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Appendix I: Overview of Exemplary Data Analytics Taxonomies
	Authors
	Scope of the taxonomy
	Taxonomy development approach
	Application purpose

	Fernandes et al. (2021)
	Design properties of 3D object detection pipelines
	· No procedure model reported
· Development based on literature review 
(> 150 articles)
	· Systematization of the field

	Friederich and Zschech (2020)
	Design properties of 3D object detection pipelines
	· Procedure model adopted from Nickerson et al. (2013) 
· Development based on literature review (83 articles)
	· Systematization of the field

	Heinrich et al. (2019)
	Design properties of deep learning counting methods
	· Procedure model adopted from Nickerson et al. (2013) 
· Development based on literature review (99 articles)
	· Systematization of the field
· Description and classification of real-world cases

	Heinrich et al. (2020)
	Design properties of adversarial AI attack and defense methods
	· Procedure model adopted from Nickerson et al. (2013) 
· Development based on literature review (214 articles)
	· Systematization of the field
· Description and classification of real-world cases
· Identification of frequent patterns using association rule mining

	Krieger and Drews (2018)
	Characteristics of big data analytics applications in auditing
	· Procedure model adopted from Nickerson et al. (2013) 
· Development based on 12 use cases
	· Systematization of the field
· Description and classification of real-world cases

	Matschak et al. (2022)
	Design properties of ML-based fraud detection systems
	· Procedure model adopted from Nickerson et al. (2013) 
· Development based on literature review (54 articles)
	· Systematization of the field
· Identification of system archetypes using a cluster analysis

	Rama-Maneiro et al. (2021)
	Design properties of DL-based predictive business process monitoring pipelines
	· Procedure model adopted from Nickerson et al. (2013) 
· Development based on literature review (21 articles)
	· Systematization of the field

	Wambsganss et al. (2021)
	Characteristics of features in natural language processing (NLP) pipelines
	· Procedure model adopted from Nickerson et al. (2013) 
· Development based on literature review (211 articles)
	· Systematization of the field
· Identification of NLP usage patterns using a cluster analysis

	Wanner et al. (2022)
	Characteristics of business analytics applications in smart manufacturing
	· Procedure model adopted from Nickerson et al. (2013) 
· Development based on literature review (904 articles)
	· Systematization of the field
· Identification of application archetypes using a cluster analysis
· Identification of trends using a temporal analysis
· Description and classification of real-world cases

	Wolf et al. (2021)
	Design properties of predictive process monitoring pipelines
	· Extension of an existing taxonomy
· Development based on literature review (29 articles)
	· Systematization of the field

	Zschech (2018)
	Characteristics of data analytics solutions for industrial maintenance
	· Procedure model adopted from Nickerson et al. (2013) 
· Development based on literature review (20 articles) and expert interviews 
(7 experts)
	· Systematization of the field


Table 6. Overview of example taxonomies in the field of data analytics


Appendix II: Detailed Reflection on the Research Approach
The project began with the initial intention of creating a framework for capturing dimensions and characteristics of data analytics solutions in the field of industrial maintenance (Zschech 2018). Because the field is characterized by a wide range of design options when constructing analytical solutions (e.g., different analysis tasks, varying data types, multi-facetted analysis methods), the aim was to organize the solution space in a structured manner so that involved stakeholders like domain experts and developers can quickly grasp salient domain characteristics and design properties.
To conduct the research, we chose a taxonomy development approach since taxonomies provide a structured tool to organize knowledge of a specific field, help to understand and analyze complex domains, and enable researchers to study the relationship among concepts (Gregor 2006). More specifically, we followed the example of previously developed taxonomies in data analytics (e.g., Nadj and Schieder 2017) as well as other IS domains (e.g., Jöhnk et al. 2017; Püschel et al. 2016; Tilly et al. 2017) and applied the guidance model proposed by Nickerson et al. (2013). According to this approach, a crucial decision had to be made concerning the meta-characteristic, which served as the basis for the choice of all other characteristics. For this purpose, we looked into the structure proposed by Tsai et al. (2014) who state that basically any data analytics module can be broken down into the three elements of (i) analysis objectives, (ii) data characteristics, and (iii) analysis methods. Since this structure was helpful to distinguish between outputs, inputs, and throughputs of data analytics solutions, it was embedded as a tripartite meta-characteristic in our taxonomic framework. As a result, it was possible to identify corresponding dimensions and characteristics of data analytics solutions in the field of industrial maintenance. The resulting framework can be found in Table 7 for illustration purposes. For further details, please refer to the full description in the original paper (Zschech 2018).
A critical reflection on the development process revealed that some adjustments of the original guiding model were required for our purpose. Nickerson et al. (2013) state that dimensions should not be redundant and that characteristics should be mutually exclusive. However, we discovered that, due to hierarchical and combinatorial relationships in data analytics solutions, both criteria resulted in an inflated set of characteristics within some dimensions. As a solution, we followed the example of other developed IS taxonomies (e.g., Jöhnk et al. 2017; Püschel et al. 2016) and allowed non-exclusive characteristics and the creation of sub-dimensions to guarantee transparency and parsimony within the resulting taxonomy.
For the identification of taxonomy objects, a literature-based approach was chosen. Relevant knowledge about data analytics solutions is commonly published and disseminated in academic writings such as journal articles and conference proceedings across a wide variety of domains and research areas. Therefore, it seemed reasonable to perform a systematic literature search (vom Brocke et al. 2009) in different digital libraries that cover a variety of scientific disciplines, such as computer science, engineering, and information systems (e.g., Google Scholar, EBSCOhost, ScienceDirect, ACM Digital Library, JSTOR, IEEE Xplore Digital Library, AIS Electronic Library).


	Analytical maintenance objectives

	Analytical type
	Descriptive
	Diagnostic
	Predictive/ prognostic
	Prescriptive

	Descriptive
	Measures
	Visualization

	Diagnostic
	Fault detection
	Fault isolation
	Fault identification

	Predictive/ prognostic
	System health state
	Remaining useful life

	Prescriptive
	Optimal time of maintenance
	Optimal action of maintenance

	Maintenance paradigm
	Breakdown maintenance
	Time-based maintenance
	Condition-based maintenance

	Degree of maintenance
	Perfect maintenance
	Imperfect maintenance

	Data characteristics

	Data type
	Condition monitoring data
	Event data
	Metadata
	Business data

	Condition monitoring type
	Single value
	Time waveform
	Multidimensional

	Monitoring frequency
	Continuous records
	Regular records
	Irregular records

	Variety of sensors
	Single sensor
	Multiple homogeneous sensors
	Multiple heterogeneous sensors

	Physical relation
	Direct data
	Indirect data

	Event type
	Machine state
	Operating step
	Machine configuration
	Malfunction
	Maintenance Action

	Malfunction type
	Continuous degradation
	Sudden change of state
	Sudden incident

	Data labeling
	Labeled data
	Unlabeled data

	Data censoring
	Censored data
	Uncensored data

	Analytical technique

	Knowledge integration
	Empirical observations
	Physical models
	Expert knowledge

	Descriptive &
diagnostic approach
	Summary statistics
	Hypothesis testing
	Clustering
	Classification

	
	Anomaly detection
	Frequent pattern mining
	Process mining

	Predictive/ prognostic approach
	Machine learning models
	Trend projection models
	Reliability & hazard 
rate models
	Stochastic filters
	Graphical models

	Decision-making approach
	Evidence-based
	Optimization
	Simulation

	Pre-processing
	Signal processing
	Image processing
	Natural language processing
	Single value processing


Table 7. Taxonomy of data analytics solutions in the field of industrial maintenance
In addition, the taxonomy development was carried out in cooperation with a medium-sized IT service provider which offers data analytics solutions to industrial clients from various branches, such as automotive, semiconductor industry, and plant engineering. The involvement of expert knowledge from industry ensured the practical relevance of the research endeavor. Furthermore, it contributed to the iterative refinement of the taxonomy and enabled a reflection of the results in terms of an external evaluation. As such, it could be revealed that the developed taxonomy was seen as a useful systematization framework that provides a quick overview about salient properties of data analytics solutions in the field of industrial maintenance. More specifically, it was considered a viable instrument for communication purposes and for bringing together different actors to discuss a multidisciplinary problem space collectively. For example, modeling experts and data analysts were able to gain insights into the particularities of the domain represented by the data characteristics and the maintenance-related analysis objectives. Domain experts, on the other hand, could better understand the algorithmic toolset for the technical implementation, referring to standards and best practices (Zschech 2018).
Beyond that, it was also possible to obtain valuable feedback from the industry partner for the further development of the framework results. Thus, they saw a connection between the tripartite meta-characteristic of the taxonomy (i.e., analysis objectives, data characteristics, analysis methods) and some central steps of data analytics procedure models (i.e., domain understanding, data understanding, modeling). The IT service provider regularly uses procedure models for the development of data analytics solutions to break down the pipeline development into well-defined steps and to perform the tasks in a structured manner. At the same time, the industry partner raised the criticism, outlined in Section 2.1, that most existing procedure models are too generic without specifying domain-specific design options. As a result, the idea emerged that the results of the taxonomy development could be used to enrich generic procedure models with more domain specificity by using the framework elements to capture and organize different design options of the solution space for each step of the procedure model. However, for this purpose, the framework structure had to be extended by additional dimensions, which were not explicitly covered by the tripartite meta-characteristic of the initial version. In other words, the taxonomy lacked dimensions and characteristics related to the steps of data preparation and evaluation (cf. Section  2.1).
The idea of this structural extension was subsequently examined in a second sub-project to evaluate its feasibility (Zschech et al. 2019). However, to capture meaningful dimensions and characteristics that could be applied at a comparable level, a much more specific focus had to be set than in the first run. Especially the additional dimension of data preparation would have resulted in too much variability of the solution space if the scope was kept too general. The increased complexity would have compromised the taxonomic framework’s usefulness in terms of comprehensibility and parsimony. Thus, instead of a broad domain consideration (e.g., industrial maintenance), a narrower focus on a specific decision support task (e.g., prediction of machine failures) had to be chosen, in which corresponding design options describe comparable objects in the form of pipeline specifications that support the specified task. Additionally, it was also beneficial to further refine the scope of the taxonomic framework by concentrating on a certain type of setting (e.g., choice of maintenance scenario) or a certain type of prediction methods (e.g., ML models) in order to set a suitable focus. For this purpose, we chose a frequently cited predictive maintenance scenario based on degrading turbofan engines and run through another process of taxonomy development. This second run was guided by the main steps of the CRISP-DM procedure model for the extraction of suitable framework dimensions and characteristics. All other practices that proved to be effective in the first run were retained (e.g., guidance model by Nickerson et al. (2013), admission of non-exclusive characteristics, identification of taxonomy objects through a systematic literature search). Further details on the exact execution are given in Section 5, as the case also serves as one of demonstration examples in this article.
By reflecting on the second development process, it was found that the resulting framework was able to deliver an overview about different design options, including frequencies of different methods and method combinations as applied in the identified literature corpus. Furthermore, it offered structured access to knowledge in terms of a method catalog and provided a setting to position individual pipeline configurations on a more comparable basis. At the same time, another crucial finding was made. When examining the literature corpus for the extraction of dimensions and characteristics of the predictive maintenance pipeline, it was noticeable that most authors/developers only consider their solution as a whole and evaluate the overall approach against a single prediction score to assess whether it performs better or worse than existing benchmarks. While a single metric proves to be a good choice for a quick comparison, a more fine-grained consideration is often missing. Besides, in some cases, the authors conduct various ablation and substitution studies. However, as outlined in Section 2.1, they are usually restricted to the narrow scope of some limited model-centric parameters. Thus, it generally lacks a broader distinction between different design options along the analytical pipeline to measure the impact of certain building blocks, such as specific pre-processing and/or modeling steps (Zschech et al. 2019).
A similar observation could be made in another parallel project (Heinrich et al. 2021). The goal of this project was to examine and compare different deep neural networks for prediction tasks in the field of business process monitoring. During the reconstruction of various networks from related work, it could be confirmed again that most authors only evaluate their solution as a whole based on a single prediction score, without taking into account a more nuanced view, such as testing their network’s effectiveness for different domain conditions and data properties.
Based on these observations, the idea emerged that taxonomic frameworks might not only be used for descriptive systematization purposes to capture design options of data analytics solutions. Instead, the taxonomic structures could be leveraged in conjunction with quantitative evaluation metrics to investigate the mechanisms between different combinatorial options given in data analytics pipelines, taking the idea of ablation and substitution studies to a more holistic level. On this basis, evaluation studies can be defined and performed more comprehensively and systematically in order (i) to assess the suitability of alternative design options for different contexts, and (ii) to verify the adequacy of combining different pipeline components. The implementation of this idea was subsequently tested with the predictive maintenance case mentioned above (Zschech 2020) and resulted in a corresponding method proposal for this article.


Appendix III: Implementation Details
The choice of the methods and parameters is based on findings derived from the examined turbofan degradation studies as well as experiments using five-fold cross-validation to select the best performing approaches. For the development of all pipelines, the training samples of the C-MAPSS collection are used. The evaluation is performed on out-of-sample data using the test samples (Ramasso and Saxena 2014).
	Evaluated element
	Implemented approach
	Implementations details and parameters
	References

	Rescaling
	Min-max transformation
	Separate transformation for each cluster of operational conditions using k-means clustering
	Tao et al. (2016)

	Polynomial smoothing
	LOWESS
	Usage of lowess function of the Python library “statsmodels”; window size = 15
	Khelif et al. (2017)

	Filter
	Monotonicity, prognosability, trendability
	Calculation of equally weighted score using the three metrics (w = 1/3); 
selection of the best eight features
	Coble (2010)

	Direct 
RUL-mapping
	Training of deep neural networks
(CNN + LSTM)
	Implementation in Keras with TensorFlow as backend; Adadelta optimizer; callback early stopping; loss function = mean squared error;
maximum of RUL estimation = 125; time window sizes depending on datasets 
	Babu et al. (2016), Zheng et al. (2017)

	
	CNN
	Layer 1: 2D convolution; filters = 8; kernel size = (features length, 4); activation = ReLU
layer 2: 2D average pooling; pool size = (1, 2); strides = 2
layer 3: 2D convolution; filters = 14, kernel size = (1, 3); activation = ReLU
layer 4: 2D average pooling; pool size = (1, 2); strides = 2
layer 5: dense layer; layer size = 1
	Babu et al. (2016)

	
	LSTM
	Layer 1: units = 64; return sequences = true; dropout rate = 0.2
layer 2: units = 64; return sequences = true; dropout rate = 0.2
layer 3: units = 8, dropout rate = 0.2
layer 4: units = 8, dropout rate = 0.2
layer 5: dense layer; units = 1
	Zheng et al. (2017)

	Similarity-based matching
	Health index construction (Similarity1+2)
	Usage of linear regression and a binary objective function (Parameters determined using the following samples: sensor measurements covering the first 10% of a cycle are assigned to 1; the last 10% are assigned to 0)
	Khelif et al. (2017)

	
	Curve matching (Similarity1)
	Second-order polynomial (parameters determined with least square fitting via the Python function “numpy.polyfit”); similarity score: information fusion; time lag considered; maximum of RUL estimation = 125
	Wang et al. (2017)

	
	Curve matching (Similarity2)
	No curve fitting, instead smoothing of the health index curve via LOWESS method, time window = 15; maximum of RUL estimation = 125
	Malhotra et al. (2016)


Table 8. Summary of implementation details
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Appendix IV: Applied Taxonomy
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	Noise Reduction
	Feature
Selection
	Dim.
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	Prognostic
Approach
	Performance
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