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Abstract The implementation of adaptive teaching poses an enormous challenge
to teachers and requires them to perform a balancing act that is difficult to achieve
with traditional teaching methods. Digitalization offers the opportunity to use new
support tools to record and analyse students’ learning status in real time, and to
use this information to adapt teaching and provide direct feedback to learners. The
present study aims to illustrate an approach for a digitally supported teaching unit,
implemented in a regular chemistry classroom, that offers the possibility to monitor
students’ progress in real time. A unit on chemical kinetics was developed based on a
systematic framework that aims to integrate the affordances of coherent and engaging
instruction and reliable assessment. After implementation with N=300 students,
responses to a series of different tasks throughout the unit were automatically scored
to derive individual knowledge networks that reflect students’ ability to enact and
connect specific knowledge elements across the unit. Based on both a normative and
the individual student networks, specific network parameters were derived to allow
comparative analyses. All metrics showed correlations with learner performance at
the end of the unit, although different patterns emerged. While the network-level
metrics provided insight into students’ progress along the unit, the evaluation of
the node-level metrics underscored the central role of basic concepts for students’
cumulative learning. Overall, the results provide clues to identify potential areas for
intervention during the unit, e.g. in the form of task-based feedback or identification
of specific difficulties experienced by students.

P< Sascha Bernholt - Jannik Lossjew

Leibniz-Institut fiir die Pddagogik der Naturwissenschaften und Mathematik,
Olshausenstr. 62, 24118 Kiel, Germany

E-Mail: bernholt@leibniz-ipn.de

Sebastian Gombert
Leibniz Institute for Research and Information in Education, Rostocker Str. 6, 60323 Frankfurt am
Main, Germany

@ Springer


https://doi.org/10.1007/s42010-026-00244-0
http://crossmark.crossref.org/dialog/?doi=10.1007/s42010-026-00244-0&domain=pdf
http://orcid.org/0000-0003-4045-3795
http://orcid.org/0009-0005-1942-7121
http://orcid.org/0000-0001-5598-9547

292 S. Bernholt et al.

Keywords Individualized instruction - Automated scoring - Formative
assessment - Network analysis

1 Introduction

The increasing diversity of the student body with its different individual, cultural,
and family backgrounds requires a professional adaptation of teaching to these het-
erogeneous learning requirements (Prediger and von Aufschnaiter 2017). In order to
promote equal opportunities, social participation, and cognitively activating lessons,
there is an increasing focus on adaptive lesson design (Dumont 2016). Instead of
using standardized methods for all learners, individualized approaches must be cre-
ated that address individual needs in the student’s learning process. However, the
implementation of adaptive teaching poses an enormous challenge for teachers and
requires them to perform a balancing act that can hardly be achieved with conven-
tional teaching methods.

The overall idea of adapting instruction to students’ needs is not new (Skinner
1958); however, this requires the implementation of suitable formative diagnostics
as this is an essential prerequisite to being able to respond to the individual needs
of learners and also to enabling targeted instructional decisions (Blomeke et al.
2020). Digitalization offers the opportunity to use new support tools to record and
analyze the learning status of students in real time and to use this information to
adapt teaching and to provide direct feedback to students (Blossfeld et al. 2018;
Faber et al. 2017). Although continuous assessment and the automated scoring
of individual students’ learning progress is feasible in principle (e.g., Nakamura
et al. 2016), designing digitally supported learning environments that enable both
meaningful science learning and the reliable and valid assessment of individual
student learning is challenging (Kubsch et al. 2022).

The present study aimed to address this challenge by analyzing the development
of students’ conceptual understanding over the course of a digitally supported teach-
ing unit implemented in regular chemistry classrooms. Building upon established
frameworks of how students’ conceptual understanding develops in chemistry (Em-
den et al. 2018; F. Yan and Talanquer 2016) and in general (Bransford et al. 2000;
Linn et al. 2015), the unit was systematically designed to evaluate, as a proof-of-
concept study, the extent to which students’ engagement with the materials gener-
ates data that allow conclusions to be drawn about their individual learning progress.
Based on an analysis of students’ artifacts (short and long written responses, draw-
ings, etc.) over the course of the unit, the uptake and integration of knowledge
elements was modeled by means of semantic knowledge networks to investigate
students’ knowledge acquisition. Using a theoretical model of student learning (Linn
et al. 2015), specific network metrics were identified to trace students’ learning tra-
jectories towards a well-connected knowledge base (Bransford et al. 2000). Finally,
implications for classroom practice were identified.
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2 Theoretical background

In adaptive teaching, suitable formative diagnostics play a pivotal role as they allow
teachers to continuously assess the skills and knowledge of their students and select
materials appropriate to their learning level (Dumont 2019). However, a series of
valid and reliable science assessments (that may even be scored automatically) does
not necessarily result in a good curriculum. Consequently, the specific conditions
and affordances of formative diagnostics have to be considered together with the
design of meaningful and engaging classroom materials to jointly foster students’
knowledge and understanding over time (Kubsch et al. 2022). As part of this study,
we developed classroom materials based on theoretical and empirical findings on
student learning in order to best support students’ cumulative competence develop-
ment. The students’ artifacts when working with these materials then served as the
basis for deriving the assessments. Previous research in the area of learning progres-
sions (Section 2.1) and knowledge integration (Section 2.2.) was used as a basis for
this approach.

2.1 Learning progressions

Scientific concepts serve as crucial tools for interpreting the world, both in scientific
and everyday contexts (Murphy 2004). Consequently, fostering a deep conceptual
understanding is a primary objective of science education (American Association for
the Advancement of Science & National Science Teachers Association 2007; BIMI
2016; KMK 2004). Learning progressions in science education propose hypotheses
about how students’ understanding of concepts evolves with instruction (Corcoran
et al. 2009). These progressions comprise starting and endpoints, with intermediate
developmental stages. Lower anchors denote prior knowledge, while upper anchors
reflect the desired competence (Corcoran et al. 2009; Duschl et al. 2007).

In the context of school chemistry, the concept of chemical reaction is one of
the four basic concepts used to structure chemistry teaching in lower and upper
secondary schools in Germany. The respective educational standards stipulate that
students should already learn about chemical reactions at the substance level in
Grades 5 and 6 (BIMI 2016). According to these standards, students’ progression
during their lower secondary education can be described as having three stages, rang-
ing from a phenomenological approach to matter (lower anchor) to a differentiated
understanding of the composition of matter and its changes (upper anchor; Emden
et al. 2018; Weinrich and Talanquer 2015). In these first years of chemistry lessons,
the perspective on chemical changes remains descriptive and reactions are presented
as proceeding to completion (van Driel et al. 1998). At the upper secondary level,
students are required to draw upon mechanistic and causal patterns of explanations
to elucidate the emergent course of reactions (Talanquer 2018; F. Yan and Talanquer
2016). Knowledge of chemical kinetics is an indispensable prerequisite to obtain
this level of sophistication (BIMI 2016; KMK 2004).
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2.2 Knowledge integration

While the learning progressions approach provides subject-specific guidance on how
to sequence and structure content and concepts, which also incorporates empirical
findings on students’ ideas and difficulties in learning the respective content, the
knowledge integration (KI) framework by Linn et al. (2015) provides a theoretical
underpinning to design and understand learning environments that support learners
in building on what they know and using reasoning strategies to make sense of
new information. Linn et al. (2015) suggest that KI is more likely to succeed if
educators first elicit students’ preexisting ideas (Duit et al. 2013), then introduce new
normative ideas, help students distinguish between these and their own preexisting
ideas, and ultimately encourage reflection. More specifically, inquiry activities need
to elicit students’ existing ideas about a phenomenon, for example, whether they
are aware of the need to develop predictions. The second process according to Linn
et al. (2015) focuses on introducing new normative ideas through learning material,
which the learners are expected to integrate into their prior knowledge. This may lead
to cognitive conflict, which eventually may promote conceptual change (e.g., Chi
and Roscoe 2002) or a shift in the prevalence (and use) of competing conceptions
(Potvin et al. 2015), which may lead learners to restructure their semantic network
(see M. Schneider and Stern 2010). The third process that is crucial for KI is
that students learn to distinguish between their own (often nonnormative) ideas and
normative ideas. Here, students should investigate and compare the different ideas in
terms of their effectiveness to explain scientific phenomena. Finally, learners should
be encouraged to reflect on their set of ideas and assess whether they are consistent
and whether any questions are left unanswered. At the end of this process, students
should have well-developed knowledge networks organized around the central ideas
of a domain. The KI perspective is domain-general as it does not specify which ideas
can act as resources and which are nonnormative (Linn et al. 2015). Integrating the
perspective of learning progression research thus provides the necessary basis for
identifying the core ideas and teaching activities that promote the integration of new
ideas into existing knowledge networks and ultimately lead to integrated knowledge
(Kubsch et al. 2023).

2.3 Network models of knowledge and knowledge acquisition

The concept of integrated knowledge is informed by the notion of semantic net-
works, which represent explicit declarative knowledge within long-term memory.
Gupta et al. (2010) argue that “conceptual knowledge organization is likely to be
network-like” (p. 317). In the context of assessing student knowledge (integration),
network models of knowledge and knowledge acquisition might provide a more
granular focus on students’ learning (compared to, e.g., performance indicators such
as the percentage of correct answers), especially when it comes to tracking learning
progress over time. Accordingly, the uptake and integration of new knowledge ele-
ments, as the constituting components of a student’s knowledge network (Koedinger
et al. 2012), become the focus of analysis.
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The KI framework, as outlined in the previous section, delineates specific impli-
cations for the structure of students’ conceptual networks. Initially, during the onset
of a learning phase, students’ networks typically exhibit characteristics such as hav-
ing (1) a high number of nodes with relatively few connecting edges, which results
in the networks having (2) a greater number of isolated nodes, and (3) a lower net-
work density (Cromley et al. 2024). However, with progression or through targeted
KI instruction, students with an enhanced understanding of scientific concepts tend
to emphasize structure-function connections, thereby integrating elements and rela-
tions more cohesively. As a result, more proficient students are expected to develop
networks characterized by (1) a large number of nodes interconnected by numer-
ous edges, leading to (2) fewer isolated nodes (indicative of fewer clusters), and
(3) increased network density. Additionally, (4) the introduction of important sci-
entific concepts through KI instruction should render these concepts central within
students’ networks. Supporting evidence from KI researchers indicates that after
receiving KI instruction, students’ knowledge networks exhibit an increase in the
number of both nodes and links, a heightened degree centrality for pivotal scientific
concepts, and a greater overall network density compared to preinstruction levels
(Cromley et al. 2024; Schwendimann and Linn 2016). More specifically, model-
ing a system as a network facilitates its characterization through numerical metrics,
thereby allowing for comparative analyses of the system’s components based on lo-
cal metrics and analyses between different systems using global metrics (Morrison
et al. 2022).

2.3.1 Global network metrics

The total number of nodes represents the most fundamental global metric. As the
learning process progresses, students will be required to demonstrate their under-
standing of new knowledge elements for the first time in subsequent tasks. When
students incorporate new knowledge elements into their responses, the network size
increases. Prior research indicates that the number of nodes in a knowledge network
correlates positively with achievement (Freedman et al. 2024; K. Kim 2025) and is
positively affected by instruction (Giabbanelli and Tawfik 2021; Kapuza et al. 2020;
M.K. Kim and McCarthy 2021). Examining which knowledge elements are incorpo-
rated repeatedly over time also provides information about the stability of knowledge
retrieval and, thus, about how firmly the knowledge elements are anchored in the
cognitive structure of the learners (Unger et al. 2020).

When new knowledge elements are acquired, these elements must also be con-
nected to existing nodes in the knowledge network. Similarly, existing connections
between knowledge elements are strengthened when these knowledge elements need
to be brought together to complete a particular task. Knowledge elements that are
often activated together form activation patterns that represent conceptual under-
standing (Derry 1996). Network density is the proportion of observed relations in
a network to the maximum number of possible relations. Several studies found pos-
itive relations between network density and achievement (Kubsch et al. 2019; Yang
et al. 2018), as well as positive effects of instruction on network density (M. K. Kim
and McCarthy 2021; Schwendimann 2014).
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The connectedness of a network reflects the extent to which each pair of knowl-
edge elements in the network is connected. Accordingly, it is a measure of “weak
reachability”, indicating the extent to which the overall structure is either dense
(high connectedness) or dispersed in tree-like structures or disjunct subnets (low
connectedness). In the literature, connectedness is shown to be positively correlated
with achievement (Freedman et al. 2024; Podschuweit and Bernholt 2020; Yang
et al. 2018).

2.3.2 Local network metrics

Local network metrics take the location of the node and its connections to other nodes
in the network into account; this provides indications of the relative prominence
of each node in terms of being involved in many (direct or indirect) connections
between nodes. Metrics such as degree centrality (the number of edges connected to
a specific node) and betweenness centrality (indicating how frequently a particular
node functions as a bridge on the shortest path connecting two other nodes) enable
detailed comparisons among network components (Brandes and Erlebach 2005). For
example, a concept such as chemical conversion should play a key role in a unit on
reaction processes and reaction rates, as it is directly related to the phenomena under
consideration and their explanation. Results from previous studies indicated that key
nodes had higher degree centrality for higher-achieving students (Kubsch et al. 2019;
Schwendimann 2014; Yang et al. 2018) and higher betweenness centrality for experts
compared to novices (Wagner and Priemer 2023).

These metrics are well aligned with learning theories (e.g., KI, Section 2.2.;
Cromley et al. 2024) and aim to trace students’ learning trajectories towards a well-
connected knowledge base over the course of a teaching unit (Bransford et al. 2000).
Consequently, analyzing the dynamics of concept application over time could obtain
information that could serve as an indicator of learning.

3 Research objectives and hypotheses

Effective formative diagnostics are essential for targeted, individualized instruction.
However, integrating meaningful science learning with valid assessment in digital
environments remains challenging. This proof-of-concept study addressed this chal-
lenge by analyzing students’ conceptual understanding during a digitally supported
chemistry unit, evaluating whether students’ responses can be reliably used to track
individual learning progress. Specifically, we employed network analysis to exam-
ine how students apply and develop their understanding of chemical kinetics as they
work through the teaching unit (Lossjew and Bernholt 2025). Almost all teaching
and learning materials were implemented in a Moodle course that also served as
a digital student workbook during the course. In a sample of N=300 students in
the 11th to 13th grade, the knowledge elements employed in students’ answers and
artifacts were analyzed over time as indicators of students’ progress in mastering
the knowledge and skills targeted during the teaching unit. The analyses employed
network models based on these knowledge elements and network metrics to examine
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differences in students’ mastery of the unit’s content and to derive entry points for
individualized scaffolding or instructional decisions by the teacher.

The design and procedure of the present study were driven by the following
research questions:

1. With which accuracy can knowledge elements be automatically scored from stu-
dent responses and artifacts produced over the course of a teaching unit?

Informed by research on learning progressions in students’ understanding of
chemical reactions, we identified the core ideas and teaching activities that promote
the integration of new ideas into existing knowledge networks with regard to the
topic of chemical kinetics. As knowledge elements are considered to be the consti-
tuting elements of a student’s knowledge base (Bransford et al. 2000) and as using
conceptual knowledge productively requires that a new problem or phenomenon is
recognized as an instantiation of a particular concept (Goldwater and Schalk 2016),
we expected the uptake and integration of knowledge elements to become visible in
students’ answers. The feasibility of automatically scoring the presence and quality
of knowledge elements in students’ written responses using transformer-based ma-
chine learning (ML) models has been demonstrated (Gombert et al. 2023). However,
evidence is currently limited to specific topics in physics and the scoring of students’
answers in knowledge tests. Accordingly, we planned to replicate the approach us-
ing a different data structure (i.e., a different domain and classroom-based artifacts),
but we assumed that the automated scoring of knowledge elements would also be
feasible over the course of a teaching unit.

2. To what extent are specific network metrics derived from students’ knowledge
networks over the course of the unit related to students’ performance in a posttest
administered after the teaching unit?

On the basis of the KI framework, we expected students to have well-developed
knowledge networks organized around central ideas of a domain at the end of the
unit that was designed to entail inquiry-based activities and driving questions to
structure students’ learning (Linn et al. 2015). The degree to which students were
able to reach this goal was expected to be reflected in the students’ knowledge
networks, which were derived from the scored knowledge elements employed in
students’ answers to tasks across the unit. Regarding network metrics related to per-
formance (Cromley et al. 2024; Morrison et al. 2022; see Section 2.4), substantial
relations to students’ performance in the posttest were expected, especially for den-
sity, degree centrality, and betweenness centrality (Asmussen et al. 2022; Cromley
et al. 2024; Podschuweit and Bernholt 2020; Schwendimann and Linn 2016). With
regard to the network-level metrics, we expected the network size (i.e., more nodes)
to be related to students’ posttest scores, provided the network nodes were also
densely connected (Cromley et al. 2024; Schwendimann and Linn 2016). Likewise,
the connectedness of students’ knowledge networks was expected to be positively
associated with learning outcomes, given that the KI framework emphasizes the
importance of interconnectedness and linking information. With regard to the node-
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level metrics, we expected students with higher posttest scores to prominently in-
clude key concepts in their knowledge network; this would indicate associations
between learning outcomes and both higher degree centrality and higher between-
ness centrality (Asmussen et al. 2022; Kubsch et al. 2019).

In addressing these research questions, the overall aim was to derive indicators of
students’ learning progress over the course of the unit that could be used to inform
diagnostic decisions and to select adaptive scaffolds.

4 Methods
4.1 Teaching unit

The teaching unit on the topic of chemical kinetics was developed as part of the in-
terdisciplinary project ALICE (Analyzing Learning for Individualized Competence
Development in Mathematics and Science Education). Based on the ECD4LPA
framework (Kubsch et al. 2022) and taking educational standards into account (BIMI
2016; KMK 2004), as well as prior research on the topic (Bain and Towns 2016;
Y.K. Yan and Subramaniam 2016) and on learning progressions in students’ un-
derstanding of chemical reactions (Emden et al. 2018; F. Yan and Talanquer 2016),
together with theoretical considerations regarding student learning (Bransford et al.
2000; Duschl et al. 2007; Linn et al. 2015), the teaching unit focused on project-
based learning as the central pedagogy guiding the design process to promote stu-
dents’ science learning (B.L. Schneider et al. 2020). Accordingly, scientific inquiry
activities were employed extensively to structure students’ interaction with the con-
cepts and knowledge elements considered relevant for the unit. Authentic tasks and
different task formats (comprising both constructive response answers, e.g., short
and long open-ended written responses, drawings; and closed formats, e.g., multiple
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Granularity 6 = ___j '.m
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Fig. 1 Distribution of required knowledge elements across tasks. Numbers on the left indicate the sum of
occurrences of each knowledge element across the whole unit
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choice questions, ranking questions, drag-and-drop questions) required students to
interpret and explain real-world phenomena by connecting scientific practices, core
disciplinary ideas, and cross-cutting concepts. Moodle was used as the technical
platform to provide learning materials and tasks to the students, but it also served
as a digital workbook to collect students’ answers and further artifacts, for example,
drawings. An in-depth description of the unit can be found in (Lossjew and Bernholt
2025).

Extensive scoring guides were drafted to provide evidentiary statements for each
task in the unit, along with detailed scoring guides for students’ products (see
electronic supplement). Overall, students’ artifacts from 86 tasks were used for
the analyses. Across these tasks, 17 knowledge elements were to be incorporated
by students in their responses. The frequency and the total number of occurrences
differed between knowledge elements, ranging from two to 32 (Fig. 1), thus requiring
students to repeatedly activate and incorporate these knowledge elements across
arange of tasks and phenomena. With regard to the storyline, the unit can be divided
into two phases: The basic introduction and clarification of the concept of reaction
speed in the first phase was followed in the second phase by a closer examination
of the various influencing factors (e.g., temperature). The first phase therefore dealt
with quantitative reaction dynamics (Tasks 1-35), while the second phase dealt with
process control and prediction (Tasks 36-86).

4.2 Sample and data collection

The teaching unit on chemical kinetics was piloted in individual classes to ensure the
feasibility of implementation and to identify and, if necessary, reduce problem areas
during implementation. Afterwards, the teaching unit was implemented in regular
classrooms by regular chemistry teachers over the course of about 10-12 weeks.
Fifteen classes in the 11th to 13th grade (V=300 students) and their teachers partic-
ipated in the study. The teachers participated in a one-day professional development
workshop prior to teaching the unit. The workshop focused on the content of the unit
and on general strategies for teaching in digitally supported learning environments,
especially with Moodle. In addition, the actual implementation of the teaching unit
was addressed, and teachers were provided with an overview of the unit. Based on
the findings from the piloting, critical phases were considered in detail to highlight
phases considered relevant for students’ progress during the unit and to illustrate the
use of specific task formats (e.g., the use of the geometry applet GeoGebra in class).
After providing informed consent to participate in the study, students completed
a pretest designed to assess their prior knowledge and their understanding of chemi-
cal reactions prior to the unit, in addition to measures of cognitive abilities, reading
skills, and a questionnaire on demographic and person-related variables, such as
interest and subject-related self-concept (The results from the pretest and the ques-
tionnaire are not presented as part of this manuscript as the posttest is considered the
relevant measure to evaluate students’ mastery of the content covered in the unit).
During the teaching of the unit, teachers were provided with technical and content-
related support upon request. The implementation of the unit was monitored in
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Moodle. Visits from the research team were only possible to a small number of
classes due to the parallel implementation in many classes.

4.3 Scoring of student artifacts from the teaching unit by human raters

The implementation of the teaching unit in Moodle made it possible to collect stu-
dents’ responses and further artifacts (e.g., drawings) throughout the unit. The initial
scoring of students’ responses was completed by several (human) raters based on
the predeveloped scoring guides. The raters were student assistants with a back-
ground in chemistry education. Apart from the information provided in the scoring
guides, raters were unaware of the hypotheses or the analytical strategy of the study.
To facilitate the scoring procedure, students’ answers were exported from Moodle
and imported into Inception (Klie et al. 2018). In Inception, scoring was done on
a case-by-case basis, that is, the raters scored an individual student’s responses to
the sequence of tasks in a particular part of the unit to allow for references to pre-
vious responses. Knowledge elements were scored with O (not present or simple
keyword use), 1 (basic integration), or 2 (comprehensive integration), (see elec-
tronic supplement). Overall, about 20% of the answers to each task were scored by
at least two raters. Interrater reliabilities varied between the individual knowledge
elements (Cohen’s x € [0.55, 0.87]), with an average of k= 0.72, indicating a reliable
scoring process. Throughout the extensive process, interrater reliability was regu-
larly assessed. Any significant discrepancies were resolved through collaborative
discussion, ensuring the quality of the coding.

4.4 Automated scoring

On the basis of the data we scored in Inception, we trained and evaluated an ML
model to replicate the respective scoring behavior. For this purpose, we expanded

Fig. 2 A schematic illustration Class
of BERT for sentence-pair clas- Label
sification. In our case, Sentence 1
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ement, while Sentence 2 is the z .
learner’s response. Image taken [ Tn ][ T[SEP] J[ T, ] [ Th ]
from Devlin et al. (2019), who
released it under CC 4.0
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on the approach of Gombert et al. (2023), who implemented multiple ML models to
solve a very similar problem of detecting knowledge elements within short German
answers in the domain of energy didactics. Their strongest model used GBERT
(Chan et al. 2020), a German-specific BERT variant, in a multitask learning setup
to detect multiple knowledge elements in learners’ answers in the form of multiple
binary classification tasks. The authors modified the original BERT architecture
(Devlin et al. 2019) that GBERT is based on to fit the task. Although their model
demonstrated an overall strong performance, their custom modifications to the model
architecture made their approach incompatible with a lot of standard tooling that
has since become available for transformer language models such as BERT.

For this study, we wanted to focus on approaching the problem with a more stan-
dard-oriented approach to guarantee high replicability and allow for easy adoption
in the field. Similar to Gombert et al. (2023), we used GBERT to tackle this task.
We finetuned GBERT-base using the Huggingface Transformers framework and its
BertForSequenceClassification class. To allow the model to deal with the overall
range of learning knowledge elements, we prompted it with: 1) the individual la-
bel for which a score needed to be assigned, and 2) the corresponding learner’s
response. Both were separated by the model’s separation token. The model then
needed to predict a score between 0 and 2 signifying how well-integrated a given
knowledge element was, as observed in the learner’s response. Thus, on an abstract
level, we solved the problem as a sentence-pair classification task, although one of
the sentences consisted of just the label. Figure 2 illustrates this setup.

We evaluated this approach in a 3 x 3 cross-validation setup and we report micro-
level F1 scores for all three possible scores. The micro-level F1 score (also known
as Micro-Average F1) is a metric used to evaluate classification models in ML,
particularly for multiclass or multilabel problems. It is used as an indicator of the
overall accuracy of the classification. During each cross-validation step, the model
was finetuned for three epochs. The results of this experiment can be found in the
Results section.

4.5 Network analysis

Based on the knowledge elements expected in the responses to each task according to
the predeveloped scoring guides, a normative network was established. Knowledge
elements were considered nodes in the network; edges, that is, connections between
nodes/knowledge elements, were established when nodes co-occurred in the same

Fig. 3 Evolution of the normative knowledge network at five time points over the course of the unit. Dots
(nodes) represent knowledge elements, dashes (edges) represent connections between knowledge elements
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task to reflect that a specific combination of knowledge elements had to be activated
to address the demands of the task. Co-occurrence analysis was preferred because
its grounding in associative memory models (Barabasi et al. 1999; Derry 1996)
allows it to capture the implicit, less conscious strength of association between
concepts, indicated by their frequency and proximity in a text or discourse. This
method reveals how tightly concepts are integrated in a student’s memory (Unger
et al. 2020), even if they struggle to explicitly articulate the formal relationships. In
contrast, coded linkages (Cromley et al. 2024; Kubsch et al. 2019; H.-S. Lee and
Liu 2010; Liu et al. 2008) primarily assess the explicit, qualitative, and hierarchical
nature of knowledge (Novak 2002). This requires a more formal articulation of
meaning that may not be present in the raw data being analyzed, due to students’
known lack of commitment to formulating extensive scientific explanations (H.-
S. Lee and Liu 2010), as well as their status as novice learners, which might limit
the degree to which their knowledge network is organized according to a formal
hierarchy, although this is usually expected from experts.

A growing longitudinal network was built up over the sequence of tasks in order
to clarify the normative expectation of the knowledge base that should be used to
answer the tasks over the course of the unit (Fig. 3).

On the basis of the scoring of knowledge elements in students’ responses, indi-
vidual student networks were established in a comparable way. Knowledge elements
scored to be present in a response to a particular task (i.e., scored as 1 or 2; Sec-
tion 4.3) were taken to establish nodes in the network, and the co-occurrence of
multiple knowledge elements in the same response was taken to establish connec-
tions between nodes. Over the course of the tasks in the unit, growing longitudinal
student networks thus reflected the acquisition and repeated enactment of knowledge
elements by each student over the course of the unit.

In the comparison of both types of networks, the normative network can be con-
sidered the upper ceiling in the form of an ideal performance, that is, incorporating
every normatively expected knowledge element into each task across the whole unit,
while the student networks reflect the extent to which individual students demon-
strate their capabilities of incorporating the relevant knowledge elements over time.
It should be emphasized here that the normative scoring guides were formulated
very inclusively in order to cover as many conceivable knowledge elements as pos-
sible, from a content perspective. Not all knowledge elements were always necessary
and/or of equal importance for a correct answer to a task. Accordingly, “completely
correct” solutions based on these normative principles are rather unlikely. Because
the scoring of knowledge elements and the networks derived from these scores can
be analyzed on a task-by-task basis, they provide an approach that can be used
to analyze student learning (as reflected in these networks) on a fine-grained basis
throughout the unit.

Based on both the normative and the individual student networks, specific net-
work metrics were derived to allow for comparative analyses of specific network
components based on local metrics and analyses between different networks using
global metrics. Numerous network metrics can be used for such an analysis (Luke
2015; Morrison et al. 2022); we selected metrics that were shown to correlate with
achievement measures in prior studies (Cromley et al. 2024; Daems et al. 2014;
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Podschuweit and Bernholt 2020). Relative network size, network density, and con-
nectedness were chosen as global network-level metrics; degree and betweenness
centrality were chosen as local node-level metrics for more fine-grained analyses
(A detailed description of these metrics is provided in the electronic supplement).

All of these metrics were calculated from the students’ knowledge networks
along the task sequence. To bridge the gap between the continuous process data
(represented by the longitudinal knowledge networks) and the point measure of
students’ posttest performance, three aggregate measures were calculated for each
network metric across the sequence of tasks. These measures capture different facets
of the knowledge acquisition process:

First, the Area Under the Curve (AUC) was calculated to represent the cumulative
complexity and persistence of KI over the course of the unit (Pruessner et al. 2003).
While a single-point measure only captures the status quo at a specific time, the
AUC integrates the magnitude of a network metric over the entire sequence of
tasks. A high AUC indicates that a student consistently maintained a large or highly
integrated knowledge network across most tasks.

Second, Variance was used as an indicator of cognitive variability (or stability),
which often precedes conceptual shifts in learning (Siegler 1994, 2007). It quantifies
how much a student’s network metrics fluctuated from one task to the next. High
variance suggests a “dynamic” or perhaps “unstable” trajectory, where the com-
plexity of the student’s answers varied significantly depending on the task demand.
High variability can also indicate a transitional phase. For example, when students
fluctuate between old and new strategies or elements of knowledge, the variance
increases before consolidation occurs (Siegler 2007).

Third, First-Order Autocorrelation (ACF1) was computed to assess the “inertia”
or temporal stability of the network structures. In the context of dynamic systems,
a higher ACFI indicates a greater dependence on previous states, reflecting the
degree of continuity in the student’s knowledge construction (D’Mello and Graesser
2012; Wijnants 2014). In a learning context, this can represent a stable, incremental
growth.

As the unit was divided into two phases (basic introduction and clarification of
the concept of reaction speed; influenceability of reaction speed by various factors,
e.g., temperature), the aggregated measures were calculated separately for the first
(Tasks 1-35) and second phase (Tasks 36—86).

The network analysis was performed using R (Version 4.4.2; R Core Team 2024)
and specific packages (tidyverse 2.0.0, Wickham et al. 2019; network 1.18.2, Butts
2008; ndtv 0.13.4, Bender-deMoll 2024; tsna 0.3.5, Bender-deMoll and Morris
2021). For the different network metrics, linear regression models were used to
evaluate the relations between the specific metrics and students’ posttest scores.

4.6 Measures
To measure students’ competence at the end of the unit, a written test was developed
that focused on chemical kinetics but also on students’ more general understanding

of the concept of chemical reactions. For the test, items were partly taken from
prior studies (e.g., Y.K. Yan and Subramaniam 2016) or were newly developed. The
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Table 1 Evaluation results of

h . del Overall Mi- Micro F1 Micro F1 Micro F1
the scoring mode cro F1 Score 0 Score 1 Score 2
89.85 91.25 19.94 90.55

test comprised mostly open-ended task formats to allow students to express their
understanding of particular aspects, but it also comprised closed formats to assess
specific knowledge elements.

The open-ended tasks of the test were scored by human raters on the basis of
a previously created scoring manual, which contained the knowledge elements re-
quired to demonstrate the sample solution. Each knowledge element was scored as
present (1) or missing (0). To ensure reliable and objective scoring, approximately
20% of the data material was double-scored. The scoring of the knowledge elements
(xk=0.91) showed high interrater agreement. The total score for each task was calcu-
lated as the sum of all expected knowledge elements. On the basis of these overall
scores, the test was scaled using a generalized partial credit model to determine
person abilities. The reliability of the test can be considered good (WLE reliability:
0.85; Infit: 0.93<MNSQ< 1.04).

For illustrative purposes, students were categorized into four groups according
to their posttest score. To obtain different groups in terms of achievement, students
with a posttest score that was at least one standard deviation (SD) below the mean
posttest score of the entire sample were classified as “very low” (performance),
students with a posttest score within 1 SD below the overall mean were classified
as “low”, between 1 SD above the overall mean as “good”, and above 1 SD above
the overall mean as “very good”.

5 Results
5.1 Automated scoring of knowledge elements

Scoring students’ responses based on GBERT-base resulted, overall, in high hu-
man-Al interrater agreements and reliabilities, namely, an F1 score of 89.85. Table 1
shows the global results as well as the individual levels of scoring the knowledge
elements. F1 scores were high for the overall scoring procedure (overall micro F1),
as well as for whether knowledge elements were not present/were only present by
keyword use (Score 0) and for the comprehensive integration of knowledge elements
(Score 2). However, the Micro F1 score was substantially lower for scoring a basic
integration of knowledge elements (Score 1).

5.2 Network-level metrics
5.2.1 Relative size

The relative size of students’ networks (i.e., the degree to which students incorpo-
rated all required knowledge elements into a given task) varied substantially across
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Fig. 4 Distribution of students’ relative network size across the whole unit and, for illustrative purposes,
divided by the four performance groups (a) and correlation coefficients between students’ relative network
size and posttest score (b). The black line indicates the moving average, the gray area its standard error;
individual trajectories are displayed in light gray (only in a)

the unit (Fig. 4a). For illustrative purposes, the sample was divided into four per-
formance groups. On this basis, a consistently stable ranking emerged, with higher-
performing students tending to have larger networks. While the mean relative net-
work size for the first (M=0.45, SD=0.14, Min=0.01, Max=0.79) and second (M=
0.41, SD=0.16, Min=0.05, Max=0.81) phase seemed to be comparable, the mean
values decreased in the first phase, before appearing to be rather stable in the second
phase of the unit (after a short recovery period).

The correlation between the relative size of students’ networks and the posttest
score was low in the first phase of the unit (M =0.39, Min=0.27, Max=0.73) and in-
creased substantially in the second phase (M =0.53, Min=0.30, Max = 0.68; Fig. 4b).

The results of a linear regression model used to predict students’ posttest scores
by the aggregated measures of students’ relative network size across the unit (see
Section 4.6) revealed that the variance of the relative network size in Phase 1 (b=
9.73, 95% CI [4.65, 14.81], 197]1=3.78, p<0.001; $=0.23, 95% CI [0.11, 0.36])
as well as the AUC (b=0.04, 95% CI [0.01, 0.06], #[197]=2.96, p=0.003; $=0.31,
95% CI [0.10, 0.52]), the variance (b=-51.40, 95% CI [-99.37, -3.43], :[197]=
-2.11,p=0.036; =-0.12,95% CI [-0.23, —7.99¢-03]), and the ACF1(b=1.05,95%
CI [0.40, 1.71], #[197]1=3.17, p=0.002; $=0.24, 95% CI [0.09, 0.38]) in Phase 2
showed significant effects on students’ posttest scores (F[6, 197]=25.55, p<0.001,
R?>=0.44, adj. R?=0.42). Notably, the variance of the relative network size showed
a positive effect in Phase 1 and a negative effect in Phase 2 of the unit.

5.2.2 Density

The density of students’ networks (i.e., the proportion of observed connections
between knowledge elements to the number of possible connections) seemed to be
rather stable across the unit (Fig. 5a). The mean density of students’ networks in the
first (M=0.38, SD=0.15, Min=0.00, Max=0.78) and second (M=0.35, SD=0.13,
Min=0.02, Max=0.69) phase was almost identical. Also, the mean values appeared
to be rather stable over the course of the unit.
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Fig. 5 Distribution of the density of students’ networks across the whole unit and, for illustrative pur-
poses, divided by the four performance groups (a) and correlation coefficients between the density of
students’ networks and posttest scores (b). The black line indicates the moving average, the gray area its
standard error; individual trajectories are displayed in light gray (only in a)

The correlation between the density of students’ networks and the posttest score
was low in the first phase of the unit (M =0.26, Min=0.16, Max=0.36) and increased
substantially in the second phase (M =0.52, Min=0.35, Max=0.57; Fig. 5b).

The results of a linear regression model used to predict students’ posttest scores
by aggregated measures of student networks’ density across the unit (see Section 4.6)
revealed that the AUC in both phases (Phase 1: b=-0.09, 95% CI [-0.14, —0.05],
[193]=-4.07, p<0.001; p=-0.46,95% CI [-0.69, —0.24]; Phase 2: b=0.15,95% CI
[0.11, 0.18], #[193]=8.85, p<0.001; $=0.90, 95% CI [0.70, 1.10]) and the variance
in the first phase (b=26.25, 95% CI [12.97, 39.53], #[193]=3.90, p<0.001; =
0.25, 95% CI [0.13, 0.38]) showed significant effects on students’ posttest scores
(F[8,193]1=16.13, p<0.001, R?=0.40, adj. R?=0.38). Here, the AUC of the network
density showed a negative effect in Phase 1 and a positive effect in Phase 2 of the
unit.

5.2.3 Connectedness

The connectedness of students’ networks (i.e., the degree to which students incorpo-
rated all required knowledge elements in a given task) increased from the first (M=
0.43, SD=0.19, Min=0.00, Max=0.84) to the second phase of the unit (M=0.55,
SD=0.19, Min=0.01, Max=0.81; Fig. 6a). The patterns across the three higher-
performing groups were rather similar, while the group of students with the lowest
performance in the posttest showed a rather low level of connectedness throughout
the unit.

The correlation between the connectedness of students’ networks and the posttest
score was low in the first phase of the unit (M=0.27, Min=0.17, Max=0.36) and in-
creased substantially in the second phase (M= 0.48, Min=0.36, Max = 0.54; Fig. 6b).

The results of a linear regression model used to predict students’ posttest scores
by aggregated measures of the connectedness of students’ networks across the unit
(see Section 4.6) revealed that the variance in Phase 1 (b=11.59, 95% CI [1.67,
21.50], #[193]=2.30, p=0.022; =0.17, 95% CI [0.03, 0.32]) as well as the AUC
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Fig. 6 Distribution of the ratio of connectedness across the whole unit and, for illustrative purposes, di-
vided by the four performance groups (a) and correlation coefficients between connectedness and posttest
score (b). The black line indicates the moving average, the gray area its standard error; individual trajecto-
ries are displayed in light gray (only in a)

in Phase 2 (b=0.06, 95% CI [0.03, 0.09], 1[193]=4.64, p<0.001; p=0.55, 95%
CI [0.31, 0.78]) showed significant effects on students’ posttest scores (F[8, 193]=
10.96, p<0.001, R?=0.31, adj. R*=0.28).

5.2.4 Combined analyses

After the aggregated measures of all three network-level metrics were integrated
into a combined linear regression model to predict students’ posttest scores, the
model explained a statistically significant and substantial proportion of variance
(F[18, 183]=10.73, p<0.001, R?=0.51, adj. R?=0.47). With regard to the relative
network size, both the AUC (b=0.05, 95% CI [1.86e-04, 0.10], #[183]=1.98, p=
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Fig. 7 Distribution of the degree centrality per knowledge element across the whole unit and divided by
the normative network (purple) and the four performance groups
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Fig. 8 Distribution of the betweenness centrality per knowledge element across the whole unit and di-
vided by the normative network (purple) and the four performance groups

0.049; $=0.22,95% CI [8.62¢-04, 0.45]) and the variance in the first phase (b=9.10,
95% CI[2.78, 15.43], 1[183]=2.84, p=0.005; $=0.22, 95% CI [0.07, 0.37]) showed
significant effects on students’ posttest scores. The effect of the AUC for density was
significant in both phases of the unit, but the effect occurred in opposite directions
in the two different phases. In the first phase, the AUC for density was negatively
related to the posttest score (b=-0.09, 95% CI [-0.18, —1.22e-04], [183]=-1.98,
p=0.050; p=-0.43, 95% CI [-0.86, —5.93e-04]). In the second phase, the AUC for
density had a positive effect on students’ posttest scores (b=0.10, 95% CI [0.03,
0.17], 1[183]=2.77, p=0.006; $=0.61, 95% CI [0.18, 1.04]), with a larger effect
size than in the first phase.

5.3 Node-level metrics
5.3.1 Degree centrality

Figure 7 illustrates the degree centrality of all knowledge elements over the course
of the teaching unit (i.e., the number of edges connected to a specific node). While
some knowledge elements showed a low degree centrality throughout the unit (e.g.,
system and time), some knowledge elements stood out by showing high values for
degree centrality in the normative network, for example, chemical conversion, con-
centration, and energy conversion. In the student networks, the mean values for
degree centrality are ordered from lower to higher values in line with the four per-
formance groups for all knowledge elements. For some knowledge elements (e.g.,
concentration or collision effectiveness), the values for degree centrality in the stu-
dent networks were also close to the values in the normative network, at least for
the high-performing student groups. For other knowledge elements (chemical con-
version, energy conversion, or mass), students hardly managed to connect these
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Fig. 9 Moving average of the correlation coefficient between the degree centrality of central knowledge
elements and students’ posttest scores across the unit. The thick line indicates the moving average, the gray
area the standard error

knowledge elements to other knowledge elements in their networks, as normatively
expected, indicating that these students struggled to integrate these knowledge ele-
ments into their knowledge network.

5.3.2 Betweenness centrality

Across the list of knowledge elements, some stood out by showing high values
for betweenness centrality in the normative network, for example, chemical conver-
sion, concentration, and reaction rate (Fig. 8). As in the case for degree centrality,
some knowledge elements (e.g., chemical conversion) seemed to actually fulfill their
bridging function, also in the students’ networks, while other knowledge elements
(e.g., concentration or reaction rate) were not integrated into students’ networks in
a way that reflected such a functional role. Also, students in the higher-performing
groups generally showed higher values (i.e., closer to the normative expectation) for
betweenness centrality compared to students in the lower-performing groups.

5.3.3 Central knowledge elements

Examining the findings for degree and betweenness centrality, it is clear that four
knowledge elements (chemical conversion, concentration, energy conversion, and
reaction rate) seemed to have a rather outstanding role. These knowledge elements
stood out in that they occurred more frequently, showed higher betweenness, and
showed higher degree centrality. In this context, the question arose as to when these
knowledge elements become central in such a way that specific network metrics
already indicate a substantial relationship between them and students’ posttest scores
early in the course of the unit. In the comparison of the correlation between the
degree centrality of the most central knowledge elements and students’ posttest
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scores on a task-by-task basis, different patterns emerged for the different concepts
(Fig. 9). While all correlation coefficients increased over time, only the correlation
coefficients for chemical conversion and concentration rose above a value of r=0.4.

Betweenness centrality indicates a bridge function for specific knowledge ele-
ments as these nodes provide short connections between many knowledge elements.
The correlation between the betweenness centrality of the most central knowledge
elements and students’ posttest scores indicated a rather stable pattern across knowl-
edge elements (Fig. 10). Here, the correlation coefficient for chemical conversion
remained almost constant across the unit at a (comparably) high value between 0.23
and 0.44, while the coefficients for the other central knowledge elements fluctuated
over the course of the unit.

6 Discussion

The present study aimed to identify indicators of students’ learning progress in
a teaching unit on chemical kinetics that was taught in a digitally supported format.
The teaching unit was developed based on a systematic framework that aims to inte-
grate the affordances of coherent and engaging instruction with reliable assessments.
Students’ responses to a range of different tasks were automatically scored through-
out the unit to derive individual knowledge networks that reflected how students
enacted and connected specific knowledge elements across the tasks of the unit.

6.1 Automated scoring of knowledge elements
Scoring students’ responses both by human raters and automatically, based on

GBERT-base, resulted, overall, in high interrater agreements and reliabilities,
namely, an F1 score of 89.85. Although the feasibility of the automated scoring
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of knowledge elements in (short) student answers has already been demonstrated
in previous studies (Gombert et al. 2023), the present data set entailed the specific
challenge that numerous task formats were included across the unit. Nevertheless,
the results indicate that it is feasible to score knowledge elements in real time
across a full unit, not just in focused lessons (Tissenbaum and Slotta 2019), specific
learning environments (Gobert et al. 2013), or task formats (H.-S. Lee et al. 2019).

What becomes apparent from these results is that the model is able to determine
well whether a knowledge element is fully contained or fully missing. However,
compared to humans, the model struggles to determine whether a knowledge element
is only partially contained in a response (as indicated by the low Micro F1 for
Score 1). This is an inherent weakness of this approach, which might be explained
by the comparably large variance in what a partial containment of a knowledge
element might look like and the comparably low number of respective examples in
our data set.

However, these observations also offer valuable insights for future applications.
Specifically, the description of the intermediate level appears to require greater re-
finement to ensure clearer distinctions in human scoring (that have a direct influence
on the training data set), particularly between the absence of and the comprehensive
use of knowledge elements. In this context, the use of specific linguistic examples
shows great promise, as they could help identify and classify linguistic features that
indicate a basic understanding even when a knowledge element is not explicitly men-
tioned. Additionally, examining misclassifications could prove crucial, especially to
determine whether they reveal a systematic tendency, such as a consistent underesti-
mation or overestimation of learners’ performance. This understanding is crucial, as
supportive strategies need to differ depending on whether there is a tendency toward
under- or overestimation.

6.2 Results of network-level metrics

Based on the scoring of the knowledge elements, normative and student networks
were established on a task-by-task basis in order to analyze student learning (as
reflected in these networks) on a fine-grained basis throughout the unit. The selection
of network- and node-level metrics provided different insights into students’ learning
over time; interesting insights were also obtained when analyzing the relation of
these metrics to students’ posttest results.

The extent to which students incorporated new knowledge elements into their
existing knowledge network was analyzed using the network-level metric. Over
the course of the unit, values for this metric showed substantial fluctuations. In
the first tasks, the values were rather high (Freedman et al. 2024; K. Kim 2025).
This might be expectable at the beginning of a teaching unit when the focus is on
reactivating content from lower secondary classes, as well as on introducing students
to the new topic. The values then decreased further to a local minimum at the end
of the first phase of the unit (around Task 30). These tasks seemed to challenge
all students in the sample, regardless of their performance in the posttest. Many
new knowledge elements were introduced here, some of which appeared to present
a particular challenge. Such a drop across all students could indicate a critical phase
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in a lesson, where monitoring student performance and providing support could be
central for teachers. While students in the very low-performing group seemed to
stay on their level of covering required knowledge elements in the second phase of
the unit (from Task 40 onwards), students in the higher-achieving groups seemed
to increase their coverage of knowledge elements in this second phase of the unit
and, to a greater extent, along the three performance groups (Freedman et al. 2024).
On average, however, the ratio did not exceed 60%, suggesting that the better-
performing students were better able to meet the normative expectation of the tasks,
but their performance was still far from the highest possible performance.

On the basis of the regression models used to predict the posttest scores, it was
found that the variance in network size in both phases and the AUC and ACF1 in
the second phase showed significant effects. Students whose network size fluctuated
more in the first phase achieved a better posttest score. This suggests that the ability
or willingness to adapt networks exploratively was beneficial for learning success
(Siegler 1994). In the second phase, however, students with a relatively stable net-
work size (low variance) achieved higher posttest scores. This finding was supported
by the positive effects of the AUC and ACF1. Here, a larger cumulative number of
knowledge elements (i.e., a larger network size over a longer period of time) and
high positive ACF1 (i.e., high inertia of the network size over time) were associated
with a better posttest score (Freedman et al. 2024; Schwendimann 2014). This sug-
gests that, in the second phase, the established structure was applied consistently to
subsequent tasks (D’Mello and Graesser 2012). Students who attained a larger net-
work size earlier might have benefited from this mastery in the posttest (Pruessner
et al. 2003).

The analysis of the network density revealed greater consistency in values over the
course of the teaching unit (Kubsch et al. 2019; Yang et al. 2018). Nevertheless, there
was a higher correlation between density and posttest scores in the second phase
of the unit than in the first phase, suggesting significant changes at the individual
level. This showed that students whose networks had a higher density, at least in
the second phase, performed better in the posttest (M. K. Kim and McCarthy 2021;
Schwendimann 2014).

In the analysis of the regression models, opposing effects became apparent in the
two phases. The AUC, that is, the cumulative density of the student networks, had
a negative effect in the first phase of the unit and a positive effect in the second
phase. In addition, the variance of students’ network density in the first phase of
the unit had a positive effect on the posttest score. Thus, students who had a higher
average density (more connections per node) in their knowledge network during the
first phase of the teaching unit achieved lower posttest scores (Cromley et al. 2024).
A higher density in the first phase of the unit could indicate that some students
established connections between knowledge elements without critically evaluating
or weighing these connections (H.-S. Lee and Liu 2010). This quickly makes the
network “dense” but not necessarily structured (Liu et al. 2008). Weak or irrele-
vant connections could subsequently make it more difficult to recall and apply the
knowledge in the posttest. At this point, the higher-performing students seemed
to be more successful in improving their knowledge network through integration
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(qualitative growth) rather than creating new connections in an unfocused manner
(quantitative growth; Liu et al. 2008; Schwendimann 2014).

The variance in density measures how much the density within a student fluc-
tuated over the first phase of the unit. A positive effect means that students whose
network density fluctuated more (stronger phases of densification and de-densifica-
tion) achieved better posttest scores. Although a constantly dense network (a high
AUC) seemed to be detrimental in the first phase of the unit, the ability to change
density appeared to be beneficial. This suggests that successful learning consisted of
actively manipulating the connections in the network: densification during phases of
information absorption; de-densification (by deleting or weighting irrelevant edges)
during phases of structuring and focusing (Goldwater and Schalk 2016; Koedinger
et al. 2012). This higher quality of structure gave these students an advantage in
the second phase of the lesson, as they were clearly able to establish key con-
nections to the new knowledge elements (as indicated by the larger network size
in these students), significantly expanding their knowledge network in the second
phase and substantially increasing its density (Cromley et al. 2024; Linn et al. 2015;
Schwendimann 2014).

Similarly, in terms of connectedness, the variance in the first phase and the AUC
value in the second phase had a positive impact on the posttest results. Connectedness
indicates how connected the knowledge elements of the network are overall (directly
or indirectly via paths), and the variance in connectedness measures how much the
connectedness within a student fluctuated over time. With regard to the course of the
connectedness of students’ networks (Fig. 6), the patterns across the three higher-
performing groups were rather similar, with phases of decreasing and increasing
values in the first and second half of the first phase of the teaching unit, respectively.
As in the case of density, this suggests that successful learning consisted of actively
manipulating the connections in the network (Siegler 2007). In this first phase, it is
likely that it was not the quantity of the connections (density) but rather the quality
of the structure or the strategic focus that predicted learning success. This was
achieved by the higher-performing students by constantly building up and reviewing
connections between knowledge elements, leading to a local maximum in the second
phase of the unit (at about Task 50). In the second phase, students with a higher
connectedness in their knowledge networks seemed to have an advantage in the
posttest, suggesting that the connectedness reflects the quality of the structure of
students’ networks (Freedman et al. 2024; Podschuweit and Bernholt 2020; Yang
et al. 2018). Accordingly, the group of students with the lowest performance in the
posttest showed a rather low level of connectedness throughout the unit.

In the combined analysis, which included the different measures of the three
network metrics, significant effects on students’ posttest scores were found for the
AUC of students’ network size (positive) and density (negative), as well as for the
variance in the network size in the first phase. In addition, the AUC of students’
network density in the second phase had a positive effect on their posttest scores. In
summary, three out of four effects were related to metrics that indicate the level and
quantity (AUC) and, thus, the overall extent to which students enacted knowledge
elements while working on the tasks (Pruessner et al. 2003). The fourth measure
(variance) relates more to the volatility and adaptability of the use of knowledge
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elements with which students responded to different requirements during the course
of the lesson (Siegler 2007). The different patterns of findings and the sometimes
contradictory effects of the same metrics in the two phases of the teaching unit un-
derscore the fact that both are apparently needed to successfully complete a learning
unit (D’Mello and Graesser 2012). Consequently, combining different metrics might
provide added value when assessing students’ learning progress.

6.3 Results of node-level metrics

The results for the degree centrality clearly show that the more frequently occur-
ring knowledge elements were also more strongly connected and thus occupied more
prominent positions in the (normative) network (Asmussen et al. 2022; Kubsch et al.
2019; Yang et al. 2018). However, this role of specific knowledge elements was only
partially reflected in the student networks. For some knowledge elements (e.g., con-
centration), it seemed to be easier for students to integrate these elements into their
knowledge networks to the required extent and to include them in their answers
in combination with various other knowledge elements. For other knowledge ele-
ments (chemical conversion, energy conversion), students found this activation and
linking much more difficult. These “more difficult” knowledge elements represent
more abstract concepts (Asmussen et al. 2022). From a normative point of view,
however, it would be much more desirable for these concepts to occupy prominent
and highly integrated positions in the students’ network, because, as core concepts,
they (should) represent structuring elements (Barabasi et al. 1999). In a comparison
of the knowledge elements, however, these core concepts did not achieve a promi-
nent position in the students’ networks. Rather, several knowledge elements showed
comparable values of degree centrality, which (with one exception) were all below
the values in the normative network. Students in the higher ability group approached
the values of the normative network.

When the degree centrality of the four most central knowledge elements was
examined in connection with the posttest score, it was observed that the correlation
for all four knowledge elements was rather low at the beginning of the unit (r<0.2).
Only in the second half of the unit did the correlation coefficients increase signif-
icantly, especially for the two concepts of chemical and energy conversion. Here,
values of r~ 0.4 were reached in the last third of the unit, while the correlation coef-
ficients for the other two knowledge elements remained below 0.3. This underscores
the prominent role of these core concepts but also the fact that the degree centrality
becomes a predictive measure of students’ posttest performance only at the end of
the lesson, that is, as the unit progresses. One potential explanation for this finding
might be that, as the unit progresses, an increasing number of knowledge elements
are added, necessitating the organization of these elements around the central con-
cepts. Students who demonstrate an ability to cope with this continuous demand
will also exhibit superior performance in the posttest. Conversely, degree centrality
appears to be rather unsuitable as an indicator of an “early warning system”. Never-
theless, it could allow teachers to take more individualized measures before exams
are administered in the later (but still ongoing) course of the unit.
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The betweenness centrality results should provide insights into the extent to which
certain knowledge elements play a bridging role in the network, controlling the co-
activation of concepts that are not directly related (Asmussen et al. 2022; Cromley
et al. 2024; Kubsch et al. 2019). Chemical conversion played a central role in the
normative network (as with degree centrality), as did reaction rate and concentra-
tion. Again, this emphasized role of certain knowledge elements was only reflected
to a very limited extent in the student networks, with chemical conversion being
the element that was reflected most. In terms of correlations with posttest scores,
this knowledge element also consistently showed the highest correlation coefficients
(between 0.3 and 0.4), while the coefficients for the other central knowledge ele-
ments were lower (between O and 0.3) and fluctuated significantly over the course
of the unit. Correspondingly, the chemical conversion knowledge element, as a core
concept, seemed to play a special role in terms of a bridging function. High values
of betweenness centrality in the students’ networks at an early stage and over the
course of the unit were associated with higher values in the posttest. Accordingly,
the inclusion of this knowledge element by students should be given constant at-
tention when evaluating task completion. Also, betweenness centrality for the most
central concepts of a teaching unit might be a suitable indicator to monitor students’
performance even in early phases of learning. Thus, compared to degree centrality,
betweenness centrality appears to be more suitable as an “early warning system”.

7 Limitations

The limitations concern the database and the selection of the metrics used in this
study. The database comprised students’ responses to a sequence of tasks from
a single teaching unit. The generalizability of the results is limited to the extent
that no statement can be made about other topics (in the same or other grades) or
other subjects. However, the automated scoring of students’ responses has already
been successfully applied to various target groups in previous research, and net-
work analysis has also been used extensively to analyze students’ knowledge levels.
Nevertheless, other patterns of findings may emerge for other subjects or student
populations.

The selection of network metrics is necessarily selective due to the sheer number
of possible metrics (Morrison et al. 2022). In the analysis presented here, metrics
were selected for which correlations with performance tests had been identified in
previous studies. However, across the different metrics, very different patterns of
results emerged, especially over the course of the unit. It is plausible to assume
that additional and different metrics would lead to complementary patterns and,
accordingly, different conclusions could be drawn from them. Further studies should
therefore continue to systematically investigate which aspects of students’ learning
progress can be most validly captured by which metric. In addition, it should be
noted here that the interrelations between the student networks and the normative
network should be evaluated with caution, as the scoring guides were created very
inclusively (Section 4.4.). While the expected interrelations between posttest and
in-unit performance were found, the size of the correlation coefficients appeared to
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remain relatively low. The student networks refer to the level of connections between
knowledge elements; however, not all inclusively formulated knowledge elements
(analytical scoring) need to be included for the successful overall assessment of
a task (holistic assessment). Accordingly, it is necessary to find a suitable balance
between necessary feedback measures (e.g., for core concepts, see local metrics)
and nice-to-have measures derived from these analyses.

In the present study, connections between knowledge elements were established
when concepts co-occurred in students’ answers to the same task. While there are
both theoretical (Barabdsi et al. 1999; Derry 1996) and empirical (Unger et al. 2020)
reasons for this approach, an explicit coding of the connections would provide in-
formation about the qualitative nature of these connections and, thus, about the
hierarchical nature of students’ knowledge structures (Cromley et al. 2024; Kubsch
et al. 2019; H.-S. Lee and Liu 2010; Liu et al. 2008). A strength of the present study
is that it analyzed the (co-)occurrence of knowledge elements across an extensive pe-
riod of time and across many instances, tasks, and phenomena; further studies could
investigate the development of coded connections over time and examine whether
this information provides additional insights into students’ learning progress.

The fact that this study was a descriptive study is a further limitation. There were
no manipulations between groups of students, and no interventions were imple-
mented over the course of the unit. In this respect, no statement can be made about
the effectiveness of the proposed interventions in supporting students’ learning de-
velopment. Further studies are needed to examine whether a data-driven adaptation
of the lessons leads to the hypothesized effects regarding the change in network
metrics and the learning progress of the students.

8 Conclusions

The present study investigated the feasibility of a real-time derivation of knowledge
networks from students’ responses in an extensive digitally supported teaching unit
on chemical kinetics, as well as the predictive power of the resulting network metrics
for learning success. The results have important theoretical and practical conclusions.

8.1 Different findings for the two phases of the learning unit

Analyses at the network and node levels demonstrated that the learning process is
dynamic and phase-dependent, with learning success critically relying on a strategic
balance between the stability (quality) and the flexibility (quantity) of the knowl-
edge network. The contrasting effects of the same metrics across the first and second
phases of the teaching unit underscore the necessity of both stability and adaptability
for successful learning. For the first phase, successful learning seems to be charac-
terized by exploration and construction. Higher posttest scores were associated with
flexibility and volatility. This was evidenced by the positive variance in both network
size and density. Successful learners demonstrated the ability or willingness to adapt
networks exploratively and to actively manipulate connections (densification and de-
densification). Conversely, a consistently high density (AUC for density) during this
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early phase was detrimental, suggesting inefficient, unstructured oversaturation or
the establishment of weak or irrelevant connections.

For the second phase, successful learning seems to be characterized by consoli-
dation and application. Success in this phase hinged upon stability and consistency.
A stable network size (low variance) and a larger cumulative network size (AUC)
were predictive of the posttest score. This was supported by the high positive ACF1
of network size, suggesting that the established structure was consistently applied
to subsequent tasks.

The contrasting findings for the different phases mirror the structure of the unit,
which aimed to first establish the basics, which were then linked and deepened
through application tasks. Students’ difficulty with the transition from the exploration
phase to the consolidation phase may indicate that they have not yet established
a large and coherent knowledge network at the end of the first phase. For these
students, more targeted repetition might be needed, or the introduction of further
new knowledge elements should be delayed so as not to (over)challenge students.
This could support learning in the zone of proximal development according to
Vygotskij (1981), which—in turn—could promote the experience of competence
and motivation to learn, as well as positive performance development (Bureau et al.
2022; Linnenbrink-Garcia et al. 2016).

8.2 The role of core concepts

The node-level analysis highlighted the prominent role of structuring concepts such
as chemical conversion and energy conversion. Students found the activation and
linking of these more abstract elements particularly difficult. The betweenness cen-
trality of chemical conversion—indicating its bridging role in the network—showed
consistently high correlations with the posttest score early in and throughout the
unit. In contrast, the degree centrality values (reflecting the integration) of these key
concepts became a predictive measure of performance only towards the end of the
unit. This difference suggests that the bridging function of core concepts is crucial
early on, while their full integration and prominence in the network only become
predictive during the final consolidation phase.

However, core concepts rarely seem to be the focus of teaching practice (Bern-
holt et al. 2020). Accordingly, it may be even more appropriate in the case of these
knowledge elements to encourage students to integrate them at an early stage in
a unit in corresponding exercises but also to give direct feedback on correspond-
ing individual tasks and to ask students to revise their solutions (Karademir et al.
2024a). In addition, an evaluation at the level of the individual knowledge elements
provides very specific information, for example, about which knowledge elements
are hardly used by the students in the tasks of a class or about which connections
between knowledge elements are especially difficult for the students; teachers could
react to this information by employing corresponding exercises and repetition tasks.
However, if time resources are limited, the focus should be on the (normatively
expected) most central knowledge elements, as they are most likely to contribute to
cumulative knowledge building in the long term.
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8.3 Implications for teaching and future research

The findings validate the potential of real-time analysis of knowledge networks as
a powerful tool for learning process diagnostics. If further studies confirm the dif-
ferent patterns of results, depending on the objectives of the respective teaching
unit, across different topics, the findings could be used to help teachers to select
specific strategies with which they can support their students in each case. In phases
of exploration, for instance, teachers might want to focus on fostering active re-
structuring (high variance) and preventing excessive, unstructured connectivity (low
AUC for density). In phases of consolidation, teachers might better support students
by strengthening the consistent application of the established knowledge structure
(high ACF1 of network size).

Generally, the successful integration and enactment of the unit’s core concepts
deserves targeted monitoring. Constant attention should be paid to the bridging
function (betweenness centrality) of foundational concepts when evaluating task
completion. As these concepts are difficult to integrate, specific interventions to
ensure their prominent and highly integrated position (high degree centrality) in the
network are desirable.

This study confirms the feasibility of the automated scoring of knowledge ele-
ments across an entire, format-diverse teaching unit. Future research should prioritize
the refinement of the intermediate scoring level (i.e., “basic integration”), potentially
by using specific linguistic examples to ensure clearer distinctions. Furthermore, an-
alyzing systematic tendencies in misclassifications is crucial, as supportive strategies
depend on whether performance is consistently underestimated or overestimated.

The findings presented also provide indicators of potential areas for instructional
interventions over the course of the unit, for example, in the form of task-related
feedback or the identification of student difficulties. Consideration should also be
given to preparing the results in a form that can be readily used by teachers (Ka-
rademir et al. 2024b). A differentiated presentation of the results at the class level
(which knowledge elements are difficult for the whole class?) and at the student
level (which individual students show consistent below-average progress and need
more support?) could be useful here in order to allocate the teacher’s time resources
efficiently.

Overall, the results show that incorporating dynamic network metrics contributes
significantly to understanding and predicting learning success in complex, digitally
supported teaching and learning scenarios; these insights can be used to inform
targeted instructional decisions in different learning phases.
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