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Abstract

As probabilistic machine learning systems are deployed increasingly widely, computational literacy will
require better understanding of the fundamental distinctions between conventional deterministic models
of computation, and probabilistic behaviours. This may be especially important in cases that seem
superficially similar, such as text string generation via sequence prediction in LLMs. We introduce
NodeToJoy!, a visualisation that juxtaposes a Finite State Machine visualisation with a Markov Chain
visualisation, both adapted to the exploration of large and complex datasets by interactive hierarchical
semantic zooming (including a novel extension of Harel’s Statecharts to Markov Chains). Our paper
reports classroom studies demonstrating that lessons including interaction with NodeToJoy significantly
advance student understanding of these fundamental principles.

1. Introduction

The way computers appear to ‘understand’ what users mean remains a mystery to many young students.
Traditionally, a computer’s apparent ‘understanding’ of language could be explained through lexical
analysis and parsing - deterministic, rule-governed systems, where Finite State Machines (FSMs) play
a significant role. Large language models (LLMs) might appear superficially similar effect to non-
technical users, in the sense that they interpret a sequence of input text. Yet, the underlying probabilistic
model is formally distinct from the rule-governed manipulation of state that has historically been central
to the mathematics of computation (Vidal, Thollard, de la Higuera, Casacuberta, & Carrasco, 2005), and
would be better described in mathematical terms as a Markov Chain (MC). Emphasising the difference
between rule-based and probabilistic-inference machines can shape a more informed engagement with
such tools, and potentially empower students to think critically about interactions with LLMs.

Despite the computational distinction, both FSM and MC models are state-based formalisms. Both can
be represented diagrammatically in node-link form, where states correspond to notes, and links represent
either transition likelihood, or allowable transitions. FSMs are generally introduced in this way, where
the metaphor of state as a visual location in (a "state space") aids spatial intuition. MCs are often taught
through algebraic notation or matrix representation of transition probabilities, but graphical rendering
significantly improves user response times (Keller, Eckert, & Clarkson, 2006), and visualisation has
been shown to enhance learning (Kim & Jin, 2022; Presmeg, 2006; Gates, 2018; Elliott, Hudson, &
O’Reilly, 2000; Wang, Han, & Chou, 2018).

We start from this diagrammatic motivation to explore an urgent educational need. Although UK stu-
dents studying Computer Science at high-school (A Level, corresponding to 11th and 12th grades in the
USA) are introduced to Finite State Machines (AQA, n.d.), no existing course touches on probabilistic
models of computation. Following recent developments elsewhere, reforms are now planned for the
UK national curriculum with a focus on probabilistic literacy and real-world applications (Royal Statis-
tical Society, 2024). As a teaching strategy, the Royal Statistical Society already recommends greater
use of visualisation software for Data Science and Al (Royal Statistical Society, 2024),(Mathematics in
Education and Industry (MEI), n.d.).

I'A reviewer has asked us to explain our choice of name. For decades, students of theoretical computer science have looked
upon Finite State Machines and Markov Chains as cold, unfeeling arrays of circles and arrows. Just as Beethoven shattered
classical boundaries by infusing his final symphony with vocal passion, NodeToJoy transforms static state diagrams into a
living chorus.
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Letter Scramble

Below, we've used a dataset of the letters 'C,,1t,0,n,5". The accepting states are a handful of anagrams you can make from these letters, starting with the letter C. The Markov chain shows us
the likeliness of transitioning between letters based on these words in the dictionary.

Accepting States

Cat| Car Cart Carton Cats | Cars Carts | Cartons

Finite State Machine Markoy Chain | (] Directional Colours [ Edge Labels (] Weighted Thickness

CE)

Challenges 1/9 Next
Try typing 'Cat'. What happens?
Your input
cat
P(C,at) = 0.08325
P(Cat) - 1x10.250.333 - 0.08325
Correct!

HINT: Pay attention at to which letters in the dataset are capital letters. This is important as the models are based completely on the dataset, and this dataset uses a capital 'C' at the start of every word!

Figure 1 — The first page of NODETOIJOY, featuring a simple FSM, left, and MC, right.

A foundational question for Al literacy in this turn toward probabilistic system behaviour is for students
to gain a critical understanding of the difference between computational concepts of validity and of
likelihood. Our system NODETOJOY seen in figure 1, allows students to explore and contrast these
concepts through interactive parallel visualisations of Finite State Machines and Markov Chains.

1.1. Previous FSM and MC visualisations

Literature on educational FSM and MC visualisation addresses the two models in isolation: no existing
platform explores their juxtaposition for novice learners. The most popular educational tool for visu-
alising FSMs is JFLAP, a visual simulation platform (Rodger, 2006). The expressive power of JFLAP
is valuable for undergraduate students, but less appropriate to novices in their first-time encounter with
automata. Other studies have explored methods around gamification and narrative to make FSMs more
approachable with interactivity and visualisation. An identified lack of K-12 resources led to Castro’s
game-building tool using FSM blocks (Castro, 2022), whereas introducing FSMs through storytelling
improved approachability and memory retention for graduate students (Iudean & Vescan, 2025). Dengel
combined both strategies, suggesting a Virtual Reality scenario of acting within a FSM, emphasising the
immersive ‘unplugged’ benefits to engagement (Dengel, 2018).

Markov chain education is often centred on transition matrices and probabilistic calculation, rather than
visual tools. Pfannkuch and Budgett addressed this gap through an interactive tool linking transition
matrices with their equivalent diagram in real time, finding that visualisation aided students’ conceptual
understanding (Pfannkuch & Budgett, 2016). In a similar domain of Markov decision processes, Mutua
found that graphical visualisations employing narrative were more effective than textbook learning for
undergraduates in Kenya (Mutua & Blackwell, 2023). This project aims to work at the intersection of
these interactive and playful strategies.

1.2. Contributions

We have created an interactive educational platform to juxtapose two foundational but contrasting mod-
els of computation: finite state machines and Markov chains. The goal is to help students who may
be unfamiliar with these models to develop foundational understanding of both. Importantly, this en-
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Figure 2 — Framework for describing the range of datasets that may be used in NODETO0JOY, for
reference in justifying design choices. Dataset scale across these positions can range from toy
illustrative to pedagogically reinforcing to statistical, large corpora.

ables dialogue around the difference between validity and likelihood, questions that are critical to the
stochastic behaviour of LLMs. NODETO0OJOY makes a number of key contributions towards extending
computational model visualisations in education. It creates robust node-link graph visualisations for
both FSMs and MCs across a wide range of scale and complexity, with integrated interactive techniques
such as semantic zooming, node manipulation, and sequence tracing to promote active engagement with
the models.

Most notably, this project draws on David Harel’s statecharts to extend both the finite state machine
and Markov chain visualisations through hierarchical structure (Harel, 1987). Whilst statecharts have
become an important component of the UML framework, research on Markov statecharts - an extension
identified, but not pursued, by Harel in the 1987 paper “On Statecharts” - has been sporadic across dis-
ciplines and underexplored. The use of hierarchy is invaluable for pedagogical scaffolding, abstraction,
and greater expressiveness (Melero, Herndndez-Leo, & Blat, 2012). It facilitates modelling real-world
applications through information hiding, reducing educators’ reliance on contrived datasets for visual
simplicity. We describe a novel platform and visualisation framework, which we believe is the first to
combine hierarchical FSMs and Markov chains, and also the first to utilise semantic zoom to traverse
levels of depth in statecharts. The project’s effectiveness was evaluated through two in-school user tri-
als with the target audience of secondary school students in year 12 of the English school system (also
called Lower Sixth, equivalent to USA 11th Grade or High School Junior). These provide evidence that
NODETOJOY is highly effective in increasing students’ understanding of finite state machines, Markov
chains, sequence processing, and the probabilistic nature of LL.Ms.

2. A framework for computational state literacy

Our central claim is that the conceptual distance between rule-governed and probabilistic models of
computation can be bridged through traversable interaction design. To provide a principled basis for
the design decisions made throughout implementation, this section provides a framework to characterise
the conceptual space this platform navigates. The main axes of concern are granularity, scale, and
computational paradigm.



Granularity describes the level of abstraction at which a student engages with the model. Following
Bloom’s taxonomy (Forehand, 2007), learners’ progression of comprehension skills map onto three
tiers, illustrated by figure 2. Atomic (Tier 1) granularity focuses on individual symbol transitions, before
composing these to parse sequences (Tier 2). As students understand the models’ functionality, states
can be abstracted into structures (Tier 3), reflecting abstraction. This dissertation implemented support
for all tiers: clear node layout to ease graph tracing in atomic granularity, path-highlighted sequence
computation for sequential granularity, and statecharts to support structural granularity. Semantic zoom
is the mechanism by which students can navigate between tiers of granularity within a singular graph
visualisation, supporting the integration of knowledge for Tier 4.

Independent of granularity, corpus scale was also considered throughout development. As students begin
learning, toy datasets are often used by educators for illustration, before progressing to pedagogically-
scoped, scale-bounded, reinforcement datasets, eventually to large, statistical corpora of real-world data.
Clear layout for all dataset scales was considered throughout development: layout-wrapping and view-
port culling ensure smooth rendering performance for large corpora. To verify that datasets of the ex-
pected JSON format could be integrated in the project without bespoke changes, additional speech text
corpora containing 500+ nodes were parsed, tested, and successfully laid out clearly without dataset-
specific changes.

We selected teaching datasets at different positions within this framework, providing a scaffolded pro-
gression from fine-granularity detail to coarse-granularity exploration(Melero et al., 2012). The lesson
plan presentation of NODET0OJOY consists of four themed pages in which an FSM and MC for each of
these datasets are presented in side-by-side panels. A fifth themed page presents just the Markov chain
for a very large corpus, with fifty TED Talks parsed into fine-granularity bigrams that allow students to
engage in higher-order, exploratory learning.

3. Visual interaction strategies

Our design employs a number of graph visualisation and interaction strategies to ease the cognitive
load of novice users exploring potentially very large graphs (Sweller, 2016). We make extensive use
of semantic zooming, adding detail as the user zooms in, to progressively reveal levels of statechart
hierarchy (Cockburn, Karlson, & Bederson, 2009). A focus+context strategy is employed to ensure that
revealed detail can be understood within a graph’s wider context (Furnas & Bederson, 1995). In the
Markov chain viewer, this is enacted through viewport-sensitive edge-culling; only rendering the edges
between visible nodes when a user zooms in, which preserves surrounding context without visual noise.
Baudisch and Rosenholtz’s ‘halos’ are also used to visualise off-screen nodes: rectangles are nested
around subgraphs to preserve the context of expanded objects (Baudisch & Rosenholtz, 2003).

Combining hierarchical graph nesting with semantic zoom offers a novel interactive traversal mechanism
between fine and coarse grained datasets. When a user zooms past a semantic zoom threshold (a depth
of granularity in the dataset) a parent’s node and edges disappear and are replaced by its child subgraph
in the correct position. On collapse, the reverse must occur without corrupting node positions that the
user may have manually adjusted. When a parent node is expanded, its incident edges are left dangling
with no semantic meaning. To maintain the sequential flow of edges in a FSM, these transitions must be
rerouted to preserve the visual continuity between the parent’s subgraph and the surrounding graph.

3.1. Markov chain hierarchical subgraphs

A coarsely-grained MC dataset presupposes probabilistic transitions between structural states repre-
sented as nodes. Within each structural state may reside a finer-grained subgraph, meaning that a
coarsely-grained state can contain its own probability distribution over a finer-grained state space. Hi-
erarchical MCs thus reflect the goal of granularity traversal through semantic zooming while preserving
structural probability. Each subgraph is rendered within its halo, with coarse-level, inter-structure transi-
tions drawn as arrows against each bounding rectangle using parametric ray-intersection. This preserves
the user’s understanding that each coarse state’s subgraph is locally isolated but globally situated within
a probabilistic state space. Inter-structure transition arrows are rendered as dashed Bezier curves to



(a) Python hierarchical FSM before subgraph expansion
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(c) Hierarchical FSM expanded to depth 2

(d) Hierarchical FSM expanded to depth 3: letter-level parser

Figure 3 — Expansion progression of a hierarchical FSM across 3 nested depths.



Dataset| Granularity tier Scale Models Im- | Pedagogical Reasoning
plemented
Subset | Fine-grained: character- | Illustrative Flat FSM | A simple letter level parser to fa-
of ana- | level atoms toy (Partial DFA) | miliarise students with both mod-
grams + flat MC els. Connects FSM structure to
of compiler tokenisation.
“Car-
tons”
Python | FSM: Coarse-grained | Pedagogical Hierarchical Hierarchical FSM across 4 depth
assign- | abstract structures — fine- | reinforcement | FSM  (NFA | levels walking students from com-
ments | grained character-level with 3 levels | plete abstraction to regex-like letter
atoms of subgraph | parsing. MC dataset of 1000 real
MC: fine-grained character- nesting) + flat | world assignments.
level atoms MC
30p Structural whole: state rep- | Illustrative 2x Flat FSM | Demonstrates state explosion by
Vend- | resents cumulative currency | toy (DFA) + Flat | adding a new valid coin to dataset
ing MC 2. Illustrates FSM/MC uses beyond
Ma- language parsing to construct an in-
chine formed mental model.
Shake | FSM: Structural whole (suf- | Exploratory Flat FSM | Demonstrates unsuitability of FSM
It Off | fix automaton) analysis  of | (Partial DFA) | for some real-world problems,
lyrics, | MC: Coarse-grained song | statistically- + Hierar- | alongside hierarchical MC traversal
by structure —  fine-grained | sized dataset chical MC | of an engaging context.
Taylor | word-level tokens (1 level of
Swift hierarchy)
TED Structural whole:  word- | Exploratory 50x Flat MCs | Student-directed exploration at
Talks level tokens analysis  of scale (500+ nodes). Supports
(x50) statistically higher-order thinking about emer-
sized dataset gent patterns in natural language.

Table 1 — Datasets used in NODETOJOY, positioned within the framework for comparative compu-
tational literacy.

differentiate them from solid intra-state edges, with obstacle avoidance to prevent intersections with
subgraphs. Edge thickness is linked to the probability of transition, providing a visual dual-coding of
probability seen in figure 4.

Given that a subgraph may nest arbitrarily many times, there must be a graphical notion of sub-subgraphs
to visually support user’s understanding of hierarchy. This is addressed by encapsulating each subgraph
in a rectangular “halo” container (Baudisch & Rosenholtz, 2003), of which sub-subgraphs reside in their
parent subgraph’s halos - visible in figures 3c and 3d.

3.2. Secondary notations

Interactive engagement is core to our pedagogical design aim; active learning through manipulation is
encouraged, as guided by constructivism (Ben-Ari, 1998). Accordingly, interaction must be low-stakes,
reversible, and consistent with the graph’s underlying structure. For example, the default graph layout
may not match a student’s mental model (Ben-Ari, 1998), so we support dragging for users to organise
the graph to reflect their own understanding. Semantic zooming is core to hierarchy traversal, but deep
zoom levels risk contextual disorientation (Touya, Gruget, & Muehlenhaus, 2023). Geometric (rather
than semantic) zoom buttons let users pan out to view the current subgraph within the graph’s global
context.

3.3. Focus+context filtering

Large Markov chain graphs present a density problem specific to natural language datasets, which are
key to this project’s LLM literacy aim. Following Zipf’s law (Piantadosi, 2014), some words will oc-
cur with disproportionately high frequency in corpora, producing densely connected nodes whose edges



Figure 4 — Hierarchical Markov statechart with subgraphs expanded

become visually occluded. A focus+context approach (Furnas & Bederson, 1995) is taken from 3 filter-
ing angles in the Markov viewer to address this: viewport culling to suppress edges when not zoomed
in, per-node focus fades all non-incident edges and nodes to opacity 0.15, and dataset-item focus to
highlight the subgraph for a specific piece of input data as in figure 5.

3.4. Sequence inspection

For guided lesson engagement, NODETOJOY also provides a panel of interactive challenges. This allows
students to test hypotheses about the graph: inputting sequences and receiving immediate feedback on
probability/validity computation. As a student inputs a sequence, the platform highlights the path taken
by their sequence on flat graphs. This is important for drawing cross-form connections between tracing
the graph and linking to their real-world purposes by seeing live validity/probability computation.

Figure 5 — Dataset item selected and highlighted in Markov chain subgraph



4. Classroom evaluation

We have evaluated NODETOJOY in two in-school trials. This study was approved by the Ethics Com-
mittee of the University of Cambridge Department of Computer Science and Technology. The lessons
were delivered by the first author who has appropriate DBS-certification. Students were assigned an
animal name as a pseudo-anonymous identifier to connects Likert-scale ratings, open-ended question
answers and logged platform interactions.

4.1. Method
Each of the two lessons followed the same 1 hour structure:

1. Students completed an open response question to gauge their pre-lesson understanding: ‘“The use
of Large Language Models in platforms like ChatGPT have made computers increasingly able to
write convincingly human-like text. How is the way a computer reads code different to the way it
may read an essay or poetry?”’

2. The researcher/teacher led a short presentation of the intuition behind FSMs/MCs.

3. Students spent the majority of the lesson (over 40 minutes) engaging with NODETOJOY, with
interaction events logged anonymously.

4. The open question from the start of the lesson was repeated, for post-lesson evaluation of gained
understanding.

5. The lesson closed with a Likert questionnaire. Students assessed their level of understanding
before and after using the platform across key learning objectives.

Responses to the pre- and post-lesson question, were classified into four categories: (1) incorrect or
no answer, (2) some evidence of computational thinking, (3) some understanding of FSMs or Markov
chains, (4) comparative discussion of FSMs against Markov chains. Within-subjects comparison used
a Wilcoxon signed-rank test. Students also self-assessed their confidence of each concept on a scale
of 1 (no understanding) to 7 (confident understanding). To reduce bias when measuring program ef-
fectiveness, Nimon, Zigarmi & Allen’s work informed the questionnaire structure (Nimon, Zigarmi, &
Allen, 2011). Interaction logs recorded 18 event types, covering graph manipulation, dataset navigation,
sequence input, and question progression.

4.2. Results summary

In both lessons, results found a consistent, significant gain in student understanding. A pooled repeated-
measures multivariate test was computed with time (pre-lesson versus post-lesson) as the within-subject
factor. Across all 24 students and 6 concepts, the test yielded 72 = 119.50, F(6,18) = 15.59, p =
0.000003, providing strong evidence of effect on learning. 22 students increased their Likert score
assessment across every concept and both cohorts converged to a post-lesson median confidence of
6/7 in every concept (except Al explanation at All Saints’ with a median of 5.5). This consistency
across both groups is particularly encouraging, suggesting that the platform successfully scaffolds these
complex topics to support learning from a range of prior knowledge baselines.

4.3. Year 12 non-CS class

The first lesson took place at Hills Road Sixth Form College, Cambridge, as part of an extra-curricular
Data Science class with eighteen year 12 students (one left early). Most students in the class stud-
ied A Level mathematics; two studied A Level computer science, so had learned FSMs as part of the
AQA curriculum (AQA, n.d.). A small group expressed an extra-curricular interest in Markov chains
from YouTube videos, although were unfamiliar with the model’s formalisms. Most students accessed
NODETOJOY on a laptop or iPad, with some opting to use desktop computers and one using their mobile
phone. The platform worked well across all devices, with the graphs using dynamic layout resizing and
pinch-to-zoom functionality for devices without a trackpad or mouse.
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Figure 6 — Distribution of score gains per Likert scale question at Hills Road

NODETOJOY proved accessible against the wide range of knowledge backgrounds. Students new to the
concepts often engaged by dragging and investigating the graphs, alongside answering structured ex-
ploration questions. More confident students often progressed to the later datasets; they conversed with
peers about patterns they noticed across different datasets, as intended with the exploratory, statistically-
sized corpora. Many students responded positively about their interest in the use of the models, with
their teacher noting the high-level of engagement amongst students.

Students showed highly significant gains in comprehension across all six categories, with an average
gain of 2.88. A repeated-measures multivariate test for the 18 students across 6 concepts at Hills Road
showed a significant overall effect, with T2 = 156.28, F(6,12) = 18.39, p = 0.000021.

The largest mean gains were in FSM and MC understanding, consistent with most students being unfa-
miliar with these concepts before the lesson. Students’ pre-lesson understanding of more applied topics
(probabilistic errors and Al) was high (medians of 3.5 and 3.0), reflecting general awareness of LLM
behaviour. Responses converged to the top of the scale on every criterion, and all six comparisons were
highly significant (p<0.001), providing strong evidence that a single lesson with NODETO0JOY led to
a meaningful increase in self-reported understanding across all target concepts. Individualised score
changes can be seen in figure 6.

Figure 7 highlights the shift in open response categorisation across the lesson. The progression is clear,
from a majority of students showing no/limited evidence of computational thinking, to sixteen students
discussing FSMs and MCs explicitly. Before the lesson, many students applied general computing
knowledge to the question without any formal terminology. One student “Chipmunk” gave long and
relatively sophisticated answers, demonstrating prior knowledge. Post-lesson, their understanding was
explicitly linked to the datasets explored, discussing the use of FSMs as Python syntax validators. This
suggests that NODETOJOY can help solidify and encourage application of knowledge for particularly
able students.

Students with no prior knowledge also demonstrated improved understanding. “Alligator” scored only
1 pre-lesson, but gave an elegant category post-lesson response discussing FSMs as syntax validators
versus Al using probabilities to “generate a prediction of the statistically most likely outcome”. A further
interesting response from “Parrot” included an unprompted, insightful comparison of FSM and MC
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Figure 7 — Comparison of pre-lesson and post-lesson open-ended question answers at Hills Road

similarities, suggesting that the side-by-side design was effective in supporting higher-order thinking
skills (Forehand, 2007). More broadly, answers across the cohort shifted towards contrasting structure
and probability, reflecting our core aim to emphasise the difference between rule-based and probabilistic
inference models.

4.4. Blended year 12/13 CS class

The second lesson took place at All Saints’ Catholic Voluntary Academy Sixth Form, Mansfield, with a
group of six A Level computer science students, spanning year 12 and 13 (two withdrew before comple-
tion). Most had not taken GCSE computer science, so were finding A-Level content challenging. The
school faces socioeconomic challenges, reflected in classroom behaviour issues and lower levels of prior
computer science knowledge. None of the students were familiar with finite state machines. The lesson
was cut slightly short due to technical delays, reducing the time students had to explore later datasets.
Throughout the lesson, students were engaged and enjoyed working with a partner to progress through
questions. The score breakdown by student can be seen in figure 8, where the data is more spread than at
the first school. One student’s reducing Likert scores were inconsistent with open questions, suggesting
possible non-compliance, misunderstanding, or possibly inflated pre-lesson confidence.

Many students were able to discuss the uses of FSMs or MCs in relation to language and code parsing.
One student, “Polarbear”, increased from a pre-lesson score of 1 to 3. Their response evolved from dis-
cussing “structure” and logical differences between essays and code, to an explanation of probabilistic
next word prediction in LL.Ms, and the risk of LLMs sounding articulate without factually understand-
ing information. “Otter” was able to make a similar jump from discussing machine code to directly
identifying the use-cases of FSMs and MCs in relation to the question. “Barracuda” jumped from a
classification of 1 to 2, a small gain despite spending 94% of their time actively, answering questions.
This could be due to spending over 75% of their time on the first dataset, suggesting that the shortened
lesson length prevented deep exploration of the platform.

All pre-lesson responses fell into categories 1 or 2, with post-lesson responses falling between categories
2 or 3. The shift was smaller than at Hills Road, although most students did increase their categorisa-
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Figure 8 — Distribution of score gains per Likert scale question at All Saints’

tion score by at least 1, perhaps reflecting the reduced time available for self-directed exploration of
statistically-sized datasets or a lower baseline of prior knowledge.

4.5. Comparative findings

The pattern of average score gains across concepts is consistent with Bloom’s taxonomy, such that
lower-order knowledge gains (understanding what FSMs and MCs are) saw the largest increase, whereas
higher-order gains (transferring this knowledge to sequence processing more generally, and explaining
the link to generative Al language models) saw more modest increases (Forehand, 2007). This is to be
expected within a single 1 hour lesson, and suggests that extended use of the platform, or a follow-up
lesson, could consolidate these higher-order skills.

The quantitative and qualitative results together support our design and learning goal of developing
improved intuitive understanding of likelihood and validity. Across both cohorts, the pooled repeated-
measures test found a highly significant overall effect on learning, and 22 students increased their long-
form response categorisation scores. Even for students in post-test category 2, there was a shift towards
references to sequence processing, rule-governed validation and probabilistic prediction. This supports
our aim of critically informed LLM usage.

5. Conclusion

NODETOJOY is, to the best of our knowledge, the first educational platform contrasting rule-based and
probabilistic models of computation using interactive visualisation. This comes at a time national cur-
riculum plans call for greater emphasis on probabilistic literacy (Mathematics in Education and Industry
(MED), n.d.), (Royal Statistical Society, 2024). We have created visualisation pipelines to support hier-
archically nested subgraphs. Our robust layout algorithms and pipeline can render up to 11,000 nodes.
Most significantly, semantic zoom is applied as a novel mechanism for traversing levels of dataset granu-
larity: navigating continuously from coarse, structurally-encapsulating nodes to fine-grained, character-
level subgraphs. This allows non-trivial datasets to be abstracted and used approachably in educational
contexts. We have introduced a hierarchical Markov chain viewer, exploring a gap that Harel identi-
fied in 1987 but did not pursue (Harel, 1987). In-school trials with our target audience of 16/17 year
olds demonstrated significant learning gains, among cohorts with a wide range of socioeconomic and
prior-knowledge backgrounds.



All Saints' Sixth Form lesson

Number of students

Pre-lesson Post-lesson
(n=6) (n=6)

Hl 4: Comparative discussion of FSMs and Markov chains
I 3: Some specifics of FSMs or Markov chains

2: Some evidence of computational model thinking

1: Incorrect or incomplete answer

Figure 9 — Comparison of pre-lesson and post-lesson open-ended question answers at All Saints’
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