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Abstract


Industry 4.0 produces large volumes of sensor and machine data, offering new possibilities for manufacturing analytics but also creating challenges in combining domain knowledge with visual analysis. We present a systematic review of 13 peer-reviewed knowledge-assisted visual analytics (KAVA) systems published between 2014 and 2024, following PRISMA guidelines for the identification, screening, and inclusion processes. The survey is organized around six predefined building blocks, namely, user group, industrial domain, visualization, knowledge, data and machine learning, with a specific emphasis on the integration of knowledge and visualization in the reviewed studies. We find that ontologies, taxonomies, rule sets, and knowledge graphs provide explicit representations of expert understanding, sometimes enriched with annotations and threshold specifications. These structures are stored in RDF or graph databases, relational tables, or flat files, though interoperability is limited, and post-design contributions are not always persisted. Explicit knowledge is visualized through standard and specialized techniques, including thresholds in time-series plots, annotated dashboards, node–link diagrams, customized machine views from ontologies, and 3D digital twins with expert-defined rules. Line graphs, bar charts, and scatterplots are the most frequently used chart types, often augmented with thresholds and annotations derived from explicit knowledge. Recurring challenges include fragmented storage, heterogeneous data and knowledge types, limited automation, inconsistent validation of user input, and scarce long-term evaluations. Addressing these gaps will be essential for developing adaptable, reusable KAVA systems for industrial analytics.
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1. Introduction


The ongoing digitalization of industrial manufacturing—driven by the adoption of cyber–physical systems, industrial IoT, and automated control infrastructure—has led to a massive increase in the availability of machine-generated data [1]. While this development offers new opportunities for monitoring, diagnosing, and optimizing production systems, it also introduces significant challenges for analysis: industrial data are often high volume, heterogeneous, noisy, and context-dependent [2,3]. This paradigm, commonly termed smart manufacturing, leverages data-driven analytics to orchestrate production and supply chains in real time [4].



Visual analytics (VA), “the science of analytical reasoning facilitated by interactive visual interfaces” [5], recognizes that analysis is not a routine process that can be fully automated [6]. It relies on the expertise, initiative, and domain knowledge of analysts, supported by visual representations and computational methods. Interaction is central to this process, enabling flexible, iterative exploration [7]. VA helps uncover trends, patterns, and anomalies. However, for VA to be effective, it must deliver precise, relevant, and interpretable information [8] that is tailored to the user’s mental model and task context.



In many industrial settings, analysts are domain experts (e.g., engineers, operators, or managers) who may not be specialists in data analysis or visualization. This creates a gap: while VA provides powerful interactive methods, it often struggles to capture and integrate the contextual knowledge and reasoning processes of these experts. Stoiber et al. [9] highlight that domain experts need systems that go beyond displaying data. They must also provide guidance and incorporate knowledge to support decision-making in complex environments.



In response to this gap, the concept of knowledge-assisted visual analytics (KAVA) was introduced [10,11,12,13]. KAVA extends classical VA by systematically integrating explicit knowledge (extracted tacit knowledge in an structured form)—such as rules, ontologies, provenance information, or domain constraints—into interactive visualization and computational analysis. Explicit knowledge in this context refers to knowledge that can be formalized, stored, and reused, which distinguishes it from tacit knowledge that remains tied to human expertise. By externalizing tacit knowledge and embedding explicit knowledge into the analytical workflow, KAVA enables context-aware, explainable, and more reusable VA solutions [9,11,12].



Several studies have demonstrated that KAVA can improve interpretability, support the onboarding of new users, and guide analysis workflows across different domains, ranging from biomedical data analysis (e.g., Ordino and KAVAGait) to general-purpose visualization environments such as Tableau and Advizor [9]. However, despite these promising advances, the systematic study of KAVA in industrial manufacturing remains limited. Industrial contexts are characterized by heterogeneous data sources, domain-specific tasks, and high demands for reliability and interoperability—making them an ideal yet challenging testbed for KAVA approaches.



This motivated our survey, which aimed to outline the state of the art of KAVA in industrial manufacturing and explore how knowledge, data, visualization, and interaction are addressed within existing systems and where gaps or best practices can be identified. We aimed to obtain a comprehensive understanding of the conceptual and technical building blocks relevant to the domain.



Thus, we conducted a systematic literature review following the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) methodology [14,15] to ensure a transparent, comprehensive, and structured review process. The following research questions served as the foundation for this review:




	RQ1: 

	
How is explicit knowledge modeled? Which knowledge modeling approaches are commonly used for knowledge representation in industrial manufacturing VA?




	RQ2: 

	
Which visualization and interaction methods are used for externalizing explicit knowledge in industrial manufacturing?




	RQ3: 

	
How are ML methods integrated into KAVA in industrial manufacturing?









To systematically address these questions, we grounded our analysis in the conceptual foundation provided by the “knowledge-assisted visual analytics (KAVA) model”, as introduced by Federico et al. [11] and Wagner [12]. This model opens the possibility to frame KAVA as an iterative process of knowledge generation, representation, application, and refinement. It emphasizes that knowledge in VA systems is not static—it evolves through interaction, feedback, and usage. Based on this model, as displayed in Figure 1, we identified a set of functional building blocks, illustrated in Figure 2, that structure our literature review and allow us to examine KAVA systems along consistent and conceptually meaningful dimensions (see Section 4):



The industrial domain within industrial manufacturing (e.g., automotive and packaging production) shapes every component of the KAVA [11] model. It plays a cross-cutting role in, for example, guiding data selection, using visualization techniques and interaction concepts, formalizing explicit knowledge, automating analysis, and determining the way that users apply and externalize their tacit knowledge. The building blocks, summarized in Figure 2, include the following:




	
Data: The types of data (e.g., time-dependent data and tabular data) that are described in the examined studies.



	
Knowledge: The knowledge modeling storage mechanisms (e.g., text, ontologies, and taxonomies) and the process, type, and origin of knowledge gathered in this survey.



	
Visualization: Visualization and interaction techniques (e.g., line plots and node–link diagrams).



	
Machine learning: Descriptions of the used machine learning (ML) methods, e.g., supervised, unsupervised, and semi-supervised ML.



	
User group: The main user group (e.g., engineers and managers) interacting with the KAVA system, contributing tacit knowledge, and steering exploration.








Contributions: By analyzing the literature across these dimensions, we systematically provide a review that discusses and helps to understand the field by investigating existing KAVA methods, specifically focusing on how explicit human domain knowledge is modeled and visualized in other applications, uncovering gaps and offering insights for future research and applications in industrial manufacturing. To summarize, our contributions are as follows:




	
We provide a structured overview of research on industrial manufacturing and KAVA (see Section 2);



	
We present our categorizations, which are the main building blocks of KAVA (see Section 4);



	
We contextualize the major ongoing challenges in the domain of KAVA in industrial manufacturing (see Section 5).









2. Background and Related Work


This article combines three thematic areas of data analytics research: interactive visual interfaces through visual analytics (VA) [5], knowledge externalization and knowledge-based analysis [16], and data-driven approaches for industrial manufacturing [2].



Before Section 4 systematically investigates the overlap of all three areas, the related work in each pair-wise combination of thematically adjacent fields is explored below.



There is a growing body of literature applying VA to industrial manufacturing data. Four surveys describe this field. Zhou et al. [17] carried out a systematic survey in 2019 and provided a thorough review of the visualization technologies used to analyze data throughout the manufacturing lifecycle by categorizing them into two primary areas: “replacement,” which employs immersive tools like virtual reality (VR), augmented reality (AR), and mixed reality (MR) to replicate and digitally enhance physical processes, and “creation,” which focuses on using visualization to drive innovation in design, production, testing, and maintenance. The survey covers various sectors, including the automotive, energy, and food processing sectors, and it discusses challenges such as integrating diverse data types, ensuring data security, achieving real-time processing, and designing user-centered interfaces. Cibulski et al. [18] retrospectively analyzed and compared 13 visualization research projects in the Austrian and German manufacturing industry. Moreover, Schreck et al. [3] highlighted the role of VA in optimizing industrial processes through computational analysis and interactive visualization. Their paper provides an overview of goals, concepts, and existing solutions for industrial applications by discussing the main data types and challenges in data acquisition. Furthermore, challenges such as heterogeneity, data ownership, and governance are presented.



In contrast, Wang et al. [19] focused on visualization and VA methods for multimedia data in industrial settings. They introduced a taxonomy based on data types, categorizing research based on visualization techniques, interaction methods, and specific application areas. They highlighted the need for integrated frameworks to manage diverse data formats.



As the above surveys did not address the roles of knowledge and KAVA methods, we plan to extend their contributions by focusing on how experts’ domain knowledge can be integrated into VA to enhance effective decision-making in industrial manufacturing environments.



While VA approaches integrate industrial domain knowledge through user interaction, previous research has also directly integrated explicit knowledge into industrial analytics. In particular, knowledge graphs have established themselves in recent years as a central method for externalizing domain expertise in a structured, machine-readable format. In a recent review study, Xiao et al. [20] discussed the role of process knowledge graphs in manufacturing and their significance for transforming process knowledge and the knowledge of domain experts and engineers into formalized graph structures that enable, for example, computer-aided process planning. The authors emphasized that such graphs allow for the storage and reuse of knowledge and can also visualize implicit relationships between processes, which supports scalable knowledge externalization in industrial scenarios. Furthermore, Buchgeher et al. [21] systematically investigated the application of knowledge graphs in the production and manufacturing domain. They showed that knowledge fusion and semantic integration are common use cases. Nevertheless, the broader focus is often on externalizing heterogeneous domain knowledge into unified, structured representations. Although numerous technical contributions already exist, the study indicated that empirical validation and industrial implementation have so far been limited. This shows that knowledge externalization continues to tackle challenges in practice, particularly concerning usability and adoption in industrial applications.



The central role of knowledge in VA has been highlighted in many theoretical works [22]. Models of the VA process, such as the knowledge generation model by Sacha et al. [23], typically place knowledge as the input and final output of interactive visual analysis. These process models anchor knowledge solely in the human space, describing it as tacit knowledge that is only available to humans through their cognitive processes. Yet, based on earlier calls to make knowledge directly available for VA [24,25], Federico et al. [11] introduced the conceptual model of KAVA, which pursues explicit knowledge that is available in the machine space in visualization and analytical methods. Some works have dealt with explicit knowledge in the context of their VA topic: Battle and Ottley [26,27] reviewed 41 papers to categorize various definitions of “insight”, a term often used for the output of VA. They observed that “incorporating user domain knowledge appears to be a consistent challenge within visualization research”; discussed how insights can be externalized in VA approaches; and concluded that knowledge links between findings, data, and domain knowledge, like a knowledge graph, are the most promising conceptualization. Li et al. [28] interviewed 19 knowledge graph practitioners regarding visualization aspects of their current work and derived VA challenges and opportunities for knowledge graphs. Ceneda et al. [29] analyzed 53 VA approaches and how they provide guidance to users, e.g., recommending possibly interesting parts of large scatterplot matrices or networks. The use of explicit knowledge for guidance is conceptualized in an extension of the KAVA model [9]. Explicit knowledge can also be externalized while building ML models using VA approaches such as visual interactive labeling [30]. In this regard, a survey of 52 approaches [31] compared the importance of different knowledge types but did not discuss how knowledge would be reintegrated as explicit knowledge. Thus, the only survey covering KAVA approaches directly was conducted in 2017 by Federico et al. [11].



It reviewed 32 KAVA approaches, their support for the knowledge process and type, and the origin of knowledge. This work will provide a follow-up review with a thematic focus on industrial manufacturing.




3. Scope and Methodology


Our survey focused on KAVA in industrial manufacturing, covering research published from 2014 to 2024. We followed the standardized search and research guidelines of the Preferred Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA) [14,15] to ensure a transparent and structured approach (Figure 3). We first conducted an exploratory pre-selection phase to refine the search criteria and scope. Based on this, a search string was developed and adapted according to the syntax and indexing of each selected database to download the studies. Each stage of the screening process, title screening, abstract reading, and full-paper review, was independently conducted by at least two reviewers. Any disagreements were resolved by consulting a third reviewer who served as a tie-breaker. Two reviewers carried out paper categorization, discussed their results, and agreed upon the final categorization.



3.1. Search Strategy


During the ideation phase, a structured keyword search was performed across six key academic databases: ACM Digital Library, IEEE Xplore, Springer-Link, Google Scholar, SAGE, and Eurographics. At first, keywords matching our research questions and criteria were collected, such as “Data Visualization”, “Industry”, “Knowledge”, “Smart Factory”, “Smart Manufacturing”, and “Visual Analytics”, along with their variants and synonyms. After agreeing on the keywords, initial experiments with variants of search terms were carried out as described in the following section.



3.1.1. Search Term Pre-Selection Phase


Initially, experimental searches were performed on the databases to estimate the expected number of results. This pre-selection was performed on papers published between 2014 and 2024. The search process used Boolean operators (AND, OR, NOT) and wildcards (e.g., “Visuali?ation” to capture spelling variations) to improve precision. We aimed for a query that would yield 1000–1300 results on Google Scholar. This approach was considered to balance the need for a comprehensive resource pool with a manageable scope.



The chosen search string from the pre-selection phase was as follows:



	(“Data Visualization” OR “Data Visualisation”) AND “Dashboard” AND (“Visual Analytics” OR “Visual Analysis”) AND Knowledge AND (Smart Manufacturing OR Smart Factory OR Smart Production OR Industry*)








We manually screened the titles of the retrieved resources to obtain insights into which domains we should specifically exclude from our search, which were not suitable for our scope of industrial manufacturing (e.g., urban planning and smart cities, education, business, healthcare, and energy sectors). Following these insights, we explicitly defined domains outside of industrial settings as an exclusion criterion and adapted our final search strategy accordingly.




3.1.2. Finalized Search Strategy and Screening Criteria


After the pre-selection phase, we decided on the following search string, which was further adjusted to match the syntax of each specific database:



	(“Data Visualization” OR “Data Visualisation”) AND “Dashboard” AND (“Visual Analytics” OR “Visual Analysis”) AND Knowledge AND (Smart Manufacturing OR Smart Factory OR Smart Production OR Industry) -cit -busin -energ -health -educ -student








A total of 1352 papers were retrieved after applying our search strategy to the databases. To ensure quality, we considered only peer-reviewed venues. Established publishers such as Springer, ACM, and IEEE enforce peer review as a publication standard; for other outlets, we validated peer-reviewed status by consulting the journal’s editorial or preface.



After removing duplicated entries, 1318 papers remained for the screening procedure, which included a title, abstract, and full-paper reading step. To ensure the relevance and quality of the included studies, progressively stricter inclusion and exclusion criteria were applied at each screening stage, as detailed in Table 1. While multiple authors contributed to the overall screening process, each stage was carried out independently by two authors who reviewed the same set of papers. If their decisions did not align, a third reviewer acted as a tie-breaker. To minimize bias and maintain transparency, we adhered to the principles of the PRISMA checklist, which we considered more suitable for our review than a formal bias scoring system.






4. Categorization and Results


After completing the screening process, 13 papers were selected for fine-grained categorization. The analysis was structured around six main entity groups, as illustrated in Figure 2 and Table 2, namely data [D] (as defined by Schreck et al. [3]), knowledge [  K ϵ  ] (as in Federico and Wagner et al. [11]), and visualization [V, S] (according to the Data Visualization Catalogue [32]). In addition, we reported on visualization techniques that are not covered by the Data Visualization Catalogue because they are described in the source, which are labeled “as reported” in Table 2.



Furthermore, industrial domain, user group, and machine learning [A] were identified during the categorization process.



For ML, we defined supervised, unsupervised, and semi-supervised methods as the main categories.



4.1. Industrial Domain and User Group


KAVA systems can only succeed if they match the needs of their intended users. This requires understanding who the users are, what expertise they have, and the roles that they play in analysis and decision-making. Identifying these groups also means considering the industrial domains that they work in, since domain processes and data environments strongly shape system requirements. The next sections, therefore, examine the user group addressed in the reviewed publications and the industrial domain in which they operate.



Understanding the intended user groups of KAVA systems is essential for evaluating how well these systems support real-world manufacturing workflows. Across the 13 reviewed publications, operators and managers are the most frequently addressed groups, each appearing in 6 of the 13 works (see Table 3). Operators typically execute shop-floor tasks and interact with monitoring, control, or annotation interfaces, with systems emphasizing usability, real-time feedback, and contextual visualizations [33,34,35]. Managers focus on high-level oversight, decision-making, and performance monitoring, where visualizations aggregate data and highlight KPIs or process summaries [36,37]. Process engineers are identified in three papers. They are involved in designing, optimizing, and troubleshooting production processes. The systems for this group often support detailed process modeling and knowledge integration [35,38,39]. Machine engineers are also mentioned in three works; their responsibilities include configuring and maintaining equipment. The visual tools for this group often focus on sensor data, machine states, and fault diagnosis [35,39,40]. Domain experts appear in three papers. These users contribute specialized knowledge, often in the form of annotations, rules, or ontologies. Their input is crucial for knowledge modeling and system interpretability [41,42,43]. Analysts are also present in three papers. They are typically data scientists or engineers responsible for performing data-driven analyses. The systems supporting analysts often include advanced filtering, modeling, and visualization capabilities [38,39,44].



While user groups define the roles and responsibilities that KAVA systems must support, their needs cannot be fully understood without considering the industrial domain in which they operate. The reviewed publications address four recurring domains, which are the manufacturing industry (discrete production with items that can be counted, touched, and seen individually), process industry (the production of bulk materials through chemical, physical, or biological processes), heavy industry and machinery, and the automotive sector, summarized in Table 4. The following paragraphs summarize how these domains are represented in the reviewed publications.



The manufacturing industry and process industry are the most frequently represented domains, each appearing in 5 of the 13 reviewed works (see Table 4). Works in the manufacturing industry typically focus on discrete production environments, such as assembly lines, component fabrication, and smart factory setups. Examples include ontology-based systems for monitoring and planning [34,39]. The process industry, on the other hand, includes continuous production environments such as cement, chemical, or energy sectors. These systems often emphasize sensor integration, process modeling, and fault detection [35,37,41]. The automotive sector is represented in two papers [36,38], with a focus on vehicle manufacturing and battery module assembly. These works emphasize multi-stakeholder collaboration and knowledge contextualization. The heavy industry is addressed in one paper [40], focusing on large-scale equipment and infrastructure.




4.2. Data


The data essentially drive the analytical processes of KAVA systems. We adopt the data-type taxonomy as defined in Schreck et al. [3], which distinguishes between tabular, time-dependent, spatial, textual, graph/network, and multimedia data (e.g., image, audio, and video). Based on this classification, we categorize the 13 reviewed publications.



The analysis reveals a strong emphasis on structured formats: tabular, time-dependent, spatial, and textual data dominate the literature (see Table 5). Tabular data underpin most approaches, supporting performance diagnostics and anomaly detection in sensor logs and production metrics [36,39]. Time-dependent data are used for temporal analyses such as multivariate series for crane anomaly detection and trend analysis in production quality [37,40]. Spatial data inform contextualized visualizations via 3D factory models and shop-floor layouts [34,38]. Textual data enable the extraction of domain knowledge from manuals and thesaurus-guided annotation [35,45]. Graph and network data are used in only three papers, visualizing process dependencies and modeling relationships between annotated cases [36,44]. Multimedia data appear in two publications, supporting the CAD-based annotation of battery modules and metadata-driven visualizations based on image inputs [38,43].



After identifying the data types in the reviewed publications, we now consider how these data are represented visually.




4.3. Visualization


Visualization techniques are a core component of KAVA systems, serving as the interface between data, knowledge, and user interpretation. To understand how visual representations are employed in industrial manufacturing contexts, we categorized the reviewed publications based on the types of visualizations that they use. These were grouped into six main subcategories, namely, graphs/plots, tables, diagrams, maps, others, and as reported (in source)—the latter capturing visualization types not listed in standard catalogs but explicitly mentioned in the papers. For clarity and emphasis, the order of the subcategories in Table 6 reflects their frequency of occurrence across the reviewed works.



Across the reviewed literature, line graphs emerged as the most frequently used visualization technique, appearing in 7 of the 13 papers. For instance, Alm et al. [34] and Kaupp et al. [39] used line graphs to display sensor trends and performance metrics over time.



Bar charts were the second most common, featured in six papers, examples of which are Xu et al. [36] and Behringer et al. [42] (see Figure 4), where they were used to compare categorical values or summarize aggregated data. Scatterplots were employed in five studies, namely, [33,40,43,44,45], to explore variable relationships and detect anomalies.



Other common visualization types included histograms, radial bar charts, box-and-whisker plots, and adar charts, with each appearing in two publications [36,38,40,41,42]. These supported tasks such as distribution analysis (e.g., Eirich et al. [38]) and multivariate comparisons (e.g., Zhang et al. [41]). Less commonly used were tacked bar charts, area graphs, stream graphs, stacked area graphs, and parallel coordinate plots, each found in only one paper [33,34,40].



Table-based visualizations also played a role in supporting temporal and density-based analyses. Calendars were used in two papers [33,36]. Heat maps appeared in one paper [33]. For example, Wu et al. [33] used calendar views to visualize maintenance schedules and heat maps to indicate when faults occur.



Regarding the diagram category, network diagrams appeared in seven papers, which are listed in detail in Table 6. These were used to represent relationships between entities, such as in [35,36], where they were used to visualize process flows or semantic structures. Some of them could also be considered flowcharts, which were used to depict system logic or task sequences, such as in [36,39,42,44].



Among the map visualizations, connection maps were used in one paper [38] to illustrate the spatial layouts of manufacturing stations.



Regarding the other category, donut charts appeared in three papers [33,38,41], often used to represent categorical distributions or knowledge maturity levels. Pie charts were used in two papers [33,43], and circle packing was mentioned once [33] to visualize hierarchical data compactly. One paper used a Nightingale rose chart to show stall distribution [40].



The as reported category includes domain-specific or custom visualizations not listed in the catalogs. Three-dimensional models were used in three papers [34,36,41] to support spatial reasoning and digital twin representations. Other unique visualizations, such as 2D models of products, were used in two papers [38,43]. Other unique visualizations, such as radial heat maps, icicle plots, and Marey’s graphs, were each found in only one publication [36,37,38].



Visualization alone does not suffice for complex analysis in industrial manufacturing. KAVA builds on visual exploration by embedding explicit domain knowledge such as rules, ontologies, and structured annotations directly into the analytic workflow. This allows visual patterns to be interpreted within their industrial context and transformed into actionable insights. The following section investigates how explicit knowledge is modeled and applied in KAVA systems.




4.4. Knowledge


Explicit knowledge is understood as formalized and structured domain knowledge that can be shared, reused, and reasoned with [11]. It plays a central role in embedding domain expertise and guiding analytic processes. To examine how explicit knowledge is integrated into VA for industrial manufacturing, we adopt the categorization framework proposed by Federico et al. [11], which conceptualizes knowledge as flowing through different transformation pathways, which they call KAVA processes. An overview of how these pathways, knowledge types, origins, and storage mechanisms are represented across the reviewed systems is provided in Table 7.



These pathways describe how knowledge is created, transformed, and applied in KAVA systems by linking tacit knowledge (  K τ  ), explicit knowledge (  K ϵ  ), data (D), analysis (A), and visualization (V). They aim to show the dynamic interplay between human and machine in knowledge-assisted analytics. Following Federico et al. [11], we distinguish six pathways in the surveyed literature; the “Simulation” pathway is excluded, as it was not reported in our papers.



4.4.1. Data Analysis (  D → A →  K ϵ   ):


Explicit knowledge is automatically obtained from data through analytic methods such as clustering, anomaly detection, or classification. For instance, Xu et al. [36] apply outlier detection algorithms (the greedy algorithm/unsupervised and k-nearest neighbor graphs/semi-supervised algorithms), while Liu et al. [40] use unsupervised ML models such as Isolation Forest (iForest), k-nearest neighbors (KNNs), Local Outlier Factor (LOF), and One-Class Support Vector (OCSVM) to flag anomalies. Similarly, Wu et al. [33] use Pearson correlation coefficients for feature extraction and Gaussian Mixture Models for real-time equipment condition monitoring. Kaupp et al. [39,44] use the composition of multiple outlier detection algorithms such as ARIMA or autoencoders.




4.4.2. Knowledge Visualization (   K ϵ  → V → P →  K τ   ):


Explicit knowledge is directly visualized, enabling users to internalize structured knowledge. Xu et al. [36] update their knowledge representations carried out with Marey’s graphs in real time via brushing. Some papers use node–link diagrams for displaying semantic networks [35], for displaying production halls [38], and for displaying entity graphs [45]. Behringer et al. [42] display numeric data quality scores as color-coded bars and pre-defined rules as labels within their dashboard (see Figure 4). Kaupp et al. [39,44] display human-annotated abnormal cases with contexts and rules as glyphs on their dashboard. Clicking on them reveals more details. They also introduce an interactive user interface for creating such human-annotated abnormal cases. The simplest way to visualize knowledge is to display thresholds, as in Cruz et al. [37]. Other papers such as Liu et al. [40] do not explicitly mention how the human explicit knowledge is visualized. However, in their work, the knowledge changes the specification of the visualization, resulting in different visualizations. Berges et al. [43] embed expert knowledge into visualizations by generating customized views of each machine that display only the sensors actually installed on it, as defined in the ontology. User-defined constraints (e.g., time ranges, limits, and aggregations) are then reflected in dynamically adapted query forms and tailored charts. Zhang et al. [41] visualize explicit human knowledge by displaying expert-defined rules and thresholds in 3D digital twin views, using color codes and progress bars.




4.4.3. Direct Externalization (   K τ  → X →  K ϵ   ):


Tacit knowledge is made explicit through direct user input. A frequent approach is annotation and labeling. For example, Wu et al. [33] and Xu et al. [36] allow users to highlight or label data samples via brushing, thereby explicitly marking normal or abnormal cases. Alm et al. [34] describe annotating documents, photos, and structured metadata, while Eirich et al. [38] support the annotation of CAD images by drawing rectangles on their interface. Another approach is rule and threshold specification. Cruz et al. [37] and Behringer et al. [42] report on explicitly setting thresholds for alerts. Liu et al. [40] allow experts to edit rule files and to manually exclude false anomalies. Berges et al. [43] employ ontology-driven query forms, where users select sensors and constraints (e.g., time ranges, limits, and aggregations), which are directly embedded into the visualization output. More advanced systems support interactive decision adjustments. Zhang et al. [41] provide a 3D digital twin interface where experts define targets and thresholds and can override algorithm outputs. These manual adjustments and expert opinions are recorded for later reuse, though the paper does not detail the integration mechanism. Similarly, Kaupp et al. [39,44] allow the creation of Context-Infused Cases (CICs) in which anomalies are annotated with structured rules and contextual descriptions that can be reapplied in subsequent analyses. Finally, some approaches rely on the manual entry of domain knowledge, such as those in Han et al. [35], where domain experts can adjust a knowledge graph. However, this is not directly carried out in the UI but in the database before the knowledge graph construction.




4.4.4. Interaction Mining (   K τ  → E → S → A →  K ϵ   ):


Tacit knowledge is inferred when the system goes beyond applying explicit user inputs and instead derives more general rules or models from interaction patterns. For example, in Wu et al. [33], analysts brush over process data to mark normal samples. These brushed labels are not only stored as annotations but are also considered by the system to infer normal and abnormal ranges through correlation analysis and Gaussian Mixture Models, thus including expert input into predictive models. Similarly, Xu et al. [36] allow users to brush over time-series anomalies. The system interprets these selections to update its outlier detection results in real time. Kaupp et al. [39,44] manually mark unusual patterns on performance dashboards. Beyond simply storing these annotations, the system formalizes them into structured anomaly cases and trains predictive models of machine behavior. Behringer et al. [42] also employ a form of interaction mining in their data quality monitoring framework. Here, when domain experts repeatedly adjust thresholds for quality dimensions like completeness or accuracy, the system learns from these adjustments and updates its domain-specific rules automatically.




4.4.5. Intelligent Data Analysis (   ( D ,  K ϵ  )  → A →  K ϵ   ):


Existing explicit knowledge is reused to improve automatic analysis methods. For example, Ameri et al. [45] employ a thesaurus-driven entity extractor, where domain-specific vocabularies guide the identification of manufacturing capabilities in unstructured data. Kaupp et al. [39,44] reuse previously defined Context-Infused Cases (CICs) to retrain their anomaly detection algorithms to achieve more accurate and context-aware fault identification. Similarly, Liu et al. [40] combine anomaly detection results from unsupervised learning models with expert-defined decision-tree rules.




4.4.6. Guidance (   K ϵ  → A → S  ):


Explicit knowledge is reused by the system to suggest or adapt visualization specifications. For example, Eirich et al. [38] encode ontological models of production processes, which the system uses to suggest suitable visualization types and provide dashboards tailored to different user groups. Similarly, Zhang et al. [41] integrate expert-defined rules and sensor-specific thresholds into their digital twin dashboards so that color-coded decision panels, progress bars, and alerts dynamically adapt based on these encoded constraints.



Beyond these transformation processes, the reviewed works also reflect differences in the types of knowledge addressed. Operational knowledge refers to how users interact with the system, such as brushing, filtering, or dashboard configuration [36]. Domain declarative knowledge encompasses facts, vocabularies, and semantic structures, often represented through ontologies or thesauri [34,35]. Domain procedural knowledge captures rules, workflows, or decision logic, such as maintenance schedules or quality thresholds [33,37].



Explicit knowledge also enters KAVA systems at different origins. Pre-design knowledge is formalized before system development, for instance, via expert interviews or domain standards [34]. Design-stage knowledge is embedded by developers, such as through predefined rules or ontology schemas [38]. Post-design knowledge is generated dynamically during system use. Sources include automated analysis [40]; single-user contributions such as the manual specification of error cases and diagnostic rules [44]; and multi-user collaboration, which produces shared knowledge bases [35].



Finally, the storage mechanisms determine how explicit knowledge persists and is reused. Ontologies, RDF knowledge graphs [35,40], and relational databases [39] are the most common storage mechanisms. Some systems also store structured diagnostic cases and rule sets for future sessions [44]. Others use cloud infrastructures [41] or modular repositories, allowing multiple users to contribute knowledge collaboratively and to expand and refine the stored content over time [42].



While explicit knowledge forms the conceptual backbone of KAVA systems, enabling users to contextualize, interpret, and structure information, many reviewed works further extend these capabilities with data-driven methods. In particular, data mining and machine learning (ML) techniques are central to automating the extraction of knowledge from large-scale industrial data. Since ML plays a recurring and critical role across several transformation pathways, we next provide a dedicated analysis of its use.





4.5. Machine Learning


The integration of data mining and machine learning (ML) techniques supports tasks such as anomaly detection [36], classification [45], clustering [40], and optimization [41]—often in combination with visual interfaces to enhance interpretability and user control. To understand how ML is applied in the reviewed literature, we categorized the papers based on the type of learning approach used. Table 8 presents this categorization.



Unsupervised learning is the most frequently used approach, appearing in 6 of the 13 papers (e.g., [39,40,44,45]). Semi-supervised learning follows with two mentions [33,36], while supervised learning is used in one paper [44]. Zhang et al. [41] describe a hybrid intelligent optimization system that combines evolutionary algorithms, reinforcement learning, and human-in-the-loop decision support. Unlike traditional ML approaches, such as supervised or unsupervised learning, this system relies on both data-driven models and expert knowledge. It also allows users to interact with the system, providing feedback to help make better decisions in complex, changing environments.



Notably, half of the reviewed papers (6 out of 13) either did not specify their ML approach or did not incorporate ML techniques at all.





5. Discussion


Having surveyed the existing literature on KAVA in industrial manufacturing, this section aims to discuss and synthesize our findings, highlighting recurrent patterns considered in the papers used for knowledge modeling and visualization. We also investigate the methodological challenges and open questions across our six core building blocks: user group, industrial domain, visualization, knowledge, data, and machine learning.



5.1. Main Findings


5.1.1. Wide Variations in User Group and Industrial Domain


Across the 13 surveyed papers, most approaches serve two primary audiences: operators, who require shop-floor visualization for monitoring and contextual views to react quickly to alerts, and managers, who require high-level summaries of key performance indicators (KPIs). However, the managers and operators are rarely specified in detail. Other stakeholders, such as process engineers, machine engineers, data analysts, and broadly defined domain experts, work with separate purpose-built interfaces, for example, workflow editors, ontology management tools, or custom filtering modules, rather than the shared dashboards used by operators and managers. The majority of systems are situated in the manufacturing and process industries, with fewer examples from automotive sectors or the heavy industry.




5.1.2. Heavy Use of Domain-Specific Visualization Techniques


Most reviewed KAVA systems rely on general-purpose visualization types. Line graphs, bar charts, and scatterplots are among the most used ones. In addition, simple network diagrams and flowcharts are used to show connections between elements or process steps. Several papers employ domain-specific visualizations, where standard charts are either inadequate or less commonly used than more specialized formats. For instance, Marey’s graphs excel in visualizing temporal dependencies [36]; others introduce radial heat maps [37], icicle plots [38], or custom 2D/3D models visualizing factory floors, products, or specialized diagrams when the spatial context is critical [34,36,38,41,43].



Two key insights emerge: First, the heavy reliance on standard visualization types points to a need for reusable visualization templates that can be parameterized for different manufacturing tasks rather than rebuilding similar views from scratch in each project. Second, although many systems store and apply explicit knowledge (rules, thresholds, ontologies, text documents, etc.), almost none of them include a declarative mapping from those knowledge models to visualization specifications. In practice, many visualization types and thresholds are still hard-coded rather than being automatically suggested or configured based on the underlying domain knowledge represented in the system.




5.1.3. Challenges in Storing, Visualizing, and Validating Knowledge


Our review shows that explicit knowledge in current KAVA systems falls mainly into two archetypes: (1) declarative knowledge, defined as vocabularies (e.g., taxonomies and ontologies), and (2) procedural knowledge, defined as rules (e.g., thresholds and if–then logic). In practice, most systems set and load a fixed set of terms or rules at design time, and then they allow individual users to add or adjust labels, thresholds, or configurations and/or let users annotate labels on a dashboard (e.g., by brushing or drawing rectangles) during a session. Only a few works feed those user edits back into their analytical pipeline for later reuse, for example, by retraining models or updating rules. However, such knowledge persistence might have been realized but not explicitly mentioned in the publication. Even if knowledge persistence is realized, whether evenly or unevenly among users, the question of input quality remains. When multiple users annotate the same data, how can we ensure that their labels are reliable? A possible solution for this could be the implementation of calculating inter-annotator agreement metrics, majority-voting schemes, or confidence scoring to validate annotations.



When it comes to storage, most platforms either keep ontologies and taxonomies in dedicated RDF or graph databases (e.g., Neo4j graph database as in Han et al. [35]) or store rule tables and configuration files in relational databases or flat files (e.g., Hadoop or MangoDB as in Wu et al. [33]). Some systems use cloud-based repositories to store and process industrial data streams, as in Zhang et al. [41], although aspects such as multi-user contributions or collaborative knowledge management are not addressed. Data silos rarely interoperate since ontology updates do not propagate to relational rule tables, and user-generated annotations often vanish at session end, a limitation also emphasized by Wagner’s KAVA model, which notes that current systems do not distinguish between single and multi-user settings and provide no clear specification of how explicit knowledge is stored, propagated, or validated—misleading knowledge can corrupt a system [47].



Knowledge visualization takes several forms. Thresholds and rule boundaries are most commonly drawn as lines or colored bands on time-series plots; categorical vocabularies appear as labels or color encodings on bar charts; and individual annotations show up as glyphs or icons on scatterplots and network diagrams. A number of systems embed richer structures—semantic networks and process flows rendered as node–link diagrams or expert rules and progress indicators overlaid on 3D digital twins.




5.1.4. Limited Integration of Machine Learning


ML techniques appear in roughly half of the reviewed systems, primarily using unsupervised models (e.g., for anomaly detection) and semi-supervised methods (e.g, for outlier detection), followed by supervised approaches or mixed methods. However, over half of the studies either omit ML entirely or do not report how the models were integrated with the knowledge and visualization layers. This limited integration is consistent with findings from the broader visual analytics community. Bernard et al.’s [30] visual-interactive labeling (VIAL) process explicitly examines the interplay between active learning and visual-interactive labeling, demonstrating both the potential and the challenges of aligning model-centered ML techniques with user-centered visualization. Their work highlights that, although ML can guide labeling and knowledge generation, integration with KAVA systems often remains ad hoc, hard-coded, or absent. This further supports our observation that systematic ML integration into KAVA remains an open challenge despite its wider adoption in Industry 4.0 contexts.





5.2. Open Challenges and Future Directions


While notable progress has been made in applying KAVA research to industrial contexts, our comprehensive review of the selected papers and related literature indicates that several challenges remain to be addressed.



5.2.1. Heterogeneity of Explicit Knowledge and Data


In the surveyed approaches, we encountered a variety of explicit knowledge, including basic rule tables and ontologies, as well as standards documents, process and architecture diagrams, machine-generated insights, and various user annotations.



Another challenge is posed by the heterogeneity of data: while tabular and time-dependent data are almost omnipresent, 9 out of 13 approaches incorporate an additional data category such as spatial, textual, graph, or multimedia data. This corroborates the results of an earlier survey on VA for industry [3,17,19] regarding data heterogeneity due to ongoing digitalization.



Future research should support a broad spectrum of knowledge and data types. A unified storage layer is needed to organize and version resources, propagate updates, and enable “what-if” simulations on updated rules or models.



Standardized representations would improve interoperability across KAVA systems, ease integration with industrial IT infrastructures, and support the reuse and exchange of knowledge across organizations and sectors.




5.2.2. Higher Level of Automation


A major challenge in KAVA research is achieving a higher level of automation across data processing, knowledge modeling, knowledge externalization, and knowledge generation. In this regard, Alm et al. [34] state that manual formalization is inconvenient and easily neglected by users due to competing priorities. Therefore, a higher level of automation is necessary for context detection, annotatation, and linking of data. Federico et al. [11] propose deriving explicit knowledge from user interactions as a route to automate knowledge externalization. Other authors also propose automation opportunities, such as AI-assisted pipeline generation based on user feedback [39], large language models (LLMs) to extract knowledge to automate the construction of process knowledge graphs (PKGs) [20], or the automatic alignment of entities between different knowledge graphs to fully utilize their capabilities [42].



This presents notable directions for future research: developing adaptive pipelines that combine explicit knowledge with automated inference to keep visualizations and dashboards continuously updated, validating and aligning knowledge models from streaming data and user interactions, and maintaining traceability at scale. Further opportunities include leveraging large language models and domain-specific reasoning tools to extract and formalize knowledge from heterogeneous sources, as well as developing automated methods to assess the quality of user-generated inputs. Beyond knowledge extraction, LLMs hold particular promise for semi-automated knowledge graph generation, which could reduce the manual effort of formalization, improve scalability, and enable cross-domain interoperability of industrial knowledge assets. Advancing these areas could lead to KAVA systems that not only externalize and visualize knowledge but also evolve dynamically with changing industrial contexts.




5.2.3. Effective User Interfaces


While automated data analysis approaches are attractive from the perspectives of time and cost, VA approaches provide opportunities beyond that. KAVA systems need to address, in particular, data analysis problems that cannot be solved fully automatically and effectively distribute tasks. Cibulski et al. [18] warn that overly complex dashboards can be overwhelming and thus ineffective. They recommend visualization onboarding [9] and guidance [48] due to their great potential in helping to lower the barrier to adoption and reduce manual effort for users. Thus, we encourage further research on such approaches, as well as automatically recommending suitable visualizations.




5.2.4. Validation of Human Annotations


In KAVA, human input is essential but prone to error, which makes its validation critical in industrial and manufacturing contexts, where incorrect data can lead to security risks or unplanned maintenance. Therefore, we motivate the issues of how to ensure that user-provided input is correct, how to manage conflicting input from multiple users, and how to incorporate confidence measures into the labeling process [9,11,25]. Also, the interview study by Li et al. [28] describes data quality as the most common challenge (reported by 15 out of 19 interviewees). In this regard, crowd-sourcing research has investigated how to manage distributed human input with techniques for task design, quality control, and the validation of user-generated data [49]. Recent work by Liu et al. addresses this challenge with a VA approach that involves experts in the labeling process within crowd-sourced settings. Their learning-from-crowds model supports the identification and correction of uncertain labels, e.g., through majority voting and interactive visualizations, for the progressive improvement of annotation quality. This work demonstrates how combining ML with human validation can enhance data quality while reducing manual effort [50]. Future research could explore leveraging crowd-sourcing, which generally involves large groups of non-experts; however, we motivate KAVA research that learns from those approaches for annotation validation in industrial settings.




5.2.5. Long-Term Studies and Real-World Scenarios


An open challenge is the lack of real-world evaluations of the proposed models and systems. Many tools show promising results in controlled and limited settings; however, their effectiveness in long-term industrial environments is largely unknown. Several authors highlight this issue and motivate studies to address this gap. For example, Xu et al. note that, with the planned deployment of their system in real production lines, its long-term usage can be studied [36]. Similarly, Wu et al. intend to conduct long-term studies with quantitative measurements and end-user feedback, which can further improve their system [33]. Behringer et al. [42] and Kaupp et al. [44] motivate the validation of their prototypes and models through extended, real-world scenarios, while Buchgeher et al. [21] point out the limited validation of existing solutions across many industrial sectors and applications. Also, Cibulski et al. [18] observed in their survey that none of the solutions with the highest technology readiness level had been evaluated. Yet such studies are essential to further advance KAVA by assessing its practical impact adaptability and scalability across dynamic manufacturing domains. As suggested by Federico et al. [11], novel evaluation methods can be conceptualized that instrumentalize the changes and flows of explicit knowledge as a unit of measurement for studies on the effectiveness of VA environments. Advancing this conceptual framework represents an important avenue for future research. In addition to individual case studies, there is a pressing need for longitudinal evaluation frameworks that assess the adoption of KAVA in industrial settings over extended periods. Such frameworks could capture the evolving interplay of human, organizational, and technological factors and provide structured evidence on adaptability, scalability, and sustained value creation in real-world manufacturing environments.




5.2.6. Generalizability


A recurring open challenge in VA is the limited generalizability of the proposed systems across domains and datasets (e.g., [19]), since tools are mostly developed and tailored to specific use cases, which makes it difficult to transfer findings to other scenarios. For example, Eirich et al. [38] acknowledge this limitation and state that their generalizability remains to be investigated in broader applications, while Wu et al. point out that their interactive techniques for user-steerable outlier detection can be potentially applied to more general usage scenarios [33]. However, the majority of interviewed knowledge graph practitioners from different application domains stated that domain-specific challenges stand in the way of generalized solutions [28]. Research needs to be conducted to determine how—at least in manufacturing—commonalities can provide a common basis for generalization. Recently, Subramonyam et al. published a review that discusses the existing literature and provides recommendations on how to address this challenge [31]. Among other points, the authors discuss how dependencies, such as dataset-specific assumptions or configuration constraints, are often insufficiently documented in research papers, which reduces the reproducibility and, consequently, the generalizability of research findings. They argue that more transparent reporting and more explicit reasoning about design choices are necessary to support the generalization and reuse of research outcomes. Therefore, we motivate generalizability and documentation standards to support the broader applicability of KAVA.




5.2.7. Methodological Limitations


The exclusion of gray literature, such as industrial reports and white papers, was a deliberate choice to ensure the reproducibility and quality of the included studies. However, this decision might have resulted in missing relevant insights from industry practice and could have increased the number of papers included in the systematic literature review. A further limitation concerns the vocabulary of our search strategy: by focusing on terms such as “data visualization,” “dashboard,” “visual analytics,” “visual analysis,” “knowledge,” and “smart manufacturing,” relevant work using alternative terminology (e.g., guidance, provenance, rule-based, ontology-driven, knowledge graph, explicit knowledge, or human-in-the-loop) may have been excluded. While we retained this string for consistency, we explicitly acknowledge this risk and provide the full database-specific queries, including all limits and language restrictions, in Supplementary Material S1 to ensure transparency and reproducibility.



Including such sources may be beneficial for future work provided that alternative mechanisms are applied to ensure their quality. In addition, while dual independent screening was conducted at each stage, no formal inter-reviewer agreement metrics (e.g., Cohen’s kappa) were calculated. Disagreements were resolved through a tie-breaker process to maintain consistency. Incorporating formal agreement metrics in future work could further strengthen methodological rigor.






6. Conclusions


This review of 13 KAVA systems in industrial manufacturing investigated how explicit knowledge is modeled and stored, how it is externalized through visualization and interaction, and how ML is integrated into these processes.



In answering RQ1, the analysis shows that explicit knowledge is most frequently represented as ontologies, taxonomies, knowledge graphs, and rule sets, often enriched by user-provided annotations and threshold specifications. These resources are stored in RDF or graph databases, relational tables, or flat files. However, interoperability between formats is limited. While several systems retain post-design contributions, such as annotated anomaly cases or updated ontologies, others keep them only temporarily, leading to inconsistent long-term availability. Concerns about the reliability of user-generated input are discussed in the literature, though none of the reviewed works systematically evaluate annotation quality.



Addressing RQ2, the surveyed systems predominantly employ line graphs, bar charts, and scatterplots, often enhanced with thresholds, annotations, and filters derived from explicit knowledge. Explicit knowledge is directly visualized in various ways. Some systems visualize knowledge directly. For example, Marey’s graphs update in real time through brushing, and node–link diagrams display semantic networks, production halls, or entity graphs. Dashboards use numeric quality scores as color-coded bars and pre-defined rules as labels. Human-annotated abnormal cases are displayed with contextual rules as glyphs, often as clickable elements for more details. Interactive interfaces allow for the creation of such annotated cases. The simplest approach is displaying thresholds directly. In other systems, explicit knowledge alters visualization specification, leading to different outputs without direct display. Expert knowledge can also define customized views. For instance, ontologies specify which sensors belong to a machine, and user-defined rules and constraints adapt queries and charts dynamically. In other cases, expert-defined rules and thresholds are displayed in 3D digital twin views using color codes and progress bars. Network diagrams and flowcharts show relationships and process logic. More specialized approaches employ radial heat maps, icicle plots, and custom 2D/3D product models when the spatial or hierarchical context is critical. Despite these integrations of knowledge, most configurations remain hard-coded. No reviewed system offers a fully declarative mapping from knowledge models to visualization specifications, which restricts automation and reuse.



With respect to RQ3, 6 of the 13 works incorporate ML, most often using unsupervised methods, followed by semi-supervised, supervised, and hybrid approaches. In some cases, outputs from these models are used to generate rules or are refined through human-in-the-loop processes. The remaining systems either do not integrate ML or do not specify their approach, and only a few detail how such models interact with knowledge representation and visualization, limiting reproducibility and transferability.



Across these three areas, recurring challenges, drawn from both the reviewed studies and related work, include the heterogeneity of knowledge and data types and the absence of unified storage that supports interoperability; limited automation in linking knowledge to visualizations and in externalizing knowledge; the need for interfaces that support varied user roles; the validation and reuse of human-generated annotations; a lack of long-term, real-world evaluations; and limited applicability beyond the specific industrial contexts studied. Progress in these areas will require integrated knowledge repositories that propagate updates, mechanisms for validating and reusing user contributions, tighter coupling of knowledge models with visualization specifications, and systematic assessments in operational manufacturing environments. These steps would improve the adaptability, reusability, and long-term impact of KAVA systems in industrial analytics.
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Figure 1. Conceptual model of knowledge-assisted VA. The diagram is split into machine and human spaces, showing how knowledge is created, converted, and applied throughout the VA workflow [11]. Symbols for processes: A… analysis, V… visualization, X… externalization, P… perception/cognition, E… exploration; for containers:   K ϵ  … explicit knowledge D… data, S… specification, and   K τ  … tacit knowledge; and a non-persistent artifact: I… image. 
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Figure 2. Functional building blocks that reflect the categorization schema of our survey. The category industrial domain influences all elements of the KAVA model [11]. The building block data covers [D] in the KAVA model, and our building block knowledge covers explicit [  K ϵ  ] and tacit knowledge [  K τ  ] and externalization [E]. The next building block for the survey is visualization, which covers [V] and the specification [S]. The building block machine learning is represented as [A] in the KAVA model. The building block user group covers exploration [E], tacit knowledge [  K τ  ], perception [P], and externalization [X]. 
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Figure 3. PRISMA flow diagram illustrating the study selection and process. 
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Figure 4. Data quality dashboard of Behringer et al. [42,46]: (a) overall quality score with color coding; (b) breakdown by dimension (accuracy, completeness, consistency, timeliness); (c) sample of raw records for context; (d) feature-level quality overview; (e) per-feature dimension scores; (f) value distribution histograms; (g) key statistical indicators (e.g., null counts, min/max, averages); (h) recommended remediation actions for identified issues. 
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Table 1. Screening stages with inclusion and exclusion criteria.
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	Screening Stage
	Inclusion Criteria
	Exclusion Criteria





	Title Screening
	Studies broadly addressing data visualizations, interaction methods, visual analytics, knowledge modeling approaches (e.g., ontologies), or data mining within the context of industrial manufacturing.
	Studies focusing on non-industrial domains (e.g., healthcare, education, cybersecurity, or energy).



	Abstract Screening
	Studies focusing on industrial contexts. However, domain-agnostic studies were allowed if no specific application area was stated.
	Studies explicitly focusing on non-industrial applications; purely AR/VR/MR technologies; or unrelated fields not addressing knowledge modeling, visualizations, or visual analytics.



	Full-Text Review
	Peer-reviewed studies with a clear focus on industrial applications, specifically addressing knowledge-assisted visual analytics (KAVA). Only studies explicitly mentioning an industrial setting and KAVA elements were included. We define KAVA elements as elements that include human explicit knowledge that is added before or during interaction with the visualization (e.g., (pre-) defined ontologies and knowledge graphs, texts and/or documents, thresholds set by humans, data labels for training an ML model, flow diagrams of processes defined by humans).
	Non-peer-reviewed studies (excluding book chapters), workshop papers, and studies not explicitly situated within an industrial context were excluded. Papers lacking explicit human knowledge were not considered, nor were outputs generated solely by ML models. Papers that may have included explicit human knowledge but failed to state it explicitly were also excluded. ML models that were modified by humans on a session basis (without saving the human input in a database or training a model for future use) were likewise excluded.










 





Table 2. Categorization overview: the six main entity groups data, knowledge, visualization, machine learning, user group, and industry domain and their subcategories with colors matching building blocks in Figure 2.
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User Group

	
Industrial Domain

	
Data

	
Knowledge

	
Visualization

	
Machine Learning






	
As Reported

	
As Reported

	
Tabular

	
Time-Dependent

	
Spatial

	
Textual

	
Graphs/Networks

	
Image, Video, Audio

	
Process

	
Type

	
Origin

	
Storage Mechanism

	
Graphs/Plots

	
Tables

	
Diagrams

	
Maps/Geographical

	
Other

	
As Reported

	
Supervised

	
Unsupervised

	
Semi-Supervised








Note: Cell background colors indicate category groupings and correspond to those used in this and all following tables throughout the manuscript.













 





Table 3. User groups addressed in the 13 reviewed KAVA publications. An “x” indicates that the group is mentioned in that paper; the final column shows the total count.
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[33]

	
[36]

	
[45]

	
[34]

	
[37]

	
[38]

	
[35]

	
[41]

	
[42]

	
[39]

	
[44]

	
[40]

	
[43]

	
Total






	
User Group

	
Operator

	
x

	
x

	

	
x

	

	

	
x

	
x

	

	
x

	

	

	

	
6




	
Manager

	
x

	
x

	
x

	
x

	
x

	

	

	
x

	

	

	

	

	

	
6




	
Process Engineer

	

	

	

	

	

	
x

	
x

	

	

	
x

	

	

	

	
3




	
Machine Engineer

	

	

	

	

	

	

	
x

	

	

	
x

	

	
x

	

	
3




	
Domain Expert

	

	

	

	

	

	

	

	
x

	
x

	

	

	

	
x

	
3




	
Analyst

	

	

	

	

	

	
x

	

	

	

	
x

	
x

	

	

	
3











 





Table 4. Overview of the industrial domains addressed in the 13 reviewed publications. Each domain reflects the primary application context of the respective KAVA system. An “x” indicates that the paper explicitly targets or is situated within the corresponding domain. The final column shows the total count.
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[33]

	
[36]

	
[45]

	
[34]

	
[37]

	
[38]

	
[35]

	
[41]

	
[42]

	
[39]

	
[44]

	
[40]

	
[43]

	
Total






	
Industrial Domain

	
Manufacturing Industry

	

	

	
x

	
x

	

	

	

	

	
x

	
x

	
x

	

	

	
5




	
Process Industry

	
x

	

	

	

	
x

	

	
x

	
x

	

	

	

	

	
x

	
5




	
Automotive Sector

	

	
x

	

	

	

	
x

	

	

	

	

	

	

	

	
2




	
Heavy Industry

	

	

	

	

	

	

	

	

	

	

	

	
x

	

	
1











 





Table 5. Data types used in the 13 reviewed publications. An “x” marks the presence of a given data type in each paper. The final column shows the total count.
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[33]

	
[36]

	
[45]

	
[34]

	
[37]

	
[38]

	
[35]

	
[41]

	
[42]

	
[39]

	
[44]

	
[40]

	
[43]

	
Total






	
Data

	
Tabular

	
x

	
x

	

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
12




	
Time-Dependent

	
x

	
x

	

	

	
x

	
x

	

	
x

	
x

	
x

	
x

	
x

	
x

	
10




	
Spatial

	

	
x

	

	
x

	

	
x

	

	
x

	

	

	

	

	
x

	
5




	
Textual

	

	

	
x

	

	

	

	
x

	

	

	

	
x

	
x

	
x

	
5




	
Graphs/Networks

	

	
x

	

	

	

	
x

	

	

	

	

	
x

	

	

	
3




	
Image, Audio, Video

	

	

	

	

	

	
x

	

	

	

	

	

	

	
x

	
2











 





Table 6. Visualization techniques used across the 13 reviewed KAVA systems. The table lists each technique under the categories graphs/plots, tables, diagrams, maps, others, and as reported; marks its presence in each paper with an “x”; and shows the total count of papers employing that technique in the final column.
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[33]

	
[36]

	
[45]

	
[34]

	
[37]

	
[38]

	
[35]

	
[41]

	
[42]

	
[39]

	
[44]

	
[40]

	
[43]

	
Total






	
Visualization Types

	
Graphs/Plots

	
Line Graph

	
x

	

	

	
x

	
x

	

	

	
x

	

	
x

	
x

	

	
x

	
7




	
Bar Chart

	

	
x

	
x

	
x

	

	

	

	
x

	
x

	

	

	

	
x

	
6




	
Scatterplot

	
x

	

	
x

	

	

	

	

	

	

	

	
x

	
x

	
x

	
5




	
Histogram

	

	
x

	

	

	
x

	

	

	

	

	

	

	

	

	
2




	
Radial Bar Chart

	

	
x

	

	

	

	

	

	

	
x

	

	

	

	

	
2




	
Box-and-Whisker Plot

	

	

	

	

	
x

	

	

	

	

	

	

	
x

	

	
2




	
Radar Chart

	

	

	

	

	

	

	

	
x

	

	

	

	
x

	

	
2




	
Stacked Bar Chart

	
x

	

	

	

	

	

	

	

	

	

	

	

	

	
1




	
Stream Graph

	
x

	

	

	

	

	

	

	

	

	

	

	

	

	
1




	
Area Graph

	

	

	

	
x

	

	

	

	

	

	

	

	

	

	
1




	
Stacked Area Graph

	

	

	

	

	

	

	

	

	

	

	

	
x

	

	
1




	
Parallel Coordinate Plot

	

	

	

	

	

	

	

	

	

	

	

	
x

	

	
1




	
Tables

	
Calendar

	
x

	
x

	

	

	

	

	

	

	

	

	

	

	

	
2




	
Heat Map

	
x

	

	

	

	

	

	

	

	

	

	

	

	

	
1




	
Diagrams

	
Network Diagrams

	
x

	

	
x

	

	

	
x

	
x

	

	
x

	
x

	
x

	

	

	
7




	
Maps

	
Connection Map

	

	

	

	

	

	
x

	

	

	

	

	

	

	

	
1




	
Other

	
Donut Chart

	
x

	

	

	

	
x

	

	
x

	

	

	

	

	

	

	
3




	
Pie Chart

	
x

	

	

	

	

	

	

	

	

	

	

	

	
x

	
2




	
Circle Packing

	
x

	

	

	

	

	

	

	

	

	

	

	

	

	
1




	
Nightingale Rose Chart

	

	

	

	

	

	

	

	

	

	

	

	
x

	

	
1




	
As Reported

	
3D Model

	

	
x

	

	
x

	

	

	
x

	

	

	

	

	

	

	
3




	
2D Model of Product

	

	

	

	

	

	
x

	

	

	

	

	

	

	
x

	
2




	
Marey’s Graph

	

	
x

	

	

	

	

	

	

	

	

	

	

	

	
1




	
Radial Heat Map

	

	

	

	

	
x

	

	

	

	

	

	

	

	

	
1




	
Icicle Plot

	

	

	

	

	

	
x

	

	

	

	

	

	

	

	
1











 





Table 7. Overview of knowledge modeling across the 13 reviewed KAVA systems, indicating for each publication which transformation pathways (e.g., direct externalization, interaction mining, intelligent data analysis) are supported, which knowledge types (operational, declarative, procedural) are addressed, at what stage knowledge enters the system (pre-design, design, post-design by data or users), and which storage mechanisms (graph databases, relational tables, flat files) are employed. An “x” denotes the presence of the feature in that paper. The final column shows the total count.
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[33]

	
[36]

	
[45]

	
[34]

	
[37]

	
[38]

	
[35]

	
[41]

	
[42]

	
[39]

	
[44]

	
[40]

	
[43]

	
Total






	
Knowledge

	
Pathway

	
Knowledge visualization

	
x

	
x

	
x

	

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
12




	
Direct externalization

	
x

	
x

	

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
10




	
Intelligent data analysis

	
x

	
x

	
x

	
x

	

	

	
x

	
x

	

	
x

	
x

	
x

	
x

	
10




	
Data analysis

	
x

	
x

	

	

	

	

	

	

	
x

	
x

	
x

	
x

	

	
6




	
Interaction mining

	
x

	
x

	

	

	

	

	

	

	

	
x

	
x

	

	

	
4




	
Guidance

	

	

	
x

	
x

	

	

	

	

	
x

	

	

	

	

	
3




	
Simulation

	

	

	

	

	

	

	

	

	

	

	

	

	

	
0




	
Type

	
Domain, declarative

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	

	
x

	
x

	
x

	
x

	
x

	
12




	
Operational

	
x

	
x

	

	
x

	
x

	

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
11




	
Domain, procedural

	
x

	
x

	

	

	
x

	

	
x

	
x

	
x

	
x

	
x

	
x

	

	
9




	
Origin

	
Design

	
x

	
x

	

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
12




	
Pre-design

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	

	

	
x

	
x

	
x

	

	
10




	
Post-design, single user

	
x

	
x

	

	
x

	

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	
10




	
Post-design, data

	
x

	
x

	

	

	

	
x

	
x

	
x

	
x

	
x

	
x

	
x

	

	
9




	
Post-design, multiple user

	

	

	

	

	

	
x

	
x

	
x

	

	

	
x

	

	

	
4




	
Storage Mechanism

	

	
x

	

	
x

	
x

	

	
x

	
x

	
x

	
x

	
x

	
x

	

	
x

	
10











 





Table 8. Machine learning types used in the 13 reviewed publications. An “x” marks the presence of a given data type in each paper. The final column shows the total count.
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[33]

	
[36]

	
[45]

	
[34]

	
[37]

	
[38]

	
[35]

	
[41]

	
[42]

	
[39]

	
[44]

	
[40]

	
[43]

	
Total






	
Machine Learning

	
Unsupervised

	
x

	
x

	
x

	

	

	

	

	

	

	
x

	
x

	
x

	

	
6




	
Semi-Supervised

	
x

	
x

	

	

	

	

	

	

	

	

	

	

	

	
2




	
Supervised

	

	

	

	

	

	

	

	

	

	

	
x

	

	

	
1




	
Hybrid Intelligent Optimization System

	

	

	

	

	

	

	

	
x

	

	

	

	

	

	
1
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