
Trustworthy anomaly detection for smart manufacturing
Li, Z.

Citation
Li, Z. (2025, May 1). Trustworthy anomaly detection for smart manufacturing.
SIKS Dissertation Series. Retrieved from https://hdl.handle.net/1887/4239055
 
Version: Publisher's Version

License: Licence agreement concerning inclusion of doctoral thesis
in the Institutional Repository of the University of Leiden

Downloaded from: https://hdl.handle.net/1887/4239055
 
Note: To cite this publication please use the final published version (if
applicable).

https://hdl.handle.net/1887/license:5
https://hdl.handle.net/1887/license:5
https://hdl.handle.net/1887/4239055


Bibliography

[1] Thorsten Wuest, Daniel Weimer, Christopher Irgens, and Klaus-Dieter Thoben.
“Machine learning in manufacturing: advantages, challenges, and applications”.
In: Production & Manufacturing Research 4.1 (2016), pp. 23–45.

[2] Baicun Wang, Fei Tao, Xudong Fang, Chao Liu, Yufei Liu, and Theodor Frei-
heit. “Smart manufacturing and intelligent manufacturing: A comparative re-
view”. In: Engineering 7.6 (2021), pp. 738–757.

[3] Iñaki Elía and Miguel Pagola. “Anomaly Detection in Smart-Manufacturing
Era: A Review”. In: Available at SSRN 4815859 ().

[4] Zohaib Jan, Farhad Ahamed, Wolfgang Mayer, Niki Patel, Georg Grossmann,
Markus Stumptner, and Ana Kuusk. “Artificial intelligence for industry 4.0:
Systematic review of applications, challenges, and opportunities”. In: Expert
Systems with Applications 216 (2023), p. 119456.

[5] Morteza Ghobakhloo. “Industry 4.0, digitization, and opportunities for sustain-
ability”. In: Journal of cleaner production 252 (2020), p. 119869.

[6] Andrew Kusiak. “Smart manufacturing”. In: International journal of production
Research 56.1-2 (2018), pp. 508–517.

[7] Pai Zheng, Honghui Wang, Zhiqian Sang, Ray Y Zhong, Yongkui Liu, Chao Liu,
Khamdi Mubarok, Shiqiang Yu, and Xun Xu. “Smart manufacturing systems
for Industry 4.0: Conceptual framework, scenarios, and future perspectives”.
In: Frontiers of Mechanical Engineering 13 (2018), pp. 137–150.

[8] Ray Y Zhong, Xun Xu, Eberhard Klotz, and Stephen T Newman. “Intelligent
manufacturing in the context of industry 4.0: a review”. In: Engineering 3.5
(2017), pp. 616–630.

233



Bibliography

[9] Klaus-Dieter Thoben, Stefan Wiesner, and Thorsten Wuest. ““Industrie 4.0”
and smart manufacturing-a review of research issues and application examples”.
In: International journal of automation technology 11.1 (2017), pp. 4–16.

[10] Fei Tao, Qinglin Qi, Lihui Wang, and AYC Nee. “Digital twins and cyber–
physical systems toward smart manufacturing and industry 4.0: Correlation
and comparison”. In: Engineering 5.4 (2019), pp. 653–661.

[11] Yang Liu, Yu Peng, Bailing Wang, Sirui Yao, and Zihe Liu. “Review on cyber-
physical systems”. In: IEEE/CAA Journal of Automatica Sinica 4.1 (2017),
pp. 27–40.

[12] Liang Hu, Nannan Xie, Zhejun Kuang, and Kuo Zhao. “Review of cyber-
physical system architecture”. In: 2012 IEEE 15th international symposium on
object/component/service-oriented real-time distributed computing workshops.
IEEE. 2012, pp. 25–30.

[13] Michael Grieves and John Vickers. “Digital twin: Mitigating unpredictable,
undesirable emergent behavior in complex systems”. In: Transdisciplinary per-
spectives on complex systems: New findings and approaches (2017), pp. 85–113.

[14] Hyun Jung La and Soo Dong Kim. “A service-based approach to designing
cyber physical systems”. In: 2010 IEEE/ACIS 9th International Conference on
Computer and Information Science. IEEE. 2010, pp. 895–900.

[15] Rikard Söderberg, Kristina Wärmefjord, Johan S Carlson, and Lars Lindkvist.
“Toward a Digital Twin for real-time geometry assurance in individualized pro-
duction”. In: CIRP annals 66.1 (2017), pp. 137–140.

[16] Ragunathan Rajkumar, Insup Lee, Lui Sha, and John Stankovic. “Cyber-physical
systems: the next computing revolution”. In: Proceedings of the 47th design au-
tomation conference. 2010, pp. 731–736.

[17] P Nunes, J Santos, and E Rocha. “Challenges in predictive maintenance–A
review”. In: CIRP Journal of Manufacturing Science and Technology 40 (2023),
pp. 53–67.

[18] Pooja Kamat and Rekha Sugandhi. “Anomaly detection for predictive main-
tenance in industry 4.0-A survey”. In: E3S web of conferences. Vol. 170. EDP
Sciences. 2020, p. 02007.

[19] Sule Selcuk. “Predictive maintenance, its implementation and latest trends”.
In: Proceedings of the Institution of Mechanical Engineers, Part B: Journal of
Engineering Manufacture 231.9 (2017), pp. 1670–1679.

234



Bibliography

[20] Tiago Zonta, Cristiano André Da Costa, Rodrigo da Rosa Righi, Miromar Jose
de Lima, Eduardo Silveira da Trindade, and Guann Pyng Li. “Predictive main-
tenance in the Industry 4.0: A systematic literature review”. In: Computers &
Industrial Engineering 150 (2020), p. 106889.

[21] K Wang. “Intelligent predictive maintenance (IPdM) system–Industry 4.0 sce-
nario”. In: WIT transactions on engineering sciences 113 (2016), pp. 259–268.

[22] Ana Cachada, Jose Barbosa, Paulo Leitño, Carla AS Gcraldcs, Leonel Deus-
dado, Jacinta Costa, Carlos Teixeira, João Teixeira, António HJ Moreira, Pedro
Miguel Moreira, et al. “Maintenance 4.0: Intelligent and predictive maintenance
system architecture”. In: 2018 IEEE 23rd international conference on emerging
technologies and factory automation (ETFA). Vol. 1. IEEE. 2018, pp. 139–146.

[23] Zhe Li, Kesheng Wang, and Yafei He. “Industry 4.0-potentials for predictive
maintenance”. In: 6th international workshop of advanced manufacturing and
automation. Atlantis Press. 2016, pp. 42–46.

[24] Tianwen Zhu, Yongyi Ran, Xin Zhou, and Yonggang Wen. “A Survey of Pre-
dictive Maintenance: Systems, Purposes and Approaches”. In: arXiv preprint
arXiv:1912.07383v2 (Mar. 2024). Corresponding author: Xin Zhou. arXiv: 1912.
07383 [eess.SP].

[25] Lukas Ruff, Jacob R Kauffmann, Robert A Vandermeulen, Grégoire Montavon,
Wojciech Samek, Marius Kloft, Thomas G Dietterich, and Klaus-Robert Müller.
“A unifying review of deep and shallow anomaly detection”. In: Proceedings of
the IEEE (2021).

[26] Edwin M Knorr and Raymond T Ng. “Algorithms for mining distance-based
outliers in large datasets”. In: VLDB. Vol. 98. Citeseer. 1998, pp. 392–403.

[27] Markos Markou and Sameer Singh. “Novelty detection: a review—part 1: sta-
tistical approaches”. In: Signal processing 83.12 (2003), pp. 2481–2497.

[28] Markos Markou and Sameer Singh. “Novelty detection: a review—part 2:: neu-
ral network based approaches”. In: Signal processing 83.12 (2003), pp. 2499–
2521.

[29] Malik Agyemang, Ken Barker, and Rada Alhajj. “A comprehensive survey of
numeric and symbolic outlier mining techniques”. In: Intelligent Data Analysis
10.6 (2006), pp. 521–538.

235

https://arxiv.org/abs/1912.07383
https://arxiv.org/abs/1912.07383


Bibliography

[30] Animesh Patcha and Jung-Min Park. “An overview of anomaly detection tech-
niques: Existing solutions and latest technological trends”. In: Computer net-
works 51.12 (2007), pp. 3448–3470.

[31] Varun Chandola, Arindam Banerjee, and Vipin Kumar. “Anomaly detection:
A survey”. In: ACM computing surveys (CSUR) 41.3 (2009), pp. 1–58.

[32] Arthur Zimek, Erich Schubert, and Hans-Peter Kriegel. “A survey on unsu-
pervised outlier detection in high-dimensional numerical data”. In: Statistical
Analysis and Data Mining: The ASA Data Science Journal 5.5 (2012), pp. 363–
387.

[33] Charu C Aggarwal. “Outlier analysis”. In: Data mining. Springer. 2015, pp. 237–
263.

[34] Raghavendra Chalapathy and Sanjay Chawla. “Deep learning for anomaly de-
tection: A survey”. In: CoRR abs/1901.03407 (2019). arXiv: 1901.03407.

[35] Azzedine Boukerche, Lining Zheng, and Omar Alfandi. “Outlier detection:
Methods, models, and classification”. In: ACM Computing Surveys (CSUR)
53.3 (2020), pp. 1–37.

[36] Guansong Pang, Chunhua Shen, Longbing Cao, and Anton Van Den Hengel.
“Deep learning for anomaly detection: A review”. In: ACM computing surveys
(CSUR) 54.2 (2021), pp. 1–38.

[37] Vladimir Naumovich Vapnik, Vlamimir Vapnik, et al. “Statistical learning the-
ory”. In: (1998).

[38] Davinder Kaur, Suleyman Uslu, Kaley J Rittichier, and Arjan Durresi. “Trust-
worthy artificial intelligence: a review”. In: ACM computing surveys (CSUR)
55.2 (2022), pp. 1–38.

[39] Bo Li, Peng Qi, Bo Liu, Shuai Di, Jingen Liu, Jiquan Pei, Jinfeng Yi, and Bowen
Zhou. “Trustworthy AI: From principles to practices”. In: ACM Computing
Surveys 55.9 (2023), pp. 1–46.

[40] Huan Xu and Shie Mannor. “Robustness and Generalization”. In: Machine
Learning 86.3 (2012), pp. 391–423.

[41] Arijit Ukil, Soma Bandyoapdhyay, Chetanya Puri, and Arpan Pal. “IoT health-
care analytics: The importance of anomaly detection”. In: 2016 IEEE 30th in-
ternational conference on advanced information networking and applications
(AINA). IEEE. 2016, pp. 994–997.

236

https://arxiv.org/abs/1901.03407


Bibliography

[42] Mohiuddin Ahmed, Abdun Naser Mahmood, and Md Rafiqul Islam. “A survey
of anomaly detection techniques in financial domain”. In: Future Generation
Computer Systems 55 (2016), pp. 278–288.

[43] Daniel Bogdoll, Maximilian Nitsche, and J Marius Zöllner. “Anomaly Detection
in Autonomous Driving: A Survey”. In: Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition. 2022, pp. 4488–4499.

[44] Sylvain Fuertes, Gilles Picart, Jean-Yves Tourneret, Lotfi Chaari, André Fer-
rari, and Cédric Richard. “Improving spacecraft health monitoring with au-
tomatic anomaly detection techniques”. In: 14th international conference on
space operations. 2016, p. 2430.

[45] Shuhan Yuan and Xintao Wu. “Trustworthy anomaly detection: A survey”. In:
arXiv preprint arXiv:2202.07787 (2022).

[46] Zhong Li, Yuxuan Zhu, and Matthijs Van Leeuwen. “A survey on explainable
anomaly detection”. In: ACM Transactions on Knowledge Discovery from Data
18.1 (2023), pp. 1–54.

[47] Johannes Jakubik, Michael Vössing, Niklas Kühl, Jannis Walk, and Gerhard
Satzger. “Data-centric artificial intelligence”. In: Business & Information Sys-
tems Engineering (2024), pp. 1–9.

[48] Oussama H Hamid. “Data-centric and model-centric AI: Twin drivers of com-
pact and robust industry 4.0 solutions”. In: Applied Sciences 13.5 (2023), p. 2753.

[49] Daochen Zha, Zaid Pervaiz Bhat, Kwei-Herng Lai, Fan Yang, and Xia Hu.
“Data-centric ai: Perspectives and challenges”. In: Proceedings of the 2023
SIAM International Conference on Data Mining (SDM). SIAM. 2023, pp. 945–
948.

[50] Daochen Zha, Zaid Pervaiz Bhat, Kwei-Herng Lai, Fan Yang, Zhimeng Jiang,
Shaochen Zhong, and Xia Hu. “Data-centric artificial intelligence: A survey”.
In: arXiv preprint arXiv:2303.10158 (2023).

[51] Mohammad Hossein Jarrahi, Ali Memariani, and Shion Guha. “The Principles
of Data-Centric AI”. In: Commun. ACM 66.8 (July 2023), pp. 84–92.

[52] Prerna Singh. “Systematic review of data-centric approaches in artificial intel-
ligence and machine learning”. In: Data Science and Management 6.3 (2023),
pp. 144–157.

[53] Neoklis Polyzotis and Matei Zaharia. “What can data-centric AI learn from
data and ML engineering?” In: arXiv preprint arXiv:2112.06439 (2021).

237



Bibliography

[54] Gil Press. “Andrew ng launches a campaign for data-centric ai”. In: Forbes,
Jun 16 (2021), p. 2021.

[55] Zhong Li, Jiayang Shi, and Matthijs van Leeuwen. “Graph Neural Network
based Log Anomaly Detection and Explanation”. In: 2024 IEEE/ACM 46th
International Conference on Software Engineering: Companion Proceedings
(ICSE-Companion). IEEE. 2024.

[56] Zhong Li and Matthijs van Leeuwen. “Feature selection for fault detection
and prediction based on event log analysis”. In: ACM SIGKDD Explorations
Newsletter 24.2 (2022), pp. 96–104.

[57] Zhong Li and Matthijs van Leeuwen. “Explainable contextual anomaly detec-
tion using quantile regression forests”. In: Data Mining and Knowledge Discov-
ery 37.6 (2023), pp. 2517–2563.

[58] Zhong Li, Simon Geisler, Yuhang Wang, Stephan Günnemann, and Matthijs
van Leeuwen. “Explainable Graph Neural Networks Under Fire”. In: arXiv
preprint arXiv:2406.06417 (2024).

[59] Zhong Li, Sheng Liang, Jiayang Shi, and Matthijs van Leeuwen. “ Cross-Domain
Graph Level Anomaly Detection ”. In: IEEE Transactions on Knowledge &
Data Engineering 36.12 (Dec. 2024), pp. 7839–7850.

[60] Zhong Li, Matteo Quartagno, Stefan Böhringer, and Nan van Geloven. “Choos-
ing and changing the analysis scale in non-inferiority trials with a binary out-
come”. In: Clinical Trials 19.1 (2022), pp. 14–21.

[61] Yuhang Wang, Zhong Li, Shujian Yu, and Matthijs van Leeuwen. Labels Are
Not All You Need: Evaluating Node Embedding Quality without Relying on
Labels. 2025.

[62] Zhong Li, Qi Huang, Lincen Yang, Jiayang Shi, Zhao Yang, Niki van Stein,
Thomas Bäck, and Matthijs van Leeuwen. “Diffusion Models for Tabular Data:
Challenges, Current Progress, and Future Directions”. In: arXiv preprint arXiv:2502.17119
(2025).

[63] Bernhard Schölkopf, John C Platt, John Shawe-Taylor, Alex J Smola, and
Robert C Williamson. “Estimating the support of a high-dimensional distribu-
tion”. In: Neural computation 13.7 (2001), pp. 1443–1471.

238



Bibliography

[64] Wei Xu, Ling Huang, Armando Fox, David Patterson, and Michael I Jordan.
“Detecting large-scale system problems by mining console logs”. In: Proceedings
of the ACM SIGOPS 22nd symposium on Operating systems principles. 2009,
pp. 117–132.

[65] Min Du, Feifei Li, Guineng Zheng, and Vivek Srikumar. “Deeplog: Anomaly
detection and diagnosis from system logs through deep learning”. In: 2017,
pp. 1285–1298.

[66] Weibin Meng, Ying Liu, Yichen Zhu, Shenglin Zhang, Dan Pei, Yuqing Liu,
Yihao Chen, Ruizhi Zhang, Shimin Tao, Pei Sun, et al. “LogAnomaly: Un-
supervised detection of sequential and quantitative anomalies in unstructured
logs.” In: vol. 19. 7. 2019, pp. 4739–4745.

[67] Yi Wan, Yilin Liu, Dong Wang, and Yujin Wen. “Glad-paw: Graph-based log
anomaly detection by position aware weighted graph attention network”. In:
Springer. 2021, pp. 66–77.

[68] Yufei Li, Yanchi Liu, Haoyu Wang, Zhengzhang Chen, Wei Cheng, Yuncong
Chen, Wenchao Yu, Haifeng Chen, and Cong Liu. “GLAD: Content-aware Dy-
namic Graphs For Log Anomaly Detection”. In: arXiv preprint arXiv:2309.05953
(2023).

[69] Tong Jia, Pengfei Chen, Lin Yang, Ying Li, Fanjing Meng, and Jingmin Xu.
“An approach for anomaly diagnosis based on hybrid graph model with logs for
distributed services”. In: 2017 IEEE international conference on web services
(ICWS). IEEE. 2017, pp. 25–32.

[70] Zhong Li, Yuxuan Zhu, and Matthijs van Leeuwen. “A Survey on Explainable
Anomaly Detection”. In: ACM Trans. Knowl. Discov. Data (July 2023).

[71] Lin Yang, Junjie Chen, Zan Wang, Weijing Wang, Jiajun Jiang, Xuyuan Dong,
and Wenbin Zhang. “Semi-supervised log-based anomaly detection via proba-
bilistic label estimation”. In: 2021 IEEE/ACM 43rd International Conference
on Software Engineering (ICSE). IEEE. 2021, pp. 1448–1460.

[72] Zekun Tong, Yuxuan Liang, Changsheng Sun, Xinke Li, David Rosenblum,
and Andrew Lim. “Digraph inception convolutional networks”. In: Advances in
neural information processing systems 33 (2020), pp. 17907–17918.

[73] Keyulu Xu, Weihua Hu, Jure Leskovec, and Stefanie Jegelka. “How Powerful
are Graph Neural Networks?” In: International Conference on Learning Rep-
resentations (2018).

239



Bibliography

[74] Annamalai Narayanan, Mahinthan Chandramohan, Rajasekar Venkatesan, Li-
hui Chen, Yang Liu, and Shantanu Jaiswal. “graph2vec: Learning distributed
representations of graphs”. In: International workshop on mining and learning
with graphs (mlg) (2017).

[75] Nino Shervashidze, Pascal Schweitzer, Erik Jan Van Leeuwen, Kurt Mehlhorn,
and Karsten M Borgwardt. “Weisfeiler-lehman graph kernels.” In: Journal of
Machine Learning Research 12.9 (2011).

[76] Marion Neumann, Roman Garnett, Christian Bauckhage, and Kristian Kerst-
ing. “Propagation kernels: efficient graph kernels from propagated information”.
In: Machine Learning 102.2 (2016), pp. 209–245.

[77] Fei Tony Liu, Kai Ming Ting, and Zhi-Hua Zhou. “Isolation forest”. In: IEEE.
2008, pp. 413–422.

[78] Lingxiao Zhao and Leman Akoglu. “On using classification datasets to evaluate
graph outlier detection: Peculiar observations and new insights”. In: Big Data
(2021).

[79] Lingxiao Zhao, Saurabh Sawlani, Arvind Srinivasan, and Leman Akoglu. “Graph
Anomaly Detection with Unsupervised GNNs”. In: IEEE International Con-
ference on Data Mining (ICDM) Short (2022).

[80] David MJ Tax and Robert PW Duin. “Support vector data description”. In:
Machine learning 54.1 (2004), pp. 45–66.

[81] Rongrong Ma, Guansong Pang, Ling Chen, and Anton van den Hengel. “Deep
graph-level anomaly detection by glocal knowledge distillation”. In: Proceed-
ings of the Fifteenth ACM International Conference on Web Search and Data
Mining. 2022, pp. 704–714.

[82] Chen Qiu, M. Kloft, Stephan Mandt, and Maja R. Rudolph. “Raising the Bar
in Graph-level Anomaly Detection”. In: International Joint Conference on Ar-
tificial Intelligence (2022).

[83] Ge Zhang, Zhenyu Yang, Jia Wu, Jian Yang, Shan Xue, Hao Peng, Jianlin Su,
Chuan Zhou, Quan Z Sheng, Leman Akoglu, et al. “Dual-discriminative Graph
Neural Network for Imbalanced Graph-level Anomaly Detection”. In: Advances
in Neural Information Processing Systems. 2022.

[84] Hung T. Nguyen, Pierre J. Liang, and Leman Akoglu. “Detecting Anomalous
Graphs in Labeled Multi-Graph Databases”. In: ACM Trans. Knowl. Discov.
Data 17.2 (Feb. 2023).

240



Bibliography

[85] Markus Goldstein and Andreas Dengel. “Histogram-based outlier score (hbos):
A fast unsupervised anomaly detection algorithm”. In: KI-2012: poster and
demo track 1 (2012), pp. 59–63.

[86] Amir Farzad and T Aaron Gulliver. “Unsupervised log message anomaly de-
tection”. In: ICT Express 6.3 (2020), pp. 229–237.

[87] Chenxi Zhang, Xin Peng, Chaofeng Sha, Ke Zhang, Zhenqing Fu, Xiya Wu,
Qingwei Lin, and Dongmei Zhang. “DeepTraLog: Trace-log combined microser-
vice anomaly detection through graph-based deep learning”. In: Proceedings of
the 44th International Conference on Software Engineering. 2022, pp. 623–634.

[88] Yongzheng Xie, Hongyu Zhang, and Muhammad Ali Babar. “LogGD: Detecting
Anomalies from System Logs with Graph Neural Networks”. In: 2022 IEEE
22nd International Conference on Software Quality, Reliability and Security
(QRS) (2022), pp. 299–310.

[89] Zhong Li and Matthijs van Leeuwen. “Explainable contextual anomaly detec-
tion using quantile regression forests”. In: Data Mining and Knowledge Discov-
ery (2023).

[90] Lin Yang, Junjie Chen, Zan Wang, Weijing Wang, Jiajun Jiang, Xuyuan Dong,
and Wenbin Zhang. “Plelog: Semi-supervised log-based anomaly detection via
probabilistic label estimation”. In: 2021 IEEE/ACM 43rd International Con-
ference on Software Engineering: Companion Proceedings (ICSE-Companion).
IEEE. 2021, pp. 230–231.

[91] Bahman Bahmani, Abdur Chowdhury, and Ashish Goel. “Fast incremental and
personalized PageRank”. In: Proceedings of the VLDB Endowment 4.3 (2010),
pp. 173–184.

[92] Pinjia He, Jieming Zhu, Zibin Zheng, and Michael R Lyu. “Drain: An online log
parsing approach with fixed depth tree”. In: 2017 IEEE international conference
on web services (ICWS). IEEE. 2017, pp. 33–40.

[93] Jieming Zhu, Shilin He, Jinyang Liu, Pinjia He, Qi Xie, Zibin Zheng, and
Michael R Lyu. “Tools and benchmarks for automated log parsing”. In: 2019
IEEE/ACM 41st International Conference on Software Engineering: Software
Engineering in Practice (ICSE-SEIP). IEEE. 2019, pp. 121–130.

[94] Jeffrey Pennington, Richard Socher, and Christopher DManning. “Glove: Global
vectors for word representation”. In: Proceedings of the 2014 conference on em-
pirical methods in natural language processing (EMNLP). 2014, pp. 1532–1543.

241



Bibliography

[95] Juan Ramos et al. “Using tf-idf to determine word relevance in document
queries”. In: Proceedings of the first instructional conference on machine learn-
ing. Vol. 242. 1. Citeseer. 2003, pp. 29–48.

[96] Zhitao Ying, Jiaxuan You, Christopher Morris, Xiang Ren, Will Hamilton, and
Jure Leskovec. “Hierarchical graph representation learning with differentiable
pooling”. In: Advances in neural information processing systems 31 (2018).

[97] Justin Gilmer, Samuel S Schoenholz, Patrick F Riley, Oriol Vinyals, and George
E Dahl. “Neural message passing for quantum chemistry”. In: International
conference on machine learning. PMLR. 2017, pp. 1263–1272.

[98] Hwan Kim, Byung Suk Lee, Won-Yong Shin, and Sungsu Lim. “Graph Anomaly
Detection with Graph Neural Networks: Current Status and Challenges”. In:
IEEE Access (2022).

[99] Lukas Ruff, Robert Vandermeulen, Nico Goernitz, Lucas Deecke, Shoaib Ahmed
Siddiqui, Alexander Binder, Emmanuel Müller, and Marius Kloft. “Deep one-
class classification”. In: International conference on machine learning. PMLR.
2018, pp. 4393–4402.

[100] Diederik P Kingma and Jimmy Ba. “Adam: A method for stochastic optimiza-
tion”. In: arXiv preprint arXiv:1412.6980 (2014).

[101] Hao Yuan, Haiyang Yu, Shurui Gui, and Shuiwang Ji. “Explainability in graph
neural networks: A taxonomic survey”. In: IEEE Transactions on Pattern Anal-
ysis and Machine Intelligence (2022).

[102] Sebastian Bach, Alexander Binder, Grégoire Montavon, Frederick Klauschen,
Klaus-Robert Müller, and Wojciech Samek. “On pixel-wise explanations for
non-linear classifier decisions by layer-wise relevance propagation”. In: PloS
one 10.7 (2015), e0130140.

[103] Robert Schwarzenberg, Marc Hübner, David Harbecke, Christoph Alt, and
Leonhard Hennig. “Layerwise Relevance Visualization in Convolutional Text
Graph Classifiers”. In: Proceedings of the Thirteenth Workshop on Graph-Based
Methods for Natural Language Processing (TextGraphs-13) (2019), pp. 58–62.

[104] Federico Baldassarre and Hossein Azizpour. “Explainability Techniques for
Graph Convolutional Networks”. In: ICML 2019 Workshop” Learning and Rea-
soning with Graph-Structured Representations” (2019).

242



Bibliography

[105] Qingwei Lin, Hongyu Zhang, Jian-Guang Lou, Yu Zhang, and Xuewei Chen.
“Log clustering based problem identification for online service systems”. In:
IEEE. 2016, pp. 102–111.

[106] Charu C Aggarwal and Charu C Aggarwal. An introduction to outlier analysis.
Springer, 2017.

[107] Yue Zhao, Zain Nasrullah, and Zheng Li. “PyOD: A Python Toolbox for Scal-
able Outlier Detection”. In: Journal of Machine Learning Research 20 (2019),
pp. 1–7.

[108] Zhuangbin Chen, Jinyang Liu, Wenwei Gu, Yuxin Su, and Michael R Lyu.
“Experience report: Deep learning-based system log analysis for anomaly de-
tection”. In: arXiv preprint arXiv:2107.05908 (2021).

[109] Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, James Bradbury,
Gregory Chanan, Trevor Killeen, Zeming Lin, Natalia Gimelshein, Luca Antiga,
et al. “Pytorch: An imperative style, high-performance deep learning library”.
In: Advances in neural information processing systems 32 (2019).

[110] Matthias Fey and Jan Eric Lenssen. “Fast graph representation learning with
PyTorch Geometric”. In: ICLR 2019 (RLGM Workshop) (2019).

[111] Xihao Zhang. “An introduction to lithography machine”. In: 2021 6th Interna-
tional Conference on Modern Management and Education Technology (MMET
2021). Atlantis Press. 2021, pp. 49–53.

[112] Tao Bai, Jinqi Luo, Jun Zhao, Bihan Wen, and Qian Wang. “Recent Advances
in Adversarial Training for Adversarial Robustness”. In: Proceedings of the
Thirtieth International Joint Conference on Artificial Intelligence, IJCAI-21
(Aug. 2021). Ed. by Zhi-Hua Zhou. Survey Track, pp. 4312–4321.

[113] Rakesh Bahadur Yadav, P Santosh Kumar, and Sunita Vikrant Dhavale. “A
survey on log anomaly detection using deep learning”. In: 2020 8th International
Conference on Reliability, Infocom Technologies and Optimization (Trends and
Future Directions)(ICRITO). IEEE. 2020, pp. 1215–1220.

[114] Shilin He, Jieming Zhu, Pinjia He, and Michael R Lyu. “Experience report:
System log analysis for anomaly detection”. In: IEEE. 2016, pp. 207–218.

[115] Haixuan Guo, Shuhan Yuan, and Xintao Wu. “Logbert: Log anomaly detection
via bert”. In: IEEE. 2021, pp. 1–8.

243



Bibliography

[116] Hossein Hamooni, Biplob Debnath, Jianwu Xu, Hui Zhang, Guofei Jiang, and
Abdullah Mueen. “Logmine: Fast pattern recognition for log analytics”. In:
Proceedings of the 25th ACM International on Conference on Information and
Knowledge Management. 2016, pp. 1573–1582.

[117] Hetong Dai, Heng Li, Che Shao Chen, Weiyi Shang, and Tse-Hsun Chen. “Lo-
gram: Efficient log parsing using n-gram dictionaries”. In: IEEE Transactions
on Software Engineering (2020).

[118] Van-Hoang Le and Hongyu Zhang. “Log-based anomaly detection with deep
learning: how far are we?” In: Proceedings of the 44th International Conference
on Software Engineering. 2022, pp. 1356–1367.

[119] Xu Zhang, Yong Xu, Qingwei Lin, Bo Qiao, Hongyu Zhang, Yingnong Dang,
Chunyu Xie, Xinsheng Yang, Qian Cheng, Ze Li, et al. “Robust log-based
anomaly detection on unstable log data”. In: Proceedings of the 2019 27th ACM
Joint Meeting on European Software Engineering Conference and Symposium
on the Foundations of Software Engineering. 2019, pp. 807–817.

[120] Siyang Lu, Xiang Wei, Yandong Li, and Liqiang Wang. “Detecting anomaly in
big data system logs using convolutional neural network”. In: 2018 IEEE 16th
Intl Conf on Dependable, Autonomic and Secure Computing, 16th Intl Conf on
Pervasive Intelligence and Computing, 4th Intl Conf on Big Data Intelligence
and Computing and Cyber Science and Technology Congress (DASC/PiCom/DataCom/CyberSciTech).
IEEE. 2018, pp. 151–158.

[121] Maurice G Kendall. “A new measure of rank correlation”. In: Biometrika 30.1/2
(1938), pp. 81–93.

[122] Ali Shojaie and Emily B Fox. “Granger causality: A review and recent ad-
vances”. In: Annual Review of Statistics and Its Application 9 (2022), pp. 289–
319.

[123] Adam Oliner and Jon Stearley. “What supercomputers say: A study of five sys-
tem logs”. In: 37th annual IEEE/IFIP international conference on dependable
systems and networks (DSN’07). IEEE. 2007, pp. 575–584.

[124] Sridhar Ramaswamy, Rajeev Rastogi, and Kyuseok Shim. “Efficient algorithms
for mining outliers from large data sets”. In: Proceedings of the 2000 ACM
SIGMOD international conference on Management of data. 2000, pp. 427–438.

244



Bibliography

[125] Andrew Arnold, Yan Liu, and Naoki Abe. “Temporal causal modeling with
graphical granger methods”. In: Proceedings of the 13th ACM SIGKDD inter-
national conference on Knowledge discovery and data mining. 2007, pp. 66–
75.

[126] Peter Spirtes, Clark N Glymour, Richard Scheines, and David Heckerman. Cau-
sation, prediction, and search. MIT press, 2000.

[127] Douglas M Hawkins. Identification of outliers. Vol. 11. Springer, 1980.

[128] Mohiuddin Ahmed, Abdun Naser Mahmood, and Jiankun Hu. “A survey of
network anomaly detection techniques”. In: Journal of Network and Computer
Applications 60 (2016), pp. 19–31.

[129] Eduardo J Spinosa and AC Carvalho. “Support vector machines for novel class
detection in Bioinformatics”. In: Genet Mol Res 4.3 (2005), pp. 608–15.

[130] Mohiuddin Ahmed, Abdun Naser Mahmood, and Md Rafiqul Islam. “A survey
of anomaly detection techniques in financial domain”. In: Future Generation
Computer Systems 55 (2016), pp. 278–288.

[131] Inseok Hwang, Sungwan Kim, Youdan Kim, and Chze Eng Seah. “A survey of
fault detection, isolation, and reconfiguration methods”. In: IEEE transactions
on control systems technology 18.3 (2009), pp. 636–653.

[132] Hongzhi Wang, Mohamed Jaward Bah, and Mohamed Hammad. “Progress in
outlier detection techniques: A survey”. In: Ieee Access 7 (2019), pp. 107964–
108000.

[133] Sha Lu, Lin Liu, Jiuyong Li, Thuc Duy Le, and Jixue Liu. “Dependency-based
Anomaly Detection: Framework, Methods and Benchmark”. In: arXiv preprint
arXiv:2011.06716 (2020).

[134] Nicolai Meinshausen. “Quantile regression forests.” In: Journal of Machine
Learning Research 7.6 (2006), pp. 983–999.

[135] Scott M Lundberg and Su-In Lee. “A unified approach to interpreting model
predictions”. In: Advances in neural information processing systems 30 (2017).

[136] Hidde Fokkema, Rianne de Heide, and Tim van Erven. “Attribution-based ex-
planations that provide recourse cannot be robust”. In: arXiv preprint arXiv:2205.15834
(2022).

245



Bibliography

[137] Qiao Cai, Haibo He, and Hong Man. “Spatial outlier detection based on itera-
tive self-organizing learning model”. In: Neurocomputing 117 (2013), pp. 161–
172.

[138] Stan Salvador, Philip Chan, and John Brodie. “Learning States and Rules for
Time Series Anomaly Detection.” In: FLAIRS conference. 2004, pp. 306–311.

[139] Koen Smets, Brigitte Verdonk, and Elsa M Jordaan. “Discovering novelty in
spatio/temporal data using one-class support vector machines”. In: 2009 Inter-
national Joint Conference on Neural Networks. IEEE. 2009, pp. 2956–2963.

[140] Xiuyao Song, Mingxi Wu, Christopher Jermaine, and Sanjay Ranka. “Con-
ditional anomaly detection”. In: IEEE Transactions on knowledge and Data
Engineering 19.5 (2007), pp. 631–645.

[141] Jiongqian Liang and Srinivasan Parthasarathy. “Robust contextual outlier de-
tection: Where context meets sparsity”. In: Proceedings of the 25th ACM In-
ternational on Conference on Information and Knowledge Management. 2016,
pp. 2167–2172.

[142] Egawati Panjei, Le Gruenwald, Eleazar Leal, Christopher Nguyen, and Shejuti
Silvia. “A survey on outlier explanations”. In: The VLDB Journal 31.5 (2022),
pp. 977–1008.

[143] Hongzuo Xu, Yijie Wang, Songlei Jian, Zhenyu Huang, Yongjun Wang, Ning
Liu, and Fei Li. “Beyond outlier detection: Outlier interpretation by attention-
guided triplet deviation network”. In: Proceedings of the Web Conference 2021.
2021, pp. 1328–1339.

[144] Ninghao Liu, Donghwa Shin, and Xia Hu. “Contextual outlier interpretation”.
In: Proceedings of the 27th International Joint Conference on Artificial Intelli-
gence. 2018, pp. 2461–2467.

[145] Michal Valko, Branislav Kveton, Hamed Valizadegan, Gregory F Cooper, and
Milos Hauskrecht. “Conditional anomaly detection with soft harmonic func-
tions”. In: 2011 IEEE 11th International Conference on Data Mining. IEEE.
2011, pp. 735–743.

[146] Michael A Hayes and Miriam AM Capretz. “Contextual anomaly detection in
big sensor data”. In: 2014 IEEE International Congress on Big Data. IEEE.
2014, pp. 64–71.

246



Bibliography

[147] Guanting Tang, Jian Pei, James Bailey, and Guozhu Dong. “Mining multidi-
mensional contextual outliers from categorical relational data”. In: Intelligent
Data Analysis 19.5 (2015), pp. 1171–1192.

[148] Charmgil Hong and Milos Hauskrecht. “Multivariate conditional anomaly de-
tection and its clinical application”. In: Proceedings of the AAAI Conference
on Artificial Intelligence. Vol. 29. 1. 2015.

[149] Guanjie Zheng, Susan L Brantley, Thomas Lauvaux, and Zhenhui Li. “Contex-
tual spatial outlier detection with metric learning”. In: Proceedings of the 23rd
ACM SIGKDD International Conference on Knowledge Discovery and Data
Mining. 2017, pp. 2161–2170.

[150] MYMeghanath, Deepak Pai, and Leman Akoglu. “ConOut: Con textual Outlier
Detection with Multiple Contexts: Application to Ad Fraud”. In: Joint Euro-
pean Conference on Machine Learning and Knowledge Discovery in Databases.
Springer. 2018, pp. 139–156.

[151] Choh-Man Teng. “Correcting Noisy Data.” In: ICML. Citeseer. 1999, pp. 239–
248.

[152] Yi-an Huang, Wei Fan, Wenke Lee, and Philip S Yu. “Cross-feature analysis
for detecting ad-hoc routing anomalies”. In: 23rd International Conference on
Distributed Computing Systems, 2003. Proceedings. IEEE. 2003, pp. 478–487.

[153] Weng-Keen Wong, Andrew W Moore, Gregory F Cooper, and Michael M Wag-
ner. “Bayesian network anomaly pattern detection for disease outbreaks”. In:
Proceedings of the 20th International Conference on Machine Learning (ICML-
03). 2003, pp. 808–815.

[154] Keith Noto, Carly Brodley, and Donna Slonim. “Anomaly detection using an
ensemble of feature models”. In: 2010 ieee international conference on data
mining. IEEE. 2010, pp. 953–958.

[155] Sakshi Babbar and Sanjay Chawla. “Mining causal outliers using Gaussian
Bayesian networks”. In: 2012 IEEE 24th International Conference on Tools
with Artificial Intelligence. Vol. 1. IEEE. 2012, pp. 97–104.

[156] Sha Lu, Lin Liu, Jiuyong Li, Thuc Duy Le, and Jixue Liu. “LoPAD: A Lo-
cal Prediction Approach to Anomaly Detection”. In: Advances in Knowledge
Discovery and Data Mining 12085 (2020), p. 660.

247



Bibliography

[157] Hans-Peter Kriegel, Peer Kröger, Erich Schubert, and Arthur Zimek. “Outlier
detection in axis-parallel subspaces of high dimensional data”. In: Pacific-asia
conference on knowledge discovery and data mining. Springer. 2009, pp. 831–
838.

[158] Hans-Peter Kriegel, Peer Kröger, Erich Schubert, and Arthur Zimek. “Outlier
detection in arbitrarily oriented subspaces”. In: 2012 IEEE 12th international
conference on data mining. IEEE. 2012, pp. 379–388.

[159] Hoang Vu Nguyen, Emmanuel Müller, Jilles Vreeken, Fabian Keller, and Kle-
mens Böhm. “CMI: An information-theoretic contrast measure for enhancing
subspace cluster and outlier detection”. In: Proceedings of the 2013 SIAM In-
ternational Conference on Data Mining. SIAM. 2013, pp. 198–206.

[160] Ismael Cabero, Irene Epifanio, Ana Piérola, and Alfredo Ballester. “Archetype
analysis: A new subspace outlier detection approach”. In: Knowledge-Based
Systems 217 (2021), p. 106830.

[161] Roger Koenker and Kevin F Hallock. “Quantile regression”. In: Journal of
economic perspectives 15.4 (2001), pp. 143–156.

[162] Mark Segal and Yuanyuan Xiao. “Multivariate random forests”. In: Wiley inter-
disciplinary reviews: Data mining and knowledge discovery 1.1 (2011), pp. 80–
87.

[163] Leo Breiman. “Random forests”. In: Machine learning 45 (2001), pp. 5–32.

[164] Jing Lei, Max G’Sell, Alessandro Rinaldo, Ryan J Tibshirani, and Larry
Wasserman. “Distribution-free predictive inference for regression”. In: Journal
of the American Statistical Association 113.523 (2018), pp. 1094–1111.

[165] John C Gower. “A general coefficient of similarity and some of its properties”.
In: Biometrics (1971), pp. 857–871.

[166] Peter Kampstra. “Beanplot: A boxplot alternative for visual comparison of
distributions”. In: Journal of statistical software 28.1 (2008), pp. 1–9.

[167] Ines Färber, Stephan Günnemann, Hans-Peter Kriegel, Peer Kröger, Emmanuel
Müller, Erich Schubert, Thomas Seidl, and Arthur Zimek. “On using class-
labels in evaluation of clusterings”. In: MultiClust: 1st international workshop
on discovering, summarizing and using multiple clusterings held in conjunction
with KDD. 2010, p. 1.

248



Bibliography

[168] Guilherme O Campos, Arthur Zimek, Jörg Sander, Ricardo JGB Campello,
Barbora Micenková, Erich Schubert, Ira Assent, and Michael E Houle. “On
the evaluation of unsupervised outlier detection: measures, datasets, and an
empirical study”. In: Data mining and knowledge discovery 30.4 (2016), pp. 891–
927.

[169] Cedric Seger. An investigation of categorical variable encoding techniques in
machine learning: binary versus one-hot and feature hashing. 2018.

[170] Sevvandi Kandanaarachchi, Mario A Muñoz, Rob J Hyndman, and Kate Smith-
Miles. “On normalization and algorithm selection for unsupervised outlier de-
tection”. In: Data Mining and Knowledge Discovery 34.2 (2020), pp. 309–354.

[171] Ece Calikus, Slawomir Nowaczyk, Mohamed-Rafik Bouguelia, and Onur Dik-
men. “Wisdom of the Contexts: Active Ensemble Learning for Contextual
Anomaly Detection”. In: arXiv preprint arXiv:2101.11560 (2021).

[172] Yu-Hsuan Kuo, Zhenhui Li, and Daniel Kifer. “Detecting outliers in data with
correlated measures”. In: Proceedings of the 27th ACM International Conference
on Information and Knowledge Management. 2018, pp. 287–296.

[173] Markus M Breunig, Hans-Peter Kriegel, Raymond T Ng, and Jörg Sander.
“LOF: identifying density-based local outliers”. In: Proceedings of the 2000
ACM SIGMOD international conference on Management of data. 2000, pp. 93–
104.

[174] Fabrizio Angiulli and Clara Pizzuti. “Fast outlier detection in high dimensional
spaces”. In: European conference on principles of data mining and knowledge
discovery. Springer. 2002, pp. 15–27.

[175] Marco Scutari, Maintainer Marco Scutari, and Hiton-PC MMPC. “Package
‘bnlearn’”. In: Bayesian network structure learning, parameter learning and

inference, R package version 4.1 (2019).

[176] Sandeep Yaramakala and Dimitris Margaritis. “Speculative Markov blanket dis-
covery for optimal feature selection”. In: Fifth IEEE International Conference
on Data Mining (ICDM’05). IEEE. 2005, 4–pp.

[177] Leo Breiman, Jerome H Friedman, Richard A Olshen, and Charles J Stone.
Classification and regression trees. Routledge, 2017.

249



Bibliography

[178] Barbora Micenková, Brian McWilliams, and Ira Assent. “Learning outlier en-
sembles: The best of both worlds–supervised and unsupervised”. In: Proceedings
of the ACM SIGKDD 2014 Workshop on Outlier Detection and Description un-
der Data Diversity (ODD2). New York, NY, USA. Citeseer. 2014, pp. 51–54.

[179] Barbora Micenková, Brian McWilliams, and Ira Assent. “Learning representa-
tions for outlier detection on a budget”. In: arXiv preprint arXiv:1507.08104
(2015).

[180] José Ramón Pasillas-Díaz and Sylvie Ratté. “An unsupervised approach for
combining scores of outlier detection techniques, based on similarity measures”.
In: Electronic notes in theoretical computer science 329 (2016), pp. 61–77.

[181] Charu C Aggarwal and Saket Sathe. Outlier ensembles: An introduction. Springer,
2017.

[182] Milton Friedman. “The use of ranks to avoid the assumption of normality im-
plicit in the analysis of variance”. In: Journal of the american statistical asso-
ciation 32.200 (1937), pp. 675–701.

[183] Peter Bjorn Nemenyi. Distribution-free multiple comparisons. Princeton Uni-
versity, 1963.

[184] Anna L Buczak and Erhan Guven. “A survey of data mining and machine learn-
ing methods for cyber security intrusion detection”. In: IEEE Communications
surveys & tutorials 18.2 (2015), pp. 1153–1176.

[185] David Harrison Jr and Daniel L Rubinfeld. “Hedonic housing prices and the
demand for clean air”. In: Journal of environmental economics and management
5.1 (1978), pp. 81–102.

[186] Tanvir Ahmad, Assia Munir, Sajjad Haider Bhatti, Muhammad Aftab, and
Muhammad Ali Raza. “Survival analysis of heart failure patients: A case study”.
In: PloS one 12.7 (2017), e0181001.

[187] Jie Zhou, Ganqu Cui, Shengding Hu, Zhengyan Zhang, Cheng Yang, Zhiyuan
Liu, Lifeng Wang, Changcheng Li, and Maosong Sun. “Graph neural networks:
A review of methods and applications”. In: AI open 1 (2020), pp. 57–81.

[188] Fenxiao Chen, Yun-Cheng Wang, Bin Wang, and C-C Jay Kuo. “Graph repre-
sentation learning: a survey”. In: APSIPA Transactions on Signal and Infor-
mation Processing 9 (2020), e15.

250



Bibliography

[189] Shima Khoshraftar and Aijun An. “A survey on graph representation learning
methods”. In: ACM Transactions on Intelligent Systems and Technology 15.1
(2024), pp. 1–55.

[190] Yu Rong, Wenbing Huang, Tingyang Xu, and Junzhou Huang. “Dropedge:
Towards deep graph convolutional networks on node classification”. In: arXiv
preprint arXiv:1907.10903 (2019).

[191] Shunxin Xiao, Shiping Wang, Yuanfei Dai, and Wenzhong Guo. “Graph neural
networks in node classification: survey and evaluation”. In: Machine Vision and
Applications 33.1 (2022), p. 4.

[192] Ajay Kumar, Shashank Sheshar Singh, Kuldeep Singh, and Bhaskar Biswas.
“Link prediction techniques, applications, and performance: A survey”. In:
Physica A: Statistical Mechanics and its Applications 553 (2020), p. 124289.

[193] Muhan Zhang and Yixin Chen. “Link prediction based on graph neural net-
works”. In: Advances in neural information processing systems 31 (2018).

[194] Kenza Amara, Rex Ying, Zitao Zhang, Zhihao Han, Yinan Shan, Ulrik Brandes,
Sebastian Schemm, and Ce Zhang. “Graphframex: Towards systematic evalu-
ation of explainability methods for graph neural networks”. In: arXiv preprint
arXiv:2206.09677 (2022).

[195] Zhitao Ying, Dylan Bourgeois, Jiaxuan You, Marinka Zitnik, and Jure Leskovec.
“Gnnexplainer: Generating explanations for graph neural networks”. In: Ad-
vances in neural information processing systems 32 (2019).

[196] Minh Vu and My T Thai. “Pgm-explainer: Probabilistic graphical model ex-
planations for graph neural networks”. In: Advances in neural information pro-
cessing systems 33 (2020), pp. 12225–12235.

[197] Phillip E Pope, Soheil Kolouri, Mohammad Rostami, Charles E Martin, and
Heiko Hoffmann. “Explainability methods for graph convolutional neural net-
works”. In: Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition. 2019, pp. 10772–10781.

[198] Hao Yuan, Jiliang Tang, Xia Hu, and Shuiwang Ji. “Xgnn: Towards model-
level explanations of graph neural networks”. In: Proceedings of the 26th ACM
SIGKDD International Conference on Knowledge Discovery & Data Mining.
2020, pp. 430–438.

251



Bibliography

[199] Dongsheng Luo, Wei Cheng, Dongkuan Xu, Wenchao Yu, Bo Zong, Haifeng
Chen, and Xiang Zhang. “Parameterized explainer for graph neural network”.
In: Advances in neural information processing systems 33 (2020), pp. 19620–
19631.

[200] Mohit Bajaj, Lingyang Chu, Zi Yu Xue, Jian Pei, Lanjun Wang, Peter Cho-Ho
Lam, and Yong Zhang. “Robust counterfactual explanations on graph neural
networks”. In: Advances in Neural Information Processing Systems 34 (2021),
pp. 5644–5655.

[201] Hao Yuan, Haiyang Yu, Jie Wang, Kang Li, and Shuiwang Ji. “On explain-
ability of graph neural networks via subgraph explorations”. In: International
conference on machine learning. PMLR. 2021, pp. 12241–12252.

[202] Ana Lucic, Maartje A Ter Hoeve, Gabriele Tolomei, Maarten De Rijke, and Fab-
rizio Silvestri. “Cf-gnnexplainer: Counterfactual explanations for graph neural
networks”. In: International Conference on Artificial Intelligence and Statistics.
PMLR. 2022, pp. 4499–4511.

[203] Qiang Huang, Makoto Yamada, Yuan Tian, Dinesh Singh, and Yi Chang.
“Graphlime: Local interpretable model explanations for graph neural networks”.
In: IEEE Transactions on Knowledge and Data Engineering (2022).

[204] Christian Szegedy, Wojciech Zaremba, Ilya Sutskever, Joan Bruna, Dumitru
Erhan, Ian Goodfellow, and Rob Fergus. “Intriguing properties of neural net-
works”. In: arXiv preprint arXiv:1312.6199 (2013).

[205] Anirban Chakraborty, Manaar Alam, Vishal Dey, Anupam Chattopadhyay,
and Debdeep Mukhopadhyay. “Adversarial attacks and defences: A survey”.
In: arXiv preprint arXiv:1810.00069 (2018).

[206] Hubert Baniecki and Przemyslaw Biecek. “Adversarial attacks and defenses in
explainable artificial intelligence: A survey”. In: Information Fusion (2024),
p. 102303.

[207] Junfeng Fang, Wei Liu, Yuan Gao, Zemin Liu, An Zhang, Xiang Wang, and
Xiangnan He. “Evaluating post-hoc explanations for graph neural networks via
robustness analysis”. In: Advances in Neural Information Processing Systems
36 (2024).

[208] Senzhang Wang, Jun Yin, Chaozhuo Li, Xing Xie, and Jianxin Wang. “V-
InFoR: A Robust Graph Neural Networks Explainer for Structurally Corrupted
Graphs”. In: Advances in Neural Information Processing Systems 36 (2024).

252



Bibliography

[209] Yiqiao Li, Jianlong Zhou, Sunny Verma, and Fang Chen. “A survey of ex-
plainable graph neural networks: Taxonomy and evaluation metrics”. In: arXiv
preprint arXiv:2207.12599 (2022).

[210] Jaykumar Kakkad, Jaspal Jannu, Kartik Sharma, Charu Aggarwal, and Sourav
Medya. “A Survey on Explainability of Graph Neural Networks”. In: arXiv
preprint arXiv:2306.01958 (2023).

[211] Chirag Agarwal, Marinka Zitnik, and Himabindu Lakkaraju. “Probing gnn
explainers: A rigorous theoretical and empirical analysis of gnn explanation
methods”. In: International Conference on Artificial Intelligence and Statis-
tics. PMLR. 2022, pp. 8969–8996.

[212] Wenqi Fan, Han Xu, Wei Jin, Xiaorui Liu, Xianfeng Tang, Suhang Wang, Qing
Li, Jiliang Tang, Jianping Wang, and Charu Aggarwal. “Jointly attacking graph
neural network and its explanations”. In: 2023 IEEE 39th International Con-
ference on Data Engineering (ICDE). IEEE. 2023, pp. 654–667.

[213] Karen Simonyan, Andrea Vedaldi, and Andrew Zisserman. “Deep inside convo-
lutional networks: Visualising image classification models and saliency maps”.
In: arXiv preprint arXiv:1312.6034 (2013).

[214] Mukund Sundararajan, Ankur Taly, and Qiqi Yan. “Axiomatic attribution for
deep networks”. In: International conference on machine learning. PMLR. 2017,
pp. 3319–3328.

[215] Thomas Schnake, Oliver Eberle, Jonas Lederer, Shinichi Nakajima, Kristof T
Schütt, Klaus-Robert Müller, and Grégoire Montavon. “Higher-order explana-
tions of graph neural networks via relevant walks”. In: IEEE transactions on
pattern analysis and machine intelligence 44.11 (2021), pp. 7581–7596.

[216] Michael Sejr Schlichtkrull, Nicola De Cao, and Ivan Titov. “Interpreting graph
neural networks for NLP with differentiable edge masking”. In: arXiv preprint
arXiv:2010.00577 (2020).

[217] Juyeon Heo, Sunghwan Joo, and Taesup Moon. “Fooling neural network inter-
pretations via adversarial model manipulation”. In: Advances in neural infor-
mation processing systems 32 (2019).

[218] Xinyang Zhang, Ningfei Wang, Hua Shen, Shouling Ji, Xiapu Luo, and Ting
Wang. “Interpretable deep learning under fire”. In: 29th {USENIX} security
symposium ({USENIX} security 20). 2020.

253



Bibliography

[219] Amirata Ghorbani, Abubakar Abid, and James Zou. “Interpretation of neu-
ral networks is fragile”. In: Proceedings of the AAAI conference on artificial
intelligence. Vol. 33. 01. 2019, pp. 3681–3688.

[220] Xingchen Wan, Henry Kenlay, Robin Ru, Arno Blaas, Michael A Osborne,
and Xiaowen Dong. “Adversarial attacks on graph classifiers via bayesian opti-
misation”. In: Advances in Neural Information Processing Systems 34 (2021),
pp. 6983–6996.

[221] Jiate Li, Meng Pang, Yun Dong, Jinyuan Jia, and Binghui Wang. “Graph Neu-
ral Network Explanations are Fragile”. In: arXiv preprint arXiv:2406.03193
(2024).

[222] Daniel Zügner, Amir Akbarnejad, and Stephan Günnemann. “Adversarial at-
tacks on neural networks for graph data”. In: Proceedings of the 24th ACM
SIGKDD international conference on knowledge discovery & data mining. 2018,
pp. 2847–2856.

[223] Hanjun Dai, Hui Li, Tian Tian, Xin Huang, Lin Wang, Jun Zhu, and Le Song.
“Adversarial attack on graph structured data”. In: International conference on
machine learning. PMLR. 2018, pp. 1115–1124.

[224] Wei Jin, Yaxing Li, Han Xu, Yiqi Wang, Shuiwang Ji, Charu Aggarwal, and
Jiliang Tang. “Adversarial attacks and defenses on graphs”. In: ACM SIGKDD
Explorations Newsletter 22.2 (2021), pp. 19–34.

[225] Stephan Günnemann. “Graph neural networks: Adversarial robustness”. In:
Graph Neural Networks: Foundations, Frontiers, and Applications (2022), pp. 149–
176.

[226] Xu Zou, Qinkai Zheng, Yuxiao Dong, Xinyu Guan, Evgeny Kharlamov, Jialiang
Lu, and Jie Tang. “TDGIA:Effective Injection Attacks on Graph Neural Net-
works”. In: arXiv:2106.06663 [cs] (June 2021). arXiv: 2106.06663.

[227] Kaidi Xu, Hongge Chen, Sijia Liu, Pin-Yu Chen, Tsui-Wei Weng, Mingyi Hong,
and Xue Lin. “Topology attack and defense for graph neural networks: An
optimization perspective”. In: arXiv preprint arXiv:1906.04214 (2019).

[228] Simon Geisler, Tobias Schmidt, Hakan Şirin, Daniel Zügner, Aleksandar Bo-
jchevski, and Stephan Günnemann. “Robustness of graph neural networks at
scale”. In: Advances in Neural Information Processing Systems 34 (2021), pp. 7637–
7649.

254



Bibliography

[229] Lukas Gosch, Simon Geisler, Daniel Sturm, Bertrand Charpentier, Daniel Zügner,
and Stephan Günnemann. “Adversarial Training for Graph Neural Networks:
Pitfalls, Solutions, and New Directions”. In: Neural Information Processing
Systems, NeurIPS. 2023.

[230] Lukas Faber, Amin K. Moghaddam, and Roger Wattenhofer. “When compar-
ing to ground truth is wrong: On evaluating gnn explanation methods”. In:
Proceedings of the 27th ACM SIGKDD conference on knowledge discovery &
data mining. 2021, pp. 332–341.

[231] Chirag Agarwal, Owen Queen, Himabindu Lakkaraju, and Marinka Zitnik.
“Evaluating explainability for graph neural networks”. In: Scientific Data 10.1
(2023), p. 144.

[232] Zhong Li, Jiayang Shi, and Matthijs van Leeuwen. “Graph Neural Network
based Log Anomaly Detection and Explanation”. In: arXiv preprint arXiv:2307.00527
(2023).

[233] H Gerhard Vogel, Wolfgang H Vogel, H Gerhard Vogel, Günter Müller, Jürgen
Sandow, and Bernward A Schölkens. Drug discovery and evaluation: pharma-
cological assays. Vol. 2. Springer, 1997.

[234] Tommaso Lanciano, Francesco Bonchi, and Aristides Gionis. “Explainable clas-
sification of brain networks via contrast subgraphs”. In: Proceedings of the 26th
ACM SIGKDD International Conference on Knowledge Discovery & Data Min-
ing. 2020, pp. 3308–3318.

[235] Garrett Wilson and Diane J Cook. “A survey of unsupervised deep domain
adaptation”. In: ACM Transactions on Intelligent Systems and Technology
(TIST) 11.5 (2020), pp. 1–46.

[236] Ercong Nie, Sheng Liang, Helmut Schmid, and Hinrich Schütze. “Cross-Lingual
Retrieval Augmented Prompt for Low-Resource Languages”. In: Findings of the
Association for Computational Linguistics: ACL 2023. Association for Compu-
tational Linguistics, 2023, pp. 8320–8340.

[237] Shai Ben-David, John Blitzer, Koby Crammer, Alex Kulesza, Fernando Pereira,
and Jennifer Wortman Vaughan. “A theory of learning from different domains”.
In: Machine learning 79 (2010), pp. 151–175.

[238] Sinno Jialin Pan and Qiang Yang. “A survey on transfer learning”. In: IEEE
Transactions on knowledge and data engineering 22.10 (2010), pp. 1345–1359.

255



Bibliography

[239] Chuanqi Tan, Fuchun Sun, Tao Kong, Wenchang Zhang, Chao Yang, and Chun-
fang Liu. “A survey on deep transfer learning”. In: Artificial Neural Networks
and Machine Learning–ICANN 2018: 27th International Conference on Artifi-
cial Neural Networks, Rhodes, Greece, October 4-7, 2018, Proceedings, Part III
27 . Springer. 2018, pp. 270–279.

[240] Leman Akoglu, Hanghang Tong, and Danai Koutra. “Graph based anomaly
detection and description: a survey”. In: Data mining and knowledge discovery
29 (2015), pp. 626–688.

[241] Xiaoxiao Ma, Jia Wu, Shan Xue, Jian Yang, Chuan Zhou, Quan Z Sheng,
Hui Xiong, and Leman Akoglu. “A comprehensive survey on graph anomaly
detection with deep learning”. In: IEEE Transactions on Knowledge and Data
Engineering (2021).

[242] Baochen Sun and Kate Saenko. “Deep coral: Correlation alignment for deep
domain adaptation”. In: Computer Vision–ECCV 2016 Workshops: Amster-
dam, The Netherlands, October 8-10 and 15-16, 2016, Proceedings, Part III
14. Springer. 2016, pp. 443–450.

[243] Yaroslav Ganin, Evgeniya Ustinova, Hana Ajakan, Pascal Germain, Hugo Larochelle,
François Laviolette, Mario Marchand, and Victor Lempitsky. “Domain-adversarial
training of neural networks”. In: The journal of machine learning research 17.1
(2016), pp. 2096–2030.

[244] Eric Tzeng, Judy Hoffman, Kate Saenko, and Trevor Darrell. “Adversarial dis-
criminative domain adaptation”. In: Proceedings of the IEEE conference on
computer vision and pattern recognition. 2017, pp. 7167–7176.

[245] Mingsheng Long, Zhangjie Cao, Jianmin Wang, and Michael I Jordan. “Con-
ditional adversarial domain adaptation”. In: Advances in neural information
processing systems 31 (2018).

[246] Elif Vural. “Domain adaptation on graphs by learning graph topologies: theo-
retical analysis and an algorithm”. In: Turkish Journal of Electrical Engineering
and Computer Sciences 27.3 (2019), pp. 1619–1635.

[247] Yizhou Zhang, Guojie Song, Lun Du, Shuwen Yang, and Yilun Jin. “Dane:
Domain adaptive network embedding”. In: arXiv preprint arXiv:1906.00684
(2019).

256



Bibliography

[248] Man Wu, Shirui Pan, Chuan Zhou, Xiaojun Chang, and Xingquan Zhu. “Un-
supervised domain adaptive graph convolutional networks”. In: Proceedings of
The Web Conference 2020. 2020, pp. 1457–1467.

[249] Mehmet Pilancı and Elif Vural. “Domain adaptation on graphs by learning
aligned graph bases”. In: IEEE Transactions on Knowledge and Data Engi-
neering 34.2 (2020), pp. 587–600.

[250] Xiao Shen, Quanyu Dai, Fu-lai Chung, Wei Lu, and Kup-Sze Choi. “Adversarial
deep network embedding for cross-network node classification”. In: Proceedings
of the AAAI Conference on Artificial Intelligence. Vol. 34. 03. 2020, pp. 2991–
2999.

[251] Xiao Shen, Quanyu Dai, Sitong Mao, Fu-lai Chung, and Kup-Sze Choi. “Net-
work together: Node classification via cross-network deep network embedding”.
In: IEEE Transactions on Neural Networks and Learning Systems 32.5 (2020),
pp. 1935–1948.

[252] Guojie Song, Yizhou Zhang, Lingjun Xu, and Haibing Lu. “Domain adaptive
network embedding”. In: IEEE Transactions on Big Data 8.5 (2020), pp. 1220–
1232.

[253] Kaize Ding, Kai Shu, Xuan Shan, Jundong Li, and Huan Liu. “Cross-domain
graph anomaly detection”. In: IEEE Transactions on Neural Networks and
Learning Systems 33.6 (2021), pp. 2406–2415.

[254] Quanyu Dai, Xiao-Ming Wu, Jiaren Xiao, Xiao Shen, and Dan Wang. “Graph
transfer learning via adversarial domain adaptation with graph convolution”.
In: IEEE Transactions on Knowledge and Data Engineering (2022).

[255] Jinfeng Li, Weifeng Liu, Yicong Zhou, Jun Yu, Dapeng Tao, and Changsheng
Xu. “Domain-invariant graph for adaptive semi-supervised domain adaptation”.
In: ACM Transactions on Multimedia Computing, Communications, and Ap-
plications (TOMM) 18.3 (2022), pp. 1–18.

[256] Jiaren Xiao, Quanyu Dai, Xiaochen Xie, Qi Dou, Ka-Wai Kwok, and James
Lam. “Domain Adaptive Graph Infomax via Conditional Adversarial Networks”.
In: IEEE Transactions on Network Science and Engineering 10.1 (2022), pp. 35–
52.

[257] Qizhou Wang, Guansong Pang, Mahsa Salehi, Wray Buntine, and Christopher
Leckie. “Cross-Domain Graph Anomaly Detection via Anomaly-aware Con-
trastive Alignment”. In: arXiv preprint arXiv:2212.01096 (2022).

257



Bibliography

[258] Ruichu Cai, Fengzhu Wu, Zijian Li, Pengfei Wei, Lingling Yi, and Kun Zhang.
“Graph domain adaptation: A generative view”. In: arXiv preprint arXiv:2106.07482
(2021).

[259] Mengxi Wu and Mohammad Rostami. “Unsupervised Domain Adaptation for
Graph-Structured Data Using Class-Conditional Distribution Alignment”. In:
arXiv preprint arXiv:2301.12361 (2023).

[260] Yuning You, Tianlong Chen, Zhangyang Wang, and Yang Shen. “Graph Do-
main Adaptation via Theory-Grounded Spectral Regularization”. In: The Eleventh
International Conference on Learning Representations. 2023.

[261] Federico Errica, Marco Podda, Davide Bacciu, and Alessio Micheli. “A fair
comparison of graph neural networks for graph classification”. In: arXiv preprint
arXiv:1912.09893 (2019).

[262] Xinhong Ma, Tianzhu Zhang, and Changsheng Xu. “Gcan: Graph convolutional
adversarial network for unsupervised domain adaptation”. In: Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2019,
pp. 8266–8276.

[263] Ni Xiao and Lei Zhang. “Dynamic weighted learning for unsupervised domain
adaptation”. In: Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition. 2021, pp. 15242–15251.

[264] Kuniaki Saito, Donghyun Kim, Piotr Teterwak, Stan Sclaroff, Trevor Darrell,
and Kate Saenko. “Tune it the right way: Unsupervised validation of domain
adaptation via soft neighborhood density”. In: Proceedings of the IEEE/CVF
International Conference on Computer Vision. 2021, pp. 9184–9193.

[265] Laurens Van der Maaten and Geoffrey Hinton. “Visualizing data using t-SNE.”
In: Journal of machine learning research 9.11 (2008).

[266] Kaspar Riesen, Horst Bunke, et al. “IAM Graph Database Repository for Graph
Based Pattern Recognition and Machine Learning.” In: SSPR/SPR. Vol. 5342.
2008, pp. 287–297.

[267] Alex Kendall, Yarin Gal, and Roberto Cipolla. “Multi-task learning using un-
certainty to weigh losses for scene geometry and semantics”. In: Proceedings
of the IEEE conference on computer vision and pattern recognition. 2018,
pp. 7482–7491.

258



Bibliography

[268] Deli Chen, Yankai Lin, Wei Li, Peng Li, Jie Zhou, and Xu Sun. “Measuring and
relieving the over-smoothing problem for graph neural networks from the topo-
logical view”. In: Proceedings of the AAAI conference on artificial intelligence.
Vol. 34. 04. 2020, pp. 3438–3445.

[269] Shibal Ibrahim, Natalia Ponomareva, and Rahul Mazumder. “Newer is not
always better: Rethinking transferability metrics, their peculiarities, stability
and performance”. In: Joint European Conference on Machine Learning and
Knowledge Discovery in Databases. Springer. 2022, pp. 693–709.

[270] Wen Zhang, Lingfei Deng, Lei Zhang, and Dongrui Wu. “A survey on negative
transfer”. In: IEEE/CAA Journal of Automatica Sinica 10.2 (2022), pp. 305–
329.

[271] Soroor Motie and Bijan Raahemi. “Financial fraud detection using graph neural
networks: A systematic review”. In: Expert Systems with Applications (2023),
p. 122156.

[272] Weizhi Xu, Junfei Wu, Qiang Liu, Shu Wu, and Liang Wang. “Evidence-aware
fake news detection with graph neural networks”. In: Proceedings of the ACM
Web Conference 2022. 2022, pp. 2501–2510.

[273] Pedro Garcia-Teodoro, Jesus Diaz-Verdejo, Gabriel Maciá-Fernández, and En-
rique Vázquez. “Anomaly-based network intrusion detection: Techniques, sys-
tems and challenges”. In: computers & security 28.1-2 (2009), pp. 18–28.

[274] Yixin Liu, Ming Jin, Shirui Pan, Chuan Zhou, Yu Zheng, Feng Xia, and S Yu
Philip. “Graph self-supervised learning: A survey”. In: IEEE Transactions on
Knowledge and Data Engineering 35.6 (2022), pp. 5879–5900.

[275] Haoyi Fan, Fengbin Zhang, and Zuoyong Li. “Anomalydae: Dual autoencoder
for anomaly detection on attributed networks”. In: ICASSP 2020-2020 IEEE
International Conference on Acoustics, Speech and Signal Processing (ICASSP).
IEEE. 2020, pp. 5685–5689.

[276] Yu Zheng, Ming Jin, Yixin Liu, Lianhua Chi, Khoa T Phan, and Yi-Ping
Phoebe Chen. “Generative and contrastive self-supervised learning for graph
anomaly detection”. In: IEEE Transactions on Knowledge and Data Engineer-
ing (2021).

259



Bibliography

[277] Ming Jin, Yixin Liu, Yu Zheng, Lianhua Chi, Yuan-Fang Li, and Shirui Pan.
“Anemone: Graph anomaly detection with multi-scale contrastive learning”.
In: Proceedings of the 30th ACM International Conference on Information &
Knowledge Management. 2021, pp. 3122–3126.

[278] Yixin Liu, Zhao Li, Shirui Pan, Chen Gong, Chuan Zhou, and George Karypis.
“Anomaly detection on attributed networks via contrastive self-supervised learn-
ing”. In: IEEE transactions on neural networks and learning systems 33.6
(2021), pp. 2378–2392.

[279] Xu Yuan, Na Zhou, Shuo Yu, Huafei Huang, Zhikui Chen, and Feng Xia.
“Higher-order structure based anomaly detection on attributed networks”. In:
2021 IEEE International Conference on Big Data (Big Data). IEEE. 2021,
pp. 2691–2700.

[280] Zhiming Xu, Xiao Huang, Yue Zhao, Yushun Dong, and Jundong Li. “Con-
trastive attributed network anomaly detection with data augmentation”. In:
Pacific-Asia Conference on Knowledge Discovery and Data Mining. Springer.
2022, pp. 444–457.

[281] Fanzhen Liu, Xiaoxiao Ma, Jia Wu, Jian Yang, Shan Xue, Amin Beheshti,
Chuan Zhou, Hao Peng, Quan Z Sheng, and Charu C Aggarwal. “Dagad: Data
augmentation for graph anomaly detection”. In: 2022 IEEE International Con-
ference on Data Mining (ICDM). IEEE. 2022, pp. 259–268.

[282] Bo Chen, Jing Zhang, Xiaokang Zhang, Yuxiao Dong, Jian Song, Peng Zhang,
Kaibo Xu, Evgeny Kharlamov, and Jie Tang. “Gccad: Graph contrastive learn-
ing for anomaly detection”. In: IEEE Transactions on Knowledge and Data
Engineering (2022).

[283] Lirong Wu, Haitao Lin, Cheng Tan, Zhangyang Gao, and Stan Z Li. “Self-
supervised learning on graphs: Contrastive, generative, or predictive”. In: IEEE
Transactions on Knowledge and Data Engineering (2021).

[284] Kaize Ding, Jundong Li, Rohit Bhanushali, and Huan Liu. “Deep anomaly de-
tection on attributed networks”. In: Proceedings of the 2019 SIAM International
Conference on Data Mining. SIAM. 2019, pp. 594–602.

[285] Jingcan Duan, Siwei Wang, Pei Zhang, En Zhu, Jingtao Hu, Hu Jin, Yue Liu,
and Zhibin Dong. “Graph anomaly detection via multi-scale contrastive learn-
ing networks with augmented view”. In: Proceedings of the AAAI Conference
on Artificial Intelligence. Vol. 37. 6. 2023, pp. 7459–7467.

260



Bibliography

[286] Jiaqiang Zhang, SenzhangWang, and Songcan Chen. “Reconstruction enhanced
multi-view contrastive learning for anomaly detection on attributed networks”.
In: arXiv preprint arXiv:2205.04816 (2022).

[287] Yaochen Xie, Zhao Xu, Jingtun Zhang, Zhengyang Wang, and Shuiwang Ji.
“Self-supervised learning of graph neural networks: A unified review”. In: IEEE
transactions on pattern analysis and machine intelligence 45.2 (2022), pp. 2412–
2429.

[288] Ting Chen, Simon Kornblith, Mohammad Norouzi, and Geoffrey Hinton. “A
simple framework for contrastive learning of visual representations”. In: Inter-
national conference on machine learning. PMLR. 2020, pp. 1597–1607.

[289] Yuning You, Tianlong Chen, Yongduo Sui, Ting Chen, Zhangyang Wang, and
Yang Shen. “Graph contrastive learning with augmentations”. In: Advances in
neural information processing systems 33 (2020), pp. 5812–5823.

[290] Jaemin Yoo, Yue Zhao, Lingxiao Zhao, and Leman Akoglu. “DSV: An Align-
ment Validation Loss for Self-supervised Outlier Model Selection”. In: Joint Eu-
ropean Conference on Machine Learning and Knowledge Discovery in Databases.
Springer. 2023, pp. 254–269.

[291] Tong Zhao, Xianfeng Tang, Danqing Zhang, Haoming Jiang, Nikhil Rao, Yiwei
Song, Pallav Agrawal, Karthik Subbian, Bing Yin, and Meng Jiang. “Autogda:
Automated graph data augmentation for node classification”. In: Learning on
Graphs Conference. PMLR. 2022, pp. 32–1.

[292] Robert Nisbet, John Elder, and Gary D Miner. Handbook of statistical analysis
and data mining applications. Academic press, 2009.

[293] Shachar Kaufman, Saharon Rosset, Claudia Perlich, and Ori Stitelman. “Leak-
age in data mining: Formulation, detection, and avoidance”. In: ACM Trans-
actions on Knowledge Discovery from Data (TKDD) 6.4 (2012), pp. 1–21.

[294] Kay Liu, Yingtong Dou, Yue Zhao, Xueying Ding, Xiyang Hu, Ruitong Zhang,
Kaize Ding, Canyu Chen, Hao Peng, Kai Shu, et al. “Bond: Benchmarking
unsupervised outlier node detection on static attributed graphs”. In: Advances
in Neural Information Processing Systems 35 (2022), pp. 27021–27035.

[295] Yuning You, Tianlong Chen, Yang Shen, and Zhangyang Wang. “Graph con-
trastive learning automated”. In: International Conference on Machine Learn-
ing. PMLR. 2021, pp. 12121–12132.

261



Bibliography

[296] Susheel Suresh, Pan Li, Cong Hao, and Jennifer Neville. “Adversarial graph
augmentation to improve graph contrastive learning”. In: Advances in Neural
Information Processing Systems 34 (2021), pp. 15920–15933.

[297] Yihang Yin, Qingzhong Wang, Siyu Huang, Haoyi Xiong, and Xiang Zhang.
“Autogcl: Automated graph contrastive learning via learnable view generators”.
In: Proceedings of the AAAI conference on artificial intelligence. Vol. 36. 8. 2022,
pp. 8892–8900.

[298] Martin Q Ma, Yue Zhao, Xiaorong Zhang, and Leman Akoglu. “The need
for unsupervised outlier model selection: A review and evaluation of internal
evaluation strategies”. In: ACM SIGKDD Explorations Newsletter 25.1 (2023).

[299] Bryan Perozzi and Leman Akoglu. “Scalable anomaly ranking of attributed
neighborhoods”. In: Proceedings of the 2016 SIAM International Conference
on Data Mining. SIAM. 2016, pp. 207–215.

[300] Jundong Li, Harsh Dani, Xia Hu, and Huan Liu. “Radar: Residual analysis for
anomaly detection in attributed networks.” In: IJCAI . Vol. 17. 2017, pp. 2152–
2158.

[301] Zhen Peng, Minnan Luo, Jundong Li, Huan Liu, Qinghua Zheng, et al. “ANOMA-
LOUS: A Joint Modeling Approach for Anomaly Detection on Attributed Net-
works.” In: IJCAI . 2018, pp. 3513–3519.

[302] Yizhu Jiao, Yun Xiong, Jiawei Zhang, Yao Zhang, Tianqi Zhang, and Yangy-
ong Zhu. “Sub-graph contrast for scalable self-supervised graph representation
learning”. In: 2020 IEEE international conference on data mining (ICDM).
IEEE. 2020, pp. 222–231.

[303] Jiaqi Zeng and Pengtao Xie. “Contrastive self-supervised learning for graph
classification”. In: Proceedings of the AAAI conference on Artificial Intelligence.
Vol. 35. 12. 2021, pp. 10824–10832.

[304] Zhiyuan Liu, Chunjie Cao, Fangjian Tao, and Jingzhang Sun. “Revisiting Graph
Contrastive Learning for Anomaly Detection”. In: arXiv preprint arXiv:2305.02496
(2023).

[305] Alexander J Ratner, Henry Ehrenberg, Zeshan Hussain, Jared Dunnmon, and
Christopher Ré. “Learning to compose domain-specific transformations for data
augmentation”. In: Advances in neural information processing systems 30 (2017).

262



Bibliography

[306] Ekin D Cubuk, Barret Zoph, Dandelion Mane, Vijay Vasudevan, and Quoc
V Le. “Autoaugment: Learning augmentation policies from data”. In: arXiv
preprint arXiv:1805.09501 (2018).

[307] Daniel Ho, Eric Liang, Xi Chen, Ion Stoica, and Pieter Abbeel. “Population
based augmentation: Efficient learning of augmentation policy schedules”. In:
International conference on machine learning. PMLR. 2019, pp. 2731–2741.

[308] Sungbin Lim, Ildoo Kim, Taesup Kim, Chiheon Kim, and Sungwoong Kim.
“Fast autoaugment”. In: Advances in Neural Information Processing Systems
32 (2019).

[309] Ekin D Cubuk, Barret Zoph, Jonathon Shlens, and Quoc V Le. “Randaug-
ment: Practical automated data augmentation with a reduced search space”.
In: Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition workshops. 2020, pp. 702–703.

[310] Ryuichiro Hataya, Jan Zdenek, Kazuki Yoshizoe, and Hideki Nakayama. “Faster
autoaugment: Learning augmentation strategies using backpropagation”. In:
Computer Vision–ECCV 2020: 16th European Conference, Glasgow, UK, Au-
gust 23–28, 2020, Proceedings, Part XXV 16. Springer. 2020, pp. 1–16.

[311] Yonggang Li, Guosheng Hu, YongtaoWang, Timothy Hospedales, Neil M Robert-
son, and Yongxin Yang. “Differentiable automatic data augmentation”. In:
Computer Vision–ECCV 2020: 16th European Conference, Glasgow, UK, Au-
gust 23–28, 2020, Proceedings, Part XXII 16. Springer. 2020, pp. 580–595.

[312] Xinyu Zhang, Qiang Wang, Jian Zhang, and Zhao Zhong. “Adversarial au-
toaugment”. In: arXiv preprint arXiv:1912.11188 (2019).

[313] Kaveh Hassani and Amir Hosein Khasahmadi. “Learning graph augmentations
to learn graph representations”. In: arXiv preprint arXiv:2201.09830 (2022).

[314] Wei Jin, Xiaorui Liu, Xiangyu Zhao, Yao Ma, Neil Shah, and Jiliang Tang. “Au-
tomated self-supervised learning for graphs”. In: arXiv preprint arXiv:2106.05470
(2021).

[315] Tong Zhao, Yozen Liu, Leonardo Neves, Oliver Woodford, Meng Jiang, and
Neil Shah. “Data augmentation for graph neural networks”. In: Proceedings of
the aaai conference on artificial intelligence. Vol. 35. 12. 2021, pp. 11015–11023.

[316] Junwei Sun, Bai Wang, and Bin Wu. “Automated graph representation learn-
ing for node classification”. In: 2021 International Joint Conference on Neural
Networks (IJCNN). IEEE. 2021, pp. 1–7.

263



Bibliography

[317] Youzhi Luo, Michael McThrow, Wing Yee Au, Tao Komikado, Kanji Uchino,
Koji Maruhashi, and Shuiwang Ji. “Automated data augmentations for graph
classification”. In: arXiv preprint arXiv:2202.13248 (2022).

[318] Han Yue, Chunhui Zhang, Chuxu Zhang, and Hongfu Liu. “Label-invariant
augmentation for semi-supervised graph classification”. In: Advances in Neural
Information Processing Systems 35 (2022), pp. 29350–29361.

[319] Yue Zhao, Ryan Rossi, and Leman Akoglu. “Automatic unsupervised outlier
model selection”. In: Advances in Neural Information Processing Systems 34
(2021), pp. 4489–4502.

[320] Maroua Bahri, Flavia Salutari, Andrian Putina, and Mauro Sozio. “AutoML:
state of the art with a focus on anomaly detection, challenges, and research
directions”. In: International Journal of Data Science and Analytics 14.2 (2022),
pp. 113–126.

[321] Xueying Ding, Lingxiao Zhao, and Leman Akoglu. “Hyperparameter sensitivity
in deep outlier detection: Analysis and a scalable hyper-ensemble solution”. In:
Advances in Neural Information Processing Systems 35 (2022), pp. 9603–9616.

[322] Yue Zhao and Leman Akoglu. “Towards unsupervised hpo for outlier detection”.
In: arXiv preprint arXiv:2208.11727 (2022).

[323] Chong Zhou and Randy C Paffenroth. “Anomaly detection with robust deep
autoencoders”. In: Proceedings of the 23rd ACM SIGKDD international con-
ference on knowledge discovery and data mining. 2017, pp. 665–674.

[324] Yuening Li, Daochen Zha, Praveen Venugopal, Na Zou, and Xia Hu. “Pyodds:
An end-to-end outlier detection system with automated machine learning”. In:
Companion Proceedings of the Web Conference 2020. 2020, pp. 153–157.

[325] Kwei-Herng Lai, Daochen Zha, Guanchu Wang, Junjie Xu, Yue Zhao, Devesh
Kumar, Yile Chen, Purav Zumkhawaka, Minyang Wan, Diego Martinez, et al.
“Tods: An automated time series outlier detection system”. In: Proceedings of
the aaai conference on artificial intelligence. Vol. 35. 18. 2021, pp. 16060–16062.

[326] Yuening Li, Zhengzhang Chen, Daochen Zha, Kaixiong Zhou, Haifeng Jin,
Haifeng Chen, and Xia Hu. “Autood: Neural architecture search for outlier
detection”. In: 2021 IEEE 37th International Conference on Data Engineering
(ICDE). IEEE. 2021, pp. 2117–2122.

264



Bibliography

[327] Yuening Li, Zhengzhang Chen, Daochen Zha, Kaixiong Zhou, Haifeng Jin,
Haifeng Chen, and Xia Hu. “Automated anomaly detection via curiosity-guided
search and self-imitation learning”. In: IEEE Transactions on Neural Networks
and Learning Systems 33.6 (2021), pp. 2365–2377.

[328] Nicolas Goix. “How to evaluate the quality of unsupervised anomaly detection
algorithms?” In: arXiv preprint arXiv:1607.01152 (2016).

[329] Yue Zhao, Zain Nasrullah, Maciej K Hryniewicki, and Zheng Li. “LSCP: Locally
selective combination in parallel outlier ensembles”. In: Proceedings of the 2019
SIAM International Conference on Data Mining. SIAM. 2019, pp. 585–593.

[330] Henrique O Marques, Ricardo JGB Campello, Jörg Sander, and Arthur Zimek.
“Internal evaluation of unsupervised outlier detection”. In: ACM Transactions
on Knowledge Discovery from Data (TKDD) 14.4 (2020), pp. 1–42.

[331] Andrian Putina, Maroua Bahri, Flavia Salutari, and Mauro Sozio. “AutoAD:
an Automated Framework for Unsupervised Anomaly Detectio.” In: 2022 IEEE
9th International Conference on Data Science and Advanced Analytics (DSAA).
IEEE. 2022, pp. 1–10.

[332] Florian Wenzel, Jasper Snoek, Dustin Tran, and Rodolphe Jenatton. “Hyperpa-
rameter ensembles for robustness and uncertainty quantification”. In: Advances
in Neural Information Processing Systems 33 (2020), pp. 6514–6527.

[333] Yue Zhao, Ryan A Rossi, and Leman Akoglu. “Automating outlier detection
via meta-learning”. In: arXiv preprint arXiv:2009.10606 (2020).

[334] Daochen Zha, Kwei-Herng Lai, Mingyang Wan, and Xia Hu. “Meta-AAD: Ac-
tive anomaly detection with deep reinforcement learning”. In: 2020 IEEE In-
ternational Conference on Data Mining (ICDM). IEEE. 2020, pp. 771–780.

[335] Hanghang Tong, Christos Faloutsos, and Jia-Yu Pan. “Fast random walk with
restart and its applications”. In: Sixth international conference on data mining
(ICDM’06). IEEE. 2006, pp. 613–622.

[336] Petar Veličković, Guillem Cucurull, Arantxa Casanova, Adriana Romero, Pietro
Lio, and Yoshua Bengio. “Graph attention networks”. In: arXiv preprint arXiv:1710.10903
(2017).

[337] Zhenxing Chen, Bo Liu, Meiqing Wang, Peng Dai, Jun Lv, and Liefeng Bo.
“Generative adversarial attributed network anomaly detection”. In: Proceed-
ings of the 29th ACM International Conference on Information & Knowledge
Management. 2020, pp. 1989–1992.

265



Bibliography

[338] Zekun Xu, Deovrat Kakde, and Arin Chaudhuri. “Automatic hyperparameter
tuning method for local outlier factor, with applications to anomaly detection”.
In: 2019 IEEE International Conference on Big Data (Big Data). IEEE. 2019,
pp. 4201–4207.

[339] Donald R Jones, Matthias Schonlau, and William J Welch. “Efficient global op-
timization of expensive black-box functions”. In: Journal of Global optimization
13 (1998), pp. 455–492.

[340] Prithviraj Sen, Galileo Namata, Mustafa Bilgic, Lise Getoor, Brian Galligher,
and Tina Eliassi-Rad. “Collective classification in network data”. In: AI mag-
azine 29.3 (2008), pp. 93–93.

[341] Jie Tang, Jing Zhang, Limin Yao, Juanzi Li, Li Zhang, and Zhong Su. “Arnet-
miner: extraction and mining of academic social networks”. In: Proceedings of
the 14th ACM SIGKDD international conference on Knowledge discovery and
data mining. 2008, pp. 990–998.

[342] Hanqing Zeng, Hongkuan Zhou, Ajitesh Srivastava, Rajgopal Kannan, and Vik-
tor Prasanna. “Graphsaint: Graph sampling based inductive learning method”.
In: arXiv preprint arXiv:1907.04931 (2019).

[343] Patricia Iglesias Sánchez, Emmanuel Müller, Fabian Laforet, Fabian Keller,
and Klemens Böhm. “Statistical selection of congruent subspaces for mining
attributed graphs”. In: 2013 IEEE 13th international conference on data min-
ing. IEEE. 2013, pp. 647–656.

[344] Jure Leskovec and Julian Mcauley. “Learning to discover social circles in ego
networks”. In: Advances in neural information processing systems 25 (2012).

[345] Srijan Kumar, Xikun Zhang, and Jure Leskovec. “Predicting dynamic embed-
ding trajectory in temporal interaction networks”. In: Proceedings of the 25th
ACM SIGKDD international conference on knowledge discovery & data mining.
2019, pp. 1269–1278.

[346] Shebuti Rayana and Leman Akoglu. “Collective opinion spam detection: Bridg-
ing review networks and metadata”. In: Proceedings of the 21th acm sigkdd in-
ternational conference on knowledge discovery and data mining. 2015, pp. 985–
994.

[347] Hezhe Qiao and Guansong Pang. “Truncated affinity maximization: One-class
homophily modeling for graph anomaly detection”. In: Advances in Neural
Information Processing Systems 36 (2024).

266



Bibliography

[348] James A Hanley and Barbara J McNeil. “The meaning and use of the area
under a receiver operating characteristic (ROC) curve.” In: Radiology 143.1
(1982), pp. 29–36.

[349] Henrique O Marques, Ricardo JGB Campello, Arthur Zimek, and Jörg Sander.
“On the internal evaluation of unsupervised outlier detection”. In: Proceed-
ings of the 27th international conference on scientific and statistical database
management. 2015, pp. 1–12.

[350] Thanh Trung Nguyen, Uy Quang Nguyen, et al. “An evaluation method for
unsupervised anomaly detection algorithms”. In: Journal of Computer Science
and Cybernetics 32.3 (2016), pp. 259–272.

[351] Xuanli Lisa Xie and Gerardo Beni. “A validity measure for fuzzy clustering”. In:
IEEE Transactions on Pattern Analysis & Machine Intelligence 13.08 (1991),
pp. 841–847.

[352] Yusheng Li, Yilun Shang, and Yiting Yang. “Clustering coefficients of large
networks”. In: Information Sciences 382 (2017), pp. 350–358.

[353] Sunny Duan, Loic Matthey, Andre Saraiva, Nicholas Watters, Christopher P
Burgess, Alexander Lerchner, and Irina Higgins. “Unsupervised model selec-
tion for variational disentangled representation learning”. In: arXiv preprint
arXiv:1905.12614 (2019).

[354] Zinan Lin, Kiran Thekumparampil, Giulia Fanti, and Sewoong Oh. “Infogan-cr
and modelcentrality: Self-supervised model training and selection for disentan-
gling gans”. In: international conference on machine learning. PMLR. 2020,
pp. 6127–6139.

[355] Jon M Kleinberg. “Authoritative sources in a hyperlinked environment”. In:
Journal of the ACM (JACM) 46.5 (1999), pp. 604–632.

[356] Li Yang and Abdallah Shami. “On hyperparameter optimization of machine
learning algorithms: Theory and practice”. In: Neurocomputing 415 (2020),
pp. 295–316.

[357] Bernd Bischl, Martin Binder, Michel Lang, Tobias Pielok, Jakob Richter, Stefan
Coors, Janek Thomas, Theresa Ullmann, Marc Becker, Anne-Laure Boulesteix,
et al. “Hyperparameter optimization: Foundations, algorithms, best practices,
and open challenges”. In: Wiley Interdisciplinary Reviews: Data Mining and
Knowledge Discovery 13.2 (2023), e1484.

267



Bibliography

[358] Yue Zhao and Leman Akoglu. “HPOD: Hyperparameter Optimization for Un-
supervised Outlier Detection”. In: AutoML 2024 Methods Track. 2024.

[359] Mengchun Zhang, Maryam Qamar, Taegoo Kang, Yuna Jung, Chenshuang
Zhang, Sung-Ho Bae, and Chaoning Zhang. “A survey on graph diffusion
models: Generative ai in science for molecule, protein and material”. In: arXiv
preprint arXiv:2304.01565 (2023).

[360] Thomas N Kipf and Max Welling. “Semi-supervised classification with graph
convolutional networks”. In: arXiv preprint arXiv:1609.02907 (2016).

[361] Kaize Ding, Jundong Li, Nitin Agarwal, and Huan Liu. “Inductive anomaly
detection on attributed networks”. In: Proceedings of the twenty-ninth inter-
national conference on international joint conferences on artificial intelligence.
2021, pp. 1288–1294.

[362] Ian Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-
Farley, Sherjil Ozair, Aaron Courville, and Yoshua Bengio. “Generative adver-
sarial nets”. In: Advances in neural information processing systems 27 (2014).

[363] Christopher Williams and Carl Rasmussen. “Gaussian processes for regression”.
In: Advances in neural information processing systems 8 (1995).

[364] Yue Zhao, Sean Zhang, and Leman Akoglu. “Toward unsupervised outlier model
selection”. In: 2022 IEEE International Conference on Data Mining (ICDM).
IEEE. 2022, pp. 773–782.

[365] Michael Nieberl, Alexander Zeiser, and Holger Timinger. “A Review of Data-
Centric Artificial Intelligence (DCAI) and its Impact on manufacturing Indus-
try: Challenges, Limitations, and Future Directions”. In: 2024 IEEE Conference
on Artificial Intelligence (CAI). IEEE. 2024, pp. 44–51.

[366] Chetana Hegde. “Anomaly detection in time series data using data-centric AI”.
In: 2022 IEEE International Conference on Electronics, Computing and Com-
munication Technologies (CONECCT). IEEE. 2022, pp. 1–6.

[367] Alexander Zeiser, Bekir Özcan, Christoph Kracke, Bas van Stein, and Thomas
Bäck. “A data-centric approach to anomaly detection in layer-based additive
manufacturing”. In: at-Automatisierungstechnik 71.1 (2023), pp. 81–89.

[368] Alexander Zeiser, Bekir Özcan, Bas van Stein, and Thomas Bäck. “Evaluation
of deep unsupervised anomaly detection methods with a data-centric approach
for on-line inspection”. In: Computers in Industry 146 (2023), p. 103852.

268



Bibliography

[369] Justin M Johnson and Taghi M Khoshgoftaar. “Data-centric ai for healthcare
fraud detection”. In: SN Computer Science 4.4 (2023), p. 389.

[370] Xiaoxiao Ma, Ruikun Li, Fanzhen Liu, Kaize Ding, Jian Yang, and Jia Wu.
“Graph Anomaly Detection with Few Labels: A Data-Centric Approach”. In:
Proceedings of the 30th ACM SIGKDD Conference on Knowledge Discovery
and Data Mining. 2024, pp. 2153–2164.

[371] Gimin Gwon, Yunyoung Kyeong, and Seki Park. “P-262: A Data-Centric Ap-
proach to Anomaly Detection for Multivariate Time-Series Data in Robot Di-
agnosis System”. In: SID Symposium Digest of Technical Papers. Vol. 55. 1.
Wiley Online Library. 2024, pp. 1827–1829.

[372] Sheldon Liu, Gordon Wang, Lei Liu, and Xuefeng Liu. “Data-centric anomaly
detection with diffusion models”. In: (2024).

[373] Rashmiranjan Nayak, Umesh Chandra Pati, and Santos Kumar Das. “A com-
prehensive review of datasets for detection and localization of video anomalies:
a step towards data-centric artificial intelligence-based video anomaly detec-
tion”. In: Multimedia Tools and Applications 83.21 (2024), pp. 59617–59674.

[374] Dylan Perdigão, Tiago Cruz, Paulo Simões, and Pedro Henriques Abreu. “Data-
Centric Federated Learning for Anomaly Detection in Smart Grids and Other
Industrial Control Systems”. In: NOMS 2024-2024 IEEE Network Operations
and Management Symposium. IEEE. 2024, pp. 1–5.

[375] Wayne Xin Zhao, Kun Zhou, Junyi Li, Tianyi Tang, Xiaolei Wang, Yupeng Hou,
Yingqian Min, Beichen Zhang, Junjie Zhang, Zican Dong, et al. “A survey of
large language models”. In: arXiv preprint arXiv:2303.18223 (2023).

[376] Shervin Minaee, Tomas Mikolov, Narjes Nikzad, Meysam Chenaghlu, Richard
Socher, Xavier Amatriain, and Jianfeng Gao. “Large language models: A sur-
vey”. In: arXiv preprint arXiv:2402.06196 (2024).

[377] Shukang Yin, Chaoyou Fu, Sirui Zhao, Ke Li, Xing Sun, Tong Xu, and Enhong
Chen. “A survey on multimodal large language models”. In: arXiv preprint
arXiv:2306.13549 (2023).

[378] Ruiyao Xu and Kaize Ding. “Large Language Models for Anomaly and Out-of-
Distribution Detection: A Survey”. In: arXiv preprint arXiv:2409.01980 (2024).

269



Bibliography

[379] Jing Su, Chufeng Jiang, Xin Jin, Yuxin Qiao, Tingsong Xiao, Hongda Ma,
Rong Wei, Zhi Jing, Jiajun Xu, and Junhong Lin. “Large language models for
forecasting and anomaly detection: A systematic literature review”. In: arXiv
preprint arXiv:2402.10350 (2024).

270



Acknowledgements

First, I would like to express my deepest gratitude to my promotor and daily supervi-
sor, Dr. Matthijs van Leeuwen. From the very first PhD interview, I felt that you are
not only approachable but also have a good research taste. Coupled with my strong
interest in the PhD program, I chose to embark on this journey with you without any
hesitation. Four years have flown by, and they have only proven that my decision was
the right one. Under your guidance, I evolved from a novice with limited (almost no)
research experience into a more seasoned researcher. You taught me how to read and
analyze literature, how to select meaningful research topics, and how to write papers
—especially how to first expand them and then refine them. You also showed me how
to engage with reviewers, how to present and promote my work, how to mentor un-
dergraduate and master’s students in their own research, and how to manage my time
effectively. Additionally, you helped me navigate the process of career planning. After
going through these transformative experiences, I believe I have grown into an inde-
pendent researcher. Although I am unsure if I will stay in academia, the knowledge
and habits that I have cultivated here will stay with me throughout my life, guiding
me as I explore new horizons.

I would also like to thank my promotor Prof. Dr. Thomas Bäck. Thank you for
being my promoter and for all the support.

Next, I would like to extend my heartfelt thanks to Dr. Nan van Geloven from
LUMC. Thank you for hosting me as an intern during my time as a Master’s student
at ENSAI. I feel fortunate to have begun my research journey with you and to have
written my first research paper under your guidance. Additionally, I deeply appreciate
your support in writing a reference letter for me when I was applying for PhD positions.

Besides, I would like to express my gratitude to Dr. Fabien Navarro from ENSAI
(now at Paris 1 Panthéon-Sorbonne University). Thank you for recommending po-
tential PhD positions and supervisors and for writing a reference letter for me. Your

271



Acknowledgements

support was invaluable and greatly helped me along the way.
I would also like to express my sincere gratitude to Prof. Dr. Stephan Günnemann

from the Technical University of Munich for hosting me as a visiting researcher in
2024. During my visit, I had the opportunity to learn from many brilliant researchers
in the Data Analytics and Machine Learning group, for which I am very thankful.

In addition, I would like to extend my thanks to my co-authors: Yuxuan Zhu
(Leiden University, now at Rensselaer Polytechnic Institute), Jiayang Shi (Leiden
University), Sheng Liang (LMU Munich), Yuhang Wang (Leiden University), Simon
Geisler (Technical University of Munich), and Nerea Perez Odriozola (University of
the Basque Country). It was a pleasure working with all of you, and I truly enjoyed
the collaborative process and the interesting work we created together.

Moreover, I am grateful to my colleagues from the Digital Twin program (Project
4), including Prof. Dr. Nathan van de Wouw (Eindhoven University of Technology),
Dr. Jeroen van de Wijdeven (ASML), Dr. Peyman Mohajerin Esfahani (Delft Uni-
versity of Technology), Dr. Carlos Murguia (Eindhoven University of Technology),
Dr. Fernanda Takahashi (VDL-ETG), Dr. Tom Callewaert-Doré (Canon), Fatima
Abidine (Canon), Pim Hacking (Canon), Youri De Loore (Canon), Dr. Gabriel de
Albuquerque Gleizer (Delft University of Technology), Farhad Ghanipoor (Eindhoven
University of Technology), and Amin Sheikhi (Delft University of Technology). Your
collaboration and support have been invaluable.

I would also like to extend my appreciation to my colleagues at LIACS, particularly
those in the EDA group, for their camaraderie and support throughout my journey.

Finally, I want to thank my friends and family for being a constant source of
encouragement and for being part of my life. Your support has meant the world to
me.

272


