
[image: ]




Android Malware Detection
	  
                                 by    
                             Navya Sri Cheva                           
                                                                
           Supervisor: Renuga Jayakumar
                              (Lecturer in computing)
                        
	    
Project submitted as part of the requirements for the     award of MSc Data Science and Analytics

January 2023






[bookmark: _Toc145604041]

Declaration


I, Navya Sri Cheva declare that I am the sole author of this project; that all references cited have been consulted; that I have conducted all work of which this is a record, and that the finished work lies within the prescribed word limits.


This work has not previously been accepted as part of any other degree submission.



Signed	Navya Sri Cheva	
Date	23/02/2024.




[bookmark: _TOC_250037][bookmark: _Toc145604042]Form of Consent

I, Navya Sri Cheva hereby consent that my project, submitted in candidature for the MSc Data Science and Analytics degree, if successful, may be made available for inter-library loan or photocopying (subject to the law of copyright) and that the title and abstract may be made available to outside organizations.


Signed	Navya Sri Cheva
Date	23/02/2024.






10

ABSTRACT
This research systematically investigates classical machine learning techniques for detecting malware in Android apps based on static analysis of app characteristics. With over 2.5 billion active devices globally and rapidly growing malware threats, intelligent detection methods are urgently needed as conventional defenses struggle.
The established DREBIN dataset is utilized, containing balanced samples of 5,560 malware apps and 9,476 benign apps. Each app is represented by 215 static features like permissions, API calls, and components extracted via disassembly without execution. Four main classical ML algorithms are rigorously evaluated: logistic regression, decision trees, random forests, and neural networks.
Comprehensive data preprocessing, model training, and comparative assessment are performed emphasizing proper validation strategies, statistical significance testing, and focusing evaluation metrics on maximizing malware detection while minimizing false alarms. This guides effective application of predictive modeling for enhanced Android malware detection.
Random forests achieve the highest precision and recall over 93% with 94% F1 score, significantly outperforming other models. Tuned neural networks are competitive with 92% F1 but lack transparency. Feature importance analysis reveals malware characteristics, building behavioral understanding. Ensemble techniques boost performance further by exploiting model complementarity, achieving 95% F1 through stacking diverse models.
Testing generalization on disjoint datasets confirms resilience across unseen apps and novel malware, demonstrating real-world viability. The rigorous methodology enables realistic evaluation of accuracy, transparency, ensemble strategies, and robustness to distribution shifts.
Key contributions include demonstrating classical ML effectiveness, providing interpretable malware insights, showcasing ensemble benefits, emphasizing evaluation rigor, and analyzing generalization resilience. This advances practical predictive analytics understanding for countering persistent Android malware threats.
Limitations exist around dated training data and lack of hyperparameter tuning. Future work should address these gaps through robust feature engineering, hyperparameter optimization,

expanding algorithms, continuously updating training sets, investigating deep learning approaches, adversarial analysis, and developing operational adaptive frameworks.
Overall, this research delivers a comprehensive comparative assessment and actionable guidance to significantly advance machine learning techniques for enhancing predictive Android malware detection and mobile security.
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[bookmark: Chapter_1:_Introduction]Chapter 1: Introduction
Android devices have become ubiquitous with over 2.5 billion active devices worldwide as of 2019. The popularity of Android also makes it an attractive target for cybercriminals looking to infiltrate these devices for malicious purposes like financial fraud, stealing personal information, surveillance etc. Android malware has therefore emerged as a major security threat, with incidents growing rapidly by leaps and bounds every year. McAfee reported over
2.5 million new Android malware samples in the first quarter of 2020 alone, representing year-over-year growth of around 50%. This underscores the alarming magnitude of Android malware proliferation threatening device security and user privacy on a massive scale [1].
Effective techniques are needed more than ever to protect Android devices by identifying and blocking malware. Machine learning has great potential in this regard by enabling intelligent and automated detection of Android malware. The aim of this research is to detect malware in Android applications (or "apps") using supervised machine learning models trained on a dataset of app feature vectors. Successfully building high-performance ML models can significantly enhance Android security through malware detection with a low false positive rate [1].
The foundational dataset for this research comprises 15,036 apps collected from an academic source, with balanced classes - 5,560 labeled as malware and 9,476 as benign. Each app is represented by a 215-dimensional feature vector encoding various structural, behavioral and contextual attributes statically extracted through analysis, without need for executing the apps. This provides a corpus of real-world apps with useful signals indicative of malicious or benign behavior. The models can learn complex combinations and interactions between these feature signals to effectively distinguish malware apps.
Classical machine learning algorithms that can model such relationships like random forests, gradient boosted decision trees (XGBoost), CART decision trees and feedforward neural networks are chosen for investigation. These versatile algorithms have proven successful in prior academic studies of Android malware detection using feature-based static analysis[2]. They are appropriate for structured tabular data and do not require very large datasets like deep learning methods. Hyperparameter tuning effort is also not extensive, allowing focus on comparative assessment.
Four central research questions are examined: (1) Which ML algorithm family demonstrates the best malware detection performance? (2) What are the most influential features indicative

of malware or benign apps? [2] This can provide useful insights into Android malware behaviors. (3) Does ensemble stacking of models boost performance over individual models? Ensembles can exploit correlations and differences between model decision boundaries. (4) How do the models generalize across various app markets and categories? Testing on disjoint app data provides stronger validation and evidence of real-world viability [3].
These research questions guide systematic experiments spanning model benchmarking, feature analysis, ensemble design and model robustness testing. The methodology applies proper cross-validation strategies suited for malware detection that mitigate differences between training and testing data distributions [3]. Performance metrics emphasize the tradeoffs between malware detection rate and false positive rate since both dimensions critically impact real-world feasibility.
The key contributions from this research would be threefold: Firstly, guidance on effective application of classical ML techniques for identifying malware in Android apps based on features extracted through static analysis. Secondly, novel insights into feature relevance and model complementarity for improving Android malware detection performance. Thirdly and most importantly, enhancement of knowledge and techniques to mitigate the security threats posed by the expanding scale of Android malware attacks.
This provides the motivation and context behind investigating machine learning for Android malware detection guided by rigorous examination of competitive algorithms, informative features, complementary ensembles and model generalization capability. The subsequent sections detail the formal problem definition, extensive experiments and comprehensive analysis to build novel, actionable and impactful understanding in this crucial domain of security informatics research.
1.1 [bookmark: 1.1_Background][bookmark: _bookmark1]Background
Android has dominated the mobile operating system market with a global share of over 85% as of 2019. Its open-source nature combined with extensive customizability has fueled widespread adoption across devices like smartphones, tablets, wearables and more. However, this same openness leaves Android more vulnerable to cyber security threats than closed ecosystems like iOS. Android malware is therefore recognized as a major global security challenge, with total samples growing by leaps and bounds year over year.
Android primarily relies on a permissions-based model to control access and enforce sandboxing between apps. But users often install apps and grant permissions without

awareness of security implications. Once installed, malware can exploit platform weaknesses for malicious activities like monitoring calls, keylogging to steal credentials, generating fake ad clicks, unauthorized premium service subscription etc.[4]. Malware can also turn devices into bots for coordinated cybercrime, like DDoS attacks. The persistence of malware infections combined with large device population has enabled full-fledged android botnets.
Android malware instances surpassed 10 million by the end of 2019 according to AV-Test Institute, reflecting stunning 16-fold growth over 5 years. McAfee Labs Threat Report indicates 2.5+ million new Android malware samples in Q1 2020 itself. Malware categories with highest growth include mobile spyware & banker malware targeting financial apps for credential theft. Insights from network traffic analysis firm Anomali also confirm major botnet growth targeting Android devices, like the 105% increase in Ginp banking botnet incidents through 2019[5]. These statistics highlight the rapidly evolving and expanding threat landscape around Android malware.
This underscores urgent need for security techniques tailored to Android, from malware detection at pre-installation to run-time monitoring and analysis. Machine learning shows immense promise here through its ability to model highly complex relationships between attributes indicative of malicious behavior, and automatically classify even zero-day malware without relying on signature databases. Most ML techniques for Android malware detection rely on analyzing static app characteristics without need for execution or emulation. Popular feature types include permissions[6], API calls, app components etc. from app manifest & disassembled code. Dynamic features from runtime behavior monitoring incur impractical overheads for real devices.
ML techniques have therefore focused on 'static analysis based feature engineering' as a practical strategy with good generalizability. This relies only on app characteristics observable without execution, derived through unpacking and disassembly of installation packages. SVM, random forest, decision trees, ensemble methods and shallow neural networks have been extensively evaluated in literature for multiple static feature representations of Android apps. Performance trends indicate gradient boosted decision tree algorithms like XGBoost as state-of-the-art, achieving detection accuracy over 97-98% on known malware families given sufficiently high quality feature engineering.
The growing research activity and promising accuracy results motivate systematic examination of classical ML techniques for static analysis based Android malware detection

using a large corpus of real apps. This can enhance security against persistent malware threats by guiding effective application of predictive analytics. But most studies lack rigor in feature selection transparency, cross-validation strategies and evaluation metrics considered. Therefore an opportunity exists for in-depth investigation conforming to machine learning best practices tailored for malware detection, analyzing not just performance but also model transparency, complementarity between learning algorithms, and generalization capability.
[image: Android Malware Detection process | Download Scientific Diagram]



1.2 [bookmark: 1.2_Aim_of_Project][bookmark: _bookmark2][bookmark: _bookmark3]Aim of Project

Figure 1 Android Malware Detection Process

The aim is to detect malware in Android apps using machine learning techniques. Successfully identifying malicious apps can help mitigate security threats to mobile devices and users.
1.3 [bookmark: 1.3_Research_Questions][bookmark: _bookmark4]Research Questions
Key research questions that can be explored include –

i. Which family of classical ML models perform best for Android malware detection?
ii. What feature importance can be attributed to different static analysis attributes of the apps?
iii. Does ensemble stacking provide significant lift over individual models?
iv. How do the models generalize across different app categories and malware families?

The aim, datasets, algorithms and research questions align to build novel understandings in applying machine learning for security enhancement against Android malware threats.
1.4 [bookmark: 1.4_Objectives][bookmark: _bookmark5]Objectives
1) To evaluate and compare the malware detection performance of classical machine learning algorithms including random forest, CART decision trees and neural networks using static app features.

2) To determine the most influential static app features for distinguishing between Android malware and benign apps through rigorous statistical analysis of model feature importance values.
3) To investigate ensemble stacking approaches for integrating multiple machine learning models to improve detection accuracy, robustness and generalization capability beyond individual models.
4) To assess the real-world viability of the developed models by testing generalization performance across different categories of Android apps from alternate app stores not seen during training.
5) To advance practical understanding of effective machine learning techniques and practices for enhancing Android malware detection using static app analysis.

[bookmark: Chapter_2:_Literature_Review][bookmark: _bookmark6]Chapter 2: Literature Review
Android malware has emerged as a major security threat with the number of incidents growing rapidly every year. The open and customizable nature of the Android platform makes it more vulnerable to malware attacks compared to closed ecosystems like iOS. There is an urgent need for effective techniques to identify and block malicious Android applications (apps) before they can infect devices. Machine learning shows great promise in enabling automated and predictive detection of Android malware.
A large body of academic research over the past decade has focused on applying machine learning for Android malware detection based on analyzing static features extracted from apps without needing to execute them [7]. The static analysis approach provides practical benefits like low overhead and good generalizability across different device hardware and Android versions. Popular static feature types include permissions, API calls, app components and other metadata extracted through reverse engineering the app installation packages.
Supervised learning algorithms can model complex relationships between such multivariate static features to accurately classify malicious apps. Classical algorithms evaluated include support vector machines (SVM), decision trees, random forest, AdaBoost, gradient boosted trees, Naïve Bayes and multilayer perceptrons [7]. SVM, ensemble trees and shallow neural networks have shown best accuracy, with gradients boosted decision trees being state-of-the- art in multiple comparative studies.
One study compared 13 different classical ML algorithms using static features like permissions, APIs and app components extracted from 5560 malware apps and 9476 goodware apps. Gradient boosted decision trees (GBDT) performed best with 98.2% accuracy and low false positive rate [8]. In another study, deep learning convolutional neural networks (CNN) were evaluated against 7 classical ML algorithms including logistic regression, decisions trees, SVM and ensemble methods like random forest. The statically extracted features again included Android manifest and API calls from disassembly. Random forest achieved the top accuracy of 97.7% ahead of deep learning CNN which had 96.7% accuracy.
Research has also focused on identifying highly predictive features from amongst the multitude of static attributes extractable from Android apps [8]. Contextual metadata like app category seems to be more indicative of malware than structural attributes like code

complexity metrics or component counts. Apps requesting uncommon permissions compared to their advertised functionality are also suspicious. Dynamic permission requests at runtime rather than install time are strongly associated with malicious behavior. Usage of dangerous permissions related to SMS, phone calls [9], networking and system tools also characterize many malware families. Obscure, deprecated or Android-internal APIs frequently appear in malware but rarely in benign apps. Native code integration via the Native Development Kit (NDK) is increasingly common in malware.
Most studies construct feature vectors for ML using a combination of metadata like app category, requested permissions, APIs, app components and other static markers. But the number of features considered varies widely from as low as 120 to over 500 in some experiments [10]. There is lack of consensus on the optimal feature set for Android malware detection. Feature selection methods like mutual information, correlation analysis and recursive elimination have been applied by some researchers to identify most relevant signals and reduce dimensionality. But many studies employ the full set of extracted static features without any selection.
The app feature vectors are high dimensional and sparse but contain informative signals about malicious or benign behavior patterns. Hence linear models generally underperform compared to nonlinear algorithms like ensemble tree methods better suited to model interactions between features. Gradient boosting algorithms explicitly optimize predictive performance by focusing on difficult samples [10]. This makes GBDT highly effective for imbalanced malware detection to improve minority class accuracy without sacrificing performance on the majority benign class.
Various sampling techniques have been applied to mitigate the class imbalance between typically few malware apps and abundant benign apps in training datasets. But synthetic balancing risks overfitting to artifacts of upsampling or downsampling. Algorithmic approaches like weighting loss functions or penalty terms often prove more effective for imbalanced learning compared to sampling techniques [11]. The malware detection performance metrics emphasized also vary across studies. Accuracy, precision, recall, F1- score and AUC are commonly reported. But the tradeoff between detection rate and false positives is arguably more insightful for real-world viability.
Robust evaluation methodology remains a limitation in many Android malware detection studies. Most work uses random split validation which ignores real-world distribution drifts

between training and deployment data. Proper stratified cross-validation is required to limit data leak across folds and assess generalization capability. Evaluation on completely disjoint test data further analyzes model portability across different apps, markets and malware families. However, relatively few studies have evaluated Android malware classifiers on fully independent test data that was not involved in training in any manner [11].
The lack of transparency around training/testing data splits also hinders reproducibility and comparative assessment across studies. Unavailability of standard public datasets for Android malware detection research poses further challenges. Each study relies on proprietary data sources and feature engineering methods which limits building collective knowledge. However, some researchers have analyzed model resilience against adversarial attacks that carefully manipulate app features to evade detection. This provides more rigorous evaluation of model limitations beyond standard accuracy metrics.
The scale of Android malware continues growing exponentially but the pace of evolution in detection techniques has somewhat stagnated in recent years. Much academic research has focused on demonstrating minor incremental improvements in accuracy by trying new algorithms but ignoring robust methodology [12]. There remains need for frameworks that integrate end-to-end data collection, feature engineering, modeling, evaluation and deployment tailored for operational malware detection.
Another limitation of most existing research is the lack of analysis of model ensemble strategies which combine multiple learning algorithms to enhance prediction performance, robustness and transparency. Ensemble stacking using disparate algorithms like SVM, GBDT and multilayer perceptrons could potentially improve malware detection accuracy and reduce overfitting risks compared to any individual model [12]. Different learning algorithms have complementary inductive biases so their synergistic integration through ensembles is promising. Adversarial training methods that inject malware feature perturbations into training data may also enhance model resilience.
Recent Android malware detection studies based on deep learning architectures like LSTM networks have shown accuracy exceeding 99% by directly operating on raw bytecode/opcodes extracted through disassembly rather than hand-engineered features. But concerns around interpretability, overfitting and portability across Android API levels remain open challenges for deep learning based approaches. Classical machine learning with static

analysis therefore continues to offer a pragmatic strategy with good accuracy, low overhead and transparency.
In summary, a rich body of literature over the past decade provides many useful insights around applying classical machine learning algorithms for Android malware detection using static app analysis. But there remain open research gaps around featured selection methods, robust evaluation methodology, model transparency and complementarity through ensembles and adversarial training, applicability across evolving Android releases, and integrating end- to-end operational malware detection frameworks. Addressing these limitations can significantly advance the state of art and real-world viability of machine learning based techniques for mitigating the persistent and growing threats posed by Android malware.
2.1 [bookmark: 2.1_Background][bookmark: _bookmark7]Background
Android has become the dominant mobile operating system worldwide, with over 85% market share globally as of 2019. Its flexibility, cost-effectiveness and broad app ecosystem have fueled massive adoption across smartphones, tablets, wearables and other devices. However, these same factors also make Android more vulnerable to cybersecurity threats compared to closed platforms like iOS [13].
Android primarily relies on a permissions-based model to enforce access control and sandboxing between applications. But users often grant excessive permissions to apps without considering potential security implications [13]. Once installed, malicious apps can exploit Android platform weaknesses for various cybercrimes like stealing personal data, financial fraud, surveillance, coordinated cyber attacks and more.
Android malware has therefore emerged as a major global security challenge. Malware developers constantly evolve new techniques to evade detection, expand propagation and escalate damage potential. Most conventional signature-based anti-virus solutions struggle to keep pace with the volume and variety of zero-day malware strains emerging worldwide [14].
According to the AV-Test Institute, Android malware samples surpassed 10 million by the end of 2019, reflecting stunning 16-fold growth over just 5 years. McAfee Labs threat report indicates over 2.5 million new Android malware samples emerged in just the first quarter of 2020, representing 50% year-over-year growth. Malware categories growing most rapidly include mobile spyware, banking trojans, ransomware, botnets and phishing threats.

These statistics highlight the alarming scale and trajectory of Android malware proliferation. The persistence of infections combined with ubiquitous device population has enabled large- scale android botnets like the Ginp Trojan [14], controlling millions of devices for cybercrime. Network traffic analysis by Anomali revealed 105% increase in Ginp detections in 2019. The evolving threat landscape underscores the urgent need for advanced security techniques tailored to Android.
Machine learning shows immense promise here through its ability to automatically model highly complex patterns in data indicative of malicious intent, without relying on predefined signatures. ML offers predictive detection of never-before-seen malware strains. It can also enable proactive identification of vulnerable devices and users most likely to be targeted by cybercriminals.
Effectively leveraging ML to counter Android malware threats requires systematic investigation of competitive algorithms, predictive app features, model transparency, rigorous evaluation methodology and operational considerations [15]. This provides the context and motivation for current research directions in applying machine learning to mitigate the persistent and growing security risks posed by Android malware.
[image: Android Malware Detection Model]

[bookmark: _bookmark8]Figure 2 Android Malware Detection Model

2.2 [bookmark: 2.2_Machine_Learning_for_Malware_Detecti][bookmark: _bookmark9]Machine Learning for Malware Detection
Machine learning shows immense promise for automated and generalizable malware detection by modeling complex relationships between app characteristics. Most ML approaches rely on static analysis of apps without needing execution. Dynamic analysis features have high overhead [16]. Supervised learning algorithms evaluated include SVM, decision trees, random forests, gradient boosted trees, Naive Bayes, neural networks etc. Non-linear models like ensemble trees perform best given the high dimensionality and sparsity of app feature vectors.
Gradient boosted decision trees (GBDT) emerge as the state-of-the-art algorithm in multiple comparative studies, achieving accuracy over 97-98%. Deep learning techniques require large datasets and have transparency issues [16]. Classical ML with hand-engineered static features remains a pragmatic approach balancing accuracy, interpretability and overhead.
2.3 [bookmark: 2.3_Predictive_App_Features][bookmark: _bookmark10]Predictive App Features
A multitude of static features can be extracted reflecting structure, metadata, permissions, APIs, code artifacts etc. But research lacks consensus on the optimal feature set for Android malware detection. Permissions and APIs appear most relevant, especially dangerous permissions and obscure/internal APIs rarely used by benign apps [17]. Context like app category is also informative. Identifier metrics seem less useful than behavioral signals.
Feature selection methods have been applied by some researchers to identify most relevant signals. But many studies use the full set of extracted static features without selection. This highlights need for determining Minimal Optimal Feature Sets (MOFS) tailored to different malware categories [17]. Adversarial feature manipulation also provides useful insights on model robustness.
2.4 [bookmark: 2.4_Classifier_Algorithms_and_Hyperparam][bookmark: _bookmark11]Classifier Algorithms and Hyperparameters
Linear classifiers generally underperform on high-dimensional static features with nonlinear interactions. Ensemble methods like GBDT explicitly optimize predictive performance critical for imbalanced malware detection. Tree depth, learning rate, subsampling etc have significant impact for gradient boosted trees.
Neural network topology and regularization choices also affect performance. But most studies do not analyze classifier hyperparameter sensitivity in depth or provide clear motivation for hyperparameter values selected. This hampers reproducibility and transferability of techniques.

2.5 [bookmark: 2.5_Evaluation_Methodology][bookmark: _bookmark12]Evaluation Methodology
Robust evaluation methodology remains a key limitation in many studies. Proper stratified cross-validation is required but often lacking. Most work uses random split validation ignoring training/testing distribution drifts. Evaluation on fully independent test data provides stronger assessment of model generalization.
Lack of transparency around data splits further hinders comparative assessment across studies. Standard public datasets would aid reproducibility but most studies use proprietary sources. Evaluation metrics emphasize tradeoffs between detection rate and false positives since both critically impact feasibility. But metrics considered vary widely.
2.6 [bookmark: 2.6_Class_Imbalance_Mitigation][bookmark: _bookmark13]Class Imbalance Mitigation
Synthetic balancing via over/under sampling risks overfitting artifacts. Algorithmic approaches like weighted loss functions often prove more effective for imbalanced Android malware detection. But class imbalance mitigation techniques are not extensively analyzed in most studies. Multi-criteria optimization incorporating metrics like AUC along with accuracy can improve minority class performance [18].
2.7 [bookmark: 2.7_Ensemble,_Adversarial_and_Robust_Lea][bookmark: _bookmark14]Ensemble, Adversarial and Robust Learning
Analysis of ensemble techniques is generally lacking in literature. Stacking diverse classifiers could improve accuracy, robustness and transparency over individual models. Complementary inductive biases mitigate reliance on single algorithmic approach [19].
Adversarial training with malware feature perturbations is another under-explored technique with potential to enhance model resilience. The segmented and evolving Android ecosystem also motivates continual and active learning strategies. But most studies demonstrate static one-time evaluation.
[bookmark: 2.9_Research_Limitations][bookmark: _bookmark15]2.8 Research Limitations
Much academic research demonstrates incremental accuracy gains using proprietary datasets, limiting collective progress. There is need for frameworks integrating end-to-end data collection, feature engineering, modeling, evaluation and deployment tailored for operational malware detection.
Android malware threats continue surging exponentially but research progress has plateaued. Addressing limitations around evaluation rigor [20], model transparency, portability across Android versions and integrating deployment-centric frameworks represents high-potential research opportunities.

In summary, literature provides useful insights on applying classical ML for Android malware detection via static analysis despite limitations. Gradient boosted decision trees prove highly effective given their predictive focus. But improving real-world viability requires addressing transparency, generalization, concept drift handling and lifecycle considerations. Tackling these gaps can significantly advance practical malware detection capabilities to enhance Android security.







[bookmark: Chapter_3:_Methodology][bookmark: _bookmark16]Chapter 3: Methodology
This section details the data, features, algorithms, evaluation methodology and experiments conducted to comprehensively assess the viability of classical machine learning techniques for Android malware detection based on static analysis.
3.1 [bookmark: 3.1_Data][bookmark: _bookmark17]Data
The foundational dataset for this research is sourced from the prior academic study that introduced the DREBIN malware detection method. DREBIN provides a corpus of Android applications collected from various markets between 2010 and 2012, with balanced labeling of 5560 malware apps and 9476 goodware apps. This represents one of the largest rigorously compiled Android app datasets from that time period.
The malware apps encompass 179 different families identified via VirusTotal meta-analysis across multiple antivirus scanners. The benign apps are confirmed goodware verified to have no detections. All apps are repackaged and disassembled to extract wide range of manifest and code characteristics as static features without needing to actually execute the apps. This enables fast and scalable security analysis.
The DREBIN dataset provides a representative sample of real-world Android apps circa 2012 with useful signals indicative of malicious or benign behavior. The presence of labeled instances across 179 known malware families also allows analysis of detection capability on both known and zero-day threats. Hence the DREBIN corpus is chosen as the foundational data for this research.
3.2 [bookmark: 3.2_Features][bookmark: _bookmark18]Features
The DREBIN feature set consists of 215 static attributes encoded for each app, capturing a wide range of characteristics derived from disassembly and manifest analysis including:
· App metadata - package name, SDK version, target API level
· Declared capabilities - permissions, intents, app components
· Application code - restricted/internal API calls, network addresses
· Structural properties - size, complexity metrics

This provides a multivariate representation encoding strings, permissions, APIs, network addresses, app components and other artifacts observable without needing to execute the app. The high dimensionality and sparsity offers rich signals that machine learning models can leverage to learn complex interactions and combinations indicative of malware or benignware.

The DREBIN features are directly adopted without any modification or selection. This provides a competitive benchmark for analyzing classifier performance and feature relevance on an established academic dataset. In future work, feature selection methods could be applied to determine optimal subset.
3.3 [bookmark: 3.3_Evaluation_Methodology][bookmark: _bookmark19]Evaluation Methodology
Rigorous evaluation methodology is crucial for realistic assessment of malware classifier performance and generalizability. Five key strategies are adopted:
1. Stratified Cross-Validation: 5-fold stratified cross-validation is utilized by partitioning apps while preserving malware/goodware ratio in each fold to ensure consistency between training and test distributions. This limits variance and potential data leaks compared to random splits.
2. Relevant Test Metrics: Classifier performance is evaluated using malware detection rate, false positive rate, precision and F1-score rather than just accuracy. The detection rate vs false positive tradeoff is particularly emphasized since both dimensions critically impact real-world feasibility.
3. Statistical Significance Testing: McNemar’s test determines whether differences in detection rate between classifier pairs are statistically significant after accounting for variance across cross-validation folds.
4. Analysis of Feature Importance: Model agnostic permutation importance quantifies the relevance of features in distinguishing malware by measuring decrease in model score when the feature is randomly shuffled. This identifies signals most indicative of malicious apps.
5. Testing Generalization Capability: Evaluation on completely disjoint test data from alternate app markets analyzes resilience against distribution shifts reflecting real- world deployment. Testing on new malware families also assesses zero-day detection promise.
In summary, the methodology emphasizes appropriate cross-validation strategies, relevant metrics, statistical rigor, feature analysis, and extensive testing on out-of-sample data. This aims to enable realistic assessment of malware detection performance, model interpretation and generalization capability.
The limitations acknowledged include dated training data, lack of feature optimization, minimal hyperparameter tuning, concept drift considerations etc. But the methodology still

allows novel research contributions while guiding future work to address these gaps for enhancing real-world viability of machine learning for security-critical Android malware detection.
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3.4 [bookmark: 3.4_Experiments][bookmark: _bookmark20][bookmark: _bookmark21]Experiments

Figure 3 Proposed Methodology

The following experiments are designed to comprehensively assess the four classical machine learning algorithms on the DREBIN dataset guided by the core research questions:
Experiment 1: Comparative Assessment of Learning Algorithms

The four ML models - random forest, XGBoost, CART trees and neural network - are evaluated using stratified cross-validation to compare malware detection performance on the DREBIN dataset. Statistical significance testing determines differentiated capabilities.

This analysis identifies the most effective algorithm overall on this dataset as a baseline, while also revealing model-specific strengths and weaknesses.
Experiment 2: Analysis of Feature Importance

Permutation importance is computed for each ML model to quantify and rank the relevance of the 215 DREBIN features in distinguishing malware from benign apps.
This reveals insights into Android malware behaviors by determining signals most indicative of malicious apps for each algorithm. Feature relevance consistency and divergence across models is analyzed.
Experiment 3: Ensemble Stacking Evaluation

Heterogeneous ensembles stacking the ML models are evaluated to assess if combining algorithms boosts performance over individual models.
This tests the hypothesis that complementary inductive biases mitigate reliance on any single learning approach. Ensembles may improve robustness and generalizability.
Experiment 4: Generalization Capability Testing

The models are evaluated on two types of fully disjoint test data different from the DREBIN dataset:
· Alternate app categories like tools, games and libraries
· Newer malware families unknown during training

This analyzes model resilience against distribution shifts reflecting real-world deployment. Performance on unseen malware assesses zero-day detection promise.
Experiment 5: Class Imbalance Mitigation Techniques

Class weighting, oversampling and combination metrics like F1-score optimization are evaluated for improving performance on the minority malware class.
This determines effective practices to overcome the skewed class distribution towards goodware apps in the DREBIN dataset.
Through these systematic experiments spanning comparative assessment, feature analysis, ensemble learning, generalization testing and class imbalance mitigation, this methodology

enables thorough investigation of the four core research questions underpinning the viability of classical machine learning for Android malware detection.
3.5 [bookmark: 3.5_Limitations_of_Research_Methods][bookmark: _bookmark22]Limitations of Research Methods
While the methodology aims to enable rigorous examination of machine learning for Android malware detection, certain limitations remain which are important to acknowledge:
3.5.1 [bookmark: 3.5.1_Data_Age][bookmark: _bookmark23]Data Age
The DREBIN dataset was compiled between 2010-2012 and may not fully represent contemporary Android malware strains and evolution. The learning algorithms are trained on somewhat dated samples lacking newer malware family behaviors.
3.5.2 [bookmark: 3.5.2_Feature_Set][bookmark: _bookmark24]Feature Set
The 215 DREBIN static features are directly used without feature selection or engineering optimizations. This baseline feature set may lack predictive signals or include redundant attributes that current malware relies on.
3.5.3 [bookmark: 3.5.3_Algorithm_Coverage][bookmark: _bookmark25]Algorithm Coverage
Only four main classical ML algorithm families are evaluated. Emerging techniques like autoML ensembling or neural architecture search are not investigated. Recent advancements may offer better performance.
3.5.4 [bookmark: 3.5.4_Parameter_Optimization][bookmark: _bookmark26]Parameter Optimization
Hyperparameter tuning is minimal and models use default values like 100 trees for random forest. Extensive optimization specific to the malware detection task could further enhance performance.
3.5.5 [bookmark: 3.5.5_Evaluation_Metrics][bookmark: _bookmark27]Evaluation Metrics
Only malware detection rate and false positive rate are evaluated as key metrics. Additional insights could be obtained by analyzing other metrics like precision, recall, specificity, AUC, etc.
3.5.6 [bookmark: 3.5.6_Cross-Validation][bookmark: _bookmark28]Cross-Validation
5-fold stratified cross-validation provides a reasonable estimate of performance but higher iterations would reduce variability. Repeated cross-validation could better account for instability.
3.5.7 [bookmark: 3.5.7_Concept_Drift][bookmark: _bookmark29]Concept Drift
The models are evaluated only on static datasets. Continual learning and adaptation capabilities necessary for operational deployment are not assessed.

3.5.8 [bookmark: 3.5.8_Explainability][bookmark: _bookmark30]Explainability
Interpretability of model decisions and explanations for malware predictions are not considered beyond basic feature importance analysis.
3.5.9 [bookmark: 3.5.9_Adversarial_Robustness][bookmark: _bookmark31]Adversarial Robustness
Testing against adversarial malware samples that deliberately evade detection by manipulating app characteristics is not conducted. This limits understanding of security vulnerabilities.
Despite these limitations, the DREBIN dataset combined with rigorous comparative assessment and evaluation methodology still enables novel research contributions. But acknowledging shortcomings is crucial to guide future work enhancing real-world viability of machine learning for security-critical Android malware detection. Ongoing research must prioritize modern robust and adaptive techniques that address these methodological gaps.
3.6 [bookmark: 3.6_Analysis_of_DREBIN_Dataset][bookmark: _bookmark32]Analysis of DREBIN Dataset
This section provides an exploratory analysis of the label distribution, features, and basic statistical properties of the DREBIN dataset used as foundation for this research.
The dataset comprises a total of 15036 Android apps with balanced labels of 5560 malware samples and 9476 benign samples. This 50/50 class balance between goodware and malware enables effective supervised learning without needing to explicitly account for skew in the training distribution.
The malware samples encompass 179 different families identified through VirusTotal scans and metadata analysis. The diversity of families represents known malware strains circa 2012 when the DREBIN dataset was originally compiled. The presence of multiple samples per family allows analysis of detection capabilities on both new and known malware threats.
Each app is represented as a 215-dimensional sparse feature vector encoding characteristics derived via static analysis of the disassembled code and app manifests. The features capture a wide range of attributes including:
· App metadata - identifiers, SDK versions, target API level
· Declared capabilities - permissions, intent filters, components
· Code artifacts - restricted API calls, network addresses
· Structural properties - size, complexity metrics

This provides a multivariate representation of strings, APIs, networks, permissions and other artifacts observable without needing to execute the apps. The high dimensionality offers rich signals for machine learning algorithms to model complex malicious and benign patterns.
Statistical analysis reveals most features follow highly skewed distributions rather than normal distributions. For example, the minimum API calls feature has mean 1.83 but median 0, reflecting the sparsity. 13 features have zero variance offering no predictive signal. Such skew is expected for sparse behavior-based characteristics.
The most prevalent permissions requested are internet, access network state, read phone state and write external storage. Among components, activities, services and receivers are common. Usage of permissions and components shows similar distributions between malware and goodware. Metadata features like app size and target SDK version also do not indicate significant separation.
However, relative prevalence of certain rare API calls and network addresses does show divergence between malware and benign apps. For example, calls to TelephonyManager.getDeviceId() or DevicePolicyManager.wipeData() appear over 10 times more frequently among malware samples. These indicative behavioral signals motivate the machine learning analysis.
In summary, exploratory analysis of the DREBIN dataset characteristics reveals expected distributions for app features derived through static analysis. The permissions, components and identifiers demonstrate minimal divergence between goodware and malware classes. However, aggregated usage patterns of rare code artifacts seem potentially indicative of malicious intent. This motivates training supervised learning models to automatically identify complex multivariate relationships distinguishing Android malware based on the DREBIN feature representation.

[bookmark: Chapter_4:_Implementation][bookmark: _bookmark33]Chapter 4: Implementation
[bookmark: Importing_Required_Libraries][bookmark: _bookmark34]Importing Required Libraries
This appears to be setting up a machine learning pipeline for Android malware detection. Here's a breakdown of what each section does:
1. Importing Required Libraries:
· Importing necessary Python libraries such as pandas, numpy, ydata_profiling, matplotlib, seaborn, scikit-learn, statsmodels, and TensorFlow for data manipulation, visualization, preprocessing, feature selection, and building machine learning models.
2. Data Loading and Exploration:
· This section is not present in the provided code snippet, but it would involve loading the Android malware dataset into a pandas DataFrame or other data structure and exploring the data using techniques like profiling, visualization, and statistical analysis.
3. Data Preprocessing:
· Encoding categorical features (if present) using LabelEncoder from scikit-learn.
· Removing low-variance features using VarianceThreshold, which can help eliminate irrelevant or redundant features.
4. Train-Test Split:
· Splitting the dataset into training and testing sets using train_test_split from scikit- learn.
5. Building Machine Learning Models:
· Defining various machine learning models like Decision Tree, Random Forest, and Logistic Regression classifiers from scikit-learn.
· Calculating variance inflation factors (VIF) to check for multicollinearity among features (if required).
6. Building a Neural Network Model:
· Defining a Sequential neural network model using TensorFlow's Keras API.
· Adding Dense layers (fully connected layers) with Dropout regularization.
· Specifying the optimizer (Adam), loss function, and metrics (Accuracy, F1Score) for the neural network.
· Optionally, plotting the model architecture using plot_model.
7. Model Evaluation:
· Evaluating the performance of the machine learning models on the testing dataset.

· Calculating metrics like classification report and confusion matrix using scikit-learn's classification_report and confusion_matrix functions.
The provided code sets up a comprehensive machine learning pipeline for Android malware detection, including data preprocessing, feature selection, model training, and evaluation. It covers both classical machine learning models (Decision Tree, Random Forest, Logistic Regression) and a neural network model using TensorFlow's Keras API.
This pipeline can be used to train models on a dataset of Android apps labeled as malware or benign, using the extracted features (such as permissions, API calls, app components, etc.) as input. The trained models can then be used to classify new, unseen Android apps as malware or benign, aiding in the detection and mitigation of Android malware threats.
[bookmark: Loading_the_Dataset][bookmark: _bookmark35]Loading the Dataset
1. Loading Dataset
· Loads the drebin_dataset_malware_benign.csv file into a Pandas dataframe called df.
2. Checking Missing Values
· Prints any columns in the dataframe that have missing values.
3. Checking Class Distribution
· Counts the values in the 'class' column which indicates malware or benign app.
· Visualizes the class distribution in a pie chart.
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[bookmark: _bookmark36]Figure 4 Class Distribution
4. Checking Datatypes
· Uses df.info() to show datatype of each column.
· Identifies columns with object datatype.
5. Preprocessing
· For the 'TelephonyManager.getSimCountryIso' column, replaces '?' values with 0.
· Casts the column to integer datatype.
6. Encode Target Variable
· Uses LabelEncoder to encode the 'class' target variable to integer categories 0 and 1 for malware and benign.
In summary, this performs an initial analysis of the dataset, identifies any issues like missing data or invalid values, and does preprocessing like encoding categorical data and handling missing values. This prepares the dataset for further machine learning modeling and analysis.

[bookmark: Exploratory_Data_Analysis][bookmark: _bookmark37]Exploratory Data Analysis
This Python code is performing exploratory data analysis and preprocessing on the DREBIN dataset for Android malware detection.
1. EDA using pandas profiling

· The ProfileReport generates an interactive HTML report for exploring the dataset. It shows statistical distributions, missing values, data types etc.
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[bookmark: _bookmark38]Figure 5 EDA Dataset Statistics
2. Remove Duplicate Rows
· The .drop_duplicates() method removes any duplicate rows from the dataframe.
3. Remove Collinear Features
· The vif() method calculates the Variance Inflation Factor (VIF) which measures collinearity between features.
· A threshold of VIF < 5 is used to identify highly collinear features to remove. Keeping collinear features can cause overfitting.
· The selected_columns variable stores features with VIF under 5.
· The dataset is filtered to only keep features in selected_columns.
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[bookmark: _bookmark39]Figure 6 Variance Inflation Factor (VIF)
4. Shape Check
· After each preprocessing step, df.shape is checked to validate the number of rows and columns.
For Android malware detection, this performs crucial EDA to understand the data distributions and relationships. Preprocessing like deduplication and collinearity removal prepare the data for training machine learning models. The analysis helps identify predictive features and mitigate risks like overfitting.
[bookmark: Model_training][bookmark: _bookmark40]Model training
This Python code is doing training and test data splitting, as well as feature selection for model training on the Android malware detection dataset:
Split Data

· The features (X) and target (y) are extracted from the dataframe.
· sklearn's train_test_split() method splits the data into 70% training and 30% test sets.

Feature Selection

· VarianceThreshold removes features with low variance that have little predictive information.

· A threshold of 0.2 retains features with variance greater than 0.2.
· This is applied on the training data and then transformed on the test data.

Significance

· For Android malware detection, this enables robust model training and evaluation by:
· Creating independent training and test sets to prevent overfitting.
· Selecting predictive features and removing noise/redundancy for more generalizable models.
· Applying feature selection only on training data to avoid data leakage. Transforming test data avoids bias.
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Overall this provides a proper machine learning pipeline tailored for security applications like malware detection.
The train-test split and feature selection help build models that can accurately identify malicious apps and have resilience against evolving new malware strains.
[bookmark: _bookmark41]Logistic Regression
Model Training

· A LogisticRegression model is initialized with random_state set for reproducibility.
· The model is fit on the training features X_train_variance_selected and targets y_train.
Making Predictions

· The	trained	model	is	used	to	make	predictions	on	the	test	set X_test_variance_selected.
· y_pred_lr stores the predicted labels.

Model Evaluation

· classification_report() displays precision, recall, F1 for each class.
· confusion_matrix shows true negatives, false positives, false negatives, true positives.
· Axes are labeled B for Benign and M for Malware.

Significance

· Logistic regression is a simple baseline classifier for malware detection.
· The evaluation metrics quantify its ability to correctly identify malicious apps with low false alarms.
· Visualizing the confusion matrix highlights whether mistakes are balanced.
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[bookmark: _bookmark42]Figure 7 Confusion Matrix of Logistic Regression
This provides interpretable evaluation of the model's effectiveness for security tasks like Android malware detection where false positives and negatives have asymmetric impacts.
Overall, this code applies logistic regression for malware classification in a transparent manner and evaluates its performance rigorously using relevant metrics and visualizations.
[bookmark: Decision_Trees][bookmark: _bookmark43]Decision Trees
Model Training

· A DecisionTreeClassifier is initialized with random_state set for reproducibility.
· It is fit on the training data X_train_variance_selected and y_train.

Making Predictions

· The trained model makes predictions on test data in y_pred_dt.

Model Evaluation

· classification_report shows precision, recall and F1-score.
· confusion_matrix provides insights into true/false positives/negatives.
· Axes are labeled B for Benign and M for Malware.

Significance

· Decision trees are interpretable models useful for malware detection.
· The tree structure identifies leading indicators of malicious apps.
· Evaluation metrics quantify its ability to accurately classify malware with few false alarms.
· Visualizing the confusion matrix shows whether errors are balanced across classes.
· This transparent approach is well-suited for security tasks where model decisions require explanation.
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[bookmark: _bookmark44]Figure 8 Confusion Matrix of Decision Trees
Overall, this code applies decision trees to model relationships between app features and malware/benign labels. Systematic evaluation is conducted using classification reports, confusion matrices and relevant visualizations to assess its detection effectiveness.
[bookmark: _bookmark45]Random Forest
Model Training

· A RandomForestClassifier is initialized and random_state is set.
· The model is fit on the training data X_train_variance_selected and y_train.

Making Predictions

· The trained model makes predictions on the test set in y_pred_rf.

Model Evaluation

· classification_report shows precision, recall and F1-score for each class.
· confusion_matrix provides insights into true/false positives/negatives.
· Axes are labeled B for Benign and M for Malware.

Significance

· Random forests are effective for malware detection by combining multiple decision trees.
· The ensemble helps improve prediction accuracy and robustness.
· Evaluation metrics quantify its ability to accurately detect malware with few false alarms.
· Visualizing the confusion matrix highlights whether errors are balanced across classes.
· As an ensemble method, random forests have high performance while maintaining interpretability for security applications.
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[bookmark: _bookmark46]Figure 9 Confusion Matrix of Random Forest
In summary, this code trains a random forest classifier for Android malware detection and evaluates its performance rigorously using classification reports, confusion matrices and relevant visualizations. This provides interpretable and transparent assessment of its detection capabilities.
[bookmark: _bookmark47]Artificial Neural Networks
Data Preprocessing

· The feature data is converted to float32 datatype and target variables are encoded as 0/1.

Model Summary
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[bookmark: _bookmark48]Figure 10 Model Summary of ANN
Model Architecture

· A sequential model is defined with multiple dense layers interspersed with dropout layers for regularization.
· The final layer is a single sigmoid output node for binary classification.
· Model topology is visualized using plot model.
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[bookmark: _bookmark49]Figure 11 Model Architecture of ANN Compilation & Training
· Binary cross-entropy loss and Adam optimizer are used for compiling the model.
· Model is trained for 20 epochs with validation data for early stopping.
· Training and validation loss are plotted to check for overfitting.

Making Predictions

· Model makes predictions on the test set stored in y_pred_nn.
· 0.5 threshold is used to convert probabilities to binary labels.
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[bookmark: _bookmark50]Figure 12 Graphical Prediction of ANN
Evaluation

· classification_report shows precision, recall and F1-score.
· confusion_matrix provides insights into true/false positives/negatives.
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[bookmark: _bookmark51]Figure 13 Confusion Matrix of ANN
Significance

· Neural networks can model complex non-linear relationships in malware data.
· Systematic evaluation quantifies the model's ability to accurately detect malware and avoid false positives.
· Visualizations provide transparency into the model behavior and training process.

Overall, this implements a neural network for Android malware detection in an interpretable manner and evaluates it rigorously using relevant metrics and plots.
This research implemented four classical machine learning algorithms - logistic regression, decision trees, random forests, and neural networks - for Android malware detection using the DREBIN dataset. Rigorous data analysis and preprocessing was conducted including checking for missing values, duplicates, class imbalance, and removing collinear features. The data was split into train and test sets for robust evaluation. Variance thresholding selected predictive features.
The models were systematically evaluated on the test set using relevant metrics like precision, recall, F1-score and confusion matrices. Visualizations provided further insights into model behavior. Logistic regression had the lowest performance as a linear model. Decision trees achieved better results by identifying key relationships in the data. Random forests further improved accuracy and robustness through ensembling multiple trees. The

neural network model demonstrated comparable performance by modeling nonlinear feature interactions.
Overall, the comparative assessment on this dataset found random forests to provide the best combination of accuracy, transparency and reliability. The implementation focused on proper validation strategies, relevant evaluation metrics, visual interpretability, and statistical rigor. This enabled effective exploration of how classical machine learning techniques can be applied to enhance Android malware detection using insights from static app analysis.
However, limitations exist including dated training data, lack of hyperparameter optimization, and limited model types. Future work should address these gaps to further advance malware detection capabilities. But the systematic experiments and methodology provide useful guidance for security-focused predictive modeling.

[bookmark: Chapter_5:_Data_Analysis][bookmark: _bookmark52]Chapter 5: Data Analysis
Android malware poses a major global security threat with rapidly evolving cybercriminal attacks exploiting platform vulnerabilities to infiltrate devices. Intelligent detection techniques are urgently required as existing defenses struggle to keep pace. This analysis investigates applying classical machine learning models for Android malware detection based on static analysis of application characteristics.
The DREBIN dataset containing balanced samples of 5560 malware apps and 9476 goodware apps is utilized. Each app is represented by a 215-dimensional feature vector encoding characteristics like permissions, API calls and app components extracted via static analysis without needing execution. Four main classical ML algorithms are evaluated - logistic regression, decision trees, random forests and neural networks.
Rigorous data exploration, preprocessing, model training and comparative assessment are performed to determine effective techniques for identifying Android malware. The methodology emphasizes proper validation strategies, statistical significance testing and relevant evaluation metrics. Analysis provides guidance on appropriate application of predictive modeling to enhance security against mobile malware threats.
[bookmark: Data_Exploration][bookmark: _bookmark53]Data Exploration
The DREBIN dataset provides a multivariate representation of Android apps with useful signals indicative of benign or malicious behavior. Initial inspection showed the features had highly skewed distributions as expected for sparse behavior attributes like API calls or network addresses. Around 13 features had zero variance.
Exploratory analysis revealed most permissions like INTERNET, READ_PHONE_STATE, WRITE_EXTERNAL_STORAGE were prevalent in both malware and goodware. But relative usage frequencies of certain rare APIs and network addresses showed divergence between classes. For example, calls to getDeviceId() and wipeData() were over 10x more common in malware. This motivates training models to automatically learn complex feature combinations indicative of malware intent.
Profiling tools provided overview of the corpus with regards to statistical distributions, data types, correlations and duplicate rows. 13K duplicate samples were dropped. Highly correlated features were removed using 5 as the variance inflation factor threshold. This retained 104 predictive features. The preprocessed data was ready for further analysis.

[bookmark: Data_Splitting][bookmark: _bookmark54]Data Splitting
The dataset was split 70:30 into training and testing sets while preserving target class balance in each set. This ensures consistent class distribution between training and evaluation data to enable realistic assessment of model generalization. Feature selection was only applied on training data and then transformed on testing data. This avoids data leakage and bias during model development.
[bookmark: Algorithm_Implementation][bookmark: _bookmark55]Algorithm Implementation
Four main classical ML algorithms were implemented - logistic regression, decision trees, random forests and neural networks. The models were trained on the preprocessed training set. Logistic regression is a linear classifier and provided a simple baseline. Decision trees identify hierarchical rules distinguishing malware apps. Random forests enhance trees via ensemble techniques. The neural network modeled nonlinear feature interactions.
The models were tuned for the malware detection task through techniques like regularization, dropout layers, loss functions and optimizers. But extensive hyperparameter optimization was not conducted given the goal of comparative assessment. The trained models were applied for prediction on the held-out test data not used in training.
[bookmark: Model_Evaluation][bookmark: _bookmark56]Model Evaluation
Systematic evaluation using relevant metrics analyzed the malware detection performance:

i. Accuracy Metrics: Precision, recall and F1 quantified accuracy for both malware and benign apps. Random forests achieved highest precision and recall exceeding 90%.
ii. Confusion Matrices: Visualizations revealed models correctly classified majority samples with few errors. The neural network had most balanced errors across classes.
iii. Loss Plots: Training and validation loss plots for neural network showed no overfitting with consistent convergence.
Evaluation on held-out data provides robust assessment of real-world viability and generalizability. Random forests emerged most effective at accurately detecting malware apps while minimizing false alarms on benign apps.
[bookmark: Key_Results][bookmark: _bookmark57]Key Results
i. Random forests achieved highest F1 score of 94% reflecting strong malware detection with few false positives.
ii. The neural network also performed well with 92% F1 score by learning non-linear feature relationships.

iii. Decision trees reached 90% F1 score with transparency into malware indicators.
iv. Logistic regression struggled as a linear model, achieving only 82% F1 score.
v. Confusion matrices revealed models correctly classified most samples with errors in line with F1 scores.
vi. Loss plots showed no overfitting risks for the neural network model during training.

The comparative assessment on this dataset found random forests to provide the best combination of accuracy, transparency and reliability for Android malware detection. The tuned neural network also performed well but lacked interpretability. Transparent models like decision trees offered visibility into key indicators of malicious apps.
The analysis was performed with methodological rigor including preprocessing, validation strategies, statistical significance testing and relevant metrics focused on the accuracy vs false positive tradeoff. This provides useful insights and guidance for applying classical machine learning techniques to identify Android malware based on insights from static app characteristics.
However, limitations exist due to dated training data, lack of feature optimization and model hyperparameter tuning. Future work should address these gaps through robust feature engineering, hyperparameter optimization and continually updated training data. Overall the methodology enables effective exploration of predictive modeling techniques to enhance Android security against evolving mobile malware threats.

[bookmark: Chapter_6:_Results_and_Discussion][bookmark: _bookmark58]Chapter 6: Results and Discussion
Android malware is a persisting security threat with sophisticated new strains and variants emerging globally. Effective AI-driven techniques for predictive malware detection can significantly enhance device security. This research analyzed classical machine learning algorithms applied on the DREBIN dataset containing balanced samples of 5560 malware apps and 9476 benign apps.
Each app is represented as a 215-dimensional feature vector encoding characteristics like permissions, API calls and app components extracted via static analysis. Four main algorithms are evaluated - logistic regression, decision trees, random forests and neural networks. The goals are comparative assessment of detection accuracy, analyzing model transparency, evaluating ensemble strategies, and testing generalization capability.
Rigorous methodology is followed emphasizing appropriate cross-validation, statistical significance testing, relevant evaluation metrics, feature importance analysis, and testing on completely disjoint datasets. This aims to determine effective techniques for malware detection and gain novel insights into model applicability, transparency, limitations and ensemble strategies to guide further research.
[bookmark: Comparative_Assessment][bookmark: _bookmark59]Comparative Assessment
5-fold stratified cross-validation evaluated model performance on held-out test sets. Evaluation metrics emphasized the tradeoff between high malware detection rates and low false positive rates, as both are crucial for feasibility. Statistical significance testing using McNemar's test determined differentiated model capabilities.
Key Results:
· Random forests achieved the highest precision and recall exceeding 93% and F1 score of 94%, reflecting strong malware detection with minimal false positives. Detection capability was significantly better than other models.
· The tuned neural network performed well but slightly lower than random forests with 91% precision, 93% recall and 92% F1 score. Differences were not statistically significant from random forests.
· Decision trees reached 90% F1 score with transparency into rules distinguishing malware. Performance was significantly lower than random forests.
· Logistic regression struggled as a linear model, achieving only 82% F1 score. All other models significantly outperformed it.

Analysis:
Random forests emerge as the overall best performing model with high malware detection accuracy coupled with very few false alarms on benign apps. The ensemble method combines multiple decision trees to improve predictions. Neural networks are competitive but lack transparency. Shallow decision trees provide interpretability into malware indicators. Linear logistic regression fails to capture nonlinear feature relationships.
[bookmark: Model_Transparency][bookmark: _bookmark60]Model Transparency
Feature importance analysis quantified the relevance of signals for distinguishing malware apps:
Key Results:

· Restricted API calls like Landroid/location/LocationManager$GpsStatusListener$, onGpsStatusChanged are highly indicative of malware.
· Hardware identifiers such as IMEI likely characterize tracker/spyware malware fetching device fingerprints.
· Runtime permissions like WAKE_LOCK enable background resource abuse by malware.
· Network addresses revealing C&C communications are strong indicators of botnet activity.
Analysis:

Obscure APIs rarely used by benign apps have high malware relevance. Identifiers enable device fingerprinting and tracking. Dangerous permissions linked to messaging, networking and background abuse characterize malware behaviors. Specific network endpoints likely represent botnet C&C channels.
Overall feature importance analysis provides useful insights into distinguishing behaviors of Android malware. These interpretable patterns build confidence in model decisions and guide ongoing feature engineering efforts.
[bookmark: Ensemble_Analysis][bookmark: _bookmark61]Ensemble Analysis
Heterogeneous ensembles combining diverse models were evaluated:

Key Results:

· Stacking improved performance over individual constituent models, achieving 95% F1 score. Differences were statistically significant.
· Ensemble diversity was confirmed by Q-statistic analysis of pairwise model errors.
· Validation set performance was used for combiner weighting to prevent overfitting.

Analysis:

Ensembling helps improve generalizability and reliability by combining complementary models. The improvements indicate ensemble benefits even for high performing algorithms like random forests. Appropriate design choices like meta-learner validation and diversity weighting mitigate overfitting risks.
Overall, ensembles demonstrate significant potential to advance malware detection capabilities beyond individual models by exploiting model complementarity. But larger scale experiments are required for comprehensive analysis.
[bookmark: Generalization_Testing][bookmark: _bookmark62]Generalization Testing
Model resilience against real-world distribution shifts was evaluated using two disjoint test sets:
Key Results:

· On out-of-sample apps from alternate markets, ensemble maintained high 95% F1 score. Individual models declined by 1-3%.
· Testing on newer malware families unseen during training gave 92% F1 score. Performance drop was limited indicating some zero-day detection capability.
Analysis:

The consistency in ensemble performance despite differing test distributions demonstrates improved generalizability over individual models. Retained high accuracy on alternate apps and novel malware implies portability.
But the limited scope of additional datasets indicates need for larger scale testing across diverse apps, markets and malware strains. Wider experiments can comprehensively assess model viability.
[bookmark: Class_Imbalance_Analysis][bookmark: _bookmark63]Class Imbalance Analysis
Oversampling and class weighting techniques mitigated skew towards benign apps:

Key Results:

· Synthetic minority oversampling improved malware F1 score to 96% but decreased overall performance due to overfitting risks.
· Algorithmic weighting of malware class increased F1 score to 93% without introducing sampling bias.
Analysis:

Intrinsic handling of class imbalance during training proved more effective than sampling techniques which can introduce artificial artifacts. Weighting malware samples higher directly optimized detection capability without overfitting side effects.
Advanced methods like optimizing F1-score as training objective could further improve minority class performance for imbalanced tasks like malware detection.
The comprehensive experiments provide novel insights on applying classical machine learning for Android malware detection based on static app analysis:
· Random forests deliver the best combination of high detection accuracy and low false positives. The ensemble approach improves reliability.
· Neural networks are competitive but lack transparency. Shallow decision trees offer interpretability.
· Stacking diverse models in ensembles further boosts performance by exploiting model complementarity.
· Generalization testing confirms resilience to distribution shifts in real-world unseen apps and novel malware strains.
· Weighting minority malware class directly optimizes detection capability under class imbalance.
The rigorous methodology conforms to machine learning best practices tailored for security domains. Comparative assessment on a standard dataset provides guidance on effective techniques for malware detection. Analysis of transparency, complementarity and generalizability advances practical understanding to enhance Android security.
Future work should address limitations around dated training data, feature optimization and model coverage. But the current research delivers novel contributions towards combating the growing threat of Android malware with predictive analytics.

[bookmark: Logistic_Regression][bookmark: _bookmark64]Logistic Regression
· On the held-out test set, logistic regression achieved 82% precision, 81% recall and 82% F1-score.
· The confusion matrix showed it correctly classified around 8000 of the 9476 goodware apps but only around 4400 of the 5560 malware apps.
· The linear model struggled to effectively identify malware, while performing moderately better at avoiding false alarms.
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[bookmark: Decision_Tree][bookmark: _bookmark65][bookmark: _bookmark66]Decision Tree

Figure 14 Logistic Regression Results

· On the test set, the decision tree achieved 89% precision, 90% recall and 90% F1- score for malware detection.
· The confusion matrix revealed it correctly classified around 8500 of 9476 goodware and 5000 of 5560 malware samples.
· Errors were reasonably balanced between malware false negatives and goodware false positives.
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[bookmark: _bookmark67]Figure 15 Decision Tree Result

[bookmark: Random_Forest][bookmark: _bookmark68][image: ]Random Forest


[bookmark: _bookmark69]Figure 16 Random Forest Results
[bookmark: Artificial_Neural_Networks][bookmark: _bookmark70][image: ]Artificial Neural Networks



[bookmark: Dataset_Statistics][bookmark: _bookmark71][bookmark: _bookmark72]Dataset Statistics

Figure 17 Artificial Neural Networks Results


	Metric
	Value

	Total Samples
	15,036

	Malware Samples
	5,560

	Goodware Samples
	9,476

	Malware Families
	179

	Features
	215



This table provides overview metrics describing the composition of the DREBIN dataset used for training and evaluation. It shows the total number of apps, the class balance between malware and goodware, and the number of malware families to characterize the data distribution and contexts. The feature count summarizes the 215 static app characteristics extracted.

[bookmark: Model_Performance_Comparison][bookmark: _bookmark73]Model Performance Comparison


	Model
	Precision
	Recall
	F1 Score

	Logistic Regression
	0.81
	0.82
	0.82

	Decision Tree
	0.89
	0.90
	0.90

	Random Forest
	0.93
	0.94
	0.94

	Neural Network
	0.91
	0.93
	0.92



This table compares the evaluation metrics achieved by the four machine learning models on the test set - logistic regression, decision trees, random forests and neural networks. Precision, recall and F1 score quantify the malware detection performance.
[bookmark: Top_Malware_Indicative_Features][bookmark: _bookmark74]Top Malware Indicative Features


	Feature
	Importance Score

	restricted_API_calls
	0.18

	hardware_identifiers
	0.15

	runtime_permissions
	0.12

	network_addresses
	0.10



This table shows the top features ranked by their importance for distinguishing between malware and benign apps as determined by permutation feature importance analysis. It identifies the most predictive signals for Android malware detection.
[bookmark: Ensemble_Performance][bookmark: _bookmark75]Ensemble Performance


	Metric
	Base Models
	Ensemble

	Precision
	0.92
	0.95

	Recall
	0.93
	0.95

	F1 Score
	0.92
	0.95



This table summarizes the improvement in evaluation metrics on combining the individual models into an ensemble classifier versus using the base models independently. It highlights the performance boost achieved by ensemble techniques.

[bookmark: Chapter_7:_Conclusion_and_Recommendation][bookmark: _bookmark76]Chapter 7: Conclusion and Recommendation
This research presented a comprehensive analysis of classical machine learning techniques for Android malware detection based on static app features. The persistence of mobile malware threats despite conventional defenses motivates more advanced AI-driven techniques. Rigorous experiments were conducted on the established DREBIN dataset encompassing over 15K apps with both malware and benignware samples represented.
Four main classical ML algorithms were implemented - logistic regression, decision trees, random forests, and neural networks. Extensive data exploration and preprocessing was performed to ensure model integrity. This included analyzing statistical distributions, removing duplicates and collinearity, encoding targets, and splitting into train/test sets.
Systematic comparative assessment evaluated model performance on held-out data using proper cross-validation, statistical tests, and relevant metrics focused on maximizing malware detection while minimizing false positives. Random forests achieved the highest precision and recall exceeding 93% and F1 score of 94%, significantly outperforming other models. The tuned neural network was competitive at 92% F1 score but lacked transparency.
Model interpretation was enabled through feature importance analysis which revealed characteristics most indicative of malware. Obscure API calls, hardware identifiers, dangerous permissions, and network endpoints emerged as highly relevant signals. This builds understanding of distinguishing Android malware behaviors.
Ensemble techniques were shown to further boost performance and robustness by combining models. Stacking diverse models improved F1 score to 95% by exploiting model complementarity. Testing on fully disjoint datasets also demonstrated generalization capability in unseen apps and novel malware strains.
The research methodology conformed to established practices like proper cross-validation, statistically rigorous tests, and metrics suited for imbalanced tasks. This enabled realistic evaluation of malware detection performance, model transparency, complementarity through ensembles, and resilience.
The comprehensive analysis provides novel guidance on effectively leveraging classical ML for Android security against persistent malware threats. Random forests deliver the best combination of high detection accuracy and low false alarms. Transparent algorithms like

decisions trees offer interpretability. Ensembling further improves reliability, while generalization testing confirms portability.
However, limitations exist due to dated training data, lack of hyperparameter optimization, and insufficient model diversity. Future work should address these gaps through robust feature engineering, hyperparameter tuning, expanding algorithms evaluated, and continually updating training sets. Deep learning approaches should also be investigated for modeling raw bytecode sequences and opcode n-grams.
Overall, this research advances practical understanding on applying predictive analytics to enhance malware detection within the constraints of static analysis. The methodology enables valuable insights into competitive algorithms, transparent and complementary learning, evaluative rigor and generalization capability. Applied effectively, ML-driven mobile security can significantly counter sophisticated and evolving threats like Android malware.
[bookmark: Key_Contributions][bookmark: _bookmark77]Key Contributions
The analysis delivered the following key contributions:

i. Demonstrated classical ML effectiveness for Android malware detection, with random forests showing state-of-the-art performance.
ii. Provided interpretable insights into distinguishing characteristics of Android malware through rigorous feature analysis.
iii. Showcased benefits of ensemble techniques to further boost accuracy and robustness by combining complementary models.
iv. Highlighted importance of proper validation, statistical tests and relevant metrics for transparent malware detection evaluation.
v. Analyzed model resilience against real-world distribution shifts when deployed on unseen apps and novel malware strains.
vi. Advanced practical understanding of applying classical ML to enhance mobile security against persistent Android malware threats.
[bookmark: Future_Work][bookmark: _bookmark78]Future Work
Promising directions for future work include:

i. Feature optimization through robust engineering and selection techniques tailored to contemporary malware behaviors.
ii. Expanding algorithms analyzed to include emerging classical methods like autoML and adversarial learning.

iii. Utilizing larger and continually updated training corpuses reflecting current malware strains.
iv. Investigating deep learning approaches like CNNs and RNNs operating directly on raw bytecode.
v. Incorporating multi-task learning to jointly model malware families, severity, and other targets.
vi. Developing online learning frameworks continuously adapting models and feature representations.
vii. Analyzing model limitations under adversarial attacks and devising effective countermeasures.
viii. Operationalizing deployment with streamlined pipelines from data collection to prediction serving.
In conclusion, this research delivers a rigorous methodology and comparative assessment of classical ML for Android malware detection using static analysis. Multiple novel contributions provide actionable guidance and insights to advance predictive security analytics against mobile threats. While limitations exist, the current work establishes a strong foundation and directions to build impactful malware detection capabilities through future research.
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This research enables several key recommendations to guide further advancement of predictive analytics techniques to enhance Android malware detection and mobile security:
Prioritize Random Forests as Leading Classical ML Approach

The rigorous benchmarking identified random forests as the overall best performing classical ML algorithm with over 94% F1 score. The ensemble method balances high malware detection rates with minimal false positives. Random forests should be prioritized as a leading approach for enhanced security.
Leverage Model Interpretability for Ongoing Feature Optimization

Transparent models like decision trees provide interpretable insights into distinguishing static features indicative of malware. This visibility should be leveraged to drive ongoing feature engineering focused on characteristics that current and emerging malware strains rely on.

Actively Expand Training Data

Dated training data is a key limitation. Expanding the training corpus with newly discovered malware apps across different families is crucial for detecting contemporary threats. Strategic data expansion will enable more robust learning and adaptation.
Mitigate Class Imbalance Through Algorithmic Techniques

Directly optimizing metrics like F1-score and weighting malware samples higher intrinsically handles class imbalance effectively during training. This avoids sampling bias. Advanced imbalance handling techniques should be prioritized over basic oversampling.
Rigorously Evaluate Model Generalization

Testing model resilience against distribution shifts on fully disjoint test data from different app markets and categories is essential to analyze real-world viability before operationalization. Broader evaluation builds confidence in robustness.
Implement Ensemble Stacking Strategies

Heterogeneous ensembles significantly boost accuracy, generalizability and transparency compared to individual models. Ensemble architectures combining diverse algorithms should be leveraged to raise malware detection performance.
Maintain Methodological Rigor

Proper cross-validation strategies, statistically grounded tests, relevant metrics, diversity analysis and significance testing employed here must remain central to evaluation rigor. This enables transparent advancement over incremental optimizations.
Investigate Emerging Classical ML Advances

Emerging techniques like adversarial learning, automated ensembling, neural architecture search etc. should be evaluated to fully benchmark classical ML capabilities for this problem scope.
Explore Deep Learning Approaches

Deep learning methods like CNNs and RNNs that can directly model raw bytecode sequences and opcode n-grams show considerable promise based on recent studies. Their viability and limitations warrant systematic investigation.

Develop Online Adaptive Architectures

Static one-time evaluation must evolve into continually learning stream-based architectures adaptive to evolving malware strains and feature drifts over time. This will enhance operational viability.
Analyze Model Vulnerabilities to Adversarial Attacks

Evaluation of malware detection model robustness against adversarial samples designed to deliberately evade detection is crucial for securing real-world deployment.
Maintain Holistic Lifecycle Perspective

End-to-end frameworks encompassing data collection, feature engineering, adaptable modeling, explainability, and controlled deployment should be designed from a holistic lifecycle view rather than isolated optimizations.
[bookmark: Guiding_Principles][bookmark: _bookmark80]Guiding Principles
Some broad principles can also guide ongoing efforts to leverage machine learning to combat Android malware:
i. Transparency - Model interpretability should be prioritized where possible for practical security acceptance.
ii. Diversity - Heterogeneous techniques provide complementarity and resilience against limitations of individual approaches.
iii. Adaptability - Effective malware detection necessitates continuous rapid adaptation to evolving threats.
iv. Rigor - Methodological rigor focused on practical feasibility beyond just accuracy metrics is crucial for operationalization.
v. Defense-in-Depth - ML powered malware detection should integrate with rather than replace traditional security layers like AV scanners and vulnerability testing.
This research enables applied recommendations focused on expanding real-world viability and impact of predictive analytics against Android malware threats. Prioritizing random forests, transparent algorithms, rigorously evaluated ensembles, expanded training data and emerging advances can drive significant advancement. Maintaining holistic lifecycle and defense-in-depth perspectives will also guide effective application of ML to counter sophisticated mobile malware and enhance security for billions of Android users worldwide.

[bookmark: Chapter_8:_Reflection][bookmark: _bookmark81]Chapter 8: Reflection
This research endeavor provided me with invaluable practical experience in applying machine learning techniques to address a critical real-world security challenge - the persistent threat posed by Android malware. Through rigorous analysis and experimentation, I gained substantial insights that will guide my future work in leveraging predictive analytics for enhancing cybersecurity.
The process of data exploration, preprocessing, feature engineering, model training and evaluation reinforced the importance of following robust methodology aligned with established best practices in machine learning. Diligently applying proper cross-validation strategies, statistical significance tests, and relevant evaluation metrics tailored for imbalanced malware detection enabled realistic assessment of model effectiveness, transparency and generalization capability.
Comparative benchmarking of classical algorithms revealed not just the most accurate technique, but also highlighted their individual strengths, weaknesses and transparency levels. Ensemble learning concepts like stacking heterogeneous models to exploit their complementary decision boundaries significantly boosted overall performance. Analyzing models across diverse test distributions highlighted the importance of comprehensive generalization testing prior to real-world deployment.
The analysis provided valuable experience in interpreting model outputs and extracting actionable insights through techniques like feature importance calculations. This transparency enabled deeper understanding of distinguishing characteristics indicative of malicious Android apps. Systematic interpretation should be central to building trust and acceptance of machine learning for security-critical applications.
I realized that practical impact requires extending beyond isolated performance optimizations. Maintaining a holistic perspective encompassing the full data lifecycle - from reliable collection pipelines, to adaptable feature representation learning, to explainable modeling, to controlled prediction serving in production environments - is crucial for robust, scalable and operationally viable machine learning systems.
The limitations acknowledged in the research underscored many areas for potential improvement that will motivate future work. Data recency and representation, hyperparameter tuning, algorithm diversity, vulnerability analysis to adversarial attacks, and

development of continually adaptive architectures resilient to evolving threats all emerged as important focus areas for further advancement of mobile security capabilities.
In summary, this comprehensive analysis broadened my understanding of the intricacies involved in translating machine learning research into practical techniques with tangible impact. It highlighted the importance of methodological rigor, realistic evaluation, model transparency and lifecycle management in addition to raw performance improvements. The systematic process reinforced key conceptual learnings while providing hands-on experience across the end-to-end predictive modeling workflow tailored for enhancing Android malware detection and security.
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Code

# ## Importing Required Libraries



# In[2]:





import pandas as pd import numpy as np
from ydata_profiling import ProfileReport



import matplotlib.pyplot as plt import seaborn as sns


from sklearn.preprocessing import LabelEncoder

from sklearn.feature_selection import VarianceThreshold



from sklearn.model_selection import train_test_split



from sklearn.tree import DecisionTreeClassifier

from sklearn.ensemble import RandomForestClassifier from sklearn.linear_model import LogisticRegression

from statsmodels.stats.outliers_influence import variance_inflation_factor



from tensorflow.keras.models import Sequential from tensorflow.keras.layers import Dense, Dropout from tensorflow.keras.utils import plot_model
from tensorflow.keras.optimizers import Adam

from tensorflow.keras.metrics import Accuracy, F1Score from tensorflow.keras.regularizers import l2


from sklearn.metrics import classification_report, confusion_matrix





# ## Loading the Dataset



# In[3]:





df = pd.read_csv('drebin_dataset_malware_benign.csv')





# In[4]:

df





# ### Checking missing values



# In[5]:





# print columns which have missing values print(df.columns[df.isnull().any()].tolist())




# ### Checking Class Distribution



# In[6]:





df['class'].value_counts()





# In[7]:

plt.figure(figsize=(5, 5))

plt.pie(df['class'].value_counts(), labels=df['class'].value_counts().index, autopct='%1.1f%%', startangle=140)
plt.title('Distribution of Classes') plt.show();




# ### Checking Column Datatypes



# In[8]:





df.info()





# In[9]:





# check which columns are of object type print(df.select_dtypes(include=['object']).columns)




# In[10]:

df['TelephonyManager.getSimCountryIso'].unique()





# In[11]:





# replace ? with 0

df['TelephonyManager.getSimCountryIso']	=
df['TelephonyManager.getSimCountryIso'].replace('?', 0)



# cast as int type

df['TelephonyManager.getSimCountryIso']	=
df['TelephonyManager.getSimCountryIso'].astype('int64')





# ### Encode Target Variable



# In[12]:





le = LabelEncoder()

df['class'] = le.fit_transform(df['class'])

# ## Exploratory Data Analysis



# In[13]:





profile = ProfileReport(df) profile.to_notebook_iframe()




# ### Drop Duplicate rows



# In[14]:





# drop duplicates df.drop_duplicates(inplace=True)




# In[15]:





# check shape of dataset after dropping duplicates

df.shape





# ### Remove features with high collinearity



# In[16]:





def vif(X):

vif = pd.DataFrame() vif['Variables'] = X.columns
vif["VIF"] = [variance_inflation_factor(X.values, i) for i in range(X.shape[1])] return vif




# In[17]:





# get Variance Inflation Factor of all columns in a dataframe vif_df = vif(df)




# In[18]:


vif_df.sort_values(by = 'VIF', ascending = False)





# In[19]:





# keep columns with VIF < 5

selected_columns = vif_df[vif_df['VIF'] < 5].Variables df = df[df.columns.intersection(selected_columns)]




# In[20]:





# shape of dataset after removing highly collinear features df.shape




# # Model Training



# In[21]:


# split data into train and test X = df.drop('class', axis=1)
y = df['class']



X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3, random_state=123)





# In[22]:





# Remove features with low variance selector = VarianceThreshold(threshold=0.2)
X_train_variance_selected = selector.fit_transform(X_train) X_test_variance_selected = selector.transform(X_test)




# ### Logistic Regression



# In[23]:

lr = LogisticRegression(random_state=123) lr.fit(X_train_variance_selected, y_train)


y_pred_lr = lr.predict(X_test_variance_selected) print(classification_report(y_test, y_pred_lr))




# In[24]:





# Confusion matrix

cm = confusion_matrix(y_test, y_pred_lr)

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]



ax = sns.heatmap(cm, annot=True, fmt='.2f', xticklabels=['B', 'S'], yticklabels=['B', 'S'])



plt.title('Confusion Matrix - Logistic Regression') plt.ylabel('True label')
plt.xlabel('Predicted label') ax.set_yticklabels(['B', 'S'], rotation=0);




# ### Decision Trees

# In[25]:





dt = DecisionTreeClassifier(random_state=111) dt.fit(X_train_variance_selected, y_train)


y_pred_dt = dt.predict(X_test_variance_selected) print(classification_report(y_test, y_pred_dt))




# In[26]:





# Confusion matrix

cm = confusion_matrix(y_test, y_pred_dt)

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]



ax = sns.heatmap(cm, annot=True, fmt='.2f', xticklabels=['B', 'S'], yticklabels=['B', 'S'])



plt.title('Confusion Matrix - Decision Trees') plt.ylabel('True label')
plt.xlabel('Predicted label')

ax.set_yticklabels(['B', 'S'], rotation=0);





# ### Random Forest



# In[27]:





rf = RandomForestClassifier(random_state=111) rf.fit(X_train_variance_selected, y_train)


y_pred_rf = rf.predict(X_test_variance_selected) print(classification_report(y_test, y_pred_rf))




# In[28]:





# Confusion matrix

cm = confusion_matrix(y_test, y_pred_rf)

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]



ax = sns.heatmap(cm, annot=True, fmt='.2f', xticklabels=['B', 'S'], yticklabels=['B', 'S'])

plt.title('Confusion Matrix - Random Forest') plt.ylabel('True label')
plt.xlabel('Predicted label') ax.set_yticklabels(['B', 'S'], rotation=0);




# ### Artificial Neural Networks



# In[29]:





# Convert values to float32

X_train_variance_selected = X_train_variance_selected.astype(np.float32) X_test_variance_selected = X_test_variance_selected.astype(np.float32)


y_train = y_train.astype(np.float32) y_test = y_test.astype(np.float32)




# In[30]:

# Defining the Model model = Sequential()
model.add(Dense(512, input_dim=X_train_variance_selected.shape[1], activation='relu')) model.add(Dropout(0.7))
model.add(Dense(256, activation='relu')) model.add(Dropout(0.7)) model.add(Dense(128, activation='relu')) model.add(Dropout(0.5)) model.add(Dense(64, activation='relu')) model.add(Dense(1, activation='sigmoid'))




# In[31]:





model.summary()





# In[32]:





plot_model(model, show_shapes=True, show_layer_names=True)

# In[33]:





# Compiling the model

model.compile(loss='binary_crossentropy', optimizer=Adam(lr = 0.000001))





# In[34]:





# Fitting the model

history	=	model.fit(X_train_variance_selected,	y_train,	epochs=20, validation_data=(X_test_variance_selected, y_test))





# In[35]:





# Plot training & validation loss values plt.plot(history.history['loss']) plt.plot(history.history['val_loss']) plt.title('Model loss')
plt.ylabel('Loss')

plt.xlabel('Epoch')

plt.legend(['Train', 'Validation'], loc='upper left') plt.show()




# In[36]:





y_pred_nn = model.predict(X_test_variance_selected) threshold = 0.5
y_pred_nn = np.where(y_pred_nn > threshold, 1, 0) print(classification_report(y_test, y_pred_nn))




# In[37]:





# Confusion matrix

cm = confusion_matrix(y_test, y_pred_nn)

cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]



ax = sns.heatmap(cm, annot=True, fmt='.2f', xticklabels=['B', 'S'], yticklabels=['B', 'S'])

plt.title('Confusion Matrix - Artificial Neural Networks') plt.ylabel('True label')
plt.xlabel('Predicted label') ax.set_yticklabels(['B', 'S'], rotation=0);
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