org/10.3410/f.727237185.793528556.

World Health Organization. 1982. Cancer Publications of the World Health Organization and the International Agency for
Research on Cancer.

Yang, Weixin, Lianwen Jin, Dacheng Tao, Zecheng Xie, and Ziyong Feng. 2016. “DropSample : A New Training Method to
Enhance Deep Convolutional Neural Networks for Large-Scale Unconstrained Handwritten Chinese Character Recognition.”
Pattern Recognition. https://doi.org/10.1016/j.patcog.2016.04.007.

Zhang, Ni, Yi-Xin Cai, Yong-Yong Wang, Yi-Tao Tian, Xiao-Li Wang, and Benjamin Badami. 2020. “Skin Cancer Diagnosis
Based on Optimized Convolutional Neural Network.” Atrtificial Intelligence in Medicine 102 (January): 101756.

Tables and Figures

Table 1. Accuracy of colon cancer detection for 30 samples using Resnet-50 and Squeezenet algorithm.

Training Size | Epochs Iterations Accuracy (%) Loss (%)
Squeezenet Resnet-50 Squeezenet Resnet-50
60:40 20 396 85.3 87.1 2.32 3.54
40 605 85.5 87.24 2.23 3.35
60 800 85.7 87.22 2.54 3.44
80 1000 85.4 87.45 2.11 3.87
100 1370 85.9 87.78 2.29 3.89
70:30 20 570 85.78 87.23 2.35 3.20
40 780 85.90 87.17 2.88 3.10
60 980 85.45 87.66 2.90 3.33
80 1385 85.34 87.79 2.89 3.77
100 2170 85.22 87.76 2.20 3.98
80:20 20 980 85.14 87.11 2.98 3.88
40 1405 85.76 87.99 2.77 3.27
60 1775 85.67 87.66 2.99 3.34
80 2545 85.98 87.65 2.65 3.23
100 3140 85.11 87.78 2.98 3.21
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Table 2. The mean and standard deviation of the group and accuracy of the novel texture analysis are Resnet-
50 and Squeezenet algorithms were 87.5060% and 0.30049, 85.5433% and 0.28579, respectively. In comparison
to the Resnet-50 approach, the Squeezenet technique had a lower standard error of 0.78481. Applying
independent sample t-tests, there is a large discrepancy in accuracy between the two methods.

Group N Mean Std. Deviation Std. Error
Mean
Accuracy
Resnet-50 15 87.5060 .30049 .07759
Squeezenet 15 85.5433 .28579 .07481
Resnet-50 15 3.4933 .30215 .07802
Loss
Squeezenet 15 2.6053 32754 .08457

Table 3. The group and accuracy of the novel texture analysis of Resnet-50 and Squeezenet approach are
compared. When utilizing independent sample t-tests to compare Resnet-50 and Squeezenet algorithms, there is
a statistically significant difference. The accuracy of the Resnet-50 (87.5060%) was the greatest, while the
Squeezenet algorithm was the poorest (85.5433 % ).

Levene's t-test for Equality of Means
Test for
Equality of
Variances
95% Confidence
Interval of the
Difference
F | Sig. t df Sig. Mean Std. Error
(2- | Difference | Difference | Lower Upper
tailed)
Accuracy | Equal 171 | .684 | 18.210 | 28 .000 1.96267 .10778 1.74189 | 2.84345
variances
assumed
Equal 18.210 | 27.96 | .000 1.96267 .10778 1.74188 | 2.84346
variances
not
assumed
Equal 422 | 521 | 16.409 | 28 .000 1.88800 .11506 1.65231 | 2.12369
Loss variances
assumed
Equal 16.409 | 27.82 | .000 1.88800 11506 1.65224 | 2.12376
variances
not
assumed
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Figure 1. It displays a graph evaluation of the average accuracy variance among Resnet-50 and Squeezenet
approaches. X-axis represents Resnet-50 and Squeezenet; Y -axis represents average accuracy observed from
two different groups and it possesses a standard deviation of £1SD.
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Figure 2. It displays a graph evaluation of the average accuracy and loss variance among Resnet-50 and
Squeezenet approaches. X-axis represents Resnet-50 and Squeezenet; Y -axis represents average losses
observed from two different groups and it possesses a standard deviation of +1SD.
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Figure 3. Training process taken over sample images
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