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1. INTRODUCTION: SEEING PATTERNS IS NOT ENOUGH 

The ability to interpret and critically reflect on data-based visualizations is regarded as a key 

competence in data literacy. As AI-generated visualizations equire critical evaluation, visual literacy is 

becoming increasingly important. Studies indicate that learners often struggle to interpret visualized data 

and critcally reflect on their origin and informational value [1-6]. Visualizations are frequently perceived 

as objective representations of reality. 

However, prevailing understandings of visual literacy often focus on the ability to identify patterns, 

describe trends, and draw conclusions. This understanding seems increasingly inadequate in AI-mediated 

data environments. Little attention has been paid to how data are produced and how this influences 

visualization interpretation. As a result, a fundamental prerequisite of critical graph comprehension often 

remains implicit. This prerequisite is the ability to reflect on the origin, creation, and processing of the 

underlying data. 

The central argument of this paper is that, although pattern recognition is a necessary condition for 

critical graph comprehension, it is not a sufficient one. Against this background, we argue that graph 

comprehension should not be reduced to the identification of patterns. Instead, it should incorporate 

reflection on data provenance as a core dimension of visual literacy. Building on this perspective, the 

paper discusses the theoretical and educational implications for the conceptualization of visual literacy 

in data-driven and AI-mediated information environments. 

2. WHAT MAKES GRAPH COMPREHENSION? EXISTING PERSPECTIVES AND 

LIMITATIONS 

Understanding data visualizations is not a trivial process but relies on complex cognitive 

mechanisms. Foundational studies on graph comprehension describe the interpretation of graphs as an 

interplay between perceptual and conceptual processes [7,8]. The former involves the perception of 

visual features such as trends, patterns, or relationships. The latter encompass the integration of meaning 

into existing knowledge structures and therefore extend beyond mere visual perception. 

Many approaches regard pattern recognition as fundamental to structuring and interpreting visual 

information. Yet pattern recognition alone does not ensure critical understanding of visual 

representations. 
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Furthermore, existing research emphasizes the importance of contextual knowledge for successful 

interpretation [4,7]. Misinterpretations often result from missing information about the underlying data 

rather than deficiencies in visual perception. This highlights a dimension that remains largely implicit in 

existing models: data provenance. Recent work on provenance visualization similarly emphasizes that 

understanding visualizations requires consideration of the people, processes, and transformations 

underlying the displayed data [9]. 

More recent approaches extend the understanding of visual literacy by incorporating additional 

cognitive processes [1]. These include an understanding of how data are collected, processed, and 

represented. They also include the ability to identify potential biases and inconsistencies in visualizations. 

Consequently, visual literacy is understood as a multidimensional construct encompassing analytical, 

interpretative, and reflective aspects, including reflection on data provenance. Recent systematic reviews 

likewise conclude that existing conceptualizations comprise multiple, partly overlapping competence 

dimensions and highlight the need for a more coherent and standardized conceptualization of visual 

literacy [10].  

Taken together, existing research is critical to understanding the role of pattern recognition and 

cognitive processes in the interpretation of visualized data. At the same time, a research gap remains. 

While pattern recognition has frequently been the focus of scholarly attention, the role of data provenance 

in the critical interpretation of visualized data has received comparatively little investigation. 

3. A CONCEPTUAL SHIFT: DATA PROVENANCE AS A MISSING DIMENSION OF VISUAL 

LITERACY 

As outlined in Section 2, current understandings of visual literacy frequently emphasize the ability 

to identify patterns, interpret graphical representations, and derive relevant information from visualized 

data. Existing models of graph comprehension primarily focus on identifying and interpreting visible 

structures in visualizations [7-9]. 

In AI-mediated data environments, systems automatically generate visualizations, transform 

datasets, and create plausible synthetic data. This can lead recipients to recognize patterns without 

critically on data origin, quality, or trustworthiness of the underlying data. Correct interpretation 

therefore does not necessarily imply a critical understanding. 

This development raises a fundamental question: What does it mean to understand a graph? We 

argue that graph comprehension should go beyond identifying patterns and interpreting visual structures 

to include reflection on how the underlying data are generated, processed, and transformed. Visual 

literacy should thus incorporate reflection on data provenance as a central competence dimension. 

 

Figure 1. Conceptual extension of graph comprehension through reflection on data provenance 

Data provenance refers to the origin, context, and transformation processes of data. In the context 

of visualized data, data provenance includes questions concerning data collection, data selection, 

aggregation, and processing. It also involves potential uncertainties, biases, and the use of AI-based 

procedures. These questions go beyond the visible representation of the data. They address the epistemic 

conditions that shape the creation of data visualizations. 
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Reflection on data provenance involves awareness of data origin, understanding data collection and 

processing procedures, evaluating data quality and biases, and considering AI-mediated influences on 

data generation and visualization. These facets, informed by ongoing work on the operationalization of 

data provenance reflection, may manifest in activities such as evaluating information, communicating 

findings, deriving recommendations, or making informed decisions based on visualized data. While not 

constituting a validated competence model, they may provide a preliminary analytical framework for 

future theoretical and empirical work. 

Table 1. Preliminary conceptualization of reflection on data provenance 

Facet of Data Provenance 

Reflection 

Guiding Question Example Example Reflective Action 

Data origin Where do the data come from? Evaluate the credibility of 

the data source 

Data collection How were the data collected? Reflect on data collection 

procedures 

Data processing and 

transformation 

How were the data processed, 

aggregated, or transformed? 

Assess the effects of 

aggregation or preprocessing 

Data quality and bias Which uncertainties, omissions, 

or biases may affect the data? 

Critically evaluate 

limitations of the dataset 

AI mediation Which AI-supported processes 

influenced the data or its 

viusalization? 

Reflect on AI-generated 

modifications or 

representations 

Against this background, we propose a conceptual extension of visual literacy. This extension 

explicitly integrates reflection on data provenance as a core component of graph comprehension. 

Understanding visualized data means more than recognizing what a graph shows. It also involves 

critically questioning how and why it was created. Visual literacy is thus conceptualized as a 

metacognitive competence that combines interpretation, contextualization, epistemic reflection, and 

reflection on data provenance. 

The proposed perspective does not suggest replacing related constructs like statistical literacy, 

contextual knowledge, or critical thinking on data provenance. Rather, we argue that it represents a 

distinct dimension of visual literacy. Statistical literacy centers on interpreting quantitative data 

characteristics, contextual knowledge aids in understanding the visualization’s subject matter, and 

critical thinking encompasses broader information analyses. Reflection on data provenance focuses 

specifically on the origin, generation, processing, and transformation of data. It addresses a dimension 

of graph comprehension not fully captured by existing constructs and particularly relevant in AI-

mediated information environments. 

Data provenance should not be regarded as a peripheral aspect of visual literacy, but as a necessary 

component of critical graph comprehension in data-driven and AI-mediated information environments. 

4. DISCUSSION 

The proposed perspective shifts attention from the interpretation of visible structures toward 

reflection on the conditions under which visualized information is produced and interpreted. Visual 

literacy encompasses not only the ability to extract information from graphical representations. It also 

includes the ability to critically reflect on the conditions under which such information is produced and 

to evaluate its significance within a given context. 

Data generation and transformation processes often remain invisible to recipients, causing 

visualizations to appear as direct representation of reality. 

The increasing use of artificial intelligence further intensifies this challenge by reducing the 

transparency of data generation and processing procedures. The challenge lies not only in correctly 

interpreting visual information. It also requires critical reflection on the context in which the information 

was generated. Recent research highlights the growing role of AI in interpreting and explaining visual 

information [11]. At the same time, studies evaluating the visualization literacy in large language models 

demonstrate the increasing importance of critical graph comprehension in AI-mediated environments 
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[12]. Together, these developments underscore the need to understand how visualized data are produced, 

transformed, and communicated. 

From this perspective, greater emphasis on reflective competencies within visual literacy appears 

necessary. Graph comprehension requires consideration not only of visible patterns but also of the 

conditions under which they emerged. Critical engagement with data sources, data generation processes, 

and potential biases thus becomes an integral component of understanding visualized information. 

Consistent with this view, recent visualization research argues that provenance information should itself 

become visible within visual analysis, enabling users to better understand how visual representations are 

generated and transformed [13]. 

These developments also have implications for education. Recent work on visual literacy in the 

context of generative AI emphasizes combining the interpretation of visual representations with critical 

reflection on their production processes. In particular engaging students in the creation and analysis of 

AI-generated visual artefacts can foster reflection on how visual content is generated and shaped [14]. 

This supports the argument that visual literacy should address not only what visualizations show but also 

how they are produced. 

Overall, this perspective suggests that visual literacy should be understood as a broader capability 

for critically engaging with visualized knowledge. In data-driven and AI-mediated information 

environments, reflection on data provenance may constitute a key prerequisite for understanding 

visualized information. It may also be essential for evaluating such information in an informed and 

critical manner. 

5. IMPLICATIONS FOR RESEARCH AND EDUCATION 

From the perspective proposed in this paper, implications can be derived both for future research 

and for the design of teaching and learning environments. Educational interventions should support both 

pattern identification and interpretation in light of the underlying data. 

This includes, in particular, critical engagement with data collection processes, potential biases, and 

the conditions under which data are generated. Learners should not only identify patterns but also 

evaluate their significance in light of the underlying data. This requires reflection on the completeness 

of the data and the assumptions underlying their processing and representation. 

For higher education, this implies the need to view visualizations not merely as the end products of 

analytical processes. It also requires making the generation and transformation processes of the 

underlying data more visible. This perspective is consistent with recent work highlighting that 

visualization education should foster competencies extending beyond the interpretation of graphical 

representations to broader forms of reasoning about data and visualizations [15]. Teaching and learning 

settings can support these goals by encouraging comparisons of data sources, identification of biases, 

and discussion of alternative interpretations. 

The critical evaluation of data provenance becomes particularly important in the context of 

automated data analyses and AI-supported visualization systems. Consequently, the promotion of visual 

literacy should not focus solely on the interpretation of visible information. It should also enable learners 

to critically question the conditions under which visualized data are produced and to assess their 

trustworthiness in a reflective manner. Against this background, reflection on data provenance may be 

considered a key prerequisite for critical graph comprehension in the future. 

6. OUTLOOK 

The perspective presented in this paper is based on a methodological investigation of the 

relationship between pattern recognition and the understanding of data provenance. The empirical 

findings of this investigation will be reported in a subsequent publication. At the same time, it opens up 

further avenues for research regarding the theoretical positioning, empirical assessment, and educational 

promotion of reflection on data provenance as a potential dimension of visual literacy. 
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Future research should clarify whether reflection on data provenance constitutes an independent 

dimension of visual literacy, how it relates to broader concepts such as data literacy, and how it can be 

distinguished from existing facets of graph comprehension.  

From a methodological perspective, further research is required concerning the development and 

validation of appropriate measurement instruments. Recent work highlights ongoing challenges in 

establishing valid assessment measures and defining the competence dimensions underlying 

visualization literacy [16]. Future research should therefore investigate how reflection on data 

provenance can be assessed empirically, whether robust competence models can be derived from such 

assessments, and which indicators are suitable for capturing this competence validly and reliably. 

Given the prevalence of data-driven and AI-supported information systems, future research should 

examine the role of data provenance reflection in the competent use of visualized data. Further research 

is needed to investigate how learners and other user groups take into account the origin and conditions 

of data generation within automated processes of data analysis and visualization. Future studies should 

also examine which educational approaches are most effective in fostering this reflective capability. 

The perspective presented here is intended as a contribution to the further development of existing 

understandings of visual literacy. It is also intended as a starting point for research that defines graph 

comprehension not solely in terms of the interpretation of visible patterns but places greater emphasis on 

the critical examination of the origin and generation of visualized data. 
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