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Using Feature Selection and Ensemble Algorithms for Sophisticated Pancreatic Cancer Diagnosis

Pancreatic cancer (PC) is the fourth leading cause of cancer death in the United States because it's five-year survival rate has stayed constant at 8.9%. This occurs because of late diagnosis which is affiliated with the hidden location of the pancreas, making current screening methods unavailable. PC is also often misdiagnosed as colon, esophageal, and biliary tract cancer, showing how genetic biomarkers specific to PC are needed. Currently, there have only been four studies aiming to diagnose PC through genetic biomarkers, each achieving accuracy of 84% and AUC of 70%.

To address the problems of frequent late diagnosis and misdiagnosis, machine learning models were used to diagnose PC through the expression of significant miRNAs. Feature selection was performed using statistical analysis, recursive feature elimination, feature importance using decision trees, and the CyberT bioinformatics tool to find 155 significant miRNAs out of the 2,500 features. Four machine learning algorithms (a logistic regression, adaboost, neural network, and ensemble model) were then tuned and received an AUC of 92% and total accuracy of 94%. Further, the most important miRNAs out of the 155 were found through LIME and SHAP interpretation and were found to be significant in key PC processes. This research is important as it is the first to assess both misdiagnosis and early diagnosis of PC and beat the state of the art's accuracy by 10% and AUC by 20%. These algorithms need to be improved before clinical trial by adding more diverse data and developing a user interface.

Introduction 1.Background

Pancreatic cancer (PC) is a disease in which malignant cells are formed in the pancreatic tissue [START_REF] Li | Pancreatic cancer[END_REF]. The pancreas is a gland located behind the stomach and in front of the spine [START_REF] Bardeesy | Pancreatic cancer biology and genetics[END_REF]. The pancreas has two key functions: helping with digestion (exocrine) and regulating blood sugar (endocrine) [START_REF] Kim | Intercellular signals regulating pancreas development and function[END_REF]. More specifically, in the exocrine function, the pancreatic duct secretes enzymes which help break down fats, carbohydrates, and proteins [START_REF] Zoppi | Exocrine pancreas function in premature and full term neonates[END_REF]. The endocrine function of the pancreas consists of producing insulin which lowers blood glucose levels and glucagon which raises blood glucose levels [START_REF] Molina | Pancreas whole organ engineering[END_REF]. Maintaining this blood sugar level is important in the functioning of key organs such as the brain, liver, and kidneys [START_REF] Chan | Loss of function mutation of the slc38a3 glutamine transporter reveals its critical role for amino acid metabolism in the liver, brain, and kidney[END_REF].

Even though only 56,770 Americans are diagnosed with PC (3% of all cancers), 47,740 people die from it, thus making PC the fourth leading cause of cancer death, leading to the death of 9% of cancer patients [START_REF] Hidalgo | Pancreatic cancer[END_REF]. The main reason for this is the difficulty of diagnosis of PC [START_REF] Nakazawa | Difficulty in diagnosing autoimmune pancreatitis by imaging findings[END_REF]. In fact, compared with many other cancers, the combined five-year survival rate for PC -the percentage of all patients who are living five years after diagnosis -is relatively low at just 8%, compared to the survival rate of lung cancer as well as breast cancer (see Figure 1) [START_REF] Quaresma | 40-year trends in an index of survival for all cancers combined and survival adjusted for age and sex for each cancer in england and wales, 1971-2011: a population-based study[END_REF]. One of the main reasons for the above is that many people suffering from PC are diagnosed at stage IV -the stage when the disease has metastasized and there are signs of symptoms [START_REF] Porta | Exocrine pancreatic cancer: symptoms at presentation and their relation to tumour site and stage[END_REF].

Figure 1: The five-year diagnosis rate of different cancers. Data retrieved from the PC Action, 2014 [START_REF]Pancreatic cancer action. substantial increases in long-term survival for most cancers but not pancreatic[END_REF].

PC is difficult to diagnose early because the cancer is usually hidden behind the pancreas and is located deep inside the abdomen [START_REF] Longnecker | Anatomy and histology of the pancreas[END_REF]. In turn, early tumors are usually 30 mm which are too small to be seen by health care providers during routine physical exams [START_REF] R C Martin | Irreversible electroporation in locally advanced pancreatic cancer: potential improved overall survival[END_REF]. In addition, there are no specific, cost-effective screening tests that can easily and reliably find early-stage PC in people who are asymptomatic [START_REF] Zhang | Challenges in diagnosis of pancreatic cancer[END_REF]. Patients usually do not have any symptoms until the cancer has reached later stages or has already spread to other organs. Studies suggest that if the cancer were detected at an early stage (Stage I or II) when surgical removal of the tumor was possible, the 5-year survival rate would be 40% [START_REF] Kamisawa | Pancreatic cancer[END_REF]. However, only 7% of people are diagnosed at an early stage [START_REF] Gooden | Pancreatic cancer and supportive care-pancreatic exocrine insufficiency negatively impacts on quality of life[END_REF]. For the 83% of patients who are diagnosed after the cancer has spread to other distant parts of the body, the 5-year survival rate is 9% [START_REF] Vincent | Pancreatic cancer[END_REF]. PC is also misdiagnosed as colon, esophageal, and biliary tract cancer, thus showing a need for better ways to assess misdiagnosis. A potential solution leading to a more accurate diagnosis could be to discover differentially and similarly expressed MiRNAs between other cancer, PC, and normal samples [START_REF] Bardeesy | Pancreatic cancer biology and genetics[END_REF].

MiRNAs in Diagnosis

Noninvasive genetic testing could possibly be an improved way to detect PC. MiRNAs tend to be expressed differently in cancer due to the fact that they are regulated by epigenetic modulation, differences in the number of DNA copies, DNA methylation, and genetic changes, all factors that change in PC. Specifically, 12 signaling pathways (including KRAS signaling, Hedgehog signalling, apoptosis, control of G1/S phase transition during cell division, and TGF-B signaling) and significant genes (KRAS, TP53, SMAD4, and CDKN2A) are all altered in approximately 90% of PC cases [START_REF] Slotwinski | Micrornas in pancreatic cancer diagnosis and therapy[END_REF]. MiRNAs regulate many of these pathways because they influence transcription factors involved in cell apoptosis, growth, differentiation, and lipid glucose metabolism, key characteristics of PC. Since miRNAs control mRNA activation and decay in these processes, analyzing serum miRNAs that are significant in PC signalling and gene regulation could be one novel, noninvasive way to early diagnose PC [START_REF] Moriyama | Microrna-21 modulates biological functions of pancreatic cancer cells including their proliferation, invasion, and chemoresistance[END_REF].

2 Literature Review

Diagnosis via Imaging

Image diagnosis is one of the two main methods used to diagnose PC via machine learning and three notable studies regarding the same are mentioned here [START_REF] Clarke | Preoperative imaging of pancreatic cancer: a management-oriented approach[END_REF]. A study done by [START_REF] Cai | Pancreas segmentation in mri using graph-based decision fusion on convolutional neural networks[END_REF] examined 82 images of pancreatic segmentation for early diagnosis. The images obtained were axial CT slices of the pancreas, which were analyzed by a variety of convolutional neural networks. However, these algorithms only achieved 70% accuracy in diagnosis [START_REF] Cai | Pancreas segmentation in mri using graph-based decision fusion on convolutional neural networks[END_REF]. Another study done by [START_REF] Zhou | Pancreas segmentation in abdominal ct scan: a coarse-to-fine approach[END_REF] focused on pancreatic segmentation through pictures obtained from MRI scans from 78 subjects. Two convolutional neural networks were made to distinguish the difference between normal and cancerous tissue, achieving a 73.2% accuracy [START_REF] Zhou | Pancreas segmentation in abdominal ct scan: a coarse-to-fine approach[END_REF]. A third study done by Dmitriev et al. 2017 took a different approach and classified the four most common cyst types. The model consisted of two parts (1) a probabilistic random forest algorithm, which analyzes manually selected quantitative features and (2) a convolutional neural network trained to discover high-level imaging features for a better differentiation. The data used contained 134 abdominal CT scans, achieving an accuracy of 83.6% [START_REF] Dmitriev | Classification of pancreatic cysts in computed tomography images using a random forest and convolutional neural network ensemble[END_REF]. Unfortunately, image diagnosis is considered ineffective, due to image blur and resolution, making early diagnosis difficult [START_REF] Chari | Detecting early pancreatic cancer: problems and prospects[END_REF]. This makes PC imaging inaccurate, expensive, and unattainable [START_REF] P M Mcmahon | Pancreatic cancer: cost-effectiveness of imaging technologies for assessing resectability[END_REF].

Diagnosis via Genetic Biomarkers

Besides imaging methods, another method used to diagnose PC is through genetic expression analysis via modeling and machine learning [START_REF] Alldinger | Gene expression analysis of pancreatic cell lines reveals genes overexpressed in pancreatic cancer[END_REF]. According to a study conducted by Yan et al. 2019, three publications have used machine learning for gene expression in PC. Since then, one similar study has been released due to the novelty of the field. Yan et al. 2019 analyzed differentially expressed genes and similarly expressed genes of 412 patients and built a nomogram to predict an individual's likelihood of having PC. Further, they received an ROC AUC score of 0.70 [START_REF] Yan | Importance of gene expression signatures in pancreatic cancer prognosis and the establishment of a prediction model[END_REF]. [START_REF] Shi | A five-microrna signature for survival prognosis in pancreatic adenocarcinoma based on tcga data[END_REF] analyzed five differentially expressed miRNAs in 179 PC patients and controls. A predictive model using regression was designed and the ROC AUC score retrieved was 0.78 [START_REF] Shi | A five-microrna signature for survival prognosis in pancreatic adenocarcinoma based on tcga data[END_REF]. Song et al., 2018 analyzed five long non-coding RNAs (lncRNAs) in 182 PC patients and controls to predict PC using a linear prognostic model. They received an AUC ROC of 0.74 [START_REF] Song | Five key lncrnas considered as prognostic targets for predicting pancreatic ductal adenocarcinoma[END_REF]. Lastly, Yan et al. 2020 analyzed 250 patients (150 PC and 100 controlled) and used feature selection methods such as MCFS and LOOCV to predict PC accurately using 432 serum miRNAs out of the 2,555 present. They further achieved a 0.84 accuracy [START_REF] Yan | The serum microrna signatures for pancreatic cancer detection and operability evaluation[END_REF]. The following improvements could be made in the future: 1.) Increase the number of samples, 2.) Find a dataset with other cancers and select miRNAs specific to PC to avoid misdiagnosis, and 3.) analyze the accuracy of detection for early stage PC instead of all PC samples to improve early diagnosis. This current study aims to improve on these current issues [START_REF] Yan | Importance of gene expression signatures in pancreatic cancer prognosis and the establishment of a prediction model[END_REF].

Table 1: Issues with the two main methods used in prior literature

Purpose

To diagnose PC more accurately, we sought to select about 155 significant miR-NAs to diagnose PC. We used three machine learning algorithms (a logistic regression, adaboost, and neural network algorithm) and a simple ensemble algorithm to do so. Two specific requirements were considered:

1. Goal 1: Distinguish between PC and other cancers like colon, esophageal, stomach, and biliary tract cancer at an accuracy above 90%.

2. Goal 2: Distinguish the stages of PC patients at an accuracy above 80%.

Methods

Data Obtained and Normalized

The dataset used for this study was retrieved from Gene Expression Omnibus (GSE59856) which consisted of miRNA biomarkers (marked with their MIMAT accession number) found in blood serum. Specifically, 519 samples were present including 103 PC samples (22 stage 1 and 2 (early stage) PC and 81 stage 3 and 4 (late stage) PC), 162 controlled samples, 104 biliary tract cancer samples, 50 colon cancer samples, 50 esophageal cancer samples, and 50 stomach cancer samples. Out of the 103 PC samples, there were 64 male and 39 female as males tend to get PC more frequently than females. In addition, data was normalized using quantile normalization. This form of normalization was applied as it is most commonly used for microarray data as it makes the statistical distribution between all the samples the same and removes biases from dyes [START_REF] Rao | A comparison of normalization techniques for microrna microarray data[END_REF]. Since there were a total of 2,554 MirRNAs or features, feature selection had to be performed to reduce the feature to sample ratio.

Feature Selection

Many feature selection techniques were used using sklearn including statistical analysis using Pearson's correlation coefficient and chi-squared tests, recursive feature elimination, feature importance using ensemble decision trees, and the CyberT bioinformatics tool. These statistical tests were used as they are 1.) frequently used with quantile normalization data and 2.) are different in nature of selectivity. The statistical tests were important, as they looked at the relationship between each miRNA and how strong it is in predicting the likelihood of PC [START_REF] Chitsaz | An improved fuzzy feature clustering and selection based on chi-squared-test[END_REF]. In addition, recursive feature elimination was used by training data on a logistic regression model and removing features that were not significant until 200 features were left. This was important as it showed features necessary for predicting a model. Just like the statistical tests, the ensemble trees sought to find the likelihood of a feature in predicting the output; however, decision trees and algorithmic tests were used to do this. Further, a bioinformatics tool, CyberT, was used to find the miRNAs which were the most differentially expressed between the two groups by analyzing p-values. 155 miRNAs were found to be significant in 4-5 of the 5 tests and were the features selected. When analyzing the miRNAs selected to the ones found significant in PC literature, it was found that these miRNAs are significant in altering the DPC4, SMAD4, MUC1, IPMN, KRAS, TP53, COX2, CA19-9, and TIP3, a set of genes mutated about 95% of the time in PC due to their functionalities: pancreatic cell (beta and alpha cells) adhesion and growth [START_REF] Sandesc | Circulating micrornas expressions as genetic biomarkers in pancreatic cancer patients continuous non-invasive monitoring[END_REF].

Logistic Regression and Adaboost Algorithms

The Python programming language with libraries such as numpy, pandas and sklearn were used to design the logistic regression and adaboost algorithms. These algorithms were used due to their commonality in genetic expression machine learning research. The data was further prepared by splitting the dataset into features (the expression of the 155 miRNAs) and output (whether the subject has PC or not). Moreover, the five different algorithms were set to classifier(s). The models were tuned using GridSearchCV and paramgrid in sklearn. Logistic regression model assigned the c value to ten values between 0.01 and 1000 and tolerance parameter to 0.01 or 1e-6 randomly. The adaboost randomly assigned the n estimators parameter to [70, 80, 90, 100, 110, 120, 130] .

The dataset was randomly split into an 80% dataset and 20% testing dataset. For cross validation and hyperparameter tuning, the dataset with 80% of the samples were further split into an 80% training dataset (dataset A) and 20% validation dataset (dataset B). For each classifier in the parameter list, the algorithm was trained on dataset A and accuracy was checked on dataset B using paramgrid. The classifier with the highest accuracy in dataset B was then found. This whole process was then iterated 10 times and the most frequent classifier was said to be the best performing classifier. The whole algorithm was then trained on both dataset A and B and was tested on the testing dataset using the best performing classifier. The metrics for the testing dataset, (confusion matrices, late stage accuracy, early stage accuracy, total accuracy, sensitivity, specificity, precision, recall, F2 scores, etc.) were also found. This whole process, including the cross validation process, was repeated 20 times and the values for the testing dataset metrics were averaged. The above procedure was executed for each of the two algorithms separately.

After the metrics were found, interpretation was done on each algorithm. LIME interpretability, which focuses on finding weights of features in small groups of data, was used for logistic regression and adaboost due to its popularity and accuracy in finding the most significant features in the two models [START_REF] Hu | Locally interpretable models and effects based on supervised partitioning (lime-sup)[END_REF]. The LimeTabularExplainer package was applied to the training dataset and the significance of each feature was found. The ten features with the highest significance were graphed and their properties (rather the miRNA was upregulated or downregulated) in the PC dataset were displayed.

Feed Forward Neural Network Algorithm

The Python programming language with libraries such as numpy, pandas, sklearn, and keras were used to construct the feed forward neural network. A feed forward neural network was made to see how well a more complex algorithm compared to the more basic logistic regression and adaboost algorithms. Further, the number of layers, nodes, and activation function of the neural network were tuned accordingly to the results.

The dataset was split using kfold.split (kfold of 5) into a random testing and training dataset. The model was further trained and compiled; the training dataset was further split into a 20% validation dataset. The model was fitted onto the training and validation dataset for 100 epochs. An epochs stoppage was also added with a patience of 21 in order to decrease overfitting. The training and validation accuracy as well as loss was plotted in order to monitor performance, overfitting, and underfitting of the model and tuned accordingly. Final metrics (confusion matrices, late stage accuracy, early stage accuracy, total accuracy, sensitivity, specificity, precision, recall, F2 scores, etc.) were also found. This was repeated for five times with a different fold being the test dataset every time; all the metrics were averaged.

After the metrics were found, interpretation was done on each algorithm. SHAP interpretability, which focuses on finding the most significant features through the shap value (the mean of the contribution of the feature to accuracy), was used for the feed forward neural network. SHAP was used due to its popularity and accuracy in finding the most significant features in a neural network [START_REF] Lundberg | A unified approach to interpreting model predictions[END_REF]. Using the SHAP and DeepExplainer packages, the shap values for all the features in the training dataset were found and the twenty features with the highest shap values were displayed.

Ensemble Algorithm

A simple, max voting ensemble algorithm was made using the final hyperparameters for each of the models. It was found that the ideal parameters for the logistic regression models were C ≈ 280 and tolerance ≈ 1e-6 and the ideal parameter for the adaboost were n estimators ≈ 130. The final neural network model consisted of a sequential layer, a dense layer with 100 nodes (activation tanh), a dense layer with 80 nodes (activation relu), a dense layer with 60 nodes (activation tanh), a dense layer with 40 nodes (activation relu), a dense layer with 20 nodes (activation tanh), a dense layer with 10 nodes (activation relu), and a dense layer with 1 node (activation sigmoid). In the ensemble model, all of these algorithms were fitted separately on the same training set and were used to make predictions on the same testing dataset. The mode of all the predictions were found and was used to calculate metrics (confusion matrices, late stage accuracy, early stage accuracy, total accuracy, sensitivity, specificity, precision, recall, and F2 scores). This was repeated ten times and all the metrics were average.

Results and Discussion

Confusion Matrices and Standard Metrics

In Table 2, the specificity values for all models are above 0.94 whereas the sensitivity values are above 0.85. Thus, the models seem better at predicting Table 2: Key standard diagnostic performance metrics of logistic regression, adaboost, neural network, and ensemble model. true negatives (controlled samples or samples with other types of cancer) than true positives (samples with PC). One possible explanation is because the data is imbalanced, as Figure 2 shows how there are ≈ 90 samples in the test set which do not have PC but ≈ 20 samples in the testing set have PC. This problem also explains why the false negative rate (1-sensitivity) is higher than the false positive rate(1-specificity). This problem reappears as the positive predictive value (the likelihood that the patient diagnosed with PC truly has PC) tends to be lower than the negative predictive value (the likelihood that the patient diagnosed with no PC truly has no PC) and false discovery rate (1positive predictive value) tends to be higher than false omission rate (1-negative predictive value). The relatively high positive likelihood ratio (above 10) of all the models display how there is truly an increase in the probability that the patient tested for PC has PC and low negative likelihood ratio (below 0.2) shows how there is ten-fold decrease that a patient diagnosed negatively actually has PC. Therefore, the fact that the sensitivity and specificity are above 0.850 for all models and the likelihood ratios are significant shows how all four models can accurately identify PC as PC and controlled/other cancer samples as no PC. In the end, these models accurately avoid the problem of misdiagnosis. 

Accuracy and F2 Scores

In Figure 3, one can see how all four models achieve an overall accuracy, no PC (controlled+other cancers), and late stage accuracy of over 0.90 and early stage accuracy of over 0.85. The low early stage accuracy may be present due to the fact that there were only 22 early stage samples, whereas there were 81 late stage samples and 416 no PC samples. Figure 3 also shows how all the models had different strengths as the logistic regression and neural network models accurately predicted no PC samples, logistic regression accurately predicted early PC samples, and adaboost accurately predicted late stage samples. Therefore, the ensemble algorithm performs relatively well in all aspects, performing relatively high in diagnosing early and late stage PC. The problem of data imbalance affected the F2 score of the models (≈ 0.88) as precision (positive predictive value) and recall (sensitivity) tended to be lower (≈ 0.84) (Table 2). Even though this is true, the models perform at relatively high accuracies, and achieved both goals as early stage diagnostic accuracy is above 0.85 and no stage PC accuracy is above 0.90.

AUC Score Analysis

The ROC AUC score of the logistic regression, adaboost, neural network, and ensemble models as shown in Figure 4 are all above 0.98, showing how all algorithms have extremely high ROC AUC scores. However, this is possibly because of the imbalanced data, as the False Positive Rate (False Positives/Total Real Negatives) does not drop significantly when the amount of negatives is larger than the amount of positives. However, precision (TP/(TP+FP)) is highly sensitive to the amount of false positives. In addition, precision and recall can not be maximized at the same time as one comes as a cost of the other, showing why precision recall AUCs are more accurate. In Figure 5, one can see how the precision-recall AUC is lower than ROC AUC as the AUC of logistic regression is 0.95, adaboost AUC is 0.92, neural network AUC is 0.94, and ensemble AUC is 0.96. However, the AUC scores are all above 0.91 showing how the models are performing at high rates and are accurate in all aspects when diagnosing PC. 

Comparison to the State of the Art

Table 3: Comparison of this study's model performance to past studies.

In Table 3, one can see how the models in this research achieves higher accuracies and AUCs than the state of the art. The models achieved 10% higher accuracies than Yan et al. ) proving that they are able to distinguish between PC and other frequently misdiagnosed cancers and 2.) showing that they are able to diagnose PC in early stages above 85% accuracy.

Interpretability Results

There were many common miRNAs found significant through LIME interpretability in the logistic regression and adaboost algorithms. These included the upregulation of MIMAT0000079 (hsa-miR-24-1-5p), MIMAT0004592 (hsa-miR-125b-1-3p), MIMAT0004503 (hsa-miR-29a-5p), MIMAT0001639 (hsa-miR-409-3p), MIMAT0003255 (hsa-miR-588), MIMAT0004558 (hsa-miR-181a-2-3p), and MIMAT0000076 (hsa-miR-21-5p) and downregulation of MIMAT0004971 (hsa-miR-9210), MIMAT0000264 (hsa-miR-203a), MIMAT0003301 (hsa-miR-33b-5p), MIMAT0022470 (hsa-miR-56820), and MIMAT0001545 (hsa-miR-450a-5p) as shown in Figure 6. In addition, even though the miRNAs between the neural network interpretability through SHAP and adaboost/logistic regression interpretability were not the exact same, some were of similar groups. The miRNAs found most significant in the neural network included MIMAT0000081 (hsa-miR-25-3p), MIMAT0018967 (hsa-miR-4448), MIMAT0004592 (hsa-miR-125b-1-3p), MIMAT00 04602 (hsa-miR-125a-3p), MIMAT0019848 (hsa-miR-4727-3p), MIMAT0019953 (hsa-miR-2467-3p), MIMAT0022945 (hsa-miR-1236-5p), MIMAT0027686 (hsa-miR-6893-5p), MIMAT000 5876 (hsa-miR-1285-3p), and MIMAT0003218 (hsa-miR-92b-3p) as shown in Figure 6. The miRNAs were then proven to be involved in PC through literature. MiRNAs such as hsa-miR-24-1-5p, hsa-miR-29a-5p, hsa-miR-21-5p, and hsa-miR-25-3p have been identified to be commonly upregulated in PC as they significantly enrich protein-coding tumor suppressors like RB1 and growth factors like TGFBR2 which are involved in PC [START_REF] Volinia | A microrna expression signature of human solid tumors defines cancer gene targets[END_REF]. MiRNAs hsa-miR-125b-1-3p, hsa-miR-125a-3p, and hsa-miR-181a-2-3p are commonly upregulated in PC as they are involved in pancreatic endocrine differentiation by inducing high amounts of Ki67 proliferation [START_REF] Roldo | Microrna expression abnormalities in pancreatic endocrine and acinar tumors are associated with distinctive pathologic features and clinical behavior[END_REF]. Hsa-miR-450a-5p, hsa-miR-56820, hsa-miR-33b-5p, hsa-miR-203a, and hsa-miR-9210 downregulation is involved with higher expression of IPMN and mutations in KRAS, key genes which are differentially expressed in PC patients [START_REF] Wang | Next generation sequencing of pancreatic cyst fluid micrornas from low grade-benign and high grade-invasive lesions[END_REF]. Hsa-miR-409-3p, hsa-miR-92b-3p, and hsa-miR-588 are differentially expressed in PC and affect the COX2 pathway. Hsa-miR-1236-5p, hsa-miR-1285-3p, hsa-miR-2467-3p, hsa-miR-4448, hsa-miR-4727-3p, and hsa-miR-6893-5p were found to be upregulated in the saliva of PC patients and were proven to be potential biomarkers for PC [START_REF] Xie | Salivary micrornas show potential as a noninvasive biomarker for detecting resectable pancreatic cancer[END_REF].

Conclusion 6.1 Recap

The purpose of this research was to develop four algorithms to diagnose PC accurately, specifically, and early on because current literature does so at lower rates and there is no specific screening scan for PC today. MiRNAs were used to do this due to their involvement in signaling processes and genes that regulate PC and their prevalence in cancer, noninvasive behavior, cost effectiveness, and novelty in research. Thus, GSE59856 data was used and was standardized using quantile normalization. Further, due to the fact that there were only 519 samples and 2,554 miRNAs, key miRNAs were selected using feature selection methods such as statistical analysis using Pearson's correlation coefficient and chi-squared tests, recursive feature elimination, feature importance using ensemble decision trees, and the CyberT bioinformatics tool. 155 miRNAs were found to be highly significant in about 4-5 of the tests and were used as features for the algorithms. Three algorithms (a logistic regression, adaboost, and neural network models) were split into a testing, training, and validation dataset and tuned using GridSearchCV in the scikit learn package. Interpretability of the logistic regression and adaboost model was done using LIME and the most significant features used to predict outcomes in the neural network were found using SHAP. The three models were further combined into an ensemble algorithm as all models had different strengths and weaknesses.

Even though the data was imbalanced in terms of no PC sample, PC samples, and stages of PC samples, the models performed well. This was because the sensitivity and specificity were above 0.850 for all models and the likelihood ratios were significant. In addition, all the models had an accuracy of over 90% when diagnosing all stage, no PC (controlled+other cancers), and late stage PC, showing how the algorithms avoided misdiagnosis with other cancers at a high accuracy. Also, the algorithms were able to diagnose early stage PC at an accuracy of over 0.85, showing its accuracy in early diagnosis. Nonetheless, this research is important, as it is the first in literature to assess both misdiagnosis and early diagnosis of PC and was able to beat the state of the art's accuracy by 10% and AUC score by 20%. In addition, the 155 miRNAs chosen can specifically diagnose PC and not other cancers, avoiding misdiagnosis, and proves its performance in early diagnosis, factors not considered in previous research.

Limitations and Future Work

One limitation in this research was the lack of PC samples as there were 103 PC samples and 416 no PC and other cancer samples. In addition, there were only 22 early stage PC samples and 81 late stage samples. Furthermore, there were problems with ethicality in this dataset as the majority of patients were white and some were black. To lessen the problems with imbalanced data and ethicality, more diverse, early staged, PC samples can be found through other GSE datasets and public databases. Libraries like SMOTE can also be used to reduce data imbalance. A second limitation was the amount of time present to tune the three algorithms. Additional tuning can be done to make sure the algorithms reach their full potential. A third limitation is the feature selection techniques used. The majority of feature selection methods selected features independently and not dependently. More advanced methods of feature selection such as MCFS, LOOCV, and Deep Belief Nets can improve feature selection and further the performance of the models. In the future, this work can be expanded by investigating other frequently used algorithms used to diagnose cancers through expression analysis such as KNN, SVM, and random forest algorithms. Secondly, there is no such tool used to determine which treatment (fluorouracil, phenytoin, or oral retinoids) should be given to PC patients; this research can be expanded to use miRNA expression to determine treatment. Thirdly, a user interface or website can potentially be made for users to easily find a specific patient's likelihood of having PC and the stage that they are in, so that doctors can provide more specific treatment.
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 2 Figure 2: The confusion matrix and accuracy score of the testing dataset for the logistic regression, adaboost, feed forward neural network, and ensemble model.
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 3 Figure 3: The comparison of accuracy and F2 score of neural network, logistic regression, adaboost, and ensemble model depending on stage of PC.
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 4 Figure 4: ROC AUC value for logistic regression, adaboost, neural network, and ensemble model.
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 5 Figure 5: Precision-Recall AUC value for logistic regression, adaboost, neural network, and ensemble model.

  , 2020 and ≈ 20% improvement in AUC scores compared to Yan et al. 2019, Song et al. 2017, and Shi et al. 2018. Not only do these models outperform the state of the art, but these models improve on them by 1.
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 6 Figure 6: The most important features from neural network, logistic regression, and adaboost interpretability are displayed. In the logistic regression and adaboost interpretability, the orange represents upregulated miRNAs and blue represents downregulated miRNAs.