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Gradient Boosting for Predicting MGMT Status in Gliomas
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Gliomas are neurodegenerative tumors with traditionally poor outcomes. Gliomas are graded on a I-IV that reflects, in increasing scale, the rate of tumor growth as well as its aggressiveness. The integration of molecular subtyping diagnosis can accurately aid in the decision-making process. Methylation of the promotor region of the O 6 -methylguanine-DNA-methyl-transferase (MGMT) gene is a molecular marker which is associated with more favorable outcome in Glioma. The purpose of the current study is to evaluate the predictive values of MGMT methylation in patients with grade 2 and 3 Glioma using clinical and molecular informations, by deploying gradient tree boosting (GBT) machine learning (ML) model. Our findings revealed that the implemented model had a consistent performance in the classification of the MGMT status with F1 score value equal to 92%.

I. INTRODUCTION

Gliomas represent diverse groups of primary brain cancers with distinct molecular alterations and patient prognoses. Glioblastoma is the most common primary brain tumor in adults, and there remains a great challenge in their detection and diagnosis. Glioblastoma represents a grade 4 brain cancer based on the World Health Organization (WHO) Classification Guidelines of CNS tumors [START_REF] Louis | The 2016 World Health Organization classification of tumors of the central nervous system: a summary[END_REF]. Grade 1 tumors, which occur mainly in childhood, are associated with the best prognosis. Grade 2 (low-grade Gliomas (LGG)) characterize slow-growing, infiltrative tumors with an intermediate prognosis. However, grade 3 (Anaplastic) and grade 4 (Glioblastoma (GBM)) tumors are considered high-grade Gliomas (HGG) because they are aggressive and generally have a less favorable prognosis.

Conventionally, survival prediction in Glioma has been explored using clinical features. Genomic factors, however, have predictive importance in determining the outcome of Glioma patients. In this regard, non-invasive prediction of O 6 methylguanine-DNA methyltransferase (MGMT) promoter plays an important role in Glioma tumor diagnosis and prognosis. Methylation of the MGMT promoter inhibits the synthesis of MGMT in cancer cells by regulating the activity of the enzyme. As a result, temozolomide (TMZ), which is a type of chemotherapy, is more efficient, which is manifested by improved clinical results. Most extensively researched investigated in GBM patients [START_REF] Brandner | MGMT promoter methylation testing to predict overall survival in people with glioblastoma treated with temozolomide: a comprehensive meta-analysis based on a Cochrane Systematic Review[END_REF] and most recently assessed in grade 3 Gliomas [START_REF] Haque | Prognostic and predictive impact of MGMT promoter methylation in grade 3 gliomas[END_REF]. In summary, MGMT promoter methylation is a positive prognostic factor in glioblastoma patients.

In contrast to glioblastoma, the impact, if any, on MGMT promoter methylation for patients with LGG is not as well established. A retrospective analysis of patients from RTOG 0424 was the starting point for the first analysis that examined at the clinical effects of MGMT methylation [START_REF] Bell | Association of MGMT promoter methylation status with survival outcomes in patients with high-risk glioma treated with radiotherapy and temozolomide: an analysis from the NRG oncology/RTOG 0424 trial[END_REF]. The authors concluded that MGMT promoter methylation could be a prognostic biomarker for patients with LGG among those treated with temozolomide and radiotherapy after finding that among the 75 patients with a known MGMT methylation status; the presence of a methylated MGMT (mMGMT) promoter was associated with an improved overall survival (OS). However, considering that this was based on a small study, more research is needed to confirm these findings. Furthermore, the study did not explore whether MGMT promoter methylation had any prognostic relevance. To further confirm the role of MGMT for patients with grade 2 Gliomas, the second study with a larger study population
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Faculty of Sciences of Monastir, Tunisia Faculty of Medicine, University of Monastir, Tunisia manel.mili@isimm.u-monastir.tn Clinical Molecular suggests that MGMT has prognostic value with higher OS rates for patients with mMGMT compared to patients with unmethylated MGMT (uMGMT) [START_REF] Haque | Prognostic and predictive impact of MGMT promoter methylation status in high risk grade II glioma[END_REF]. The results also suggest that mMGMT is predictive, as evidenced by improved OS for patients who underwent total resection, adjuvant chemo radiation, or adjuvant radiation therapy.

In summary, it can be concluded that mMGMT is a prognostic factor for grade 2 and 3, and potentially a predictive biomarker. Patients with mMGMT tend to have a longer overall survival than patients with uMGMT as presented in TABLE I. However, it is currently underutilized in the US due to their high costs [START_REF] Horbinski | The medical necessity of advanced molecular testing in the diagnosis and treatment of brain tumor patients[END_REF]. With the recent development of artificial intelligence (AI) approaches such as machine learning (ML) and deep learning (DL), researchers are eager to apply these methods to Glioma survival prediction, allowing for integrated methods that include pathology, histology, molecular, imaging and clinical features. Our scientific premise states that by applying information theory and AI/ML approaches to modern neuropathology practices, we will generate objective clinical guidelines and standard operating procedures for workflows that reduce redundancy, accelerate the turnaround time (TAT) of neuropathology, reduce costs, and ultimately provide neuro-oncologists with the most relevant information in the fastest possible manner.

The contribution of the paper is as follow:

 Developing end-to-end approach-based ML models, intended for classification of MGMT status.  Validating the proposed model by detailing the experimental analysis in terms of Accuracy, Precision, Recall and F1-score.

II. MATERIALS AND METHODS

A. Materials

The 

B. Methods

Based on collected data, we will deploy AI/ML approaches capable of providing estimations regarding MGMT promoter status in patients with grade 2 and 3 Gliomas. We will achieve our goals by accomplishing the following specific steps detailed in Fig. 1: Fig. 1 General methodology: the process is initiated by preprocessing the data. Then, we will experiment with several AI models. A hyper-parameterization phase is performed in order to optimize the modeling settings. Finally, we evaluate the experimented models in order to select the optimum to be deployed.

1) Data Preprocessing

Data preprocessing procedure consisted of the following steps:

 Data Encoding : encoding categorical data is the process of converting categorical data into integer format so that the data with converted categorical values can be provided to the different models. In our dataset, data encode process was applied to gender, patient's diagnosis, recurrence, 1p/19q, MGMT, IDH1, IDH2, P53, and finally ATRX.

 Data Imputation : imputation is a technique used to replace missing data with a substituted value in order to retain most of the data/information in the dataset.

Removing missingness data can lead to a significant reduction in the size of the dataset, which leads to biasing the data set, hence producing incorrect analysis. There are many techniques for data imputation: replacement by 0, replacement by the mean value/mode value/most observed value, using an AI model to predict the lacking value, etc. In this work, we used KNN model to fill in the missing data.

It is worth highlighting that the 2 variables IDH1/2 and Recurrence have been removed as they contain too many duplicate values, and the column Clinical have been also removed, since it contains too many missing values.

 Data Re-sampling : unbalanced classifications present a challenge for predictive modeling. This results in models with poor predictive performance, especially for the minority class. In our dataset, the MGTM methylation status was 81% of the entire population (Fig. 2).

Fig. 2 The percentage of methylated MGMT (mMGMT) was 81% (status = 1), in comparison to umethylated MGMT (uMGMT), that was 19% (status = 0), resulting in an unbalanced data.

To overcome this problem, re-sampling methods re performed. There exist two main categories of resampling methods: under-resampling and oversampling. The former consists in randomly selecting and eliminating examples from the majority class, while the latter, and consists in duplicating samples from minority class. The major disadvantages of these methods are that under-sampling may result in losing important information, while over-sampling may lead to over-fitting the model. Furthermore, the size of the training set will grow, increasing the time required to train a classifier.

To overcome these limits, we used the "class weight" method. This method works well with small datasets. It consists in modifying the weights of the majority and minority classes during the training process of the model in order to obtain better results. It does not change the rationing of the minority and majority classes. Instead, it penalizes bad predictions on the majority class by giving more weight to the loss function. The weights are calculated using the inverse proportion of the class frequencies. Some AI models do not handle the "class weight" parameter, so we compute the value of "class weight" manually for these models.

2) Classification Approach

The purpose of this paper is to develop a predictive method capable of predicting the status of MGMT protein, thus enabling the development of prospective environmental paraments on the basis of which improved and realistic clinical systems can be derived. For this purpose, we have implemented a Gradient Tree Boosting (GTB) Model. In essence, this architecture, detailed in Fig. 3, involves combining several weaker learners in sequence manner in order to produce a stronger learner. The weak learners represent the individual decision trees. Each new decision tree is fitted to the residuals of the preceding phase in order to enhance the final model. The resulting model combines the output of each individual decision tree and a strong learner is obtained. A loss function is used to detect the residuals. To validate its potency in enhancing results, we opted for a comparison of the GTB model with 11 ML models including: Random Forest (RF), Logistic Regression (LR), LightGBM, XGBoost, Decision Tree (DT), Support Vector Machine (SVM), Stochastic Gradient Descent (SGD), K nearest neighbor (KNN), Extra Random Trees, Neural Network (NN), and Lasso Path, . To improve the performance of the selected models, we used the k-fold Cross-Validation search parameter (K-Fold). This technique consists in dividing the data into k subsets of equal size. Then, k-1 subsets are used as folded training sets while the remaining subset is retained to validate models. This process is then repeated k times, once for each fold defined by the subset used as the validation set. We set K = 5. For the search strategy, we used the grid search (GS). It consists in building a model on each possible combination of parameters. It iterates through each combination of parameters and stores a model for each combination. The resulted selected parameters for each model are summarized in 

Model

Selected parameters RF n_estimators=100, random_state=1337, max_depth=13, min_samples_leaf=1, verbose=2 GTB random_state = 1337, verbose = 0, n_estimators = 100, learning_rate = 0.1, loss = 'deviance', max_depth = 3 LR penalty="l2", random_state=1337 LightGBM boosting_type='gbdt', num_leaves=31, max_depth=-1, learning_rate=0.1, n_estimators=33, subsample_for_bin=200000, min_split_gain=0.0, min_child_weight=0.001, min_child_samples=30, subsample=1.0, subsample_freq=0, colsample_bytree=0.9, random_state=1337, n_jobs=4 XGBoost max_depth=3, learning_rate=0.2, min_child_weight=1.0, subsample=1.0, colsample_bytree=1.0, colsample_bylevel=1.0, reg_lambda=1.0, n_estimators=1, nthread=4, scale_pos_weight=1.0, base_score=0. 

III. RESULTS AND DISCUSSION

To validate the efficiency of the implemented models in enhancing results, we compared their performance through evaluation metrics. These metrics represent an important criterion to discriminate and obtain the optimal classifier, and thus assess the performance of the learning model. In this work, we select these metrics: These findings confirmed the efficiency of the proposed model in predicting the methylation of MGMT status using clinical and molecular data.

The most relevant variables for predicting the status of MGMT, as determined by GTB model, are listed in a decreasing order in Fig. 4: As a final database, we will obtain multimodal data including clinical and molecular data along with histological images. There are several techniques describing the process of combining data from diverse types of modalities detailed in Fig. 5. The first step consists in training a convolutional auto-encoder model and extracting vectors describing the most relevant characteristics from the images, called features map. Then, we will be experimenting with the different fusion strategies of data aggregation and retain the most performing one. We will retain the same purpose of predicting the status of MGMT. 

IV. CONCLUSION

MGMT plays an important role in tumor Glioma diagnosis and prognosis. The overall purpose of this work was to offer a credible and practical approach for assessing MGMT methylation status in patients with grade 2 or grade 3 Gliomas. As a result, we developed a gradient tree boosting (GTB) model. The experimental results showed that the proposed model exhibited good performance with 92 % F1 score. For future work, we are attempting to incorporate the histological images in the analysis to improve the results, and hopefully reduce the need to integrate molecular data in the analysis since their tests are quite expensive. BIBLIOGRAPHY

Fig. 3

 3 Fig. 3 Gradient Tree Boosting (GTB) Model: it consists in combining several weak learners to generate a strong learner. The weak learners in this instance are the individual decision trees. All trees are connected in series and each tree attempts to minimize the error of the previous tree. The final model aggregates the result of each step, producing a robust model.

  Where TP = True Positive, TN = True Negative, FP = False Positive, and FN = False Negative.By referring to

Fig. 4

 4 Fig.4The most relevant variables for predicting the status of MGMT promoter are: Age, Grade, ATRX, Gender, P53, Diagnosis, and finally X1p19q.

Fig. 5

 5 Fig. 5 Model architecture for different fusion strategies: early fusion concatenates original or extracted features at the input level, joint fusion similarly joins input-level features, but the loss is propagated to the feature extraction model, late fusion aggregates decision-level predictions.

TABLE I

 I 

		LONG-TERM SURVIVAL RESULTS ACCORDING TO TYPE OF
		TREATMENT AND MGMT STATUS [6]	
			MGMT status	
			uMGMT	mMGMT
	Treatment	RT	RT + TMZ	RT	RT + TMZ
	Median OS (months)	11.8	12.6	15.3	23.4
	2-year (OS %)	1.8	14.8	23.9	48.9
	3-year (OS %)	0	11.1	7.8	27.6
	4-year (OS %)	0	11.1	7.8	22.1
	5-year (OS %)	0	8.3	5.2	13.8
	MGMT, O 6 -methylguanine-DNA methyl-transferase; OS, overall survival;
	RT, radiotherapy; TMZ, temozolomide		
	In addition, classification of Gliomas has been explored using
	statistical approaches based on clinical features. Haque et al.
	[5, 3] attempted to evaluate the prognostic impact of MGMT
	methylation in patients with grade 2 and grade 3 Glioma,
	respectively, using demographics and clinical characteristics.
	Statistics in their study included Kaplan-Meier overall
	survival (OS) analysis alongside Cox proportional hazards
	modeling. Karschnia et al. [8] performed a retrospective
	analysis of 155 patients with Glioma grade 2 in order to
	evaluate the impact value of MGMT in approaching treatment.
	Demographic, clinical information, histopathology and
	molecular markers were included in their analysis. Their
	experiments results were validated using Student's T test,
	Mann-Whitey U-test, and ANOVA test.		

  used database was collected from the Department of Neuroscience, Pathology, and Neuropathology at Ohio City, USA. It includes 107 patients with tumor aggressiveness ranging from grade 2 to grade 3. It includes patient clinical data such as age, gender (male/female), patient's diagnosis (Astrocytoma and Oligodendroglioma), clinical notes, grades (II/III), and recurrence (Primary/Secondary), as well as molecular information including deletion of short arm Ch.1 and long arm of Ch.19 (1p/19q) (yes/no), methylation of O6methylguanine-DNA methyltransferase (MGMT) (yes/no), mutation of isocitrate dehydrogenase 1 (IDH1) (yes/no), mutation of isocitrate dehydrogenase 2 (IDH2 (yes/no), mutation of gene P53 (yes/no), and finally mutation of gene ATRX (Chromatin Remodeler) (yes/no).

	Variable	Signification
	Age	It indicates the age of a patient.
	Gender	It indicates the sex of a patient.
	Diagnosis	It indicates the diagnosis class.
	Clinical	It provides guidance for follow-up
	notes	treatment and care.
	Grades	It indicates the grade for diagnosis.
	Recurrence	The occurrence of cancer after a period of
		remission.
	1p/19q co-	It is a pathognomonic biomarker that
	deletion	defines a distinct Glioma entity.
	MGMT	It predicts a favorable outcome in
	methylation	glioblastoma patients exposed to
		alkylating agent-based chemotherapy.
	IDH	It has improved prognosis compared to
	mutation	Gliomas with wild-type IDH.
	(IDH1/IDH2)	
	P53	It plays an essential role in tumor
	transcription	prevention.
	ATRX	It is associated with tumor progression.
	mutation	

TABLE II :

 II 

TABLE II RESULTED

 II SELECTED PARAMETRS FOR EACH MODEL

  TABLE III, we can infer that the GTB model achieves the best results by scoring the highest value of F1 score.

TABLE III MODEL

 III EVALUATION RESULTS 

	Model	Accuracy Precision	Recall	F1 score
	RF	0.85	0.93	0.87	0.89
	GTB	0.90	0.86	1.00	0.92
	LR	0.82	0.82	1.00	0.88
	LightGBM	0.84	0.92	0.89	0.87
	XGBoost	0.80	0.87	0.93	0.89
	DT	0.83	0.84	0.88	0.85
	SVM	0.82	0.81	0.78	0.80
	SGD	0.86	0.87	0.88	0.87
	KNN	0.85	0.90	0.86	0.88
	Extra Random Trees	0.83	0.87	0.85	0.86
	NN	0.88	0.89	0.80	0.84
	Lasso Path	0.90	0.87	0.83	0.85